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Abstract

We, humans, can easily observe, explore, and analyze our four-dimensional
(4D) audio-visual world. We, however, struggle to share our observation, explo-
ration, and analysis with others. In this thesis, our goal is to learn a computational
representation of the 4D audio-visual world that can be: (1) estimated from sparse
real-world observations; and (2) explored to create new experiences. We introduce
Computational Studio for observing, exploring, and creating the 4D audio-visual
world, thereby allowing humans to communicate with other humans and machines
effectively without any loss of information. Computational Studio serves as an envi-
ronment for non-experts to construct and creatively edit the 4D audio-visual world
from sparse real-world samples. There are three essential components of the Com-
putational Studio: (1) How can we densely observe the 4D visual world?; (2) How
can we communicate the audio-visual world using examples?; and (3) How can we
interactively explore the audio-visual world?

The first part introduces capturing, browsing, and reconstructing the 4D visual
world from sparse real-world multi-view samples. We bring together insights from
classical image-based rendering and neural rendering approaches. Crucial to our
work are two components: (1) Fusing information from sparse multi-views to cre-
ate dense 3D point clouds; and (2) Fusing multi-view information to create new
views. Though captured from discrete viewpoints, the proposed formulation al-
lows us to do dense 3D reconstruction and 4D visualization of dynamic events. It
also enables us to move around the space-time of the event continuously and facil-
itate: (1) Freezing the time and exploring 3D space; (2) Freezing the 3D space and
moving through time; and (3) Simultaneously changing both time and 3D space.
Without any external information, our formulation allows us to get a dense depth
map and a foreground-background segmentation, which enables us to efficiently
track objects in a video. In turn, these properties allow us to edit the videos and
reveal occluded things in a 3D space, provided it is visible in any view.

The second part details the example-based synthesis of the audio-visual world
in an unsupervised manner. Example-based audio-visual synthesis allows us to ex-
press ourselves easily. In this part, we introduce Recycle-GAN that combines spatial
and temporal information via adversarial losses for an unsupervised video retar-
geting. This representation allows us to translate the contents from one domain to
another while preserving the style native to the target domain. E.g., if our goal is
to transfer the contents of John Oliver’s speech to Stephen Colbert, then the gen-
erated content/speech should be in Stephen Colbert’s own style. We then extend
our work to audio-visual synthesis using Exemplar Autoencoders. Our approach
builds on simple autoencoders that project out-of-sample data onto the distribu-
tion of the training set. We use Exemplar Autoencoders to learn the voice, stylistic
prosody (emotions and ambiance), and visual appearance of a specific target exem-
plar speech. This work enables us to synthesize a natural voice for speech-impaired
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individuals and do a zero-shot multi-lingual translation. Finally, we introduce Pix-
elNN, a semi-parametric model that enables us to generate multiple outputs from
a given input and examples.

The third part introduces human-controllable representations that allow a hu-
man user to interact with visual data and create new experiences on everyday com-
putational devices. Firstly, we introduce OpenShapes that allows a user to interac-
tively synthesize new images using a paint-brush and a drag-and-drop tool. Open-
Shapes runs on a single-core CPU to create multiple pictures from a user-generated
label map. We then present simple video-specific autoencoders that enable human-
controllable video exploration. This exploration includes a wide variety of video-
analytic tasks such as (but not limited to) spatial and temporal super-resolution, ob-
ject removal, video textures, average video exploration, associating various videos,
video retargeting, and correspondence estimation within and across videos. Prior
work has independently looked at each of these problems and proposed different
formulations. We observe that a simple autoencoder trained (from scratch) on mul-
tiple frames of a specific video enables one to perform a large variety of video pro-
cessing and editing tasks without even optimizing for a single task. Finally, we
present a framework that allows us to extract a wide range of low-mid-high level
semantic and geometric scene cues that could be understood and expressed by both
humans and machines.

We follow the concept of exemplar and test-time training for various formula-
tions proposed in this thesis. This unique combination allows us to continually
learn the audio-visual world in a streaming manner. The last part of this thesis
extends our work on continual and streaming learning of the audio-visual world
to learning visual-recognition tasks given a few labeled examples and a (poten-
tially) infinite stream of unlabeled examples. Our approach continually improves
a task-specific representation without any task-specific knowledge. We construct a
schedule of learning updates that iterates between pre-training on novel segments
of the stream, and fine-tuning on the small and fixed labeled dataset. Contrary to
popular approaches that use massive computing resources for storing and process-
ing data, streaming learning requires modest computational infrastructure since it
naturally breaks up massive datasets into slices that are manageable for processing.
Streaming learning can help democratize research and development for scalable
and lifelong ML.

Computational Studio is a first step towards unlocking the full degree of cre-
ative imagination, which is currently limited to the human mind by the limits of
the individual’s expressivity and skills. It has the potential to change the way we
audio-visually communicate with other humans and machines.
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Chapter 1

Towards Lossless Communication

Bob AliceBob’s mental model Alice’s interpretation

Bob’s Encoder Alice’s Decoder

Latent Code

Communication Channel

Figure 1.1: Communication between Alice and Bob: Bob wants to tell Alice about
the place where he grew up, his experiences of spending peaceful evening at that
place, the view of mountains, the sea, and beautiful clouds. We refer Bob’s expe-
riences as a mental model (shown on left). Bob has an encoder that compresses
this rich mental information to a latent code or tiny bits of information consisting
of words, expressions, emotions, and body-language. Alice is using her decoder to
understand the tiny bits to reconstruct Bob’s mental model. This is a lossy chan-
nel of communication. More often, the reconstruction or interpretation (shown on
right) are different from the input.

Consider a dyadic conversation between Alice and Bob as shown in Figure 1.1.
Bob wants to take Alice down memory lane and show her the place where he grew
up – the lake, the greenery and the mountains, and make her hear the melodies
of chirping birds, the dancing trees, and the rustling leaves. How would the place
look like on a sunny day? How mesmerizing would it become with clouds and
rain? How important were mountains and forests to the beauty of the area? And
how gloomy it became when the lake once dried up due to the drought?

Lossy Communication Channel: We refer to Bob’s experiences as a mental
model [251]. Ideally, Bob would like to transfer this mental model to Alice as is.
Does this happen so easily in a conversation? What really happens in a standard
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(I) Dense 4D Visual Observation

continuous observation from discrete viewpoints example driven target synthesis

(II) Communicating via Examples

input output input output

(III) Direct User-Interaction with Data

user-generated input for synthesis

Figure 1.2: Our goal is to learn a computational representation of the 4D audio-
visual world that can be: (1) estimated from sparse real-world observations; and
(2) explored to create new experiences. We introduce Computational Studio that
can continually observe, explore, and create a four-dimensional audio-visual world
with minimal manual supervision. There are three essential components of this
thesis: (I). Dense 4D Visual Observation. We present dense 3D reconstruction
and 4D visualization of dynamic events from discrete viewpoints; (II). Communi-
cating via Examples. Examples or analogies are what we use in daily life to tell
our experiences. Examples allow us to both imagine and express. Shown here is an
example of Stephen Colbert acting like John Oliver; (III). Direct User-Interaction
with Data. Shown here is an example where a user creates an input using a paint
brush and a drag-and-drop tool, and synthesized output using our approach.

conversation – Bob has a mental model and has an encoder that compresses this
rich information to a latent code or tiny bits of information consisting of words, ex-
pressions, emotions, and body-language. Alice is trying to understand the tiny bits
to reconstruct Bob’s mental model and often leads to a different interpretation. This
is a lossy channel of communication that leads to massive lose of information. What
if Bob could audio-visually communicate this mental model as he experienced it?

Computational Studio: In this thesis, our goal is to learn a computational rep-
resentation of the 4D audio-visual world that can be: (1) estimated from sparse
real-world multi-view observations; and (2) explored to create new experiences.
We introduce Computational Studio, a framework that can continually observe, ex-
plore, and create a four-dimensional audio-visual world with minimal manual su-
pervision. This computational representation allows humans to communicate with
other humans and machines effectively without any loss of information. Learning
and communicating the 4D audio-visual world requires three things (summarized
in Figure 1.2): (1) How can we densely observe the 4D visual world?; (2) How can
we communicate our experiences via examples?; (3) How can we interactively cre-
ate and edit the audio-visual world? These questions are inspired from how we,
humans, perceive the world (i.e. inputting audio-visual data from different per-
spectives) and how we use our experiences to explain that data to others.

Learning and Communicating: In this thesis, we provide a general frame-
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(a) a colony of honey bees (b) a herd of elephants (c) a group of dolphins

(d) a group of human beings (e) a group of lions (f) a group of birds

Figure 1.3: Why Communication? Intelligent Beings Communicate. Over the
years, different studies have observed the communication ability of various species,
be it honey bees, elephants, dolphins, lions, birds, and humans. The coordinated ef-
forts of different species shown here could not be possible in the absence of commu-
nication. The ability to communicate enables a species to understand their world,
and act for their survival and advancement. The extent of communication within
a species largely determine its ability to advance.

work that enables a computational machinery to learn the 4D audio-visual world
in an unsupervised manner from sparse unconstrained real-world samples. There
is a continual interplay between learning and communicating the 4D audio-visual
world in this work. Communication is not possible without learning. Similarly,
the true sign of learning in a computational machinery is when it is able to com-
municate what it has learnt and interact effectively with other intelligent beings. A
computing machine that can continually learn directly about the world from sparse and un-
constrained real-world observations, examples, and interactions with humans can enable a
better human-computer communication that can further improve human-human communi-
cation. In this thesis, we bring together insights from computer vision and graphics,
machine learning, robotics, human-computer interaction, and psychology. While
our work has several applications, we will restrict to the case-study of audio-visual
communication for most part of this thesis.

Why Communication? Communication is the hallmark of an intelligent species
and quite well-observed in biological beings (Figure 1.3), be it ants, honey bees, ele-
phants, dolphins, cats, dogs, humans, and even plants. The ability to communicate
enables a species to understand their world and act for their survival and advance-
ment. The extent of communication within a species largely determine its ability to
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Figure 1.4: Visual Expression for Communication in Prehistoric Era: The earliest
use of technology in communication dates back to 30, 000 years BCE (prehistoric
era) when the early humans would draw on the rocks to communicate.

advance. Communication plays a vital role in human life and largely determines
the quality of relationship between individuals and the society. We, humans, have
a strong urge to express ourselves, share our thoughts, dreams, and imagination
with others. We, however, struggle to share our rich mental imagery, our experi-
ences, our imagination with others. A computational machinery that understands our
world can enable us to express ourselves and our imagination, and lead to better communi-
cation than a face-to-face interaction.

Revisiting Audio-Visual Communication with Computers. In the early times,
humans would draw on rocks to communicate as shown in Figure 1.4. The process
of drawing was not efficient and restricted only to a selected few. This led to the
development of languages over the period of time. Language acts as a codebook
of a community that is known by all its member and has name for everything (ob-
jects, experiences etc). While it eased the task of communicating about the usual
things of the human need, it is not a comprehensive medium to explain our thoughts
as the codebooks and our understanding about them are limited. Making matters
worse, there is no universal codebook known to all humans. How can we then com-
municate our thoughts to others without being limited in our abilities to express
ourselves due to varying educational backgrounds, language barriers, varying ex-
pression and emotions, different cultural and geographical links? Our common
audio-visual world that we live in connects us with minimal barriers. Our under-
standing of the world is fairly standard. For e.g. what we call as “water” in English
is called as l’eau in French, wasser in German, paanee in Hindi, jal in Bangla, neer
in Sanskrit, and tanneer in Tamil – we all know what it communicates when we see
it despite different names. In this thesis, our goal is to use this universal visual lan-
guage and enable an audio-visual social communication for everyone using their
everyday computational devices.
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(a) Licklider and Taylor, 1968 (b) Computer: Means of CommunicationAt a project meeting held through a computer, you can thumb through the
speaker’s primary data without interrupting him to substantiate or explain.

A communication system should make a positive contribution to the
discovery and arousal of interests.

26

Figure 1.5: Beyond Face-to-Face Communication: (a) Licklider and Taylor [251]
envisioned computational machinery that could enable better communication be-
tween humans than face-to-face interaction. Shown here are different experts talk-
ing about the bridge — there is a materials expert on the left, safety expert in the
middle, and so on. This means given the observation of the bridge, different experts
can explore and disseminate their thoughts. (b) We have so far used computing to
develop various means of communication, such as mails, messaging, phone calls,
video conversation, and virtual reality. These are a proxy of face-to-face commu-
nication that aims at encoding words, expressions, emotions, and body language
at the source and decoding them reliably at the destination. None of these devices
allow a better communication than a face-to-face interaction. Image Credits: Licklider
and Taylor [251] and Rowland Wilson.

1.1 Computer: The Ultimate Communication Device

Face-to-Face interaction is the most potent form of communication. Licklider and
Taylor [251] envisioned a computational machinery (with an easy human interac-
tion [409]) can enable a better communication than what is possible with a face-to-
face interaction. Figure 1.5-(a) is a sketch illustration of an inter-disciplinary meet-
ing by Rowland Wilson highlighting this vision. Shown here are different experts
talking about the bridge — there is a materials expert on the left, safety expert in the
middle, and so on. Given the observation of the bridge, different experts can explore
various aspects of the bridge, and can disseminate their findings.
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(a) a mother teaching her two daughters about an 
aquatic animal by just pointing the computer to it. 

(b) a teacher teaching her third-grade students about 
various aspects of space-travel.

Figure 1.6: Computer: An Information Retrieving Machine. Alan Kay envisioned
Dynabook or personal computer that can be used by anyone anywhere as a means to
access information. Here are two illustrations of Alan Kay’s vision by Glen Keane.
(a) A mother is teaching her two daughters about an aquatic animal by just point-
ing the computer to it. (b) A teacher is teaching her third-grade students about
various aspects of space-travel. The group of students on the right is running a
simulation of a Mars landing, while the students on the left are learning about solar
sails. This process of learning would not be easy if computers, cameras, Wikipedia,
and Google did not exist. This access to information which would have otherwise
required days or weeks is now on our finger-tips. We have largely achieved this
vision of computing, and— we have a universal access to the information. Image
Credits: Alan Kay, Bob Stein, and Glen Keane.

1.1.1 Computing for Communication

In the last 50 years, we have developed various means of communication such as
mails, messaging, video conversation, or virtual reality headsets (shown in Fig-
ure 1.5-(b)). These are, however, means of communication that are trying to build
a proxy of face-to-face communication by encoding words, expressions, and emo-
tions at the source, and decoding them reliably at the destination. None of these
devices allows us to have a better communication than a simple face-to-face inter-
action. The real promise of computing as a means to provide lossless communication is still
not realized.

Storytellers: Computers are largely used by movie producers with ample bud-
gets to tell their stories to everyone. We have come a long way from initial thoughts
on a computing machinery [52,251] to the early development of human-machine in-
terfaces [105,409] and availability of massive compute on a hand-held device [223].
Less than a hundred years back, showing airplane dogfight in the movie Hell’s An-
gels (Howard Hughes Production) required filming authentic aerial combat scenes.
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(a) Bullet-Time Scene — Matrix, 1998 (b) Panoptic Studio — Joo et al., 2015

Figure 1.7: Dense 4D Observation in Studios: The success in computer graphics
is restricted to fixed studio setup that provides properly placed cameras in a con-
trolled environment. (a) A popular example is the bullet-time scene from Matrix,
1998 that is captured using 125 cameras placed at 5cm. (b) Another example is the
CMU Panoptic Studio that houses more than 500 cameras for dense observation. In
this work, we consider sparse (10-15 unconstrained cameras) real-world capture in
unconstrained environment. There are no green screens in our work.

A fleet of more than 50 airplanes with 137 pilots was assembled for the flying se-
quences and to pilot the camera planes. With the advances in computing, we have
moved well beyond the requirements of physical capture to content creation in the
current production. We now have creatures from different realms fighting right in
the middle of busy Manhattan in New York City (Avengers, 2012; and Avengers Infin-
ity War, 2018) to blowing up the Heinz Field in Pittsburgh (Dark Knight Rises, 2012)
to realistic animal motions with a picturesque background (The Lion King, 2019) to
showcasing adventures centered around toys (Toy Story 4, 2019).

Intensive Infrastructural Requirements: The progress in computer-generated
imagery (CGI) and visual effects is restricted to a few places in the world requiring
specialized hardware, software, artistic, and technical skills. We have not come to a
point where the technology can be used by anyone anywhere. This is primarily due
intensive infrastructural requirements in a studio that (1) allows to densely capture
the observations from multiple cameras (Figure 1.7); and (2) consists of a team
of trained artists that are experts in exploring the audio and visual data, creating
new content through a wide variety of tools (Figure 1.8). Our goal is to overcome
these infrastructural challenges such that anyone can tell their stories anywhere.
Importantly, we are entering into the era of virtual and augmented reality where
every user should have the free-form flexibility to observe, analyse, and create the
content. Social communication in natural environments is not possible unless ev-
erything happens at 90 Hz whereas it takes weeks for a team of artists to create a
few seconds of a movie.

Advances and Limitations of Personal Computing: In the last fifty years, we
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(a) Intensive Annotations for Supervised Learning (b) Intensive Human and Computational Resources

Figure 1.8: Intensive Infrastructural Requirements: Despite the recent progress
in computer vision and machine learning, the problem remains challenging: (a) the
big revolution in machine learning is owed to intensive manual annotations that
enabled supervised learning using convolutional neural networks. In this work, we
do not have a large amount of data not because we cannot collect it but it does not ex-
ist. Additionally, even if we have the data it is not only non-trivial to label the data
– it is not even clear as what are the appropriate labels to collect. We, therefore,
learn on the data without any manual annotations. More importantly, we go be-
yond fixed datasets.(b) Existing work is primarily restricted to professional movie
studios with a team of trained artists with ample resources and intensive compu-
tational budget. Our goal is to democratise content creation such that a non-expert
can easily use it on their everyday computational devices (e.g., a mobile phone) in
real-time.

have made tremendous progress in personal computers (both hardware and soft-
ware). This progress has enabled each one of us with the universal access to the
information. We have powerful computers [223] in our pocket. Figure 1.6 shows
two illustrations of Alan Kay’s vision of computers as the information retrieving
machine. Shown in Figure 1.6-(a) is a mother teaching her two daughters about an
aquatic animal by just pointing the computer to it. This process of learning would
not be easy without the progress in computing at every level (the existence of pow-
erful computational power, digital cameras, Wikipedia, Google etc). This access to
information which would have otherwise required days or weeks is now on our
finger-tips. While this vision of computing is largely achieved, we have not been
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able to tap the real potential of computing for effective communication. We have so
far used computing to develop various means of communication, such as mails,
messaging, phone calls, video conversation, and virtual reality. These are, however,
a proxy of face-to-face communication that aims at encoding words, expressions,
emotions, and body language at the source and decoding them reliably at the des-
tination. In its current form, we are primarily the consumers of a certain piece of
information. We have a little control on gathering new observation, exploration,
and dissemination.

1.2 Learning to Observe, Explore, and Disseminate

Communication has three crucial aspects: Observation, Exploration, and Dissem-
ination. Observation entails extensively seeing or capturing the world such that it
can be described without any loss of information. Exploration allows us to inves-
tigate and research different aspects of observation. Dissemination, finally, allows
us to communicate our observation and exploration with others. In this thesis, we
jointly study: (1) observation and dissemination; and (2) exploration and dissem-
ination.

1.2.1 Observation and Dissemination

Imagine watching a tennis game between Roger Federer and Rafael Nadal at Wim-
bledon – seeing the game as it happened in its entirety is the Observation. In plain
words, Observation is putting the world under a microscope and seeing every possi-
ble details. We live in a four-dimensional (3D space and 1D time) world. Capturing
the unconstrained 4D audio-visual world as we see and hear is challenging because
we have no large structured microscope that can precisely capture the details.

Prior work on 4D capture [205, 210, 211, 515] has primarily been restricted to
studio setups with tens or even hundreds of synchronized cameras (as shown in
Figure 1.7). As an example – the bullet-time scene in Matrix, 1998 was created by
combining the use of CGI with 120 synchronized cameras and substantial manual
efforts. To this day, four hundred hours of video data is uploaded on YouTube every
minute. There are more cameras at a place than there are people due to commer-
cial success of high quality hand-held cameras (mobile phones and GoPros). Many
public events are easily captured from multiple perspectives by different people
(Figure 1.9). Despite this new form of visual data, we are constrained to see what
was physically captured. We cannot see the entire space-time extent of the dynamic
events. We cannot relive the moment. In this thesis, we utilize arbitrary mobile
phones to densely observe the 4D visual world. Importantly, there are no con-
straints on the capture and the events under observation as shown in Figure 1.10.
Figure 1.11 shows an illustration of dense 4D observation for a challenging scenario
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Figure 1.9: Public Events Captured from Various Perspectives: With the onset
of mobile phones, many public events are captured from various perspectives by
different people. Our goal is to utilize these discrete viewpoints and enable dense
3D reconstruction and 4D visualization of dynamic events.

(more than 30 people in the scene without any constraints) captured from uncon-
strained viewpoints.

1.2.2 Exploration and Dissemination

When you see the sunset standing on the Seine river in Paris, you can easily imagine
the same evening along the Monongahela in Pittsburgh. When you hear something,
you can imagine how your partner would have said it. When you think of an event,
you can predict different bits of it in your imagination. Humans have a remarkable
ability to associate different concepts and think about the visual worlds far beyond
what can be seen by a human eye. These capabilities include (and are not limited
to) inferring the state of the unobserved, imagining the unknown, and thinking of
diverse possibilities about what lies in the future. Given an observation – how do we
explore, interpret, edit, and manipulate it?
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Figure 1.10: The world is our studio: The onset of mobile phones and cameras have
revolutionized the capture scenario. Each one of us carry a powerful camera. There
are more cameras at a place than there are humans around. Many public events are
captured by different people from various perspectives. The question is: how can we
utilize the data from discrete cameras and yet be able to move in the space-time of the event
continuously?

Exploration via Examples: Humans can associate different concepts effortlessly.
Association and perception are tightly interlinked [27, 172]. However, learning-
based approaches [242] are limited to highly supervised setups requiring exten-
sive: (1) domain-specific design to collect data; (2) expert human supervision; or
(3) manual annotations. We show two examples of state-of-the-art facial anima-
tion with extreme supervision in Figure 1.12. There exist infinitely many prob-
lems in facial animation specifically and semantic content translation in general,
where it is non-trivial to either capture the data or get manual annotations. The
state-of-the-art approaches require extensive: (1) domain-specific setup to collect
data [263, 416, 462]; (2) expert human supervision [101, 221, 225]; or (3) manual
annotations [222, 449]. Manually associating the examples from two different do-
mains (without a pixel-to-pixel mapping) is an extreme form of manually intensive
task and unheard. Synthesizing in-the-wild events require going beyond supervi-
sion and curated datasets. In this thesis, we introduce algorithms that enables hu-
mans to explore the data using examples or a scant manual interaction. We shows
an example-based exploration in Figure 1.13 where an example is used to drive the
target. Importantly, we had access to only 10 seconds video (both low-res and black-
and-white) of Philippe Petain during World War II. Importantly, our approach does
not require any facial information and has been demonstrated for a wide variety of
domains (e.g., flowers in Figure 1.16) in this thesis. Learning from sparse and un-
constrained real-world examples is also crucial in medical applications. Our work
on unsupervised audio-visual synthesis enables us to synthesize natural voice for
the speech-impaired.

Beyond Fixed Categories: We need approaches that can automatically under-
stand this sheer diversity appropriating both the visual appearances and motion
information from the data without any manual supervision. This is because our vi-
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3D space

tim
e

(1) freeze the time

(2) freeze the view

(3) vary both 
time and view

(1)

(2)

(3)

(4) see behind the occlusions

What can we do with 4D visualization?

original edited zoom-in view
…

Figure 1.11: Dense 4D Observation from Discrete Capture: In this thesis, we
present a data-driven approach for 4D space-time visualization of dynamic events
from videos captured by multiple hand-held cameras. We can create virtual cam-
eras that facilitate: (1) freezing the time and exploring views (red); (2) freezing a
view and moving through time (green); (3) varying both time and view (blue);
and (4) seeing behind the occlusions (yellow).

sual world is highly diverse, consisting of 8.7M known animal species (Figure 1.14),
390K known plant species, and many human-made objects. There are varied envi-
ronmental, illumination, and weather conditions, and an infinite number of inde-
scribable things such as human-human and human-object interactions. The sheer
diversity of the world, and the fact that it is continually evolving seclude case-by-
case approaches in understanding its richness. Physically modeling the wild possi-
bilities in the 4D world is intractable. In this thesis, we explore data-driven meth-
ods that are agnostic of the categories or the content in the videos.

Human-Controllable Representations: We also provide abilities to a user to
explore and analyze the data. This paves the way for a computing machinery to
learn directly from scant human interactions on everyday computational devices.
Showing an aspect of user-control in Figure 1.15 where a user can create images by
using a simple paint-brush and a-drag-and-drop tool. This type of user-control can
help a user to put their thoughts together and conceive the idea well. OpenShapes
application is running on a single core CPU, enables 150 different background and
object categories. It take 10 seconds to generate 5 outputs from a user-input without
any system level optimization.
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(a) SIREN — Epic Games (b) Facial Capture Studio — Facebook Reality Lab

Figure 1.12: Extreme Supervision for Facial Animation: We show two examples
of highly-supervised setups for facial animation. (a) SIREN, 2019 from Epic Games
that was captured in a well constrained environment with expert supervision. We
refer the reader to a brief video highlighting the amount of efforts it took to build
this demonstration. (b) Facial Capture Studio at the Facebook Reality Labs, Pitts-
burgh – this is a multi-camera setup consisting of 40 synchronized cameras that
captures 5120× 3840 images at 30 frames per second.

1.3 Contributions: The World is our Computational Studio

A computational machinery that can observe, explore, and create a four-dimensional
audio-visual world with minimal manual supervision can enable humans to com-
municate effectively with other humans and machines. This thesis is divided into
four parts. We summarize each of them here:
Observing 4D Visual World: The first part of this thesis introduces the work on
capturing, browsing, and reconstructing the 4D visual world from sparse real-world
multi-view samples. We bring together insights from both classical image-based
rendering and neural rendering approaches. Crucial to our work are two compo-
nents: (1) Fusing information from sparse multi-views to create dense 3D point
clouds; and (2) Fusing multi-view information to create new views. Though cap-
tured from discrete viewpoints, the proposed formulation allows us to do dense 3D
reconstruction and 4D visualization of dynamic events. It also enables us to move
around the space-time of the event continuously and facilitate: (1) Freezing the
time and exploring 3D space; (2) Freezing the 3D space and moving through time;
and (3) simultaneously changing both 3D space and time. Finally, a comprehensive
control of 4D visual world allows us to do geometrically consistent content editing.
We briefly discuss it in Section 1.4. There is one chapter in this part:
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example

output

Figure 1.13: Example-based Facial Animation: We show an example of facial
translation where we had access to only 10 seconds video (both low-res and black-
and-white) of Marshal Philippe Petain during World War II. Our approach retargets
the facial animation from example (left-side) to the target to create new outputs
(right-side) in an unsupervised manner. Despite a low-res video of Petain available
to us, we get a hi-res output. This approach does not consider any facial informa-
tion and has been demonstrated for a wide variety of domains (e.g., flowers, birds,
robots, clouds, winds, sunrise, and sunset) in this thesis.

1. We introduce a dense 4D visualization of dynamic events captured from un-
constrained multi-view videos with large baselines. Most importantly, the
proposed approach is agnostic of the video content and works for a large range
of videos. An initial version of this work is published at CVPR 2020.

Example-based Exploration: The second part of this thesis details the example-
based synthesis of the audio-visual world in an unsupervised manner. Example-
based audio-visual synthesis allows us to express ourselves easily. In this part, we
introduce Recycle-GAN that combines spatial and temporal information via adver-
sarial losses for unsupervised video retargeting. This allows us to translate the con-
tents from one domain to another while preserving the style native to the target do-
main. E.g., if our goal is to transfer the contents of John Oliver’s speech to Stephen
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Figure 1.14: Diverse Visual Content: Our visual world is highly diverse, consist-
ing of 8.7M known animal species, 390K known plant species, and many human-
made objects. There are varied environmental, illumination, and weather condi-
tions, and an infinite number of indescribable things such as human-human and
human-object interactions. Physically modeling the wild possibilities in the 4D
world is intractable. In this thesis, we explore data-driven methods that are agnostic of
the content.

Colbert, then the generated content/speech should be in Stephen Colbert’s style.
We then extend our work to audio-visual synthesis using Exemplar Autoencoders.
Our approach builds on simple autoencoders that project out-of-sample data onto
the distribution of the training set. We use Exemplar Autoencoders to learn the
voice, stylistic prosody (emotions and ambiance), and visual appearance of a spe-
cific target exemplar speech. This work enables us to synthesize a natural voice for
speech-impaired individuals and do a zero-shot multi-lingual translation. Finally,
we introduce PixelNN, a semi-parametric model that enables the generation of mul-
tiple outputs from a given input and examples. We briefly discuss it in Section 1.5.
There are three chapters in this part:

1. We introduce an unsupervised video retargeting that transfers the content of
one identity to another while preserving the style of the target. This example-
based method enables us to explore and synthesize new visual content. An
initial version of this work is published at ECCV 2018. This work has also
been used by various production houses and news agencies to create content
for their documentaries and shows.

2. We introduce a zero-shot unsupervised audio-visual synthesis that allows
anyone to input their voice and generate audio-visual stream for the target
identity. This work enables us to synthesize a natural voice for speech-impaired
individuals and do a zero-shot multi-lingual translation.

3. We introduce a semi-parameteric approach that enables multi-modal image
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Figure 1.15: Human-Controllable Representation for Image Synthesis: Showing
an aspect of user-control where a user can create images by using a simple paint-
brush and a-drag-and-drop tool. This type of user-control can help a user to put
their thoughts together and conceive the idea well. OpenShapes application is run-
ning on a single core CPU, enables 150 different background and object categories.
It take 10 seconds to generate 5 outputs from a user-input without any system level
optimization.

synthesis without requiring to train a new parametric model. The crucial as-
pect of this work is that it allows a user to create a desired output by providing
an example to an off-the-shelf model. This work is published at ICLR 2018. An
extension of this work also shows application in understanding convolutional
neural networks.

Human-Controllable Representations: The third part of this thesis introduces
human-controllable representations that allows a human-user to interact with vi-
sual data and create new experiences on everyday computational devices. Firstly,
we introduce OpenShapes that allows a user to interactively synthesize new images
using a paint-brush and a drag-and-drop tool. OpenShapes runs on a single-core
CPU to generate multiple images from a user-generated label map. We then present
simple video-specific autoencoders that enables human-controllable video explo-
ration. This exploration includes a wide variety of analytic tasks such as (but not
limited to) spatial and temporal super-resolution, object removal, video textures,
average video exploration, video tapestries, and correspondence estimation within
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and across videos. Prior work has independently looked at each of these problems
and proposed different formulations. In this work, we observe that a simple au-
toencoder trained (from scratch) on multiple frames of a specific video enables one
to perform a large variety of video processing and editing tasks without even opti-
mizing for a single task. Finally, we present a framework that enables us to extract
a wide range of low-mid-high level semantic and geometric scene cues that could
be understood and expressed by both humans and machines. We briefly describe
it in Section 1.6. There are three chapters:

1. We introduce a data-driven approach for interactively synthesizing in-the-
wild images from semantic label maps. This work is published at CVPR 2019.

2. We present simple video-specific autoencoders that enables human-controllable
video exploration. This includes a wide variety of analytic tasks such as (but
not limited to) spatial and temporal super-resolution, object removal, video
textures, average video exploration, and correspondence estimation within
and across videos.

3. We explore various human understandable and expressable scene cues such
as 2D semantic labels, 2.5D surface normal, 2.5D boundary cues, and 3D ob-
jects. An initial version of this work is published at CVPR 2016 and an exten-
sive evaluation is done in an extended technical report.

Continual and Streaming Learning: The idea of exemplar and test-time training
is pursued throughout this thesis. This combination enables continual learning in
a streaming manner. In the last part of this thesis, we extend our work on contin-
ual learning of the audio-visual world in a streaming manner to learning visual-
recognition tasks from sparse examples. We briefly discuss it in Section 1.7. There
is one chapter in this part:

1. We explore semi-supervised learning of deep representations given a few la-
beled examples of a task and a (potentially) infinite stream of unlabeled ex-
amples. Our approach continually evolves task-specific representations by
constructing a schedule of learning updates that iterates between pre-training
on novel segments of the stream and fine-tuning on a small and fixed labeled
dataset. We demonstrate our approach on tasks ranging from fine-grained im-
age classification, medical-image classification, satellite-image classification,
to pixel-level analysis. Without any domain knowledge, we improve the per-
formance of these tasks.

Contrary to popular approaches in semi-supervised learning that use massive
computing resources for storing and processing data, streaming learning requires
modest computational infrastructure since it naturally breaks up massive datasets
into slices that are manageable for processing. From this perspective, streaming
learning can help democratize research and development for scalable, lifelong ML.
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1.4 Part I: Observing the 4D Visual World

Imagine going back in time and revisiting crucial moments of your lives, such as
your wedding ceremony, your graduation ceremony, or the first birthday of your
child, immersively from any viewpoint. The prospect of building such a virtual time
machine [352] has become increasingly realizable with the advent of affordable and
high-quality smartphone cameras producing extensive collections of social video
data. Unfortunately, people do not benefit from this broader set of captures of their
social events. When looking back, we are likely to only look at one video or two
when potentially hundreds might have been captured from different sources. We
present two approaches that leverages all perspectives to enable a more complete
exploration of the event:

Dense 4D Visualization: We present a data-driven approach for 4D space-
time visualization of dynamic events from videos captured by hand-held multiple
cameras. We use self-supervised and scene-specific neural networks to compose
static and dynamic aspects of an event. Though captured from discrete viewpoints,
this model enables us to move around the space-time of the event continuously. This
model allows us to create virtual cameras that facilitate: (1) Freezing the time and
exploring 3D space; (2) Freezing the 3D space and moving through time; and (3)
Simultaneously changing both time and 3D space. Our formulation also allows us
to get dense depth map and a foreground-background segmentation which in turn
allows us to track objects in a video. These properties enable us to edit the videos
and reveal occluded objects for a given view provided it is visible in any of the other
views. Figure 1.11 shows dense 4D visualization of a dynamic event captured from
sparse and unconstrained multiple views.

We validate our approach on a wide variety of in-the-wild events (humans and
birds) captured using up to 15 mobile cameras. With our approach, the benefits
from each extra perspective that is captured leads to a more complete experience.
We seek to automatically organize the disparate visual data into a comprehensive
four-dimensional environment (3D space and time). The complete control of spa-
tiotemporal aspects not only enables us to see a dynamic event from any perspective
but also allows geometrically consistent content editing. Figure 1.11 shows exam-
ples of virtual camera views synthesized using our approach for a JiuJitsu event
captured from multiple hand-held cameras.

The ability to reconstruct and edit dynamic events captured from free-viewpoint
videos, without a strict requirement of sub-frame alignment, opens up avenues for
various applications. It enables us to capture dynamic events with drones, robots,
hand-held cameras, and yet be able to do the things that require a professional stu-
dio. We can achieve an active and denser performance capture system by combining
drones, small ground robots, and insect robots with hand-held mobile devices. This
setup allows us to carefully visualize the details of human motion in performance,
e.g., flowing clothes, hairs, hands, and finger movements. Imagine watching Super
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Figure 1.16: Unsupervised Video Retargeting: We show Recycle-GAN used for
facial and flower retargeting. (a) We show varied examples of face to face transla-
tion using our approach. (b) We then show translation from John Oliver to Stephen
Colbert. (c) Finally, the bottom row shows how a synthesized flower follows the
blooming process with the input flower.

Bowl [418] or a Wimbledon game in this new virtualized reality. One does not need
to see the event only from stands; they can also stand next to players or even next
to the ball to view it. Due to the flexibility of this system, it enables us to capture
even the tangible and intangible cultural heritage of endangered tribes and wildlife
in their natural habitats.

1.5 Part II: Example-based Exploration

Examples or analogies allows us to express ourselves easily [373]. Humans can as-
sociate different examples/concepts effortlessly [27,172]. We present unsupervised
approaches that leverages examples to explore and create new visual content.
Unsupervised Video Retargeting : Video retargeting refers to the transfer of se-
quential content from one domain to another while preserving the style of the target
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domain. We introduce a data-driven approach for unsupervised video retargeting
that translates content from one domain to another while preserving the style na-
tive to a domain. E.g., if we were to transfer the contents of John Oliver’s speech
to Stephen Colbert, then the generated content/speech should be in Stephen Col-
bert’s style. Our approach combines both spatial and temporal information along
with adversarial losses for content translation and style preservation. In this work,
we first study the advantages of using spatiotemporal constraints over spatial con-
straints for effective retargeting. We then demonstrate the proposed approach for
the problems where information in both space and time matters, such as face-to-
face translation, flower-to-flower, wind and cloud synthesis, sunrise and sunset.
We show examples of facial and flower retargeting in Figure 1.16.

Audio-Visual Synthesis: Video translation without audio restricts the creation
of realistic content. We present an unsupervised approach that converts the in-
put speech of any individual into audiovisual streams of potentially-infinitely many
output speakers. Our approach builds on simple autoencoders that project out-of-
sample data onto the distribution of the training set. We use exemplar autoencoders
to learn the voice, stylistic prosody (emotions and ambiance), and visual appear-
ance of a specific target exemplar speech. In contrast to existing methods, the pro-
posed approach can be easily extended to an arbitrarily large number of speakers
and styles using only 3 minutes of target audio-video data, without requiring any
training data for the input speaker. To the best of our knowledge, we are the first
work to demonstrate audiovisual synthesis from an audio signal. To do so, we learn
audiovisual bottleneck representations that capture the structured linguistic con-
tent of speech.

Multi-Modal Image Synthesis: We present a semi-parametric approach that syn-
thesizes high-frequency photorealistic images from an ”incomplete” signal such as
a low-resolution image, a surface normal map, or edges. Current state-of-the-art
deep generative models designed for such conditional image synthesis lack two im-
portant things: (1) they are unable to generate a large set of diverse outputs, due to
the mode collapse problem. (2) they are not interpretable, making it difficult to con-
trol the synthesized output. We demonstrate that NN approaches potentially ad-
dress such limitations, but suffer in accuracy on small datasets. We design a simple
pipeline that combines the best of both worlds: the first stage uses a convolutional
neural network (CNN) to maps the input to a (overly-smoothed) image, and the
second stage uses a pixel-wise nearest neighbor method to map the smoothed out-
put to multiple high-quality, high-frequency outputs in a controllable manner. We
demonstrate our approach for various input modalities, and for various domains
ranging from human faces to cats-and-dogs to shoes and handbags.
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Figure 1.17: Interactive Image Synthesis: Our approach synthesizes images from
label maps by non-parametric matching of shapes, parts, and pixels. We show ex-
ample results for diverse “in-the-wild” scenes containing large amounts of variation
in object composition and deformation. We also show multiple plausible outputs
generated from a label map using our approach.

1.6 Part III: Human-Controllable Representations

Interactive visual synthesis allows us to manually create and edit visual experiences.
It is important to think about a human user and computational devices when de-
signing content creation applications.
Interactive Image Synthesis: We introduce a data-driven approach for interac-
tively synthesizing in-the-wild images from semantic label maps. Our approach is
dramatically different from recent work in this space, in that we make use of no
learning. Instead, our approach uses simple but classic tools for matching scene
context, shapes, and parts to a stored library of exemplars. Though simple, this
approach has several notable advantages over recent work: (1) because nothing is
learned, it is not limited to specific training data distributions (such as cityscapes,
facades, or faces); (2) it can synthesize arbitrarily high-resolution images, limited
only by the resolution of the exemplar library; (3) by appropriately composing
shapes and parts, it can generate an exponentially large set of viable candidate out-
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put images (that can say, be interactively searched by a user). We present results on
the diverse COCO dataset, significantly outperforming learning-based approaches
on standard image synthesis metrics. Finally, we explore user-interaction and user-
controllability, demonstrating that our system can be used as a platform for user-
driven content creation. Figure 1.17 shows images synthesized using OpenShapes,
where the input is a label map. OpenShapes enables us to synthesize images from
a semantic label map without requiring extensive computational power. It runs on
a single-core CPU and generates 5 outputs of 512× 512 resolution for a given input
in 10 seconds. More importantly, any number of new categories can be added to
our system in no time.
Interactive Video Exploration: We present simple video-specific autoencoders
that enables human-controllable video exploration. This includes a wide variety of
analytic tasks such as (but not limited to) spatial and temporal super-resolution, ob-
ject removal, video textures, average video exploration, and correspondence within
and across videos. Prior work has independently looked at each of these problems
and proposed different formulations. In this work, we observe that a simple au-
toencoder trained (from scratch) on multiple frames of a specific video enables one
to perform a large variety of video processing and editing tasks. Our tasks are en-
abled by two key observations. (1) Latent codes learned by the autoencoder capture
spatial and temporal properties of that video and (2) autoencoders can project out-
of-sample inputs onto the video-specific manifold. For e.g. (1) interpolating latent
codes enables temporal super-resolution and user-controllable video textures; (2)
manifold reprojection enables spatial super-resolution, object removal, and denois-
ing without training for any of the tasks. Importantly, a two dimensional visualiza-
tion of latent codes via principal component analysis acts as a tool for users to both
visualize and intuitively control video edits.
Human Understandable and Expressable Scene Cues: We explore various human
understandable and expressable scene cues. Firstly, we design principles for general
pixel-level prediction problems, from low-level edge detection to mid-level surface
normal estimation to high-level semantic segmentation. Convolutional predictors,
such as the fully-convolutional network (FCN), have achieved remarkable success
by exploiting the spatial redundancy of neighboring pixels through convolutional
processing. Though computationally efficient, we point out that such approaches
are not statistically efficient during learning precisely because spatial redundancy
limits the information learned from neighboring pixels. We demonstrate that strati-
fied sampling of pixels allows one to (1) add diversity during batch updates, speed-
ing up learning; (2) explore complex nonlinear predictors, improving accuracy; and
(3) efficiently train state-of-the-art models tabula rasa (i.e., ”from scratch”) for di-
verse pixel-labeling tasks. Our single architecture produces state-of-the-art results
for semantic segmentation on PASCAL-Context dataset, surface normal estimation
on NYUDv2 depth dataset, and edge detection on BSDS. Finally, we introduce an
approach that leverages surface normal predictions, along with appearance cues, to
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Common Yellow-Throat

initialization

iteration-1

iteration-2

iteration-3

Figure 1.18: Continual Improvement in Recognizing a Yellow Throat: We qual-
itatively show improvement in recognizing a common yellow-throat (shown in
left from CUB-200 dataset [463]). At initialization, the trained model confuses
common yellow-throat with hooded oriole, hooded warbler, wilson rbler, yellow-
breasted chat, and other similar looking birds. We get rid of false-positives with ev-
ery iteration. At the the end of the third iteration, there are no more false-positives.

retrieve 3D models for objects depicted in 2D still images from a large CAD object
library. We develop a two-stream network over the input image and predicted sur-
face normals that jointly learns pose and style for CAD model retrieval. When using
the predicted surface normals, our two-stream network matches prior work using
surface normals computed from RGB-D images on the task of pose prediction, and
achieves state of the art when using RGB-D input. Our two-stream network allows
us to retrieve CAD models that better match the style and pose of a depicted object
compared with baseline approaches.

1.7 Part IV: Continual and Streaming Learning

The different formulation proposed in this thesis follows exemplar and test-time
training. This unique combination allows to continually learn the audio-visual world
in a streaming manner. We extend our work on continual learning of the audio-
visual world to learning exemplar visual concepts and visual-recognition tasks.
Streaming Learning with a Few Examples: We explore semi-supervised learn-
ing of deep representations given a few labeled examples of a task and a (poten-
tially) infinite stream of unlabeled examples. In this setting, classic approaches
that attempt to pseudo-label the entire unlabeled stream may take an exorbitant
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amount of time. Our approach continually evolves task-specific representations by
constructing a schedule of learning updates that iterates between pre-training on
novel segments of the stream and fine-tuning on the small, fixed labeled dataset.
Our approach learns progressively more accurate pseudo-labels as the stream is
processed by growing the model capacity via larger backbone network architec-
tures (that are pre-trained on successively larger segments in previous iterations).
The performance of our continually-evolving models has improved by 27% top-1
accuracy on Flowers-102, and 22% top-1 accuracy on Birds-200 in three iterations.
Our insights are also applicable to diverse domains including medical, satellite, and
agricultural imagery, where there does not exist a large amount of labeled or unla-
beled data. Finally, we also apply our insights to pixel-level problems, specifically
surface-normal estimation and semantic segmentation. We improve both surface
normal estimation on NYU-v2 depth dataset and semantic segmentation on PAS-
CAL VOC-2012 by 3 − 7%. All these models are trained from scratch without any
task-specific tuning or auxiliary knowledge. Figure 1.18 demonstrates the continu-
ous improvement in recognizing a common yellow-throat using unlabeled data.
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Part I

Observing the 4D Visual World
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Chapter 2

Dense 4D Visualization

Figure 2.1: The world is our studio: The onset of mobile phones and cameras have
revolutionized the capture scenario. Each one of us carry a powerful camera. There
are more cameras at a place than there are humans around. Many public events are
captured by different people from various perspectives. The question is: how can we
utilize the data from discrete cameras and yet be able to move in the space-time of the event
continuously?

Imagine going back in time and revisiting crucial moments of your lives, such
as your wedding ceremony, your graduation ceremony, or the first birthday of your
child, immersively from any viewpoint. The prospect of building such a virtual time
machine [352] has become increasingly realizable with the advent of affordable and
high-quality smartphone cameras producing extensive collections of social video
data. Unfortunately, people do not benefit from this broader set of captures of their
social events (as shown in Figure 2.1). When looking back, we are likely to only look
at one video or two when potentially hundreds might have been captured from dif-
ferent sources. We present a data-driven approach that leverages all perspectives to
enable a more complete exploration of the event. With our approach, the benefits
from each perspective leads to a more complete experience. We seek to automati-
cally organize the disparate visual data into a comprehensive four-dimensional en-
vironment (3D space and time). The complete control of spatiotemporal aspects
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Figure 2.2: 4D Continuous Observation from Discrete Multi-Views: In this work,
we present a data-driven approach for 4D space-time visualization of dynamic
events captured by multiple hand-held cameras. We can create virtual cameras
that facilitate: (1) Freezing the time and exploring 3D space (red); (2) Freezing the
3D space and moving through time (green); (3) varying both time and 3D space
(blue); and (4) seeing behind the occlusions (yellow).

allow geometrically consistent content editing. Figure 2.2 shows an example of dif-
ferent virtual camera-views synthesized using our approach for an event captured
from multiple views.

Prior work on 4D capture [205,210,211,515] of dynamic events use multi-camera
setup in a studio that consists of tens or even hundreds of synchronized cameras
and a well-constrained environment. Another body of work use light-field cap-
ture devices [2, 148, 247, 309, 451] or small-baseline multi-camera rig [50, 120] for
capturing the dynamics. Closely related to our setup is the work [19, 58, 414] that
use in-the-wild capture devices for video-based rendering. These approaches are,
however, restricted to the content of the videos such as a single human-actor. Recent
work [90,91,442,443] use in-the-wild multi-camera systems but sparsely reconstruct
the world. In this work, we use an unconstrained and sparse real-world capture of
dynamic events: (1) with real-world challenges: no green-screens for background
subtraction; (2) arbitrary camera baselines; and (3) no restriction on the captured
contents. The required scenario has also been explored by work on 3D reconstruc-
tion from internet images [3,176,371,372,400]. These approaches are primarily re-
stricted to static scenes and ignore the dynamics (showing 3D reconstruction using
COLMAP [372] in Figure 2.3-(a)). Recently, Vo et al. [444] combined 3D reconstruc-
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(a) COLMAP

(b) COLMAP + Human Modeling

(c) Ours

Figure 2.3: Comparison to 3D Reconstruction and Human Modeling: Given a dy-
namic event captured using 10 phones, we freeze the time and explore 3D space.
(a) We show the outputs of COLMAP [371, 372] in the top-row. COLMAP treats
dynamic information as outliers for 3D reconstruction. (b) Vo et al. [444] combine
3D reconstruction [372] and human-modeling [269]. We show the outputs in the
middle-row and call this COLMAP+Human Modeling. These outputs lack real-
ism. Additionally, the reconstruction fails for non-Lambertian surfaces (see glass
windows), non-textured regions (see umbrellas), and shadows (around humans).
(c) Our approach (bottom-row) can densely synthesize the various static and dy-
namic components in the scene and looks more realistic.

tion [372] and human-modeling [269] as shown in Figure 2.3-(b). This approach is
restricted to specific scenarios where both 3D reconstruction and human-modeling
can work. We make no such assumptions and our method achieves a dense 4D visu-
alization of dynamic events. Figure 2.3-(c) contrasts our approach with COLMAP
and human-modeling outputs.

In this work, we bring together insights from a large literature on image-based
rendering [392] and neural rendering [417]. We pose the problem of 4D visual-
ization from in-the-wild captures within an image-based rendering paradigm uti-
lizing large capacity parametric models. There are three essential components of
our approach: (1) Estimating time-specific aspects (instantaneous information)in a
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scene for a given 3D space (or camera pose) and a time-instant; (2) Estimating time-
averaged (or stationary information) in a scene averaged for a given camera pose;
and (3) Fusing the time-specific (instantaneous) and time-averaged (stationary)
information via a scene-specific convolutional neural network (CNNs). The time-
averaged accumulation helps us to capture the large non-textured regions (e.g.,
umbrellas in Figure 2.3-(c)) and non-Lambertian surfaces (glass windows in Fig-
ure 2.3-(c)). Scene-specific CNNs implicitly fuse the static and dynamic scene com-
ponents in a self-supervised manner. This data-driven model enables us to extract
the nuances and details in a dynamic event. We demonstrate our formulation on
various in-the-wild dynamic events captured from multiple mobile phone cameras.
These multiple views have arbitrary baselines and unconstrained camera poses.

Explicitly modeling the time-specific (instantaneous) and time-averaged (sta-
tionary) components in a scene also allows us to get dense depth information and
the foreground-background segmentation. The access to depth map and foreground-
background segmentation enables tracking of dynamic objects in the scene. This
provides a complete control of static and dynamic components of a scene, and en-
ables user-driven content editing in the videos. In public events, one often encoun-
ters random movement obstructing the cameras to capture an event. Traditionally
nothing can be done about such spurious content in captured data. The complete
4D control in our system enables a user to remove unwanted occluders and obtain a
clearer view of the actual event using multi-view information (provided it is visible
in one of the views).
Contributions: (1) We study different multi-view view synthesis approaches (us-
ing both geometric modeling and image-based rendering) proposed in the litera-
ture via unconstrained multi-view sequences captured from real-world scenarios;
(2) We present a simple solution by bringing together insights from various image-
based and neural rendering approaches; and (3) We demonstrate applications in
user-controlled editing.

2.1 Review of 4D Capture

There is a long history of 4D capture systems [211] to experience immersive virtu-
alized reality [130], especially being able to see from any viewpoint that a viewer
wants irrespective of the physical capture systems. Crucially important is a long line
of work on 3D geometry [164] and multi-view view synthesis [412] using image-
based rendering [392] and neural-rendering [417] approaches. Inspired from Shum
and Kang [392], we position different approaches (in Figure 2.4) using an axis of
geometry or scene structure – from heavy utilization to no utilization of geometry.
4D Capture in Studios: The ability to capture depth from a small baseline stereo
pair via 3D geometry techniques [164] led to the development of video-rate stereo
machines [210] mounting six cameras with small baselines. This ability to cap-
ture dense depth maps motivated a generation of researchers to develop close stu-
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Geometry
(Shum and Kang, 2000)

Proceedings of SIGGRAPH 95 (Los Angeles, California, August 6-11, 1995)

2

(θ,φ) as well as a band of wavelengths,λ, which we wish to consider.

FIGURE 1. The plenoptic function describes all of the
image information visible from a particular viewing
position.

In the case of a dynamic scene, we can additionally choose the time,
t, at which we wish to evaluate the function. This results in the fol-
lowing form for the plenoptic function:

(1)
In computer graphics terminology, the plenoptic function

describes the set of all possible environment maps for a given scene.
For the purposes of visualization, one can consider the plenoptic
function as a scene representation. In order to generate a view from
a given point in a particular direction we would need to merely plug
in appropriate values for (Vx, Vy, Vz) and select from a range of (θ,φ)
for some constant t.

We define a complete sample of the plenoptic function as a full
spherical map for a given viewpoint and time value, and an incom-
plete sample as some solid angle subset of this spherical map.

Within this framework we can state the following problem def-
inition for image-based rendering. Given a set of discrete samples
(complete or incomplete) from the plenoptic function, the goal of
image-based rendering is to generate a continuous representation of
that function. This problem statement provides for many avenues of
exploration, such as how to optimally select sample points and how
to best reconstruct a continuous function from these samples.

3. PREVIOUS WORK

3.1 Movie-Maps
The Movie-Map system by Lippman [17] is one of the earliest
attempts at constructing an image-based rendering system. In Movie-
Maps, incomplete plenoptic samples are stored on interactive video
laser disks. They are accessed randomly, primarily by a change in
viewpoint; however, the system can also accommodate panning, tilt-
ing, or zooming about a fixed viewing position. We can characterize
Lippman’s plenoptic reconstruction technique as a nearest-neighbor
interpolation because, when given a set of input parameters (Vx, Vy,
Vz, θ, φ, t), the Movie-Map system can select the nearest partial sam-
ple. The Movie-Map form of image-based rendering can also be
interpreted as a table-based evaluation of the plenoptic function. This
interpretation reflects the database structure common to most image-
based systems.

3.2 Image Morphing
Image morphing is a very popular image-based rendering technique
[4], [28]. Generally, morphing is considered to occur between two
images. We can think of these images as endpoints along some path
through time and/or space. In this interpretation, morphing becomes
a method for reconstructing partial samples of the continuous ple-
noptic function along this path. In addition to photometric data,
morphing uses additional information describing the image flow
field. This information is usually hand crafted by an animator. At first

θ
φ

(Vx, Vy, Vz)

p P θ φ λ Vx Vy Vz t, , , , , ,( )=

glance, this type of augmentation might seem to place it outside of
the plenoptic function’s domain. However, several authors in the field
of computer vision have shown that this type of image flow infor-
mation is equivalent to changes in the local intensity due to
infinitesimal perturbations of the plenoptic function’s independent
variables [20], [13]. This local derivative behavior can be related to
the intensity gradient via applications of the chain rule. In fact, mor-
phing makes an even stronger assumption that the flow information
is constant along the entire path, thus amounting to a locally linear
approximation. Also, a blending function is often used to combine
both reference images after being partially flowed from their initial
configurations to a given point on the path. This blending function
is usually some linear combination of the two images based on what
percentage of the path’s length has been traversed. Thus, morphing
is a plenoptic reconstruction method which interpolates between
samples and uses local derivative information to construct approxi-
mations.

3.3 View Interpolation
Chen’s and Williams’ [8] view interpolation employs incomplete
plenoptic samples and image flow fields to reconstruct arbitrary
viewpoints with some constraints on gaze angle. The reconstruction
process uses information about the local neighborhood of a sample.
Chen and Williams point out and suggest a solution for one of the key
problems of image-based rendering— determining the visible sur-
faces. Chen and Williams chose to presort the quadtree compressed
flow-field in a back-to-front order according to its (geometric) z-
value. This approach works well when all of the partial sample
images share a common gaze direction, and the synthesized view-
points are restricted to stay within 90 degrees of this gaze angle.

An image flow field alone allows for many ambiguous visibility
solutions, unless we restrict ourselves to flow fields that do not fold,
such as rubber-sheet local spline warps or thin-plate global spline
warps. This problem must be considered in any general-purpose
image-based rendering system, and ideally, it should be done without
transporting the image into the geometric-rendering domain.

Establishing flow fields for a view interpolation system can also
be problematic. Chen and Williams used pre-rendered synthetic
images to determine flow fields from the z-values. In general, accu-
rate flow field information between two samples can only be estab-
lished for points that are mutually visible to both samples. This points
out a shortcoming in the use of partial samples, because reference
images seldom have a 100% overlap.

Like morphing, view interpolation uses photometric informa-
tion as well as local derivative information in its reconstruction pro-
cess. This locally linear approximation is nicely exploited to
approximate perspective depth effects, and Chen and Williams show
it to be correct for lateral motions relative to the gaze direction. View
interpolation, however, adds a nonlinearity by allowing the visibility
process to determine the blending function between reference frames
in a closest-take-all (a.k.a. winner-take-all) fashion.

3.4 Laveau and Faugeras
Laveau and Faugeras [15] have taken advantage of the fact that the
epipolar geometries between images restrict the image flow field in
such a way that it can be parameterized by a single disparity value
and a fundamental matrix which represents the epipolar relationship.
They also provide a two-dimensional raytracing-like solution to the
visibility problem which does not require an underlying geometric
description. Their method does, however, require establishing cor-
respondences for each image point along the ray’s path. The Laveau
and Faugeras system also uses partial plenoptic samples, and results
are shown only for overlapping regions between views.

Laveau and Faugeras also discuss the combination of informa-
tion from several views but primarily in terms of resolving visibility.
By relating the reference views and the desired views by the homog-
enous transformations between their projections, Laveau and
Faugeras can compute exact perspective depth solutions. The recon-
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a standard structure from motion algorithm to recover the camera
parameters (viewing matrices) for each frame [6]. Tracking several
points on each sprite enables us to reconstruct their 3D positions,
and hence to estimate their 3D plane equations [1]. Once the sprite
pixel assignment have been recovered, we run a traditional stereo
algorithm to recover the out-of-plane displacements.

The results of applying the layered motion estimation algorithm to
the first five images from a 40-image stereo dataset2 are shown in
Figure 4. Figure 4(a) shows the middle input image, Figure 4(b)
shows the initial pixel assignment to layers, Figure 4(c) shows the
recovered depth map, and Figure 4(e) shows the residual depth map
for layer 5. Figure 4(d) shows the recovered sprites. Figure 4(f)
shows the middle image re-synthesized from these sprites, while
Figures 4(g–h) show the same sprite collection seen from a novel
viewpoint (well outside the range of the original views), both with
and without residual depth-based correction (parallax). The gaps
visible in Figures 4(c) and 4(f) lie outside the area corresponding
to the middle image, where the appropriate parts of the background
sprites could not be seen.

4 Layered Depth Images

While the use of sprites and Sprites with Depth provides a fast
means to warp planar or smoothly varying surfaces, more general
scenes require the ability to handle more general disocclusions and
large amounts of parallax as the viewpoint moves. These needs
have led to the development of Layered Depth Images (LDI).

Like a sprite with depth, pixels contain depth values along with their
colors (i.e., a depth pixel). In addition, a Layered Depth Image (Fig-
ure 5) contains potentially multiple depth pixels per pixel location.
The farther depth pixels, which are occluded from the LDI center,
will act to fill in the disocclusions that occur as the viewpoint moves
away from the center.

The structure of an LDI is summarized by the following conceptual
representation:

DepthPixel =
ColorRGBA: 32 bit integer
Z: 20 bit integer
SplatIndex: 11 bit integer

LayeredDepthPixel =
NumLayers: integer
Layers[0..numlayers-1]: array of DepthPixel

2Courtesy of Dayton Taylor.

LayeredDepthImage =
Camera: camera
Pixels[0..xres-1,0..yres-1]: array of LayeredDepthPixel

The layered depth image contains camera information plus an array
of size xres by yres layered depth pixels. In addition to image data,
each layered depth pixel has an integer indicating how many valid
depth pixels are contained in that pixel. The data contained in the
depth pixel includes the color, the depth of the object seen at that
pixel, plus an index into a table that will be used to calculate a splat
size for reconstruction. This index is composed from a combina-
tion of the normal of the object seen and the distance from the LDI
camera.

In practice, we implement Layered Depth Images in two ways.
When creating layered depth images, it is important to be able to
efficiently insert and delete layered depth pixels, so the Layers ar-
ray in the LayeredDepthPixel structure is implemented as a linked
list. When rendering, it is important to maintain spatial locality of
depth pixels in order to most effectively take advantage of the cache
in the CPU [13]. In Section 5.1 we discuss the compact render-time
version of layered depth images.

There are a variety of ways to generate an LDI. Given a synthetic
scene, we could use multiple images from nearby points of view for
which depth information is available at each pixel. This informa-
tion can be gathered from a standard ray tracer that returns depth
per pixel or from a scan conversion and z-buffer algorithm where
the z-buffer is also returned. Alternatively, we could use a ray tracer
to sample an environment in a less regular way and then store com-
puted ray intersections in the LDI structure. Given multiple real
images, we can turn to computer vision techniques that can infer
pixel correspondence and thus deduce depth values per pixel. We
will demonstrate results from each of these three methods.

4.1 LDIs from Multiple Depth Images

We can construct an LDI by warping n depth images into a common
camera view. For example the depth images C2 and C3 in Figure 5
can be warped to the camera frame defined by the LDI (C1 in fig-
ure 5). 3 If, during the warp from the input camera to the LDI cam-
era, two or more pixels map to the same layered depth pixel, their
Z values are compared. If the Z values differ by more than a preset
epsilon, a new layer is added to that layered depth pixel for each
distinct Z value (i.e., NumLayers is incremented and a new depth
pixel is added), otherwise (e.g., depth pixels c and d in figure 5),
the values are averaged resulting in a single depth pixel. This pre-
processing is similar to the rendering described by Max [19]. This
construction of the layered depth image is effectively decoupled
from the final rendering of images from desired viewpoints. Thus,
the LDI construction does not need to run at multiple frames per
second to allow interactive camera motion.

4.2 LDIs from a Modified Ray Tracer

By construction, a Layered Depth Image reconstructs images of a
scene well from the center of projection of the LDI (we simply dis-
play the nearest depth pixels). The quality of the reconstruction
from another viewpoint will depend on how closely the distribu-
tion of depth pixels in the LDI, when warped to the new viewpoint,
corresponds to the pixel density in the new image. Two common
events that occur are: (1) disocclusions as the viewpoint changes,

3Any arbitrary single coordinate system can be specified here. However,
we have found it best to use one of the original camera coordinate systems.
This results in fewer pixels needing to be resampled twice; once in the LDI
construction, and once in the rendering process.

236

View Morphing
Steven M. Seitz Charles R. Dyer

Department of Computer Sciences
University of Wisconsin—Madison

ABSTRACT
Image morphing techniques can generate compelling 2D transitions
between images. However, differences in object pose or viewpoint
often cause unnatural distortions in image morphs that are difficult
to correct manually. Using basic principles of projective geometry,
this paper introduces a simple extension to image morphing that cor-
rectly handles 3D projective camera and scene transformations. The
technique, called view morphing, works by prewarping two images
prior to computing a morph and then postwarping the interpolated
images. Because no knowledge of 3D shape is required, the tech-
nique may be applied to photographs and drawings, as well as ren-
dered scenes. The ability to synthesize changes both in viewpoint
and image structure affords a wide variety of interesting 3D effects
via simple image transformations.

CR Categories and Subject Descriptors: I.3.3 [Computer Graph-
ics]: Picture/Image Generation– viewing algorithms; I.3.7 [Com-
puter Graphics]: Three-Dimensional Graphics and Realism– ani-
mation; I.4.3 [Image Processing]: Enhancement– geometric correc-
tion, registration.

Additional Keywords: Morphing, image metamorphosis, view in-
terpolation, view synthesis, image warping.

1 INTRODUCTION
Recently there has been a great deal of interest in morphing tech-
niques for producing smooth transitions between images. These
techniques combine 2D interpolations of shape and color to create
dramatic special effects. Part of the appeal of morphing is that the
images produced can appear strikingly lifelike and visually convinc-
ing. Despite being computed by 2D image transformations, effec-
tive morphs can suggest a natural transformation between objects
in the 3D world. The fact that realistic 3D shape transformations
can arise from 2D image morphs is rather surprising, but extremely
useful, in that 3D shape modeling can be avoided.

Although current techniques enable the creation of effective im-
age transitions, they do not ensure that the resulting transitions ap-
pear natural. It is entirely up to the user to evaluate a morph transi-
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Virtual Cameras

Morphed View

Figure 1: View morphing between two images of an object taken
from two different viewpoints produces the illusion of physically
moving a virtual camera.

tion and to design the interpolation to achieve the best results. Part
of the problem is that existing image morphing methods do not ac-
count for changes in viewpoint or object pose. As a result, sim-
ple 3D transformations (e.g., translations, rotations) become sur-
prisingly difficult to convey convincingly using existing methods.

In this paper, we describe a simple extension called view morph-
ing that allows current image morphing methods to easily synthe-
size changes in viewpoint and other 3D effects. When morphing be-
tween different views of an object or scene, the technique produces
new views of the same scene, ensuring a realistic image transition.
The effect can be described by what you would see if you physically
moved the object (or the camera) between its configurations in the
two images and filmed the transition, as shown in Fig. 1. More gen-
erally, the approach can synthesize 3D projective transformations of
objects, a class including 3D rotations, translations, shears, and ta-
pering deformations, by operating entirely on images (no 3D shape
information is required). Because view morphing employs existing
image morphing techniques as an intermediate step, it may also be
used to interpolate between different views of different 3D objects,
combining image morphing’s capacity for dramatic shape transfor-
mations with view morphing’s ability to achieve changes in view-
point. The result is a simultaneous interpolation of shape, color, and
pose, giving rise to image transitions that appear strikingly 3D.

View morphing works by prewarping two images, computing a
morph (image warp and cross-dissolve) between the prewarped im-
ages, and then postwarping each in-between image produced by the
morph. The prewarping step is performed automatically, while the
postwarping procedure may be interactively controlled by means of
a small number of user-specified control points. Any of several im-
age morphing techniques, for instance [15, 1, 8], may be used to
compute the intermediate image interpolation. View morphing does

(a) 3D Modeling 

Schonberger et al.,  2016 Shade et al.,  1998 Seitz and Dyer,  1996 McMillan and Bishop,  1995

heavy no-geometry

(b) Layered Depth Imaging (c) Correspondences (d) Plenoptic Modelingours
(e) Non-

Parametric

Figure 2.4: 3D Reconstruction and Multi-View View Synthesis: We study a wide
variety of work that has been proposed in the literature for related problems. We use the
axis of geometry (following Shum and Kang [392]) to position these approaches. (a) On
the left side are the approaches based on 3D modeling [3,371,372,400] that heavily relies on
geometry. We observe that traditional 3D modeling does not yield dense and high-fidelity
outputs for sparse multi-views. We move from extreme geometric modeling to image-based
rendering. Shum and Kang [392] categorize them in three categories: (b) Using geome-
try by modeling depth cues in the image: Given depth information for every pixel, we
can synthesize new nearby viewpoints by 3D warping techniques [286]. Shade et al. [380]
proposed layered depth imaging (LDI) to store not only what is visible in the input image,
but also what is behind the visible surfaces to deal with disocclusion artifacts. The idea of
layered depth imaging has been revisited recently in multi-plane imaging [293,506]. These
approaches assume perfect multi-plane images (MPIs) for composition. However, MPIs
for sparse views are not accurate and therefore composition leads to blurry results; (c) Us-
ing geometry by establishing pixel-correspondences: Instead of explicitly modeling the
depth, pixel-correspondences between views can also be used for warping pixels to gener-
ate new views. This direction has been mostly demonstrated for a two-view or a stereo pair.
In this work, we use the insights from this direction of work and establish correspondences
between multiple-stereo pairs [482]. The crucial question is how do we fuse various projections
to the target camera view from multiple stereo pairs? In this work, we use the insights from Shade
et al. [380] to synthesize a new view from multiple stereo pairs. Similar to LDI, each pixel in
the input image contains a list of depth and color values where the ray from a pixel location
intersects with the environment. We position our approach in between implicit and explicit
geometry; (d) Towards the right of correspondences is Plenoptic Modeling that describes
all of image information from a particular viewing angle. The goal, here, is to capture every
possible light ray in the scene and synthesize a new view by composing information from
different light rays. Recent approaches following NeRF [294] have revisited this idea. In
this work, we observe that NeRF is currently restricted to dense multi-views and good cam-
era parameters. NeRF leads to noisy outputs for sparse camera views; and (e) finally, on
the right extreme is a Non-Parametric method that finds the closest camera view. Given an
extremely dense views, we can easily find a nearest camera view to the target. It is, however,
different in a sparse scenario.
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Figure 2.5: 3D reconstruction from sparse views for a given time-instant: We
study 3D modeling using COLMAP [371,372] . We observe COLMAP yields sparse
outputs when using 13 frames from a given instance of time. On the contrary, it
removes the dynamic components when using all the frames.

3D  reconstruction + Human modeling

Figure 2.6: 3D reconstruction and Human modeling: We combine 3D modeling
using COLMAP [371, 372] and human modeling [269, 442]. We use all the frames
from videos for a static background reconstruction. Despite this, we get sparse
background, missing information for the foreground, and have to limit ourselves
to certain types of videos (specifically human events). We use this approach as a
baseline method for contrasting our approach as it works best amongst all-known
approaches.
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(a) Layered Depth: LLFF (b) Multi-View Geometry: Correspondences + naive fusion

(c) Plenoptic Modeling: NeRF (d) Non-Parametric: nearest camera view

Figure 2.7: Image-based Rendering (part 1 of 2): We study the problem using
popular image-based rendering methodologies [392] using 12 views to synthesize
a new view: (a) Layered Depth: We studied LLFF [293] that use multi-plane
imaging [506] and extended the idea of layered depth imaging [380]. These ap-
proaches [293,506] assume perfect multi-plane imagining for composition. We ob-
serve multi-plane imaging for sparse views are not accurate and leads to blurry
results; (b) Correspondences: We estimated disparity using Yang et al. [482] for
multiple stereo pairs. We project the pixels from the known views to the target view
using the correspondences. Since we have many stereo pairs, this results in multi-
ple projections of the target camera view from various stereo pairs. We naively fuse
the information by taking a per-pixel median from multiple target projections; (c)
We studied NeRF [294] that builds on Plenoptic Modeling. NeRF is currently re-
stricted to dense multi-views with good camera parameters. This is not available
in our setup and leads to noisy outputs. While (a) and (b) are off-the-shelf ap-
proaches, currently NeRF requires 2-3 days to train a model using multi-views for
a specific time instant; (d) We show the nearest camera view (non-parametric) to
the target camera view; contd. in Figure 2.8
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(e) Ours (time-specific component) (f) Original Image

Figure 2.8: Image-based Rendering (part 2 of 2): ... contd. from Figure 2.7... (e)
We also show the output of the first step (estimating time-specific component) of
our approach that use a multi-view visibility constraint to fuse multiple projections
to generate the target view; and (f) finally, we contrast with the original image.

A new view synthesized using our approach.

Figure 2.9: Our approach: We show a randomly sampled frame for a virtual cam-
era view synthesized using our full pipeline. Our approach is able to capture fore-
ground and background details that is missing in other approaches.
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Step 2: Estimate Static Background.

Step 3: Scene-Specific Composition of Instantaneous Foreground and Static Background.

Step 1:  Estimate Instantaneous Foreground.

Figure 2.10: Overview of our formulation: We pose the problem of 4D visualiza-
tion of dynamic events captured from multiple cameras as a scene-specific composi-
tion of instantaneous foreground (top) and static background (middle) to generate
the final output (bottom). The scene-specific composition enables us to capture cer-
tain aspects that may otherwise be missing in the inputs, e.g., parts of the human
body are missing in the first column and parts of background are missing in first
row.

dios [205, 212, 322, 515] that can precisely capture the dynamic events happening
within it. A crucial requirement in these studios is the use of synchronized video
cameras [212]. This line of research is restricted to a few places in the world with
access to proper studios and camera systems.
Beyond Studios and 3D reconstruction: The access to high-quality cameras and
large amount of visual data motivated researchers to use in-the-wild data for 3D re-
construction [175, 371, 372, 400] and 4D visualization [19, 58]. Photo tourism [400]
and the following work [3,131,132,176,397] use internet-scale images to reconstruct
architectural sites. A hybrid of geometry [164] and image-based rendering [392]
approaches have been used to reconstruct 3D scenes from pictures [84, 85]. These
approaches have led to the development of immersive 3D browsing. However, the
work on 3D reconstruction requires large amount of data for dense 3D reconstruc-
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tion. In the absence of dense input views, it leads to sparse outputs (as shown in
Figure 2.5). Importantly, 3D reconstruction treats dynamic information as outliers
and reconstructs the static components alone. We position this body of work to-
wards the left-side in Figure 2.4.
Capturing Dynamics: Additional cues such as visual hulls [126, 155, 284], or 3D
body scans [58, 82], or combination of both [20, 441] are used to capture dynamic
aspects (esp. human performances) from multi-view videos. Hasler et al. [165]
use markerless method by combining pose estimation and segmentation. Vedula et
al. [438] compute scene shape and scene flow for 4D modeling. Ballan et al. [19]
model foreground subjects as video-sprites on billboards. However, these methods
assume a single actor in multi-view videos. Recent approaches [90, 442] are not
restricted by this assumption but does sparse reconstruction. Vo et al. [444] com-
bined 3D reconstruction of static components and human-modeling for dynamics
assuming human-only events (Figure 2.6).
View-Synthesis: A new view can be synthesized from a single image [312, 385,
431,432,466,507], videos [249,326,356,427,472,487], or multiple views [72,120,121,
208, 337, 402, 506]. The number of given views in a formulation provides the flexi-
bility of operations that we could do with the new views. A single input view [385,
431, 432, 466, 507] restricts the amount of deviation of the synthesized views from
the original view. Multiple views [356, 402, 487, 506] depending on the amount of
distance between the cameras gives a flexibility to synthesize a novel scene. A large
body of work [120, 121, 208, 402, 506] has been restricted to short baseline between
the cameras. This once again restricts the deviation from the original views. Recent
work [356,487] has used videos from a moving camera to enable diverse view syn-
thesis. However, this formulation is either restricted to static scenes [356] or visible
components in a particular view for a given time instant [487]. In this work, our
goal is to use arbitrarily spread multi-views that allows us to deviate largely from
the original views, consider dynamics in the scene, and also deal with disocclusion.
Image-based Rendering: Multi-view view-synthesis approaches have largely ben-
efitted from a large body of work on image-based rendering [286, 392, 412]. Shum
and Kang [392] classified the different image-based rendering in three categories
depending on the utilization of geometry to synthesize new views: (1) the ap-
proaches that use geometry via depth modeling [291,293,319,380,506]; (2) in the
middle are the approaches that use multi-view geometry via correspondences [69,
369,375]; and (3) finally plenoptic modeling [2,148,247,287,294] that use little ge-
ometry. In this work, we study these different directions and study their limitations
in our setup. Figure 2.4 position these approaches depending on the use of geom-
etry. In this work, we use the insights from the body of work on using multi-view
geometry by establishing correspondences between multiple-stereo pairs. We then
use insights from layered depth imaging (Shade et al. [380]) to synthesize a new
view from the multiple-stereo pairs. We, therefore, position our approach in be-
tween layered depth imaging and correspondences.
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Layered Depth Imaging: Given depth information for every pixel, we can syn-
thesize new nearby viewpoints by 3D warping techniques [286]. Shade et al. [380]
proposed layered depth image that stores information at both visible and hidden
surfaces in the input image. The idea of layered depth imaging has been recently re-
visited by recent work [293,506] that use multi-plane imaging. We study LLFF [293]
here to synthesize a new view using 12 views. These approaches [293,506] assume
perfect multi-plane imagining for composition. We observe multi-plane imaging
for sparse views are not accurate and leads to blurry results. Figure 2.7-(a) shows
the target view synthesized using LLFF [293].
Correspondences: Instead of explicitly modeling the depth, pixel-correspondences
between views can also be used for warping pixels to generate new views. These ap-
proaches [69,369,375] were restricted to two-views. This direction has been mostly
demonstrated for a two-view or a stereo pair. In this work, we revisited this di-
rection. We estimated disparity using an off-the-shelf disparity estimation mod-
ule [482] for multiple-stereo pairs. We project the pixels from the known views to
the target view using correspondences. This results in multiple target images. The
crucial challenge is how to fuse multiple projections. Naively fusing them by taking
a per-pixel median leads to lose in information (as shown in Figure 2.7-(b)). Chen
and Williams [69] (introduced this direction and) suggested view-independent vis-
ible priority but visibility is view dependent when dealing with wide baseline sce-
narios. In this work, we use the insights from Shade et al. [380] to synthesize a new
view using multiple projections. This enable us to deal with the lose in information.
Figure 2.8-(e) shows the output of the first step of our approach that estimates time-
specific component (instantaneous foreground) from multiple stereo pairs.
Plenoptic Modeling: Plenoptic function [2, 51, 148, 247, 287, 309] describes the en-
tire image information visible from a particular viewing angle. The goal is to cap-
ture every possible light ray in the scene and synthesize a new view by composing
information from different light rays. This direction started with the seminal work
of Adelson and Bergen [2], followed by work on light-field cameras [50, 309, 451].
Recently, Neural Radiance Fields (NeRF) [294] revisited this idea and introduce
view-synthesis from multiple views. NeRF is, however, currently restricted to dense
multi-views with good camera parameters, which is not available in our setup. Fig-
ure 2.7-(c) shows a view synthesized using 12 views of a scene from our setup. We
observe noisy outputs. We also show the nearest camera view in Figure 2.7-(d).
Neural Rendering: While the image-based rendering approaches allows us to
fuse information from multiple views. However, we still do not get the output
close to a real image. In this work, we utilize insights from literature on neural
rendering [417] using neural networks enabling image synthesis in general [88,
147, 197, 203, 257, 492]. These data-driven approaches using convolutional neural
networks [242] have led to impressive results in image synthesis. These results in-
spired a large body of work [9, 120, 121, 208, 264, 290, 398, 402, 506] on continuous
view synthesis for small baseline shifts. Hedman et al. [174] extended this line of
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Step 1: Estimate disparity for a stereo pair using an off-the-shelf model and projecting to the target camera view.

rectified stereo pair estimated disparity

Step 2: Repeat Step 1 for multiple stereo pairs.

Step 3: Fusing information from multiple projections to the target view.

per-pixel median visibility constraint
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Figure 2.11: Instantaneous Foreground Estimation: Given multiple stereo pairs
and a target camera view, there are three steps for estimating instantaneous fore-
ground. (1) We estimate disparity for a rectified stereo pair using an off-the-shelf
disparity estimation approach [482] and project it to the target camera view using
standard 3D geometry [164]. (2) We repeat Step-1 for the

(
N
2

)
stereo pairs. (3) A

crucial aspect is to fuse the information from multiple projections to generate a com-
prehensive instantaneous foreground. A simple per-pixel median over the multiple
projections leads to a loss of dynamic information because of the poor 3D estimates
(shown in first column). We use the insights from Shade et al. [380] to synthe-
size a new view using the information from multiple-stereo pairs. Similar to LDI,
each pixel in the input image contains a list of depth and color values where the ray
from the pixel intersects with the environment. This visibility constraint is similar
to painter’s algorithm. The visibility constraint builds a per-pixel cost volume of
depth. It is natural to have multiple depth values for a given 2D pixel location in
the image. For each pixel location, we consider the 3D point corresponding to the
closest depth to the target camera view. Due to noisy 3D estimates, it often leads to
ghosting artifacts (shown in second column). However, we have multiple views
and we ensure consistency in the depth values of the closest 3D point for projection
to a 2D pixel location by analyzing their visibility. As shown in third column, this
consensus in depth leads to improved results. Finally, we also show the projection of
pixels corresponding to the farthest points (fourth column) for a given pixel location
to illustrate cost volume of depth.
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Step 1: Compute target camera view via per-pixel median for different time instants.

Step 2: Compute per-pixel median of the above images across time for a camera view.
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Figure 2.12: Static Background Estimation: (1) For a given camera pose and a time
instant, we use per-pixel median to compute target camera view. While it looses the
dynamic information but yields smooth background. We compute the images for
a given camera pose across all time. (2) A per-pixel median of the images over a
large temporal window for a target camera pose results in a smoother stationary
background.

work to free-viewpoint capture. However, these methods are currently applicable
to static scenes only. We combine the insights from CNN-based image synthesis and
earlier work on image-based rendering to build a data-driven 4D Browsing Engine
that makes minimal assumption about the content of multi-view videos. Figure 2.9
shows a virtual view synthesized using our approach.

2.2 4D Browsing Engine

We are given N camera views with known extrinsic parameters and intrinsic pa-
rameters. Our goal is to generate virtual camera view that does not exist in any
of these N cameras. We temporally align all cameras using spatiotemporal bun-
dle adjustment [442], after which we assume the video streams are synchronized.
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Our method should be robust to possible alignment errors. Figure 2.10 gives an
overview of our approach. There are three crucial steps: (1) Estimate instanta-
neous foreground using classical image-based rendering method as discussed in
Section 2.2.1; (2) Estimate static background using simple pixel operation over time
as discussed in Section 2.2.2; and (3) Learn a scene-specific composition of instanta-
neous foreground and static background in a self-supervised manner as discussed
in Section 2.2.3. We finally discuss practical details and design decisions in Sec-
tion 2.3.

2.2.1 Instantaneous Foreground Estimation

The N -camera setup provides us with
(
N
2

)
stereo pairs. We build foreground es-

timates for a given camera pose and a time using multiple rectified stereo pairs.
There are three essential steps for estimating instantaneous foreground (shown in
Figure 2.11). First, we begin with estimating disparity using an off-the-shelf dispar-
ity estimation module [482]. The knowledge of camera parameters for the stereo
pair allows us to project the pixels to a target camera view using standard 3D ge-
ometry [164]. Figure 2.11-1 shows an example of projection for a rectified stereo
pair. Second, we repeat Step-1 for multiple stereo pairs. This step gives us multiple
projections to a target camera view (shown in Figure-2.11-2) and per-pixel depth
estimates. The projections from various

(
N
2

)
stereo pairs tends to be noisy due to

sparse cameras, large stereo baseline, bad stereo-pairs, or errors in camera-poses.
We cannot naively fuse the multiple projections to synthesize a target view in all
conditions for a target camera view. As an example, a simple per-pixel median on
these multiple projection leads to the loss of dynamic information as shown Figure-
2.11-3 (first column). Third, We enforce a multi-view visibility constraint to fuse
information from multiple stereo pairs.
Multi-View Visibility Constraint: We use the insights from Shade et al. [380] to
synthesize a new view using the information from multiple-stereo pairs. Similar to
LDI [380], each pixel in the input image contains a list of depth and color values
where the ray from a pixel location intersects with the environment. We build a
per-pixel cost volume of depth that allows us to trace the ray of light to its origin for
a given camera view. Since we have multiple views, it is natural to have multiple
depth values for a given 2D pixel location in the image. For each pixel location, we
consider the 3D point corresponding to the closest depth. However, the closest 3D
point from the cost volume of depth may not be accurate in our setup. As shown in
the second column of Figure-2.11-3, we observe ghosting artifacts and misaligned
outputs due to noisy 3D estimates (e.g. see the building in the background).

Fortunately, we can use multiple views to ensure consistency in the depth values
of the closest 3D point that we should consider for projection at a given 2D pixel
location. While a certain 3D location may not be viewed by all the cameras, it is
highly likely that it would be seen in a significant subset of cameras. This means
that we will estimate depth of same 3D point in our setup from many stereo pairs.
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foreground

background
u-net

Figure 2.13: Self-Supervised Composition of Foreground and Background:
Given an input-output paired data created for a held out camera, we train a neural
network to learn the composition. We show our neural network architecture that
is used to compose the instantaneous foreground (fc,t) and static background (bc).
The first part of our network consists of three convolutional layers. We concatenate
the outputs of both foreground and background streams. The concatenated output
is then fed forward to the standard U-Net architecture [358]. Finally, the output
of U-Net is then fed forward to three more convolutional layers that give the final
image output.

We use this insight to build a consensus about the closest 3D point by ensuring
that same depth value is observed in at least two stereo pairs. We start with the
smallest depth value (> 0) at a pixel location in the cost volume and iterate till we
find a consensus. We ignore the pixel location (leave it as blank) if it is not observed
from a sufficient number of cameras (less than 3). Ideally, the depth values of a 3D
point (though computed from different stereo pairs) should be same from the target
camera view. For the practical purposes, we define a threshold that can account for
noise. As shown in third column of Figure-2.11-3, this leads to improved results.
However, there is still missing information and ghosting artifacts in this output to
qualify as a real image.

2.2.2 Static Background Estimation

The missing information in the output of Section 2.2.1 is due to the lack of visibility
of points across multiple views for a given time instant. We accumulate long-term
spatiotemporal information to compute static background for a target camera view.
More explicitly, we project the dense stereo depth estimated at every time instance
of the temporal window of [0, t] to the target camera position. Figure 2.12-1 shows
examples of virtual cameras for various poses and time instants. For a given camera
pose and a time instant, we use per-pixel median to compute target camera view.
While it looses the dynamic information but yields smooth background.

We compute the images for a given camera pose across all time. A per-pixel me-
dian of different views (across time) for a given camera pose results in a smoother
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1. Folk Dance

2. JiuJitsu

3. Tango

4. Ballet

Figure 2.14: Human Performances: We captured a wide variety of human perfor-
mances from multiple cameras. The human performances in these sequences have
a wide variety of motion, clothing, human-human interaction, and human-object
interaction . These sequences were captured in varying environmental and illumi-
nation condition. Shown here are examples from four such sequences to give a sense
of extremely challenging setup dealing with a wide and arbitrary camera baseline.

static background. Empirically, such median image computed over large temporal
window for a given camera position also contain textureless and non-Lambertian
stationary surfaces in a scene (observed consistently in Figure 2.12-2, Figure 2.3,
and Figure 2.10). Note that our approach makes no assumption about the camera
motion and is applicable to both stationary and moving camera. We now have a
pair of complementary signals: (1) sparse and noisy foreground estimates; and (2)
dense but static background estimates.

2.2.3 Self-Supervised Composition

We use a data-driven approach to learn the fusion of instantaneous foreground, F ,
and static background, B, to generate the required target view for given camera
parameters. The instantaneous foreground for a camera pose c and time t is no-
tated as fc,t. The static background for a camera pose c is notated as bc. However,
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there exists no ground truth or paired data to train such a model in a data-driven
manner. We formulate the data-driven composition in a self-supervised manner by
reconstructing a known held-out camera view, ic,t, from the remainingN−1 views.
This gives us a paired data {((fc,t, bc, ), ic,t)} for learning a mappingG : (F,B)→ I .
We now have a pixel-to-pixel translation [197] and therefore, we can easily train
a convolutional neural network (CNN) specific to a scene. We use two losses for
optimization: (1) Reconstruction loss; and (2) Adversarial loss.
Reconstruction Loss: We use standard l1 reconstruction loss to minimize recon-
struction error on the content with paired data samples:

min
G
Lr =

∑
(c,t)

||ic,t −G(fc,t, bc)||1. (2.1)

Adversarial Loss: Recent work [147] has shown that learned mapping can be im-
proved by tuning it with a discriminator D that is adversarially trained to distin-
guish between real samples of ic,t from generated samples G(fc,t, bc):

min
G

max
D

Ladv(G,D) =
∑
(c,t)

logD(ic,t)+∑
(c,t)

log(1−D
(
G(fc,t, bc))

)
. (2.2)

Network Architecture & Optimization: We use HD-image inputs (1080×1920).
The input images are zero-padded making them 1280×2048 in dimensions. We use
a modified U-Net architecture in our formulation as shown in Figure 2.13. There
are three parts of our neural network architecture. (1) The first part of our network
consists of three convolutional layers. We concatenate the outputs of this part for
both foreground and background stream. (2) The concatenated output is fed for-
ward to the second part that is a standard U-Net architecture [358]. (3) Finally, we
feed the outputs of U-Net through three more convolutions that generates the final
image. The batch-size is 1. The number of filter, nf , in the first conv-layer of our
network is 18. The number of filters increase by a factor of 2 with every conv-layer
till the bottleneck of U-Net. For data augmentation purposes, we randomly resize
the input to upto 1.5× scale factor and randomly sample a crop from it. We use the
Adam solver. A model is trained from scratch with a learning rate of 0.0002, and
remains constant throughout the training. The model converges quickly in around
10 epochs for a sequence.

2.3 Practical Limitations and Design Decisions

A crucial practical challenges is to hallucinate missing information. In this section,
we discuss the design decisions that we made to overcome this challenge.
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1. Wetlands

2. Penguins

3. Tropical

Figure 2.15: Bird Sequences: We captured a wide variety of birds at the National
Aviary of Pittsburgh. We have no control on the motion of birds, their environment,
lighting condition, and dynamism in the background due to human movement in
the aviary. Shown here are examples from three such sequences to give a sense of
our capture scenario.

2.3.1 Hallucinating Missing Information

We have so far assumed the scenario where sufficient foreground and background
information are available that can be composed to generate a comprehensive new
view. However, it is possible that certain regions are never captured (e.g. blank
pixels in foreground and background estimation in Figure 2.11 and Figure 2.12 re-
spectively). This is possible due to many reasons such as sparse cameras, large
stereo baseline, bad stereo-pairs, or errors in camera-poses.

While filling smaller holes is reasonable for a parametric model, filling larger
holes lead to temporally inconsistent artifacts. One way to deal with it is to learn a
higher capacity model that may learn to fill larger holes. Other than fear of overfit-
ting, the larger model needs prohibitive memory. Training a neural network com-
bining the background and foreground information with HD images already re-
quire 30 GB memory of a v100 GPU. In this work, we use a stacked multi-stage
CNN to overcome this issue.
Multi-Stage CNN: We use a high capacity model for low-res image generation that
learns overall structure, and improve the resolution with multiple stages. We train
three models for three different resolutions, namely: (1) low-res (270×480); (2)
mid-res (540×960); and (3) hi-res (1080×1960). These models are trained inde-
pendently and form multiple stages of our formulation. At test time, we use these
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models sequentially starting from low-res to mid-res to hi-res outputs. This sequen-
tial processing is done when there are large holes in the instantaneous foreground
and static background inputs. The output of the low-res model is used to fill the
holes to the input of next model in sequence. Here we leverage the fact that we can
have a very high capacity model for a low-resolution image and that holes become
smaller as we make the image smaller. The overall network architecture remains the
same as the high-res model described in Section 2.2.3. We mention the differences
for the low-res and mid-res models.
Low-Res Model: The low-res model inputs 270×480 images. As such, it can have
more parameters than a mid-res or hi-res model that inputs 4× and 16× higher
resolution inputs respectively. We use a nf = 32 for this model. The input images
are zero-padded, and make them 320×512 in dimensions.
Mid-Res Model: We use a nf = 28 for this model. The input images are zero-
padded, and make them 640×1024 in dimensions.

2.4 Unconstrained Multi-View Dataset

We collected a large number of highly diverse sequences of unrestricted dynamic
events consisting of humans and birds. These sequences were captured in different
environments and varying activities using up to 15 hand-held mobile phones. We
describe a few human sequences in Section 2.4.1 and a few bird sequences in Sec-
tion 2.4.2. Figure 2.14 and Figure 2.15 show some examples of sequences to give a
sense of our setup.

2.4.1 Human Performances

We captured a wide variety of human motion, human-human interaction, human-
object interaction, clothing, both indoor and outdoor, under varying environmental
and illumination conditions.
Western Folk Dance: We captured sequences of western folk dance performances.
This sequence is challenging due to flowing dresses worn by performers, open hair,
self-occlusions, and illumination conditions. Such a sequence paves the path for
explicit parametrization of illumination condition in 4D modeling. Figure 2.14-1
shows one of the two western folk dance sequences that we captured.
Jiu-Jitsu Retreat: Jiu-Jitsu is a type of Brazilian Martial Art. We captured sequences
of this sporting event during a summer retreat of the Jiu-Jitsu group. This sequence
is an extreme example of unchoreographed dynamic motion from more than 30
people who participated in it. Figure 2.15-2 shows the capture of a JiuJitsu event in
the foreground with arbitrary human motion in a picnic in the background.
Tango: We captured sequences of Tango dance in an indoor environment. Both
performers wore proper dress for Tango. Self-occlusion between the performers
makes it challenging for 4D visualization. Shown in Figure 2.14-3 is an example of
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Figure 2.16: Flowing Dress and Open Hair: We show two examples of virtual
cameras generated for the Western Folk Dance sequence in which the performer is
wearing a flowing dress with open hairs. For each virtual camera (v.c.), we show
the physical cameras (p.c.) on its sides. Zoom-in for the detailed human motion
and the dress in these two examples.

one of the four Tango dance sequences that we captured. Note the reflections on
the semi-glossy ground and featureless surroundings.
Performance Dance: We captured many short performance dances including Bal-
let, and renactments of plays. These sequences were collected inside an auditorium.
The illumination, clothing, and motion change drastically in these sequences. Fig-
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Figure 2.17: Many People and Unchoreographed Sequence: We show two exam-
ples of virtual cameras generated for Jiu-Jitsu Retreat sequence that is an example
of capture with many people and unchoreographed event. For each virtual camera
(v.c.), we show the physical cameras (p.c.) on its sides.

ure 2.14-4 shows an example of performance with an extremely wide baseline and
challenging illumination.

Sequences from Prior Work: We also used sequences from Vo et al. [444] to prop-
erly compare our results with their 3D reconstruction (COLMAP+humans, shown
in Figure 2.3).
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Figure 2.18: Challenging Illumination and Multiple Dancers: We show two ex-
amples of virtual cameras generated for another Western Folk Dance sequence with
challenging illumination condition and self occlusion due to multiple dancers. For
each virtual camera (v.c.), we show the physical cameras (p.c.) on its sides.

2.4.2 Bird Sequences

We captured a wide variety of birds at the National Aviary of Pittsburgh. We have
no control on the motion of birds, their environment, lighting condition, and dy-
namism in the background due to human movement in the aviary.
Wetlands: The American Flamingos are the most popular wetlands bird at the Na-
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Figure 2.19: Depth Map: We show estimated depth map using heat-map (where
blue means closer and red means farther) for the images from various sequences.
The dark-blue region are the ones where depth could not be reliably estimated. The
depth-volume and multi-view visibility constraint enables us to compute a dense
depth map for a view. We use depth value of 3D point selected for each pixel lo-
cation without any post-processing. We are able to capture fine details of human
body here as shown in various examples. Best viewed in electronic format.

tional Aviary of Pittsburgh. In this sequence, we captured a free motion of many
American Flamingos from multiple cameras. Slowly moving water with reflection
of surroundings in which these birds live makes it challenging and appealing (Fig-
ure 2.15-1). There may be an occasional sight of Brown Pelicans and Roseate Spoon-
bills in this sequence.

Penguins: There are around 20 African Penguins at the Penguin Point in National
Aviary of Pittsburgh. Penguin Point consists of rocky terrain and a pool for pen-
guins. The arbitrary motion of penguins and reflection in water makes this se-
quence totally uncontrolled. Figure 2.15-2 show examples of one sequence captured
at the Penguin Point. Due to the dynamic background, there is also a frequent move-
ment of humans in this sequence.

Tropical Rain-forests: There are a wide variety of tropical rain forest birds at the
National Aviary of Pittsburgh. These include Bubba the Palm Cockatoo, a critically
endangered parrot species, Gus and Mrs. Gus the Great Argus Pheasants, a flock
of Victoria Crowned Pigeons, Southern Bald Ibis, Guam Rails, Laughing Thrushes,
Hyacinth Macaws, and a two-toed Sloth. The dense trees in this section act as a
natural occlusion while capturing the birds and makes it exciting for 4D capture.
Figure 2.15-3 show examples of sequence that captured Victoria Crowned Pigeons.
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(b) static background (c) extracted foreground(a) original image

Figure 2.20: Foreground-Background Segmentation for Stationary Cameras: (a)
Given a sequence of stationary cameras (showing original image for two se-
quences), (b) we compute static background by computing per-pixel median on the
sequence. (c) We use both original image and static background in our formulation
to extract dynamic foreground. The results here are without any post-processing.

2.5 Quantitative Analysis

We used sequences from Vo et al. [442] to properly compare our results with their
results (COLMAP+Humans). Figure 2.3 and Figure 2.10 shows the results of freez-
ing the time and exploring the views for these sequences.
Evaluation: We use a mean-squared error (MSE), PSNR, SSIM, and LPIPS [494] to
study the quality of virtual camera views created using our approach. MSE: Lower
is better. PSNR: Higher is better. SSIM: Higher is better. LPIPS: Lower is better.
We use held-out cameras for proper evaluation. We also compute a FID score [179],
lower the better, to study the quality of sequences where we do not have any ground
truth (e.g., freezing the time and exploring views). This criterion contrast the dis-
tribution of virtual cameras against the physical cameras.

Baselines: To the best of our knowledge, there does not exist a work that has
demonstrated dense 4D visualization for in-the-wild dynamic events captured from
unconstrained multi-view videos. We, however, study the performance of our ap-
proach with: (1) a simple nearest neighbor baseline N.N.: We find nearest neigh-
bors of generated sequences using conv-5 features of an ImageNet pre-trained
AlexNet model [238]. This feature space helps in finding the images closer in struc-
ture. Additionally, there are two kinds of nearest neighbors in our scenario. The
first is the nearest camera view at the same time instant and the other is the nearest
camera view across all time instants.; (2) COLMAP+humans: We use work from
Vo et al [442–444] for these results.; and finally (3) we contrast it with instantenous
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Approach M.S.E PSNR SSIM LPIPS [494] FID [179]

N.N 5577.65 10.72 0.27 0.57 -
(same-time) ±927.47 ±0.73 ±0.05 ±0.07

N.N 4948.64 11.29 0.31 0.50 -
(all-time) ±1032.76 ±1.00 ±0.04 ±0.11

COLMAP 3982.26 12.25 0.33 0.45 190.84

+ Humans ±1050.28 ±1.02 ±0.08 ±0.022

Inst. 5956.25 11.18 0.42 0.43 100.10

±3139.61 ±2.89 ±0.17 ±0.16

Ours 714.95 20.14 0.79 0.13 21.98

±364.99 ±2.21 ±0.07 ±0.06

Table 2.1: Comparison: We contrast our approach with: (1). a simple nearest
neighbor (N.N.) baseline. There are two kinds of nearest neighbors in our sce-
nario. The first is the nearest camera view at the same time instant and the other
is the nearest camera view across all time instants. (2). reconstructed outputs of
COLMAP+Humans; and finally (3). instantaneous foreground (Inst) defined in
Section 2.2.1. We use various evaluation crietria to study our approach in compar-
isons with these three methods: (1). M.S.E: We compute a mean-squared error of
the generated camera sequences using held-out camera sequences.; (2). PSNR: We
compute a peak signal-to-noise ratio of the generated sequences against the held
out sequences; (3). SSIM: We also compute a SSIM in similar manner.; (4). We
also use LPIPS [494] to study structural similarity and to avoid any biases due to
MSE, PSNR, and SSIM. Lower it is, better it is. Note that all the above four criteria
are computed using held-out camera sequences; and finally (5) we compute a FID-
score [179] to study the quality of generations when a ground-truth is not available
for comparisons. Lower it is, better it is.

foreground image (Inst) that is defined in Section 2.2.1.

Table 2.1 contrasts our approach with various baselines on held-out cameras for
different sequences. We observe significantly better outputs under all the criteria.
We provide more qualitative analysis on our project page – http://www.cs.cmu.

edu/~aayushb/Open4D/

50

http://www.cs.cmu.edu/~aayushb/Open4D/
http://www.cs.cmu.edu/~aayushb/Open4D/


DRAFT

(b) per-frame static background (c) extracted foreground(a) original image

Figure 2.21: Foreground-Background Segmentation for Moving Cameras: (a)
Given a sequence of moving cameras (showing original image for two sequences),
(b) we compute per-frame static background. (c) We use both original image and
per-frame static background in our formulation to extract dynamic foreground. The
results here are without any post-processing.

2.6 Depth Map from Multi-Views

Our approach allows us to estimate dense depth map for a scene. We use the depth-
volume and visibility constraint to compute dense depth maps. We use depth value
of a 3D point selected for each pixel location without any post-processing. Fig-
ure 2.19 shows the depth maps for various scenes computed using our approach.
We visualize the depth maps using heat-map (where blue means closer and red
means farther). The dark-blue region are the ones where depth could not be reli-
ably estimated as these regions did not satisfy the multi-view constraints. We also
contrast the depth-map from a single image computed using MiDAS [348] in Fig-
ure 2.26 and Figure 2.27. The depth estimated using multi-views is able to better
capture the details in the scene, especially the human performer, buildings in the
background, and the ground.

2.7 Foreground-Background Segmentation

Our approach allows us to segment foreground moving objects in the scene. This
property is possible because we compute: (1) Ic,t: the view for a given camera pose,
c, and a time instant t; and (2) bc: static background for the camera pose, c, aver-
aged over time. We label each pixel as a foreground (1) or background (0) in the
image. A pixel in the image is represented using an N = 128 dimensional multi-
scale feature descriptor (h). We follow [24] and construct a pixel descriptor using
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Given: a frame (at t = 0),

a user selects and roughly scribbles the region. selected depth query

t=30 t=120 t=300t=200

t=10 foreground mask extracted objects

We track query in the remaining sequence:

At each time instant, we find the object similar to the initial and previous frame.

Tracking Module:

Tracking Results

Figure 2.22: Object Tracking in Videos: A user selects a region in a given frame
and roughly scribbles it. The bounding box provides us with a selected region. We
use the depth information and scribbled region to get a range of depth for the ob-
ject of interest. This allows us to segment the required region at a suitable depth
location (query). Tracking Module: For every new frame in the sequence, we get
a foreground mask. This allows us to extract different object proposals (extracted
objects) in the foreground. At each time instant, we find the proposal most similar
to the initial query and the previous best box. The similarity between the query
and a proposal is measured via the cosine similarity of their normalized fc-7 fea-
tures obtained from a pre-trained AlexNet model [238]. We get a similarity score
by computing an average of the cosine similarity between the query and a proposal,
and the previous best box and a proposal. We consider the proposal box with max-
imum similarity score. Tracking Results: We show the results of tracking using
our approach for varying time instants.

features from conv-{11, 12} of a PixelNet [21] model trained for semantic segmen-
tation using PASCAL Context [302]. The label at a pixel location (x, y) is 1 if the
l1 distance between h(I(x, y)) and h(b(x, y)) is greater than an empirically observed
threshold otherwise it is 0:

label(x, y) =

{
1, ||h(I(x, y))− h(b(x, y))||1 ≥ 5

0, otherwise

Figure 2.20 and Figure 2.21 shows the static background and segmented fore-
ground masks for a stationary camera and a moving camera respectively.
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2.8 Object Tracking

In this work, we ask a user to mark the object of interest in one frame of the se-
quence. We then track it in the remaining frames. Figure 2.22 shows an example
of tracking foreground object in a video. A frame (at time t = 0) is shown to a
human-user. The user selects the foreground region to be removed by making an
appropriate bounding box and roughly scribbling it. The bounding box provides
us the selected region and scribbling provides us a rough depth information of the
target region, thereby yielding a segmented region (query). We track the object in
the remaining sequence. At each time instant, we estimate a foreground mask and
extract proposals (shown as extracted objects in the 2.22). This drastically reduces
the search space and allows us to find the object of interest in a frame that is simi-
lar to the query and the best output in previous frame. The similarity between the
query and a proposal is measured via the cosine similarity of their normalized fc-
7 features obtained from a pre-trained AlexNet model [238]. We get a similarity
score by computing an average of the cosine similarity between the query and a
proposal, and the previous best box and a proposal. We consider the proposal box
with maximum similarity score. Figure 2.22-bottom shows the results of tracking
the green-shirt performer.

2.9 Revealing Hidden Components

We have a comprehensive 4D control of dynamic events: (1) 3D space as we have ap-
propriate depth information; and (2) temporal aspects of the foreground as we can
track a foreground object in the videos. This 4D control allows us to do a geometri-
cally consistent editing of the dynamic events. A user can see behind the occlusions,
edit, add, or remove foreground objects in the scene. To accomplish this, a user only
needs to mark the required portion in a video. The tracking module (Section 2.8)
allows us to find the instances of the object of interest in the remaining frames of
video. Our instantaneous foreground estimation module ignores the information
at the depth value corresponding to the tracked component. Instead, it considers
the second closest region (behind the closest region). The static background is not
influenced as it does not contain dynamic information. We use our trained model
to compose instantaneous foreground and static background. We show two exam-
ples of revealing hidden components in Figure 2.23. In the first example, a user can
remove the foreground person by marking on a single frame in video. Our system
associates this mask to all the frames in video (shown in Figure 2.22), and edit it
to show the region behind the person. We show random frames from an edited
video (20 seconds long). In the middle-row, a user selects a mask to see the oc-
cluded blue-shirt person (behind red shirt person). There is possible because the
information was captured by another camera in our multi-view setup. As shown in
the bottom-row of Figure 2.23, there are ghosting artifacts but one can get a sense
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a frame with user-inputs frames from edited video

zoom-in view

a frame with user-inputs frames from edited video

Figure 2.23: User-Controlled Editing: We show two examples of user-controlled
editing in videos to reveal hidden components. In the top-row, a user can remove
the foreground person by marking on a single frame in video. The tracking com-
ponent of our system finds instances of the marked region in the remaining frames
of a video (shown in Figure 2.22). We do simple depth and pixel operations to edit
the marked region to reveal the region behind the person. We show random frames
from an edited video (20 seconds long). In the middle-row, a user selects a mask
to see the occluded blue-shirt person (behind red shirt person). This is possible
since the information was captured by another camera in our multi-view setup. We
show a zoom-in view to have a sense of activity of the disoccluded blue-shirt person
(bottom-row). We show frames from 2 seconds of video.

of activity of the disoccluded blue-shirt person. We show frames from 2 seconds of
video.

2.10 Dense 3D Reconstruction

We use the dense depth volume to get dense 3D point clouds. The depth volume is a
rich set of information but it also consists of a substantial amount of noisy 3D points
due to sparse cameras, errors in temporal synchronization, estimating camera pa-
rameters, or errors in disparity estimation. Our goal is to select good 3D points
from this dense depth volume. We use simple multi-view consistency across differ-
ent views to get good 3D points. One way to do this is to get patch-level similarity
across different views in pixel space. However, the matching can be noisy due to the
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(a) Dense 3D Reconstruction from COLMAP

(b) Ours (Dense 3D Reconstruction)

Figure 2.24: Dense 3D Reconstruction: (a) We contrast the dense 3D reconstruc-
tion from standard COLMAP [371, 372]. We observe sparse outputs. (b) Our ap-
proach provides dense 3D reconstruction from 10 views. Crucially, ours is an off-
the-shelf method that does not require any scene/time-specific operation. We show
multiple views of the 3D point cloud from our approach in Figure 2.25.

difference in illumination and extremely large spatial positioning of different views.
We, instead, find consistency of 3D points in depth volume that meet following cri-
teria: (1) we project the depth-volume to a known camera views; (2) for a known
camera view, we get an array of depth locations for every pixel location (Shade et
al. [380]); (3) for each depth-array, we start from the closest depth value and ob-
serve if there are 3D points from other views in its vicinity. In this work, we select
a 3D point as a good point if there are 3D points from at least 2 stereo-pairs within
a certain threshold. We accumulate good 3D points from all known camera views.
Figure 2.24 contrasts the dense 3D point clouds estimated using our approach with
standard COLMAP [371, 372]. We also show multiple views using the estimated
3D point cloud from our approach in Figure 2.25.
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Figure 2.25: We show multiple views using the dense 3D point cloud computed
using our approach.

2.11 Why Multi-Views?

Recent approaches have shown view synthesis using a single image [385, 431, 466]
or a single video [487]. We present a case study on different scenarios where a
single image or a single video might not be sufficient.

Single-Image View Synthesis: We study state-of-the-art for single-image view
synthesis [385] to highlight various challenges posed in real-world scenarios. Cur-
rent approaches work well for generic things like a grass, a road, or non-textured
walls etc. They, however, fail for the instances that require exemplar information.
We illustrate two challenges in Figure 2.26. (1) Exemplar information in the scene.
We consider a building or facade with exemplar details instead of being texture-
less as shown in Figure 2.26. The facade of the building is occluded by the human
performer (close-up) in the foreground (also showing the hidden facade). Synthesiz-
ing new views using such a single-image via Shih et al. [385] is not able to capture
these exemplar details; (2) Modeling humans in a scene. Prior work on single-view
view-synthesis [385, 431, 466] either estimate depth or use an off-the-shelf module
such as MiDAS [348]. We use the setup of Shih et al. [385] that use MiDAS. Fig-
ure 2.26 and Figure 2.27 shows the depth map from a single-image estimated using
MiDAS [348]. The depth estimation module lacks detailed 3D information in a sin-
gle image. Despite trained on a large amount of data, MiDAS is not able to capture
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Challenge 1: Unseen Exemplar Information in an Image

Challenge 2: Depth from a single-view vs. multi-views

single-image close-up hidden facade close-up of synthesized new views

depth from a single-image depth from multi-views

Figure 2.26: Single-Image View Synthesis: We study state-of-the-art for single-
image view synthesis [385] to highlight various challenges posed in real-world sce-
narios. Current approaches work well for generic things like a grass, a road, or
non-textured walls etc. We show two challenges here: (1) We consider a building
or facade with exemplar details. The facade is hidden by a performer in the fore-
ground. We synthesize new views using Shih et al. [385]. While it is able to capture
textureless regions such as grass. They, however, fail for the instances that require
exemplar information in the scene such as the hidden facade in the above image.
Due to the lack of this exemplar information in a single image, Shih et al. [385]
generate a plausible non-textured output. (2) The depth estimation from a single-
image using MiDAS [348], a current state-of-the-art depth estimation fails to cap-
ture the detailed depth information whereas multi-view depth estimation in our
approach can capture fine details such as the performer in the image and relative
depth between two quite-far away buildings in the background (shown in details
in Figure 2.27).

the details belonging to the human performer in the scene. The depth estimation
from a single image also fails to capture relative depth between two quite far-away
buildings in the background (Figure 2.27). In contrast, the depth from multi-views
is able to capture the detailed human body and other components in the scene.
Depth estimation is crucial because the errors of depth estimation are propagated
to the view synthesis pipeline.

Single-Video View Synthesis: A video captured by a slowly moving camera
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depth from a single-image depth from multi-viewsdepth from a single-image depth from multi-views

(a) relative depth between two far-away buildings (b) depth-map of the performer

Figure 2.27: Depth from a single-image vs. multi-views: We contrast the depth
estimated from a single image using MiDAS [348] and our approach. We show
detailed depth map for: (a) relative depth between two quite-far away buildings in
the background; and (b) the human-performer in the image. The estimated depth
from multi-views can capture fine details and relative depth better than single-view
depth estimation.

around a dynamic concept is equivalent to dense multi-view view synthesis. Recent
approaches have used videos to control space-time of the dynamic events. However,
these approaches struggle for various scenarios: (1) a stationary camera where it
is not possible to get camera poses and the problem reduces to single-view view
synthesis; (2) an unconstrained capture. Prior work [487] relies on COLMAP for
depth estimation to compute a masked foreground and a background. With an un-
constrained environment (moving camera and arbitrary events in the scene), this
is challenging because 3D reconstruction and depth estimation from COLMAP is
quite noisy (as shown in Figure 2.28). The availability of a good depth map is an
important assumption in Yoon et al. [487] for the view-synthesis pipeline to oper-
ate, which is available in a well-constrained environment; and (3) seeing dynamic
components behind an occlusion at a given instant of time is challenging from
a single-video because it was never captured. The current approaches built on a
single-video struggle in a crowded or multi-person scenarios.

Why Multi Views? It is crucial to acknowledge that the different view synthesis
approaches (including ours) are interpolating a given data-distribution. The extent
of interpolation is currently limited by the information contained in the scene (be it
in a single or multi-view images and videos). By design, multi-view videos contain
more information and can provide better constraints where other setups struggle.
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(b) Dense 3D reconstruction using COLMAP

(a) Random frames (out of 1200 frames) from a video captured by a fast-moving camera

Figure 2.28: Dense 3D Reconstruction from a Single Video: We use
COLMAP [371,372] for 3D reconstruction from a single video in an unconstrained
environment (arbitrary movement of the camera and the performer). (a) We show
five random frames from a total of 1, 200 frames in a 2-minutes long video cap-
tured at 60fps. (b) We use all 1, 200 frames to do a dense 3D reconstruction using
COLMAP. We get a noisy 3D reconstruction for this video. The 3D reconstruction
from COLMAP is crucial in prior work [487] to get a consistent depth map that is
used for view synthesis.

2.12 Limitations of Proposed Representation

There are many limitations in the current work. We are far-away from the produc-
tion quality results as seen in the bullet-time scene in the movie Matrix, 1998. We
miss a lot of information on the human face and hands. In a human-event, faces
are very important and yet we are missing that information. Our current formula-
tion restricts scalability and development of user-controllable interfaces as: (1) we
are required to train a new scene-specific model; and (2) explicitly modeling fore-
ground and background requires storing roughly 1TB of meta-data per sequence
on the disk. Finally, we observe flickering artifacts in our results. This is primarily
due to absence of temporal constraints in our formulation that does a per-frame
inference. Despite having access to the temporal sequences, we treat them on a
per-frame basis.
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Part II

Example-based Exploration
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Chapter 3

Unsupervised Video Retargeting
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(a) Face to Face

Figure 3.1: Our approach for video retargeting used for faces and flowers. a We
show varied examples of face to face translation using our approach. (b) We then
show translation from John Oliver to Stephen Colbert. (c) Finally, the bottom row
shows how a synthesized flower follows the blooming process with the input flower.
The corresponding videos are available on the project webpage: http://www.cs.
cmu.edu/~aayushb/Recycle-GAN/.
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3.1 Association and Imagination

Imagine seeing the pink sunset at Cabo de Sao Vicente, our mind can quickly asso-
ciate it with our previous best at the Orange County and evoke visuals. We, humans,
have remarkable abilities to associate different concepts and create visual worlds far
beyond what could be seen by a human eye, including inferring the state of the un-
observed, imagining the unknown, and thinking about diverse possibilities about
what lies in the future. These human powers require minimal instructions and pri-
marily rely on observation and interaction with a dynamic environment. The simple
tasks from daily life that are trivial for humans to think and imagine have remained
challenging for machine perception and artificial intelligence. The inability to asso-
ciate and a lack of imagination in machines substantially restricts their applicability.
In this work, we present an unsupervised data-driven approach for video retarget-
ing that allows us to: (1) associate the contents from two events of the same kind
(E.g., two flowers in Figure 3.1-(c)); and (2) create new content (imagine) by trans-
ferring sequential content from one domain to another while preserving the style
of the target domain (E.g., Stephen Colbert delivering John Oliver’s content in Fig-
ure 3.1-(b)). Such a content translation and style preservation task has numerous
applications, including human motion and face translation from one person to an-
other, teaching robots from human demonstration, or converting black-and-white
videos to color. This work also finds application in creating visual content that is
hard to capture or label in real-world settings, E.g., aligning human motion and fa-
cial data of two individuals for virtual reality, or labeling night data for a self-driving
car. Above all, the notion of content translation and style preservation transcends a
pixel-to-pixel operation, into a semantic and human-understandable concepts.

Current approaches for retargeting can be broadly classified into three cate-
gories. The first set is designed explicitly for domains such as human faces [54,
419, 420]. While these approaches work well when faces are fully visible, they fail
when applied to occluded faces (virtual reality) and lack generalization to other
domains. The work on paired image-to-image translation [197] attempts to gen-
eralize across domain but requires manual supervision for labeling and alignment.
This requirement makes it hard for the use of such approaches as manual alignment
or labeling is not possible in many domains. The third category of work attempts
unsupervised and unpaired image translation [227,512]. They enforce a cyclic con-
sistency [504] on unpaired 2D images and learn a transformation from one domain
to another. However, unpaired 2D images alone are not sufficient for video retar-
geting. Firstly, it is not able to pose sufficient constraints on optimization and may
lead to a perceptual mode collapse (Figure 3.2-(a)) or get stuck in a bad local min-
ima (Figure 3.2-(b)). The unconstrained optimization makes it hard to generate the
required output in the target domain. Secondly, the use of the spatial information
alone in 2D images makes it hard to learn the style of a particular domain as stylistic
information requires temporal knowledge as well.

62



DRAFT

In
pu

t	
O
ut
pu

t	
Re

co
ns
tr
uc
.o

n	
Pr
op

os
ed

	

(a)	Perceptual	Mode	Collapse	 (b)	Bad	Local	Minima	

(c)	Unique	Outputs	 (d)	Be;er	Local	Minima	

Figure 3.2: Spatial cycle consistency is not sufficient: We show two examples illus-
trating why spatial cycle consistency alone is not sufficient for the optimization. (a)
We use Cycle-GAN [512] for transferring the contents of Donald Trump to Barack
Obama. The first row shows the input of Donald Trump, and the second row shows
the output generated. The third row shows the output of reconstruction that takes
the second row as input. The second row looks similar despite different inputs, and
the third row shows output similar to the first row. On a very close observation,
we found that a few pixels in the second row were different (but not perceptually
significant), and that was sufficient to get the different reconstruction. We, there-
fore, termed is as Perceptual Model Collapse; (b) We show another example for
image-to-labels and labels-to-image. While the generator is not able to generate the
required output for the given input in both the cases, it is still able to reconstruct the
input perfectly. Both examples suggest that the spatial-cyclic-loss is not sufficient
to ensure the required output in another domain because the overall optimization
reconstructs the input. However, as shown in (c) and (d), we get better outputs
with our approach combining the spatial and temporal constraints.

In this work, we make two specific observations: (1) the use of temporal infor-
mation provides more constraints to the optimization for transforming one domain
to the other and helps in reaching a better solution (Figure 3.2-(c)-(d)).; (2) The
combined influence of spatial and temporal constraints helps in learning the style
characteristic of an identity in a given domain. Figure 3.1-(a) (right) shows an ex-
ample of capturing subtle details such as a facial dimple on John Oliver’s face while
smiling. Importantly, temporal information is freely available in videos (available in
abundance on the web). Therefore, no manual supervision is required. Figure 3.1
shows different examples for human faces, and flowers using our approach. With-
out any manual supervision and domain-specific knowledge, our approach learns
this retargeting from one domain to the other using publicly available video data on
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the web from both domains. We refer the reader to our project page for the corre-
sponding videos: http://www.cs.cmu.edu/~aayushb/Recycle-GAN/.
Our contributions : (1) We introduce Recycle-GAN that combines spatial and tem-
poral cues with generative adversarial networks [147] for the problem of video re-
targeting. We demonstrate the advantages of spatiotemporal constraints over spa-
tial constraints for image-to-labels and labels-to-image in diverse environmental set-
tings. (2) We then present the proposed approach in learning a better association
between two domains, and its importance for self-supervised content alignment of
the visual data. (3) Inspired by the ever-existing nature of space-time, we qualita-
tively demonstrate the effectiveness of our approach for various natural processes
such as face-to-face translation, flower-to-flower, synthesizing clouds and winds,
aligning sunrise and sunset.

3.2 Related Work

A variety of work dealing with image-to-image translation [135, 178, 197, 391, 512]
and style translation [47, 127, 183] exists. A large body of work in computer vi-
sion and computer graphics is about an image-to-image operation. The initial ef-
forts were on inferring semantic [267], geometric [23, 102], or low-level cues [478].
There is a renewed interest in synthesizing images using data-driven approaches
by the introduction of generative adversarial networks [147]. This formulation
has been used to generate images from cues such as a low-resolution image [89,
244], class labels [197], and various other input priors [189, 342, 492]. These ap-
proaches, however, require an input-output pair to train a model. While it is fea-
sible to label data for a few image-to-image operations, there are numerous tasks
for which it is non-trivial to generate input-output pairs for training supervision.
Recently, Zhu et al. [512] used the cycle-consistency constraint [504] in an adver-
sarial learning framework to deal with this problem of unpaired data, and demon-
strate effective results for various tasks. Cycle-consistency [227, 512] enables many
image-to-image translation tasks without any expensive manual labeling. Similar
ideas have also found application in learning depth cues in an unsupervised man-
ner [145], machine translation [471], shape correspondences [187], point-wise cor-
respondences [504,505], or domain adaptation [181].

The variants of Cycle-GAN [512] have been applied to various temporal do-
mains [145,181]. However, they consider only the spatial information in 2D images
and ignore the temporal information for optimization. We observe two major lim-
itations: (1). Perceptual Mode Collapse: there are no guarantees that cycle con-
sistency would produce perceptually unique data to the inputs. In Figure 3.2-(a),
we use Cycle-GAN [512] for transferring the contents of Donald Trump to Barack
Obama. The first row shows the input of Donald Trump, and the second row shows
the output generated. The third row shows the output of reconstruction that takes
the second row as input. The second row looks similar despite different inputs, and
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the third row shows output similar to the first row. On a very close observation, we
found that a few pixels in the second row were different (but not perceptually sig-
nificant), and that was sufficient to get the different reconstruction. We observe a
similar behaviour in a different setup (image-to-labels and labels-to-image) shown
in Figure 3.2-(b). While the generator is not able to generate the required output
for the given input in both the cases, it is still able to reconstruct the input perfectly.
In this work, we propose a new formulation that utilizes both spatial and temporal
constraints along with the adversarial loss to overcome these challenges. In Fig-
ure 3.2-(c, d), we show the outputs generated using the proposed formulation that
overcomes perceptual mode collapse. We posit that this is due to more constraints
available for an under-constrained optimization; (2). Tied Spatially to Input: Zhu
et al. [512] use an additional reconstruction loss on the input itself to constrain the
optimization. The optimization learns a solution closely tied to the input. This is a
reasonable assumption for the problems where only spatial transformation matters,
such as transferring texture from horses to zebras, or converting apples to oranges,
or pictures to oil paintings. Spatially tying to input is not helpful in our setup for
two reasons: (1) the structure of concepts in two domains can be different. E.g, fa-
cial structure of two individuals, or two flowers, etc. The additional reconstruction
loss does more harm than benefit; and (2) we want to preserve the stylistic infor-
mation for target domain. We did not use reconstruction loss for these reasons.
The spatiotemporal constraints used in our formulation helps us to address these
challenges without the reconstruction loss.

The use of GANs [147] and variational auto-encoder [228] have also found a
way for synthesizing videos and temporal information. Walker et al. [445] use
temporal information to predict future trajectories from a single image. Recent
work [168,439,446] used temporal models to predict long term future poses from a
single 2D image. MoCoGAN [433] decomposes motion and content to control video
generation. Similarly, Temporal GAN [367] employs a temporal generator and an
image generator that generates a set of latent variables and image sequences, respec-
tively. This work [367] focuses on predicting future intent from single images at test
time or generating videos from a random noise. Concurrently, MoCoGAN [433]
shows examples of image-to-video translation using their formulation. Different
from these methods, our focus is on a general video-to-video translation where the
input video can control the output in a spirit similar to image-to-image translation.
To this end, we can generate high-resolution videos of arbitrary length using our
approach, whereas prior work [367,433] generate only 16 frames of 64× 64.
Learning Association: Much of computer vision is about learning association, be
it learning high-level image classification [362], object relationships [280], or point-
wise correspondences [24, 214, 256, 268]. However, there has been relatively little
work on learning associations for aligning the content of different videos. In this
work, we automatically align visual data without any additional supervision.
Spatial & Temporal Constraints : Spatial and temporal information is known to be
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Figure 3.3: We contrast our work with two prominent directions in image-to-image
translation. (a) Pix2Pix [197]: Paired data is available. A simple function (Eq. 3.1)
can be learnt via regression to map X → Y . (b) Cycle-GAN [512]: The data is
not paired in this setting. Zhu et al. [512] proposed to use cycle-consistency loss
(Eq. 3.3) to deal with the problem of unpaired data. (c) Recycle-GAN: The ap-
proaches so far have considered independent 2D images only. Suppose we have
access to unpaired but ordered streams (x1, x2, . . . , xt, . . .) and (y1, y2 . . . , ys, . . .). We
present an approach that combines spatiotemporal constraints (Eq. 3.5). See Sec-
tion 3.3 for more details.

an integral sensory component that guides human action [137]. There exists a wide
literature utilizing these two constraints for various computer vision tasks such as
learning better object detectors [296], action recognition [140], etc. In this work,
we take a first step to exploit spatiotemporal constraints for video retargeting and
unpaired image-to-image translation.

3.3 Recycle-GAN

Assume we wish to learn a mapping GY : X → Y . The classic approach tunes GY
to minimize reconstruction error on paired data samples {(xi, yi)} where xi ∈ X
and yi ∈ Y :

min
GY

∑
i

||yi −GY (xi)||2. (3.1)

Adversarial loss: Recent work [147,197] has shown that one can improve the learned
mapping by tuning it with a discriminator DY that is adversarially trained to dis-
tinguish between real samples of y from generated samples GY (x):

min
GY

max
DY

Lg(GY , DY ) =
∑
s

logDY (ys) +
∑
t

log(1−DY (GY (xt))), (3.2)
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Importantly, we use a formulation that does not require paired data and only re-
quires access to individual samples {xt} and {ys}, where different subscripts are
used to emphasize the lack of pairing.
Cycle loss: Zhu et al. [512] use cycle consistency [504] to define a reconstruction
loss when the pairs are not available. Popularly known as Cycle-GAN (Fig. 3.3-b),
the objective can be written as:

Lc(GX , GY ) =
∑
t

||xt −GX(GY (xt))||2. (3.3)

Recurrent loss: We have so far considered the setting when static data is available.
Instead, assume that we have access to unpaired but ordered streams (x1, x2, . . . , xt, . . .)
and (y1, y2 . . . , ys, . . .). Our motivating application is learning a mapping between
two videos from different domains. One option is to ignore the stream indices, and
treat the data as an unpaired and unordered collection of samples fromX and Y (e.g.,
learn mappings between shuffled video frames). We demonstrate that much better
mapping can be learnt by taking advantage of the temporal ordering. To describe
our approach, we first introduce a recurrent temporal predictor PX that is trained
to predict future samples in a stream given its past:

Lτ (PX) =
∑
t

||xt+1 − PX(x1:t)||2, (3.4)

where we write x1:t = (x1 . . . xt).
Recycle loss: We use this temporal prediction model to define a new cycle loss
across domains and time (Fig. 3.3-c) which we refer as a recycle loss:

Lr(GX , GY , PY ) =
∑
t

||xt+1 −GX(PY (GY (x1:t)))||2, (3.5)

where GY (x1:t) = (GY (x1), . . . , GY (xt)). Intuitively, the above loss requires se-
quences of frames to map back to themselves. We demonstrate that this is a much
richer constraint when learning from unpaired data streams in Figure 3.4 and Fig-
ure 3.5.
Recycle-GAN: We now combine the recurrent loss, recycle loss, and adversarial loss
into our final Recycle-GAN formulation:

min
G,P

max
D

Lrg(G,P,D) = Lg(GX , DX) + Lg(GY , DY )+

λrxLr(GX , GY , PY ) + λryLr(GY , GX , PX) + λτxLτ (PX) + λτyLτ (PY ).

Inference: At test time, given an input video with frames {xt}, we would like to
generate an output video. The simplest strategy would be directly using the trained
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GY to generate a video frame-by-frame yt = GY (xt). Alternatively, one could use
the temporal predictor PY to smooth the output:

yt =
GY (xt) + PY (GY (x1:t−1))

2
,

where the linear combination could be replaced with a nonlinear function, possibly
learned with the original objective function. However, for simplicity, we produce
an output video by simple single-frame generation. This allows our framework to
be applied to both videos and single images at test-time, and produces fairer com-
parison to spatial approach.
Implementation Details: We adopt training details from Cycle-GAN [512] to train
our spatial translation model, and Pix2Pix [197] for our temporal prediction model.
The generative network consists of two convolution (downsampling with stride-
2), six residual blocks, and finally two upsampling convolution (each with a stride
0.5). We use the same network architecture for GX , and GY . The resolution of the
images for all the experiments is set to 256 × 256. The discriminator network is a
70×70 PatchGAN [197,512] that is used to classify a 70×70 image patch if it is real
or fake. We set all λs = 10. To implement our temporal predictors PX and PY , we
concatenate the last two frames as input to a network whose architecture is identical
to U-Net architecture [197,359].

3.4 Quantitative Analysis

We now study the influence of spatiotemporal constraints over spatial-cyclic con-
straints. Since our crucial technical contribution is the introduction of temporal
constraints in learning unpaired image mappings, the natural baseline is Cycle-
GAN [512]. Cycle-GAN is a widely adopted approach for exploiting spatial-cyclic
consistency alone for an unpaired image translation. We first present quantitative
results on domains where ground-truth correspondence between input and output
videos are known (e.g., a video where each frame has a semantic label map). Impor-
tantly, this correspondence pairing is not available to either Cycle-GAN or Recycle-
GAN but used only for evaluation. We then present qualitative results on a di-
verse set of videos with unknown correspondences, including video translations
across different human faces and temporally-intricate events found in nature (flow-
ers blooming, sunrise/sunset, time-lapsed weather progressions).

3.4.1 Quantitative Analysis

We use publicly available Viper [355] dataset for image-to-labels and labels-to-image
to evaluate our findings. This dataset is collected using computer games with vary-
ing realistic content and provides densely annotated pixel-level labels. Out of the 77
different video sequences consisting of diverse environmental conditions, we use 57
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Figure 3.4: We contrast our approach (Recycle-GAN) with Cycle-GAN [512] for
predicting semantic labels from images on a held-out data of Viper dataset [355]
for various environmental conditions.

sequences for training our model and baseline. We use the held-out 20 sequences
for evaluation. The goal for this evaluation is not to achieve the state-of-the-art per-
formance but to compare and understand the advantage of spatiotemporal cyclic
consistency over the spatial cyclic consistency [512].

While the prior works [197, 512] have mostly used Cityscapes dataset [80], we
could not use it for our evaluation. Primarily the labeled images in Cityscapes are
not continuous video sequences, i.e., consecutive frame pairs are quite different
from other another. It is not trivial to use a temporal predictor. We used Viper as
a proxy for Cityscapes because the task is similar, and that dataset contains dense
video annotations. Additionally, a concurrent work [30] on unsupervised video-
to-video translation also uses Viper dataset for evaluation. However, they restrict
their experiments to a small subset of sequences from the daylight category. In this
work, we use all the environmental conditions available in the dataset.
Image to Labels : In this setting, we input an RGB image to the generator that output
segmentation label maps. We compute three metrics to compare the output of two
approaches: (1). Mean Pixel Accuracy (MP); (2). Average Class Accuracy (AC);
(3). Intersection over Union (IoU). We compute these statistics using the ground
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Figure 3.5: We contrast our approach(Recycle-GAN) with Cycle-GAN [512] for the
task of generating images from label map on a held-out data of Viper dataset [355].

truth for the held-out sequences from different environmental conditions. Table 3.1
contrast the performance of our approach (Recycle-GAN) with Cycle-GAN. We ob-
serve that Recycle-GAN achieves better performance than Cycle-GAN, and combin-
ing both losses further improved it. Figure 3.4 qualitatively compares our approach
with Cycle-GAN.
Labels to Image : In this setting, we input a segmentation label map to the generator
and output an image that is close to a real image. The goal of this evaluation is to
compare the quality of output images obtained from both approaches. We follow
Pix2Pix [197] for this evaluation. We use the generated images from each of the
algorithms with a pre-trained FCN model. We then compute the performance of
synthesized images against the real images to compute a normalized FCN-score.
Higher performance on this criterion suggests that the generated image is closer to
the real images. Table 3.2 compares the performance of our approach with Cycle-
GAN. We observe that Recycle-loss does better than Cycle-loss, and combining both
the losses led to significantly better outputs. Figure 3.5 qualitatively compares our
approach with Cycle-GAN.

In these experiments, we make two observations: (i) Cycle-GAN learns a good
translation model within a few initial iterations (seeing only a few examples). This
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Criterion Approach day sunset rain snow night all

MP Cycle-GAN 35.8 38.9 51.2 31.8 27.4 35.5
Recycle-GAN 48.7 71.0 60.9 57.1 45.2 56.0
Combined 48.7 70.0 60.1 58.9 33.7 53.7

AC Cycle-GAN 7.8 6.7 7.4 7.0 4.7 7.1
Recycle-GAN 11.9 12.2 10.5 11.1 6.5 11.3
Combined 12.6 13.2 10.1 13.3 5.9 12.4

IoU Cycle-GAN 4.9 3.9 4.9 4.0 2.2 4.2
Recycle-GAN 7.9 9.6 7.1 8.2 4.1 8.2
Combined 8.5 13.2 10.1 9.6 3.1 8.9

Table 3.1: Image to Labels (Semantic Segmentation): We use the Viper [355]
dataset to evaluate the performance improvement when using spatiotemporal con-
straints as opposed to only spatial cyclic consistency [512]. We report results using
three criteria: (1). Mean Pixel Accuracy (MP); (2). Average Class Accuracy (AC);
and (3). Intersection over union (IoU). We observe that our approach achieves
better performance than prior work, and combining both leads to further better
performance.

Approach day sunset rain snow night all

Cycle-GAN 0.33 0.27 0.39 0.29 0.37 0.30
Recycle-GAN 0.33 0.51 0.37 0.43 0.40 0.39
Combined 0.42 0.61 0.45 0.54 0.49 0.48

Table 3.2: Normalized FCN score for Labels-to-Image: We use a pre-trained FCN-
style model to evaluate the quality of synthesized images over real images using the
Viper [355] dataset. Higher performance on this criteria suggest that the output of
a particular approach produces images that look closer to the real images.

model, however, degraded as reconstruction loss started to decrease. We believe
that minimizing reconstruction loss alone on input leads it to a bad local minima.
Our formulation provided more constraints and led it to a better solution; (ii) Cycle-
GAN learns a better translation model for Cityscapes as opposed to Viper.
Cityscapes consists of images from mostly daylight and agreeable weather. Viper
has a vast and varied distribution of different illumination (day, night) and weather
conditions (snow, rain). This diversity makes it harder to learn a useful mapping
because there are potentially many output images for a labeled input. We find that
standard conditional GANs suffer from mode collapse in such scenarios and pro-
duce “average” outputs (as pointed by prior works [24]). Our experiments suggest
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Figure 3.6: Face to Face: The top row shows multiple examples of face to face be-
tween John Oliver and Stephen Colbert using our approach. The bottom row shows
an example of translation from John Oliver to a cartoon character, Barack Obama to
Donald Trump, and Martin Luther King Jr. (MLK) to Barack Obama. Without
any input alignment or manual supervision, our approach could capture stylistic
expressions for these public figures. As an example, John Oliver’s dimple while
smiling, the shape of mouth characteristic of Donald Trump, and the facial mouth
lines and smile of Stephen Colbert.

that having more constraints help ameliorate such challenging translation prob-
lems.

3.4.2 Human Studies

We perform human studies on the synthesized output, particularly faces and flow-
ers, following the protocol of MoCoGAN [433], who also evaluated videos. Our
analysis consists of three parts: (1) We show the synthesized videos individually
from both Cycle-GAN and ours to 15 sequestered human subjects. We asked them
if it is a real video or a generated video. The subjects misclassified 28.3% times
generated videos from our approach as real, and 7.3% times for Cycle-GAN. (2)
We show the synthesized videos from Cycle-GAN and our approach simultane-
ously. We then asked them to tell which one looks more natural and realistic. Hu-
man subjects chose the videos synthesized from our approach 76% times, 8% times
Cycle-GAN, and 16% times they were confused. (3) We show the video-to-video
translation. This setup is an extension of (2), except we also include input now.
We then asked which translation looks more realistic and natural. The human sub-
jects selected our approach 74.7% times, 13.3% times they picked Cycle-GAN, and
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“We shall fight on the beaches, we shall fight on the landing grounds ..” - Winston Churchill 

Figure 3.7: Winston Churchill in his own words: One of the popular speeches of
Winston Churchill was never visually recorded – “We shall go on to the end. We
shall fight in France ... We shall fight on the beaches, we shall fight on the landing
grounds..”. We were given a short 3 second clip of Winston Churchill that was
180 × 180 in resolution. Given an actor saying the same speech, we could create
the visuals of Winston Churchill saying his own speech. We show a few random
frames from synthesized visuals. We refer the reader to the project page for the
entire sequence. Courtesy: Naomi Austin and BBC Studios, London.

12% times they were confused. From the human study, we observe that combining
spatial and temporal constraints lead to better retargeting.

3.5 Qualitative Analysis

3.5.1 Face to Face

We use publicly available videos of various public figures for face to face transla-
tion. Figure 3.6 shows an example of face to face translation between John Oliver
and Stephen Colbert, Barack Obama to Donald Trump, and Martin Luther King Jr.
(MLK) to Barack Obama, and John Oliver to a cartoon character. Without any su-
pervisory signal or manual alignment, our approach learns face-to-face translation.
It captures stylistic expression for these personalities, such as the dimple on the face
of John Oliver while smiling, the characteristic shape of mouth of Donald Trump,
and the mouth lines for Stephen Colbert.
Winston Churchill in his own words: Our approach also allows us to create the
visuals of Winston Churchill’s speech that were never visually recorded. One exam-
ple is the popular speech at the beginning of the second world war – ‘We shall go on
to the end. We shall fight in France ... We shall fight on the beaches, we shall fight on
the landing grounds..”. We were given a short 3 second clip of Winston Churchill
that was 180×180 in resolution (courtesy of BBC Studios, London). Given an actor
saying the same speech, we could create the visuals of Winston Churchill saying his
own speech. Figure 3.7 show a few random frames from synthesized visuals.
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Figure 3.8: Resurrecting Marshal Philippe Petain: Our approach used for creating
conversation with Marshal Phillippe Petain. We had access to only 10 second video
(both low-res and black-and-white) of Philippe Petain during the second world war.
Our approach retargets the facial animation from example (top-row) to the target
to create new outputs (bottom-row). Courtesy: Thierry Ardisson.

Resurrecting Marshal Philippe Petain: Our approach used for creating television-
shows where a host is shown to interact with a historical character. A major chal-
lenge is to use old video clips of these historical characters and create new content.
Such video clips are usually black-and-white and low-res. Importantly, the quality
of the video clips vary as we move across time (i.e., the videos in 1950’s look com-
pletely different from videos in 1980’s). Our approach is an example of test-time
training that is agnostic of the statistics of the visual content, and therefore allows
us to go beyond the limitations of fixed datasets (usually observed in supervised
learning). Figure 3.8 shows an example of our approach used for creating conver-
sation with Marshal Phillippe Petain. We had access to only 10 second video (both
low-res and black-and-white) of Philippe Petain during the second world war. Our
approach can create facial animation of the output similar to the provided example
without any annotations. There are also limitations of using a restricted data dis-
tribution – In the given 10 seconds of Phillippe Petain, he did not blink or closed
the eye. As a result, the output fails to capture closing eyes.
Don’t believe anything you see or hear: In an another example shown in Fig-
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…

Figure 3.9: Don’t believe anything you see or hear: Old Rick Sebak (Pittsburgh-
based television producer) asked one day if he could make his younger self say
something. Shown here is our approach used for creating content given the old
video (1986) of Rick Sebak in Australia. Courtesy: Rick Sebak and WQED.

ure 3.9, our approach (without any modification) is used for creating new visuals
using a short video clip (20 second) of Rick Sebak (a popular American Televi-
sion producer based in Pittsburgh). The video was captured in Australia in 1986.
We show an educational message using this clip (courtesy of WQED, Pittsburgh) –
“It’s springtime in Australia. It’s 1986 and already I know that in 35 or 40 years, it’s
going to be so easy to manipulate video that it will be wise not to believe anything
you see or hear. Because really, I am in Pittsburgh, Pennsylvania and it’s the year
2019”. While videos from any source are not considered as an evidence in the court
of law, they are still important in forming public opinion on social media such as
Twitter, Facebook, and YouTube. Every time a viewer see a generated video on these
platforms, there needs to be a banner displaying “This is a generated content”, so
that a viewer does not make any opinions out of it. We discuss it in details in the
next chapter and address some of the challenges posed due to audio-visual fakes.
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Figure 3.10: Flower to Flower: We shows two examples of flower-to-flower transla-
tion. Note the smooth transition from Left to Right.

3.5.2 Flower to Flower

We demonstrate our approach for flowers via time-lapse videos. These time-lapses
show the blooming of different flowers but without any sync. We use our method
to align the content, i.e., both flowers bloom or die together. Figure 3.10 shows
the output of our approach to learn an association between the events of different
flowers’ life.

3.5.3 Clouds & Wind Synthesis

Our approach can synthesize a new video that has the required weather condi-
tion such as clouds and wind without the need for recapturing. We use the given
video and video data from the target environmental condition as two domains in
our experiment. The conditional video and trained translation model generates the
required output.

We collected the video data for various wind and cloud conditions, such as a
calm day or windy day for this experiment. We convert a calm-day to a windy-
day, and a windy-day to a calm-day using our approach. We did not modify the
aesthetics of the place in this process. Figure 3.11 shows an example of synthesizing
clouds and winds on a windy day when the only information available was a video
captured at the same place with a light breeze.
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Figure 3.11: Synthesizing Clouds & Winds: We use our approach to synthesize
clouds and winds. The top row shows example frames of a video captured on a day
with light breeze. We condition it on video data from a windy-day video (shown
in second row) by learning a transformation between two domains using our ap-
proach. The last row shows the output synthesized video with the clouds and trees
moving faster (giving a notion of wind blowing). See videos on the project page
for better visualization.

3.5.4 Sunrise & Sunset

We show the usefulness of our approach for both video manipulation and content
alignment on sunrise and sunset data. This setup is similar to our experiments on
clouds and wind synthesis. Figure 3.12 shows an example of synthesizing a sunrise
video from an original sunset video by conditioning it on a random sunrise video.
We also show examples of the alignment of many sunrise and sunset scenes.
Note: We refer the reader to our project webpage for different videos synthesized
using our approach: http://www.cs.cmu.edu/~aayushb/Recycle-GAN/.

3.6 Limitations: Association beyond Data Distribution

We show an example of transformation from a real bird to an origami bird to demon-
strate a case where our approach failed to learn the association. We extract the real
bird data using web videos. We use the origami bird from the synthesis of Khol-
gade et al. [225]. Figure 3.13 shows the synthesis of the origami bird conditioned
on the real bird. While the real bird is sitting, the origami bird stays and attempts
to imitate the actions of the real bird. The problem comes when the bird begins to
fly. The first frames when the bird starts to fly are elegant. After some time, the
origami bird reappears. From an association perspective, the origami bird should
not have appeared. Looking back at the training data, we found that the original
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Figure 3.12: Sunrise & Sunset: We use our approach to manipulate and align the
videos of sunrise and sunset. The top row shows example frames from a sunset
video. We condition it on video data of sunrise (shown in second row) by learning
a transformation between two domains using our approach. The third row shows
example frames of new synthesized video of sunrise. Finally, the last row shows
random examples of input-output pair from different sunrise and sunset videos.

origami bird data does not have an example of a frame without the origami bird.
Our approach is not able to associate an example when the real bird is no longer vis-
ible. We observe that our method could only learn to interpolate over a given data
distribution and fails to capture anything drastically beyond it. A possible way to
address this problem is by using a lot of training data so that it encapsulates all
possible scenarios for a useful interpolation.

3.6.1 Discussion

In this work, we explore the influence of spatiotemporal constraints in learning
video retargeting and image translation. Unpaired video/image translation is a
challenging task because it is unsupervised, and lacks any correspondences be-
tween training samples from the input and output space. We point out that many
natural visual signals are inherently spatiotemporal, which provides strong tempo-
ral constraints for free. These constraints result in significantly better mappings. We
also point out that unpaired and unsupervised video retargeting and image transla-
tion is an under-constrained problem. More constraints using auxiliary tasks from
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Figure 3.13: Association beyond Data Distribution: We present the failure in as-
sociation/synthesis for our approach using a transformation from a real bird to an
origami bird. While the origami bird (output) is trying to imitate the real bird (in-
put) when it is sitting (Column 1 - 4), and also flies away when the real bird flies
(Column 5 - 6). We observe that it reappears after sometime (red bounding box in
Column 7) in a flying mode while the real bird didn’t exist in the input. Our algo-
rithm is not able to make transition of association when the real bird is completely
invisible, and so it generated a random flying origami.

the visual data itself (as used for other vision tasks [288,503]) could help in learning
better transformation models.

Recycle-GANs learn both a mapping function and a recurrent temporal predic-
tor. Thus far, our results make use of only the mapping function, to facilitate fair
comparisons with previous work. But it is natural to synthesize target videos by
making use of both the single-image translation model and the temporal predictor.
The style in video retargeting can be incorporated more precisely by using spa-
tiotemporal generative models. These would even allow to modulate the speed of
generated output. E.g., Two people may have different ways of content delivery
and that one person can take longer than others to say the same thing. A right no-
tion of style should be able to generate even this variation in the time required for
delivering speech/content. We believe that better spatiotemporal neural network
architecture could attempt this problem.
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Chapter 4

Unsupervised Audio-Visual
Synthesis

Imagine waking up one day without your voice and not able to express yourself. A survey
by NIH (NIDCD) found that approximately 7.5M people in the United States have trouble
using their voices. There are estimated 50, 000− 60, 000 laryngectomees in the US.

...

(a) Assistive Tool for Speech Impaired: 
Zero-Shot Natural Voice Synthesis

(b) Beyond Language Constraints: 
Zero-Shot Multi-Lingual Translation

We train Exemplar Autoencoders for infinitely many speakers using ~3 minutes of speech for an individual speaker without any additional information.

output: natural voice like 
Takeo Kanade.

input: Text-to-Speech System

output: natural voice like 
Michelle Obama. 

input: Electrolarynx

output: Chinese speech in 
John Oliver’s voice.

input: native Chinese speaker

output: Hindi speech in 
John Oliver’s voice.

input: native Hindi speaker

(c) Educational/Entertainment Purposes: 
Zero-Shot Audio-Visual Content Creation

output: Churchill Audio-Visual Speech.

input: “this is not the end, this is not even …”

Figure 4.1: We train audio-visual (AV) exemplar autoencoders that capture per-
sonalized in-the-wild web speech as shown in the top-row. We show three repre-
sentative applications of these Exemplar Autoencoders: (a) Our approach enables
zero-shot natural voice synthesis from an Electrolarynx or a TTS used by a speech-
impaired person; (b) Without any knowledge of Chinese and Hindi, our approach
can generate Chinese and Hindi speech for John Oliver, an English-speaking late-
night show host; and (c) We can generate audio-visual content for historical docu-
ments that could not be otherwise captured.
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4.1 Audio-Visual Synthesis

We present an unsupervised approach to audio-visual synthesis that generates the
audio and visual stream of a known target speaker from the speech input of any
unknown speaker. Our approach allows the generated data to capture subtle prop-
erties of the target speaker including: (1) the scene-context, such as the ambient
appearance and acoustics of the environment (e.g., conference room or large pub-
lic convention); and (2) stylistic prosody of the particular speech (e.g., a “happy”
vs. “angry” delivery). Our approach enables a variety of novel applications be-
cause it generalizes via a reduced dependence on training data; it is trained on
only a few minutes of target speech, and does not require any training on the input
speaker. By applying input speech from never-before-encountered languages, our
approach enables stylistic multilingual translations. By applying input speech gen-
erated by medical devices such as electrolarynxs and text-to-speech (TTS) systems,
our approach enables personalized voice generation for voice-impaired individu-
als [207, 305]. Our work also enables applications in education and entertainment;
one can create interactive documentaries about historical figures in their voice, or
generate the sound of actors who are no longer able to perform. We highlight such
representative applications in Figure 4.1.

Prior work typically independently looks at the problem of audio conversion [74,
216,217,299,341] and video generation from audio signals [77,411,502,509]. Particu-
larly relevant are zero-shot audio translation approaches [74,299,335,341] that learn
a generic low-dimensional embedding (from a training set) that are designed to be
agnostic to speaker identity (Fig. 4.2-a). We will empirically show that such generic
embeddings may struggle to capture stylistic details of in-the-wild speech that dif-
fers from the training set. Alternatively, one can directly learn an audio translation
engine specialized to specific input and output speakers, often requiring data of the
two speakers either aligned/paired [67, 306, 407, 425] or unaligned/unpaired [75,
111, 209, 215–217, 379]. This requirement restricts such methods to known input
speakers at test time (Fig. 4.2-b). In terms of video synthesis from audio input,
zero-shot facial synthesis approaches [77, 502, 509] animate the lips but struggle to
capture realistic facial characteristics of the entire person. Other approaches [139,
386,411] restrict themselves to known input speakers at test time and require large
amounts of data to train a model in a supervised manner.

Our work combines the zero-shot nature of generic embeddings with the stylis-
tic detail of person-specific translation systems. Simply put, given a target speech
with a particular style and ambient environment, we learn an autoencoder specific
to that target speech (Fig. 4.2-c). We deem our approach “Exemplar Autoencoders”.
At test time, we demonstrate that one can translate any input speech into the tar-
get simply by passing it through the target Exemplar Autoencoder. We demon-
strate this property is a consequence of two curious facts, shown in Fig. 4.3: (1) lin-
guistic phonemes tend to cluster quite well in spectrogram space (Fig. 4.3-a); and
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(2) autoencoders with sufficiently small bottlenecks act as projection operators that
project out-of-sample source data onto the target training distribution, allowing us
to preserve the content (words) of the source and the style of the target (Fig. 4.3-c).
we jointly synthesize audio-visual (AV) outputs by adding a visual stream to the
audio autoencoder. Importantly, our approach is data-efficient and can be trained
using 3 minutes of audio-video data of the target speaker and no training data for
the input speaker. The ability to train Exemplar Autoencoders on small amounts of
data is crucial when learning specialized models tailored to particular target data.
Table 4.1 contrasts our work with leading approaches in audio conversion [218,341]
and audio-to-video synthesis [77, 411].

Contributions: (1) We introduce Exemplar Autoencoders, which allow for any
input speech to be converted into an arbitrarily-large number of target speakers
(“any-to-many” AV synthesis). (2) We move beyond well-curated datasets and
work with in-the-wild web audio-video data in this work. We also provide a new
CelebAudio dataset for evaluation. (3) Our approach can be used as an off-the-shelf
plug and play tool for target-specific voice conversion. We provide an online demo
that shows the usefulness of our approach. Finally, to the best of our knowledge,
we are the first to show AV synthesis from an audio signal.

4.2 Review of Audio-Visual Synthesis

A tremendous interest in audio-video generation for health-care, quality-of-life im-
provement, educational, and entertainment purposes has influenced a wide vari-
ety of work in audio, natural language processing, computer vision, and graphics
literature. In this work, we seek to explore a standard representation for a user-
controllable “any-to-many” audio-visual synthesis.
Speech Synthesis & Voice Conversion: Earlier works [191,491] in speech synthe-
sis use text inputs to create Text-to-Speech (TTS) systems. Sequence-to-sequence
(Seq2seq) structures [410] have led to significant advancements in TTS systems [320,
384, 458]. Recent works [201] have extended these models to incorporate multiple
speakers. These approaches enable audio conversion by generating text from the
input via a speech-to-text (STT), and use a TTS for target audio. Despite enormous
progress in building TTS systems, it is not trivial to embody perfect emotion and
prosody due to the limited expressiveness of bare text [333]. In this work, we use
the raw speech signal of a target speech to encode the stylistic nuance and subtlety
that we wish to synthesize.
Audio-to-Audio Conversion: The problem of audio-to-audio conversion has largely
been confined to one-to-one translation, be it using a paired [67,306,407,425] or un-
paired [64, 215–217, 379, 424, 498] data setup. Recent works [74, 299, 331, 335, 341]
have begun to explore any-to-any translation, where the goal is to generalize to any
input and any target speaker. To do so, such approaches learn a speaker-agnostic
embedding space that is meant to generalize to never-before-seen identities. Our
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Figure 4.2: Prior approaches can be classified into two groups: (a) Zero-shot con-
version that learns a generic low-dimensional embedding from a training set that
are designed to be agnostic to speaker identity. We empirically observe that such
generic embeddings may struggle to capture stylistic details of in-the-wild speech
that differs from the training set. (b) Person-specific one-on-one conversion learn
a translation engine specialized to specific input and output speakers, restricting
them to known input speakers at test time. (c) In this work, we combine the zero-
shot nature of generic embeddings with the stylistic detail of person-specific trans-
lation systems. Simply put, given a target speech with a particular style and ambient
environment, we learn an autoencoder specific to that target speech. At test time,
one can translate any input speech into the target simply by passing it through the
target Exemplar Autoencoder.

work is closely inspired by such approaches, but is based on the observation that
such generic embeddings tend to be low-dimensional, making it difficult to cap-
ture the full range of stylistic prosody and ambient environments that can exist in
speech. We can, however, capture these subtle but important aspects via an Exem-
plar Autoencoder that is trained for a specific target speech exemplar. Moreover, it
is not clear how to extend such generic embeddings to audio-visual generation be-
cause visual appearance is highly multimodal (people can appear wildly different
due to clothing). Exemplar Autoencoders, on the other hand, are straightforward
to extend to video because they inherently are tuned to the particular visual mode
(clothing) in the target speech.
Audio-Video Synthesis: There is a growing interest [78, 304, 317] to jointly study
audio and video for better recognition [224], localizing sound [134, 376], or learn-
ing better visual representations [323, 324]. There is a wide literature [36, 48, 110,
129, 151, 416] on synthesizing videos (talking-heads) from an audio signal. Recent
approaches [77, 502, 509] have looked at zero-shot facial synthesis from audio sig-
nals. These approaches register human faces using facial keypoints so that one can
expect a certain facial part at a fixed location. At test time, an image of the target
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Method input: audio, unknown test speaker-specific
output: ? speaker model

Auto-VC [341] A 3 7

StarGAN-VC [217] A 7 3

Speech2Vid [77] V 3 7

Synthesizing Obama [411] V 7 3

Ours (Exemplar Autoencoders) AV 3 3

Table 4.1: We contrast our work with leading approaches in audio conversion [217,
341] and audio-to-video generation [77, 411]. Unlike past work, we generate both
audio-video output from an audio input (left). Zero-shot methods are attractive be-
cause they can generalize to unknown target speakers at test time (middle). How-
ever, in practice, models specialized to particular pairs of known input and target
speakers tend to produce more accurate results (right). Our method combines the
best of both worlds by tuning an Exemplar Autoencoder on-the-fly to the target
speaker of interest.

speaker and audio is provided. While these approaches can animate lips of the
target speaker, it is still difficult to capture other realistic facial expressions. Other
approaches [139,386,411] use large amount of training data and supervision (in the
form of keypoints) to learn person-specific synthesis models. While these generate
realistic results, they are restricted to known input users at test time. In contrast, our
goal is to synthesize audio-visual content (given any input audio) in a data-efficient
manner (using 2-3 minutes of unsupervised data). Finally, we find our approach
complementary to unsupervised video retargeting [22]. We combine our approach
with Recycle-GAN, making the resulting system an unsupervised audio-video re-
targeting engine.
Autoencoders: It is well-known that linear autoencoders (learned with PCA [18])
produce the best reconstruction of any out-of-sample input datapoint, in terms of
squared error from the subspace spanned by the training dataset [41]. We em-
pirically verify that this property approximately holds for nonlinear autoencoders
(Fig. 4.3). When trained on a target (exemplar) dataset consisting of a particular
speech style, we demonstrate that reprojections of out-of-sample inputs tend to pre-
serve the content of the input and the style of the target.
User-Controllable Content Creation: Our design decisions have chiefly been in-
fluenced by user-perspective. The use of many Exemplar Autoencoders provide
flexibility to a user to select the target speaker and a scenario. Not only this, our
system can be easily extended in few minutes to new examples using only two-three
minutes of audio and a few seconds of video sequence for a new person or scenario.
Our work can also be useful in video editing systems directly from audio [36,129].
We release a live public web-demo with this work that enables anyone to input au-

84



DRAFT

Exemplar Autoencoder

Input: Anyone’s audio

Output: 
Retargeted Audio

(a) T-SNE for acoustic features (b) PCA visualization (c) Exemplar Autoencoder

out-of-sample data

(a) T-SNE for acoustic features (b) PCA visualization (c) Exemplar Autoencoder

Figure 4.3: Our insights for Exemplar Autoencoders. (a) Acoustic features
(MEL spectrograms) of words spoken by 100 different speakers (from the VCTK
dataset [437]) easily cluster the words/content irrespective of who said it. (b) Lin-
ear autoencoders (PCA) with sufficiently small bottlenecks project out-of-sample data
(the red star) into the linear manifold spanned by the training set. We demonstrate
this approximately holds for (c) nonlinear autoencoders, allowing them to retarget
the content of out-of-sample input into the style of the training set.

dio using a mic and generate audio-video of their favorite person.

4.3 Exemplar Autoencoders

There is an enormous space of stylistic information ranging from prosody, pitch,
emotions, and environment. It is challenging for a single large model to learn dif-
ferent things. However, many small models can easily capture the various nuances.
In this work, we seek the problem of any-to-many audio-visual synthesis from an
audio input via Exemplar Autoencoders (explicitly trained for a speaker and sce-
nario). In this section, we study why autoencoders should generate retargeted out-
put when applied to a novel input speech (Sec. 4.3.1 and Sec. 4.3.2). We then per-
form a deep structural dive into Exemplar Autoencoders for audio-video synthesis
in Sec. 4.3.3. We begin with defining the speech structure.

Speech contains two types of information: (i) the content, or words being said
and (ii) style information that describes the scene context, person-specific charac-
teristics, and prosody of the speech delivery. It is natural to assume that speech is
generated by the following process. First, a style s is drawn from the style space
S. Then a content code w is drawn from the content space W . Finally, x = f(s, w)
denotes the speech of the content w spoken in style s, where f is the generating
function of speech.
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4.3.1 Structured Speech Space

In human acoustics, one uses different shapes of their vocal tract1 to pronounce dif-
ferent words with their voice. Interestingly, different people use similar, or ideally
the same, shapes of vocal tract to pronounce the same words. For this reason, in
the speech space we can find a built-in structure that the acoustic features of the
same words in different styles are very close (also shown in Fig. 4.3-a). Given two
styles s1 and s2 for example, f(s1, w0) is one spoken word in style s1. Then f(s2, w0)
should be closer to f(s1, w0) than any other word in style s2. We can formulate this
property as follows:

Error(f(s1, w0), f(s2, w0)) ≤ Error(f(s1, w0), f(s2, w)), ∀w ∈W, where s1, s2 ∈ S.

This can be further presented in equation form:

f(s2, w0) = arg min
x∈M

Error(x, f(s1, w0)), where M = {f(s2, w) : w ∈W}. (4.1)

4.3.2 Autoencoders as Projection Operators

We now provide a statistical motivation for the ability of Exemplar Autoencoders
to translate content while preserving style.

Given training examples {xi}, one learns an encoder E and decoder D so as to
minimize reconstruction error:

min
E,D

∑
i

Error
(
xi, D(E(xi))

)
.

In the linear case (where E(x) = Ax,D(x) = Bx, and Error = L2), optimal weights
are given by the eigenvectors that span the input subspace of data [18].

Given sufficiently small bottlenecks, linear autoencoders project out-of-sample
points into the input subspace, so as to minimize the reconstruction error of the out-
put (see Fig. 4.3-(b)). Weights of the autoencoder (eigenvectors) capture dataset-
specific style common to all samples from that dataset, while the bottleneck activa-
tions (projection coefficients) capture sample-specific content (properties that cap-
ture individual differences between samples). We empirically verify that a simi-
lar property holds for nonlinear autoencoders: given sufficiently-small bottlenecks,
they approximately project out-of-sample data onto the nonlinear manifoldM spanned
by the training set:

D(E(x̂)) ≈ arg min
m∈M

Error(m, x̂),where M = {D(E(x))|x ∈ Rd}. (4.2)

1The vocal tract is the cavity in human beings where the sound produced at the sound source is
filtered. The shape of the vocal tract is mainly determined by the positions and shapes of the tongue,
throat and mouth.
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Figure 4.4: Network Architecture: (a) The voice-conversion network consists of
a content encoder, and an audio decoder (denoted as green). This network serves
as a person & attributes-specific auto-encoder at training time, but is able to con-
vert speech from anyone to personalized audio for the target speaker at inference
time. (b) The audio-video synthesis network incorporates a video decoder (de-
noted as yellow) into the voice-conversion system. The video decoder also regards
the content encoder as its front-end, but takes the unsampled content code as in-
put due to time alignment. The video architecture is mainly borrowed from Stack-
GAN [342,492], which synthesizes the video through 2 resolution-based stages.

where the approximation is exact for the linear case. In the nonlinear case, let M =
{f(s2, w) : w ∈W} be the manifold spanning a particular style s2. Let x̂ = f(s1, w0)
be a particular word w0 spoken with any other style s1. The outputD(E(x̂)) will be
a point on the target manifold M (roughly) closest to x̂. From Eq. 4.1 and Fig. 4.3,
the closest point on the target manifold tends to be the same word spoken by the
target style:

D(E(x̂)) ≈ arg min
t∈M

Error(t, x̂) = arg min
t∈M

Error(t, f(s1, w0)) ≈ f(s2, w0). (4.3)

At the end of theoretical analysis on Exemplar Autoencoders, we note that noth-
ing in analysis is language-specific, so it still works, in principle, for other languages
such as Mandarin Chinese and Hindi. We posit that the “content” wi can be rep-
resented by phonemes, which are shared by different languages. We verify this by
showing that retargeting is possible across different languages: one can drive John
Oliver to speak in Chinese or Hindi.

4.3.3 Stylistic Audio-Visual (AV) Synthesis

We now operationalize our previous analysis into an approach for stylistic AV syn-
thesis. To do so, we learn AV representations with autoencoders tailored to partic-
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ular target speech. To enable these representations to be driven by the audio input
of any user, we learn in a manner that ensures bottleneck activations capture struc-
tured linguistic “word” content: we pre-train an audio-only autoencoder, and then
learn a video decoder while finetuning the audio component. This adaptation al-
lows us to train AV models for a target identity with little data (3 minutes of video
in contrast to the 14 hours used in [411]).

Audio Autoencoder: Given the target audio stream of interest x, we first con-
vert it to a mel spectogram m = F(x) using a short-time Fourier Transform [321].
We train an encoder E and decoder D that reconstructs Mel-spectograms m̃, and
finally use a WaveNet vocoder V [320] to convert m̃ back to speech x̃. Importantly,
we train all components (the encoder E, decoder D, and vocoder V ) with a joint
reconstruction loss in both frequency and audio space:

ErrorAudio(x, x̃) = E‖m− m̃‖1 + LWaveNet(x, x̃), (4.4)

where LWaveNet is the standard cross-entropy loss used to train Wavenet [320].
Fig. 4.4 (top-row) summarizes our network design for audio-only autoencoders.

Video Decoder: Given the trained audio autoencoderE(x) and a target video v,
we now train a video decoder that reconstructs the video ṽ fromE(x) (see Fig. 4.4).

Specifically, we train using a joint loss:

ErrorAV (x, v, x̃, ṽ) = ErrorAudio(x, x̃) + E‖v − ṽ‖1 + LAdv(v, ṽ). (4.5)

where LAdv is an adversarial loss [147] used to improve video quality. We found it
helpful to simultaneously fine-tune the audio autoencoder and so add (4.4) to the
overall AV loss.

4.4 Implementation Details

We provide the implementation details of our Exemplar Autoencoder.

4.4.1 Audio Conversion

STFT: The speech data is sampled at 16 kHz. We clip the training speech into clips of
1.6s in length, which correspond to 25, 600-dimensional vectors. We then perform
STFT [321] on the raw audio signal with a window size of 800, hop size of 200, and
80 mel-channels. The output of STFT is a complex matrix with size of 80× 128. We
represent the complex matrix in polar form (magnitude and phase), and only keep
the magnitude for next steps.
Encoder: The input to the encoder is the magnitude of 80 × 128 Mel-spectrogram,
which is represented as a 1D 80-channel signal. This input is feed-forward to three
layers of 1D convolutional layers with a kernel size of 5, each followed by batch
normalization [194] and ReLU activation [238]. The channel of these convolutions
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is 512. The stride is one. There is no time down-sampling up till this step. The
output is then fed into two layers of bidirectional LSTM [180] layers with both the
forward and backward cell dimensions of 32. We then perform a different down-
sampling for the forward and backward paths with a factor of 32 following [341].
The result content embedding is a matrix with a size of 64× 4.
Audio Decoder: The content embedding is up-sampled to the original time resolu-
tion of T . The up-sampled embedding is sequentially input to a 512-channel LSTM
layer and three layers of 512-channel 1D convolutional layers with a kernel size of 5.
Each step accompanies batch normalization and ReLU activation. Finally, the out-
put is fed into two 1024-channel LSTM layers and a fully connected layer to project
into 80 channels. The projection output is regarded as the generated magnitude of
Mel-spectrogram m̃.
Vocoder: We use WaveNet as vocoder [320] that acts like an inverse Fourier trans-
form, but merely use frequency magnitudes. It generates speech signal x̃ based on
the reconstructed magnitude of Mel-spectrogram m̃.
Training Details: Our model is trained at a learning rate of 0.001 and a batch size
of 8. To train a model from scratch, it needs about 30 minutes of the target speaker’s
speech data and around 10k iterations to converge. Although our main structure
is straightforward, the vocoder is usually a large and complicated network, which
needs another 50k iterations to train. However, transfer learning can be beneficial in
reducing the number of iterations and necessary data for training purposes. When
fine-tuning a new speaker’s autoencoder from a pre-trained model, we only need
about 3 minutes of speech from a new speaker. The entire model, including the
vocoder, converges around 10k iterations.

4.4.2 Video Synthesis

Network Architecture: We keep the voice-conversion framework unchanged and
enhance it with an additional audio-to-video decoder. In the voice-conversion net-
work, we have a content encoder that extracts content embedding from speech, and
an audio decoder that generates audio output from that embedding. To include
video synthesis, we add a video decoder which also takes the content embedding
as input, but generates video output instead. As shown in Figure 4.4 (bottom-row),
we then have an audio-to-audio-video pipeline.
Video Decoder: We borrow architecture of the video decoder from [342, 492].
We adapt this image synthesis network by generating the video frame by frame, as
well as replacing the 2D-convolutions with 3D-convolutions to enhance temporal
coherence. The video decoder takes the unsampled content codes as input. This
step is used to align the time resolution with 20-fps videos in our experiments. We
down-sample it with a 1D convolutional layer. This step helps smooth the adjacent
video frames. The output is then fed into the synthesis network to get the video
result ṽ.
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VCTK [437] Zero- Extra- SCA (%) MCD
Shot Data (Voice Similarity) (Content Consistency)

StarGAN-VC [217] 7 3 69.5 582.1
VQ-VAE [436] 7 3 69.9 663.4
Chou et al. [75] 7 3 98.9 406.2
Blow [379] 7 3 87.4 444.3

Auto-VC [341] 3 3 98.5 408.8

Ours 3 7 99.6 420.3

Table 4.2: Objective Evaluation for Audio Translation: We do objective evaluation
using VCTK dataset that provides paired data. The speaker-classification accuracy
(SCA) criterion enables us to study the naturalness of generated audio samples and
similarity to the target speaker, where higher is better. On the other hand, Mel-
Cepstral distortion (MCD) assesses content preservation, where lower is better.
Our approach achieves competitive performance to prior state-of-the-art without
requiring any extra-data and yet be zero-shot. We do a more comprehensive human
studies in Table 4.3 using CelebAudio-20 dataset to study the influence of data.

Training Details: We train an audio-visual model based on a pretrained audio
model, with a learning rate of 0.001 and a batch size of 8. When fine-tuning from a
pre-trained model, the overall model converges around 3k iterations.

4.5 Quantitative Analysis

We now quantitatively evaluate the proposed method for any-to-many audio con-
version and audio-video synthesis.

4.5.1 Audio Translation

Dataset: We use the publicly available VCTK dataset [437] and introduce a new
CelebAudio dataset for in-the-wild audio translation setup to inspire future work
in this direction.
VCTK Dataset: VCTK corpus [437] contains 44 hours of utterances from 109 speak-
ers. Each speaker reads a different set of sentences, except for two paragraphs.
While the conversion setting is non-parallel, there exists a small amount of parallel
data enables us to conduct objective evaluation.
CelebAudio Dataset: We introduce a new in-the-wild dataset for audio translation
to validate the effectiveness as well as the robustness of various approaches. This
dataset consists of speeches (average 30 minutes) of various public figures collected
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Figure 4.5: Data Distribution of CelebAudio: CelebAudio contains 100 different
speeches. The average speech length is 23 mins. Each speech ranges from 3 mins
(Hillary Clinton) to 113 mins (Neil Degrasse Tyson).

from YouTube. The content of these speeches is entirely different from one another,
thereby forcing the future methods to be non-parallel and unsupervised. There are
100 different speeches. We use 20 celebrities for human-studies, and call that subset
CelebAudio-20. The distribution of speech length is shown in Fig. 4.5
Quantitative Evaluation: We conducted user studies for evaluation on CelebAudio-
20 dataset, and do objective evaluation using VCTK dataset.
Speaker Classification Accuracy: We use the speaker-classification accuracy (SCA)
criterion to study voice conversion for different approaches. We train a speaker clas-
sifier following Serra et al. [379]. We compute the percentage of times a translation
is able to classify correctly. Higher is better.
Mel-Cepstral Distance: Following prior works [216, 217], we use Mel-Cepstral
distortion (MCD) to another objective evaluation criterion to assess content consis-
tency. This metric assesses the distance between the synthesized audio and ground-
truth. Lower is better.
Human Studies: We extensively conducted human studies on Amazon Mechan-
ical Turk (AMT) using the generated audio samples from CelebAudio-20 dataset.
The goal of this study is to (1). assess the quality of generated samples; (2). the
ability of an approach to produce voice similar to target speaker; and (3). to ensure
the consistency of content during the translation process. We, therefore, conducted
our studies in three different phases. In the first phase, we presented an audio sam-
ple to a user on AMT and asked: How natural is this recording?. The results of this
phase enables us to study naturalness of generated content. In the next phase, we
presented two audio samples (one real, and another generated) to a user and asked:
Are these two audios from the same speaker?. We instructed users to pay attention to
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CelebAudio Extra Naturalness ↑ Voice Similarity ↑ Content Consistency ↑ Geometric Mean
Data MOS Pref (%) MOS Pref (%) MOS Pref (%) of VS-CC ↑

Auto-VC [341]
off-the-shelf - 1.21 0 1.31 0 1.60 0 1.45

fine-tuned 3 2.35 13.3 1.97 2.0 4.28 48.0 2.90

scratch 7 2.28 6.7 1.90 2.0 4.05 18.0 2.77

Ours 7 2.78 66.7 3.32 94.0 4.00 22.0 3.64

Table 4.3: Human Studies for Audio: We conduct extensive human studies on
Amazon Mechanical Turk. We report Mean Opinion Score (MOS) and user pref-
erence (percentage of time that method ranked best) for naturalness, target voice
similarity (VS), source content consistency (CC), and the geometric mean of VS-
CC (since either can be trivially maximized by reporting a target/input sample).
Higher the better, on a scale of 1-5. The off-the-shelf Auto-VC model struggles
to generalize to CelebAudio, indicating the difficulty of in-the-wild zero-shot con-
version. Fine-tuning on CelebAudio dataset significantly improves performance.
When restricting Auto-VC to the same training data as our model (scratch), perfor-
mance drops a small but noticeable amount. Our results strongly outperform Auto-
VC for VS-CC, suggesting Exemplar Autoencoders are able to generate speech that
maintains source content consistency while being similar to the target voice style.

the voice only and ignore the speech content. This phase allows us to study the no-
tion of voice-similarity. Finally, we once again presented two audio samples (one
real, and another generated) to a user and asked: Are these two people saying the same
thing?. Here, we instructed users to pay attention to the content and not voice. The
results of this phase allows us to study how much content is preserved during au-
dio translation, i.e., content-consistency. The users were asked to rate on a scale of
1-5, i.e., bad to excellent. For all these criteria: Higher is better.

We also compute the normalized area under the voice-similarity and content-
consistency curve. This criterion is useful to study the joint notion of content and
style for audio translation. Given a (source, target) pair, we always have two simple
ways to generate the output : (1) output the source audio - 0 in voice similarity (VS)
but 5 in content consistency (CC); (2) output a random audio from target speaker
- 5 in VS but 0 in CC. However, good results should be in between with the source’s
content but the target’s voice. E.g., a (2.5, 2.5) result should be better than either
(5, 0) or (0, 5). The normalized area under VS-CC enables us to study it effectively.
Higher is better.

We select 10 speakers as target speakers from CelebAudio-20 and randomly
choose 5 utterances from the other speakers for test. We then produce 5× 10 = 50
conversions by converting one test utterance to each of the selected 10 speakers’
voice. There are a total of 150 HITs for testing naturalness, voice similarity, and
content consistency. Each HIT is assigned to 10 users. All the users of AMT were
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chosen to have Master Qualification (HIT approval rate more than 98% for more
than 1, 000 HITs). We also restricted the users to be from United States to ensure
English-speaking audience. Our setup and dataset are available on project page for
public-use.
Baselines: We study the various aspects of our methods in contrast with sev-
eral existing voice conversion systems, such as StarGAN-VC [217], VQ-VAE [436],
Blow [379], and Auto-VC [341]. While possible, StarGAN-VC [217], VQ-VAE [436],
Chou et al. [75], and Blow [379] does not claim zero-shot voice conversion. There-
fore, we train these models on 20 speakers from VCTK dataset and perform tradi-
tional voice conversion between speakers within the training set. We observe that
our approach outperforms these approaches for voice similarity and yet competi-
tive for content consistency as shown in Table 4.2.
Auto-VC [341]: Auto-VC claims zero-shot conversion. We extensively study two
methods via human studies on AMT in Table 4.3. Since Auto-VC claims any-to-any
audio conversion, we first use an off-the-shelf model2 for evaluation. We observe
poor performance, both quantitatively and qualitatively. We then fine-tuned the ex-
isting model using the audio data from 20 speakers, thereby making it any-to-many
audio translation approach (similar to ours). We observe significant performance
improvement in Auto-VC when restricting it to the same set of examples as ours.
To make it more similar to ours, we even trained the models from scratch using ex-
actly same data and settings as ours. The performance on all three criterion dropped
with lesser data. On the other hand, our approach can generate significantly better
audio outputs that sounds more like a target speaker while still preserving the orig-
inal content. Importantly, our models are trained from scratch and does not require
hundreds of hours of speech data for training.

4.5.2 Audio-Video Synthesis

Dataset: In addition to augmenting CelebAudio with video clips, we also evaluate
on VoxCeleb [78], an audio-visual dataset of short celebrity interview clips from
YouTube.
Baselines: We compare to Speech2Vid [77], using their publicly available code.
This approach requires the face region to be registered before feeding it to a pre-
trained model for facial synthesis. We find various failure cases where the human
face from in-the-wild videos of VoxCeleb dataset cannot be correctly registered
(in contrast with our approach where registration is not required). Additionally,
Speech2Vid generates the video of a cropped face region by default. We compos-
ite the output on a still background to make it more compelling and comparable
to ours. Finally, we also compare to the recent work of LipGAN [234]. This ap-
proach synthesizes region around lips and paste this generated face crop into the
given video. We observe that the paste is not seamless and leads to artifacts es-

2Auto-VC inputs a reference audio (roughly 20 seconds long) to obtain a speaker embedding.
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Figure 4.6: Visual Comparisons of Audio-to-Video Synthesis: We contrast our
approach with Speech2vid [77] (first row) and LipGAN [234] (second row) us-
ing their publicly available codes. While Speech2Vid synthesize new sequences by
morphing mouth shapes, LipGAN pastes modified lip region on original videos.
This leads to artifacts (see zoom-in views at bottom row) when morphed mouth
shapes are very different from the original or in case of dynamic facial movements.
Our approach (third row), however, generates full face and does not have these
artifacts.

pecially when working with in-the-wild web videos. We show comparisons with
both Speech2Vid [77] and LipGAN [234] in Figure 4.6. The artifacts from both ap-
proaches are visible when used for in-the-wild video examples from CelebAudio
and VoxCeleb dataset. However, our approach generates the complete face without
these artifacts and captures articulated expressions.

Human Studies: We conducted an AB-Test on AMT: we show a pair of our video
output and another method to the user, and ask the user to select which looks better.
Each pair is shown to 5 users. Our approach is preferred 87.2% over Speech2Vid [77]
and 59.3% over LipGAN [234].
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4.6 Verification of Reprojection Property

In Section 4.3, we describe a reprojection property (Eq. 4.6) of our Exemplar Au-
toencoder: the output of out-of-sample data x̂ is the projection to the manifold M
spanned by the training set.

D(E(x̂)) ≈ arg min
m∈M

Error(s, x̂),where M = {D(E(x))|x ∈ Rd}. (4.6)

This is equivalent to two important properties: (a) The output lies in the man-
ifold M . (Eq. 4.7) (b) The output is closer to the input x̂ than any other point on
manifold M . (Eq. 4.8)

D(E(x̂)) ∈M,where M = {D(E(x))|x ∈ Rd}. (4.7)

Error(D(E(x̂)), x̂) ≤ Error(x, x̂), ∀x ∈M. (4.8)

To verify these, we conduct an experiment (Table 4.4) on the parallel corpus of
VCTK [437]. We randomly sample 2 sets of words (normal and tongue-twister)
spoken by 2 speakers (A and B) from VCTK dataset. We train an Exemplar Au-
toencoder on A’s speech, and input B’s words (wB) to get wB→A. To verify Eq. 4.7,
we train a speaker-classifier (as Serra et al. [379]) on A and B’s speech. As the fifth
column in Table 4.4, we report the likelihood that wB→A is regarded as A’s words.
To verify Eq. 4.8, we calculate Error(D(E(x̂)), x̂) as the second column in Table 4.4,
and Error(x, x̂) as the third and fourth columns in Table 4.4. The results show that
our conjecture about the reprojection property is reasonable.

4.7 Ablative Analysis

We now conduct controlled experiments to understand various aspects of our for-
mulation.

4.7.1 Exemplar Training

In this work, we posit that it is easier to disentangle style from content when the en-
tire training dataset consists of a single style. To verify this, we train an autoencoder
with following setup: (1) speeches from 2 people; (2) speeches from 3 people; (3)
4 speeches with different settings from 1 person. We contrast it with exemplar au-
toencoder trained using 1 speech from 1 person using A/B testing. Our exemplar
results are preferred 71.9% times over (1), 83.3% times over (2), and 90.6% times
over (3).
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wB ||wB→A − wB || min
w∈sA

||w − wB || meanw∈sA ||w − wB || arg min
w∈sA

||w − wB || Likelihood(%)

“please” 17.46 23.11 53.93 “please” 100
“things” 21.59 19.87 50.95 “things” 81.8
“these” 25.22 21.26 82.00 “these” 55.6
“cheese” 21.98 20.34 51.19 “cheese” 100
“three” 24.39 22.13 61.07 “three” 84.1
“mix” 16.19 16.61 55.77 “mix” 100
“six” 20.43 16.75 66.85 “six” 100
“thick” 21.21 18.38 50.16 “thick” 92.3
“kids” 16.98 16.65 48.78 “kids” 100
“is” 16.84 16.25 70.88 “is” 78.0

Average 20.23 19.14 59.16

Table 4.4: Verification of the reprojection property: To verify the reprojection
property that Eq. 4.6 describes, we randomly sample tongue-twister words spoken
by 2 speakers (A and B) in VCTK dataset. For the autoencoder trained by A, all
the words spoken by B are out-of-sample data. Then for each word wB , we gener-
ate wB→A which is the projection to A’s subspace. We need to verify 2 properties -
(a) The output wB→A lies in A’s subspace; (b) The distance between wB and corre-
sponding word for SA should be much lesser than the average of distance between
wB and other words for SA. To verify (a), we train a speaker classification network
on speaker A and B, and predict the speaker of wB→A. We report the softmax out-
put to show how much likely wB→A is to be classified as A’s speech (Likelihood in
the table). To verify (b), we calculate (1) distance from wB to wB→A; (2) minimum
distance from wB to any sampled words by A; and (3) average distance from wB
to different words by A. The second column shows distance between transformed
word (wB→A) and the original word (wB). The third column shows minimum dis-
tance between words of SA and wB . The fourth column shows an average distance
between words of SA and wB . We also show word corresponding to min-distance in
fifth column. This also verifies that min-distance corresponds to the same word for
SA. This empirically suggests that nonlinear autoencoder behave similar to their lin-
ear counterparts (i.e., they minimize the reconstruction error of the out-of-sample
input).

4.7.2 Removing Speaker Embedding

We point out that generic speaker embeddings struggles to capture stylistic details
of in-the-wild speech. Here we provide the ablation analysis of removing such pre-
trained embeddings.

We perform new experiments that fine-tune a pretrained Auto-VC for each spe-
cific speaker (exemplar training) but still keeps the pre-trained embedding, and
find it preforms similarly to the multi-speaker fine-tuning in Table 4.3. Our outputs
are still preferred 91.7% times over it.
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VCTK [437] Voice Similarity (SCA / %) Content Consistency (MCD)

Chou et al. [74] 57.0 491.1
Auto-VC [341]
with WaveNet 98.5 408.8
without WaveNet 96.5 408.8

Ours
with WaveNet 99.6 420.3
without WaveNet 97.0 420.3

Table 4.5: Ablation Analysis of WaveNet: We replace the WaveNet vocoder with
Griffin-Lim traditional vocoder, and compare our method with two zero-shot meth-
ods: (1) AutoVC without Wavenet, and (2) Chou et al. [74]. We measure Voice
Similarity by speaker-classification accuracy (SCA) criterion, where higher is bet-
ter. The results show our approach without WaveNet still outperform other zero-
shot approaches not using WaveNet. We also report MCD same as Table 4.2 as
MCD is only related to Freq. features. For reference, we also list the results of “with
Wavenet” experiments.

4.7.3 WaveNet as Vocoder

We adopt a neural-net vocoder to convert Mel-spectrograms back to raw audio sig-
nal. We prefer WaveNet [320] to traditional vocoders like Griffin-Lim [152], since
Wavenet is one of the state-of-the-art methods. The existence of WaveNet in our
structure makes our method end-to-end trainable and can safely be considered
a part of exemplar autoencoder (no special adaptation required). While Auto-
VC [341] and VQ-VAE [436] also use WaveNet, we substantially outperform them
on Celeb-Audio dataset.

Here we add the ablation analysis of WaveNet in Table 4.5. We remove the
WaveNet vocoder from our approach and AutoVC, and replace it with Griffin-Lim.
We also compare with Chou et al. [74], which does not use neural-net vocoders.
The results show our model can also generate reasonable outputs with traditional
vocoders, and yet outperform other zero-shot approaches not using WaveNet.

4.7.4 Video Synthesis

We study the effectiveness of jointly training a audio-to-audio-video pipeline based
on a pre-trained audio model. To further verify the helpfulness of audio bottleneck
features and finetuning from audio model in video synthesis, we conduct two ab-
lation experiments on audio-to-video translation, and compare with ours. (a) We
contrast training only the audio-to-video translator (first baseline in Table 4.6). (b)
We then jointly train audio decoder and video decoder from scratch (second Base-
line in Table 4.6). (c) We train an autoencoder of audio, then train video decoder
while finetuning the audio part (Ours). From the results in Table 4.6, ours outper-
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VoxCeleb Finetune Audio Decoder MSE↓ PSNR↑

Baselines 7 7 77.844± 15.612 29.304± 0.856

7 3 77.139± 12.577 29.315± 0.701

Ours 3 3 76.401± 12.590 29.616± 0.963

Table 4.6: Ablation Analysis of Video Synthesis: To verify the effectiveness of a
pre-trained audio model and audio decoder, we construct two extra baselines: (a)
Train only the audio-to-video translator (first baseline). (b) Jointly train audio de-
coder and video decoder from scratch (second baseline). And we compare these
two baselines with our method: First train an autoencoder of audio, then train video
decoder while finetuning the audio part. From the results, we can see the perfor-
mance clearly drops without the help of finetuning and audio decoder.

forms (b), which indicates the effectiveness of finetuning from a pre-trained audio
model. Finally, (b) also outperforms (a). This implies the effectiveness of audio
bottleneck features.

4.8 Broader Impacts

Our work falls in line with a body of work on content generation that retargets video
content, often considered in the context of “facial puppeteering”. While there exist
many applications in entertainment, there also exist many potentials for serious
abuse. Past work in this space has included broader impact statements [129, 226],
which we build upon here.
Our Setup: Compared to prior work, unique aspects of our setup are (a) the choice
of input and output modalities and (b) requirements on training data. In terms of
(a), our models take audio as input, and produce audio-visual (AV) output that
captures the personalized style of the target individual but the linguistic content
(words) of the source input. This factorization of style and content across the source
and target audio is a key technical aspect of our work. While past work has dis-
cussed broader impacts of visual image/video generation, there is less discussion
on responsible practices for audio editing. We begin this discussion below. In terms
of (b), our approach is unique in that we require only a few minutes of training on
target audio+video, and do not require training on large populations of individuals.
This has implications for generalizability and ease-of-use for non-experts, increas-
ing the space of viable target applications. Our target applications include enter-
tainment/education and assistive technologies, each of which is discussed below.
We conclude with a discussion of potential abuses and strategies for mitigation.
Assistive Technology: An important application of voice synthesis is voice gener-
ation for the speaking impaired. Here, generating speech in an individual’s per-
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sonalized style can be profoundly important for maintaining a sense of identity3.
We demonstrate applications in this direction. We have also begun collaborations
with clinicians to explore personalized and stylistic speech outputs from physical
devices (such as an electrolarynx) that directly sense vocal utterances. Currently,
there are considerable data and privacy considerations in acquiring such sensitive
patient data. We believe that illustrating results on well-known individuals (such as
celebrities) can be used to build trust in clinical collaborators and potential patient
volunteers.
Entertainment/Education: Creating high-quality AV content is a labor intensive
task, often requiring days/weeks to create minutes of content for production houses.
Our work has attracted the attention of production houses that are interested in cre-
ating documentaries or narrations of events by historical figures in their own voice
(Winston Churchill, John F Kennedy, Nelson Mandela, Martin Luther King Jr). Be-
cause our approach can be trained on small amounts of target footage, it can be used
for personalized storytelling (itself a potentially creative and therapeutic endeav-
our) as well as educational settings that have access to less computational/artistic
resources but more immediate classroom feedback/retraining.
Abuse: It is crucial to acknowledge that audio-visual retargeting can be used mali-
ciously, including spreading false information for propaganda purposes or porno-
graphic content production. Addressing these abuses requires not only technical
solutions, but discussions with social scientists, policy makers, and ethicists to help
delineate boundaries of defamation, privacy, copyright, and fair use. We attempt to
begin this important discussion here. First, inspired by [129], we introduce a recom-
mended policy for AV content creation using our method. In our setting, retargeting
involves two pieces of media; the source individual providing an audio signal input,
and target individual who’s audio-visual clip will be edited to match the words of
the source. Potentials for abuse include plagiarism of the source (e.g., representing
someone else’s words as your own), and misrepresentation / copyright violations
of the target. Hence, we advocate a policy of always citing the source content and
always obtaining permission from the target individual. Possible exceptions to the
policy, if any, may fall into the category of fair use4, which typically includes edu-
cation, commentary, or parody (eg., retargeting a zebra texture on Putin [512]). In
all cases, retargeted content should acknowledge itself as edited, either by clearly
presenting itself as parody or via a watermark. We plan to include a custom license
on released code, detailing this policy. Importantly, there may be violations of this
policy. Hence, a major challenge will be identifying such violations and mitigating
the harms caused by such violations, discussed further below.
Audio-Visual Forensics: We describe three strategies that attempt to identify mis-
use and the harms caused by such misuse. We stress that these are not exhaus-

3https://news.northeastern.edu/2019/11/18/personalized-text-to-speech-voices-help-people-
with-speech-disabilities-maintain-identity-and-social-connection/

4https://fairuse.stanford.edu/overview/fair-use/what-is-fair-use/
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tive: (a) identifying “fake” content, (b) data anonymization, and (c) technology
awareness. (a) As approaches for editing AV content mature, society needs analo-
gous approaches for detecting such “fake” content. Contemporary forensic detec-
tors tend to be data-driven, themselves trained to distinguish original versus syn-
thesized media via a classification task. Such forensic real-vs-fake classifiers exist
for both images [285, 360, 448] and audio5,6. Because access to code for generat-
ing “fake” training examples will be crucial for learning to identify fake content,
we commit to making our code freely available. Section 4.9 provides an analy-
sis of audio detection of Exemplar Autoencoder fakes. (b) Another strategy for
mitigating abuse is controlling access to private media data. Methods for image
anonymization, via face detection and blurring, are widespread and crucial part
of contemporary data collection, even mandated via the EU’s General Data Protec-
tion Regulation (GDPR). In the US, audio restrictions are even more severe because
of federal wiretapping regulations that prevent recordings of oral communications
without prior consent [404]. Recent approaches for image anonymization make
use of generative models that “de-identify” data without degradive blurring by re-
targeting each face to a generic identity (e.g., make everyone in a dataset look like
PersonA) [285]. Our audio retargeting approach can potentially be used for au-
dio de-identification by making everyone in a recording sound like PersonA. (c)
Finally, we point out that audio recordings are currently used in critical societal set-
tings including legal evidence and biometric voice-recognition (e.g., accessing one’s
bank account via automated recognition of speech over-the-phone [404]). Our re-
sults suggest that such use cases need to be re-evaluated and thoroughly tested in
context of stylistic audio synthesis. In other terms, it is crucial for society to under-
stand what information can be reliably deduced from audio, and our approach can
be used to empirically explore this question.
Training datasets: Finally, we point out a unique property of our technical ap-
proach that differs prior approaches for audio and video content generation. Our
exemplar approach reduces the reliance on population-scale training datasets. Fa-
cial synthesis models trained on existing large-scale datasets may be dominated by
english-speaking celebrities. This may produce higher accuracy on sub-populations
with skin tones, genders, and languages over-represented in the training dataset
[289]. Exemplar-based learning may exhibit different properties because models
are trained on the target exemplar individual. That said, we do find that pre-training
on a single individual (but not a population) can speed up convergence of learning
on the target individual. Because of the reduced dependency on population-scale
training datasets (that may be dominated by English), exemplar models may bet-
ter generalize across dialects and languages underrepresented in such datasets. We
present results for stylized multilingual translations (retargeting Obama to speak

5https://www.blog.google/outreach-initiatives/google-news-initiative/

advancing-research-fake-audio-detection/
6https://www.asvspoof.org/
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in Mandarin and Hindi) without ever training on any Mandarin or Hindi speech.

4.9 Forensic Study

In the previous section, we outline both positive and negative outcomes of our re-
search. Compared to prior art, most of the novel outcomes arise from using audio
as an additional modality. As such, in this section, we conduct a study which il-
lustrates that Exemplar Autoencoder fakes can be detected with high accuracy by a
forensic classifier, particularly when trained on such fakes. We hope our study spurs
additional forensic research on detection of manipulated audio-visual content.
Speaker Agnostic Discriminator: We begin by training a real/fake audio classifier
on six identities from CelebAudio. The model structure is the same as [379]. The
training datasets contains (1) Real speech of six identities: John F Kennedy, Alexei
Efros, Nelson Mandela, Oprah Winfrey, Bill Clinton, and Takeo Kanade. Each has
200 sentences. (2) Fake speech: generated by turning each sentence in (1) into a dif-
ferent speaker in those six identities. There are a total of 1200 generated sentences.
We test performance under two scenarios: (1) speaker within-the-training set: John
F Kennedy, Alexei Efros, Nelson Mandela, Oprah Winfrey, Bill Clinton, and Takeo
Kanade; (2) speaker-out-of-the-training set: Barack Obama, Theresa May. Each
identity in the test set contains 100 real sentences and 100 fake ones. We ensure
test speeches are disjoint from training speeches, even for the same speaker. Table
4.7 shows the classifier performs very well on detecting fake of within-set speakers,
and is able to provide a reasonable reference for out-of-sample speakers.
Speaker-Specific Discriminator: We restrict our training set to one identity for spe-
cific fake detection. We train four exemplar autoencoders on four different speeches
of Barack Obama to get different styles of the same person. The specific fake audio
detector is trained on only one style of Obama, and is tested on all the four styles.
The training set contains 600 sentences for either real or fake. Each style in the test-
ing set contains 150 sentences for either real or fake. Table 4.7 shows our classifier
provides reliable predictions on fake speeches even on out-of-set styles.
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Speaker-Agnostic Discriminator Accuracy(%) Speaker-Specific Discriminator Accuracy(%)

speaker within training set 99.0 style within training set 99.7
real 98.3 real 99.3
fake 99.7 fake 100

speaker out of training set 86.8 style out of training set 99.6
real 99.7 real 99.2
fake 74.0 fake 100

Table 4.7: Fake Audio Discriminator: (a) Speaker Agnostic Discriminator de-
tects fake audio while agnostic of the speaker. We train a real/fake audio classi-
fier on six identities from CelebAudio, and test it on both within-set speakers and
out-of-set speakers. The training datasets contains (1) Real speech of six identities:
John F Kennedy, Alexei Efros, Nelson Mandela, Oprah Winfrey, Bill Clinton, and
Takeo Kanade. Each has 200 sentences. (2) Fake speech: generated by turning each
sentence in (1) into a different speaker in those six identities. The testing set con-
tains (1) speaker within the training set; (2) speaker out of the training set: Barack
Obama, Theresa May. Each identity in the testing set contains 100 real sentences
and 100 fake ones. For within-set speakers, results show our model can predict
with very low error rate ( 1%). For out-of-set speakers, our model can still classify
real speeches very well, and provide a reasonable prediction for fake detection. (b)
Speaker Specific Discriminator detects fake audio of a specific speaker. We train
a real/fake audio classifier on a specific style of Barack Obama, and test it on four
styles of Obama (taken from speeches spanning different ambient environments
and stylistic deliveries including presidential press conferences and university com-
mencement speechs). The training set contains 1200 sentences evenly split between
real and fake. Each style in the testing set contains 300 sentences evenly split as well.
Results show our classifier provides reliable predictions on fake speeches even on
out-of-sample styles.
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Chapter 5

Semi-Parametric Multi-Modal
Image Synthesis

12x12 Input (x8)  Our Approach 
(a) Low-Resolution to High-Resolution 

Surface Normal Map Our Approach 
(b) Normals-to-RGB 

Edges Our Approach 

(c) Edges-to-RGB 

(d) Edges-to-RGB (Multiple Outputs) (e) Normals-to-RGB (Multiple Outputs) 
(d) Edges-to-Shoes (Multiple Outputs) (e) Edges-to-Handbags (Multiple Outputs) 

Figure 5.1: Our approach generates photorealistic output for various “incom-
plete” signals such as a low resolution image, a surface normal map, and
edges/boundaries for human faces, cats, dogs, shoes, and handbags. Importantly,
our approach can easily generate multiple outputs for a given input which was not
possible in previous approaches [197] due to mode-collapse problem. Best viewed
in electronic format.

5.1 Incomplete Input and Multiple Plausible Outputs

We consider the task of generating high-resolution photo-realistic images from in-
complete input such as a low-resolution image, sketches, surface normal map, or
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label mask. Such a task has a number of practical applications such as upsam-
pling/colorizing legacy footage, texture synthesis for graphics applications, and se-
mantic image understanding for vision through analysis-by-synthesis. These prob-
lems share a common underlying structure: a human/machine is given a signal that
is missing considerable details, and the task is to reconstruct plausible details. Con-
sider the edge map of cat in Figure 5.1-c. When we humans look at this edge map,
we can easily imagine multiple variations of whiskers, eyes, and stripes that could
be viable and pleasing to the eye. Indeed, the task of image synthesis has been well
explored, not just for its practical applications but also for its aesthetic appeal.

GANs: Current state-of-the-art approaches rely on generative adversarial net-
works (GANs) [147], and most relevant to us, conditional GANS that generate image
conditioned on an input signal [89,197,342]. We argue that there are two prominent
limitations to such popular formalisms: (1) First and foremost, humans can imagine
multiple plausible output images given a incomplete input. We see this rich space
of potential outputs as a vital part of the human capacity to imagine and generate.
Conditional GANs are in principle able to generate multiple outputs through the
injection of noise, but in practice suffer from limited diversity (i.e., mode collapse)
(Fig. 5.2). Recent approaches even remove the noise altogether, treating conditional
image synthesis as regression problem [68]. (2) Deep networks are still difficult to
explain or interpret, making the synthesized output difficult to modify. One impli-
cation is that users are not able to control the synthesized output. Moreover, the right
mechanism for even specifying user constraints (e.g., “generate an cat image that
looks like my cat”) is unclear. This restricts applicability, particularly for graphics
tasks.

Nearest-neighbors: To address these limitations, we appeal to a classic learn-
ing architecture that can naturally allow for multiple outputs and user-control: non-
parametric models, or nearest-neighbors (NN). Though quite a classic approach [100,
128, 178, 204], it has largely been abandoned in recent history with the advent of
deep architectures. Intuitively, NN works by requiring a large training set of pairs
of (incomplete inputs, high-quality outputs), and works by simply matching the an
incomplete query to the training set and returning the corresponding output. This
trivially generalizes to multiple outputs throughK-NN and allows for intuitive user
control through on-the-fly modification of the training set - e.g., by restricting the
training examplars to those that “look like my cat”. In practice, there are several
limitations in applying NN for conditional image synthesis. The first is a practical
lack of training data. The second is a lack of an obvious distance metric. And the
last is a computational challenge of scaling search to large training sets.

Approach: To reduce the dependency on training data, we take a compositional
approach by matching local pixels instead of global images. This allows us to syn-
thesize a face by matching “copy-pasting” the eye of one training image, the nose
of another, etc. Compositions dramatically increases the representational power
of our approach: given that we want to synthesize an image of K pixels using N
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(a) Edges-to-Shoes 

(b) Edges-to-Cats-and-Dogs 

Figure 5.2: Mode collapse problem for GANs: We ran pix-to-pix pipeline of Isola
et al. [197] 72 times. Despite the random noise set using dropout at test time, we
observe similar output generated each time. Here we try to show 6 possible diverse
examples of generation for a hand-picked best-looking output from Isola et al. [197].

training images (with K pixels each), we can synthesize an exponential number
(NK)K of compositions, versus a linear number of global matches (N). A signifi-
cant challenge, however, is defining an appropriate feature descriptor for matching
pixels in the incomplete input signal. We would like to capture context (such that
whisker pixels are matched only to other whiskers) while allowing for composi-
tionality (left-facing whiskers may match to right-facing whiskers). To do so, we
make use of deep features, as described below.

Pipeline: Our precise pipeline (Figure 5.3) works in two stages. (1) We first
train an initial regressor (CNN) that maps the incomplete input into a single out-
put image. This output image suffers from the aforementioned limitations - it is
a single output that will tend to look like a “smoothed” average of all the poten-
tial images that could be generated. (2) We then perform nearest-neighbor queries
on pixels from this regressed output. Importantly, pixels are matched (to regressed
outputs from training data) using a multiscale deep descriptor that captures the
appropriate level of context. This enjoys the aforementioned benefits - we can ef-
ficiently match to an exponential number of training examples in an interpretable
and controllable manner. Finally, an interesting byproduct of our approach is the
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Input Stage-1: Regression Stage-2: Contextual Copy-Pasting 

qi	 pi	

[	 ]	…	

Pixel Representation 

Figure 5.3: Overview of pipeline: Our approach is a two-stage pipeline. The first
stage directly regresses an image from an incomplete input (using a CNN trained
with l2 loss). This image will tend to look like a “smoothed” average of all the po-
tential images that could be generated. In the second stage, we look for matching
pixels in similarly-smoothed training images. Importantly, we match pixels using
multiscale descriptors that capture the appropriate levels of context (such that eye
pixels tend to match only to eyes). To do so, we make use of off-the-shelf hypercol-
umn features extracted from a CNN trained for semantic pixel segmentation. By
varying the size of the matched set of pixels, we can generate multiple outputs (on
the right).

generation of dense, pixel-level correspondences from the training set to the final
synthesized outputs.

5.2 Parametric and Non-Parametric Models

Our work is inspired by a large body of work on discriminative and generative mod-
els, nearest neighbors architectures, pixel-level tasks, and dense pixel-level corre-
spondences. We provide a broad overview, focusing on those most relevant to our
approach.

Synthesis with CNNs: Convolutional Neural Networks (CNNs) have enjoyed
great success for various discriminative pixel-level tasks such as segmentation [21,
267], depth and surface normal estimation [21,23,102,103], semantic boundary de-
tection [21,478] etc. Such networks are usually trained using standard losses (such
as softmax or l2 regression) on image-label data pairs. However, such networks do
not typically perform well for the inverse problem of image synthesis from a (incom-
plete) label, though exceptions do exist [68]. A major innovation was the introduc-
tion of adversarially-trained generative networks (GANs) [147]. This formulation
was hugely influential in computer visions, having been applied to various image
generation tasks that condition on a low-resolution image [89, 244], segmentation
mask [197], surface normal map [454] and other inputs [71, 189, 342, 468, 492, 512].
Most related to us is Isola et al. [197] who propose a general loss function for ad-
versarial learning, applying it to a diverse set of image synthesis tasks.

Interpretability and user-control: Interpreting and explaining the outputs of
generative deep networks is an open problem. As a community, we do not have a
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clear understanding of what, where, and how outputs are generated. Our work is
fundamentally based on copy-pasting information via nearest neighbors, which ex-
plicitly reveals how each pixel-level output is generated (by in turn revealing where
it was copied from). This makes our synthesized outputs quite interpretable. One
important consequence is the ability to intuitively edit and control the process of
synthesis. Zhu et al. [510] provide a user with controls for editing image such as
color, and outline. But instead of using a predefined set of editing operations, we
allow a user to have an arbitrarily-fine level of control through on-the-fly editing of
the exemplar set (E.g., “resynthesize an image using the eye from this image and
the nose from that one”).

Correspondence: An important byproduct of pixelwise NN is the generation of
pixelwise correspondences between the synthesized output and training examples.
Establishing such pixel-level correspondence has been one of the core challenges
in computer vision [76, 214, 256, 268, 460, 504, 507]. Tappen et al. [415] use SIFT
flow [256] to hallucinate details for image super-resolution. Zhou et al. [507] pro-
pose a CNN to predict appearance flow that can be used to transfer information
from input views to synthesize a new view. Kanazawa et al. [214] generate 3D re-
constructions by training a CNN to learn correspondence between object instances.
Our work follows from the crucial observation of Long et al. [268], who suggest
that features from pre-trained convnets can also be used for pixel-level correspon-
dences. In this work, we make an additional empirical observation: hypercolumn
features trained for semantic segmentation learn nuances and details better than
one trained for image classification. This finding helped us to establish semantic
correspondences between the pixels in query and training images, and enabled us
to extract high-frequency information from the training examples to synthesize a
new image from a given input.

Nonparametrics: Our work closely follows data-driven approaches that make
use of nearest neighbors [100, 128, 167, 204, 353, 390]. Hays and Efros [167] match
a query image to 2 million training images for various tasks such as image comple-
tion. We make use of dramatically smaller training sets by allowing for composi-
tional matches. Liu et al. [254] propose a two-step pipeline for face hallucination
where global constraints capture overall structure, and local constraints produce
photorealistic local features. While they focus on the task of facial super-resolution,
we address variety of synthesis applications. Final, our compositional approach is
inspired by Boiman and Irani [42,43], who reconstruct a query image via composi-
tions of training examples.

5.3 PixelNN: One-to-Many Mappings

We define the problem of conditional image synthesis as follows: given an input x to
be conditioned on (such as an edge map, normal depth map, or low-resolution im-
age), synthesize a high-quality output image(s). To describe our approach, we fo-
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Low Resolution Image (12x12) Low-frequency to Mid-frequency Mid-frequency to High-frequency Original High Resolution Image 

Figure 5.4: Frequency Analysis: We show the image and its corresponding Fourier
spectrum. Note how the frequency spectrum improve as we move from left to right.
The Fourier spectrum of our final output closely matches that of original high res-
olution image.

Input Exemplar Compositional Correspondences 

Figure 5.5: Exemplar vs. Compositional: Given the output of Stage-1 for low-
resolution to high-resolution, we compare an exemplar output with a compositional
output. On the right hand side, we show correspondences and how 8 global near-
est neighbors have been used to extract different parts to generate output. As an
example, the right eye of first image is copied from the bottom-left nearest neigh-
bor; and the nose and mouth of second image is copied from the top-middle nearest
neighbor.

cus on illustrative task of image super-resolution, where the input is a low-resolution
image. We assume we are given training pairs of input/outputs, written as (xn, yn).
The simplest approach would be formulating this task as a (nonlinear) regression
problem:

min
w
||w||2 +

∑
n

||yn − f(xn;w)||l2 (5.1)

where f(xn;w) refers to the output of an arbitrary (possibly nonlinear) regressor
parameterized with w. In our formulation, we use a fully-convolutional neural net
– specifically, PixelNet [21] – as our nonlinear regressor. For our purposes, this
regressor could be any trainable black-box mapping function. But crucially, such
functions generate one-to-one mappings, while our underlying thesis is that condi-
tional image synthesis should generate many mappings from an input. By treating
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Input Intermediate Output Original Image Input Intermediate Output Original Image 

Figure 5.6: Edges to RGB: Our approach used for faces, cats, and dogs to generate
RGB maps for a given edge map as input. One output was picked from the multiple
generations.

synthesis as a regression problem, it is well-known that outputs tend to be over-
smoothed [203]. In the context of the image colorization task (where the input is a
grayscale image), such outputs tend to desaturated [241,493].

Frequency analysis: Let us analyze this smoothing a bit further. Predicted out-
puts f(x) (we drop the dependance on w to simplify notation) are particularly
straightforward to analyze in the context of super-resolution (where the conditional
inputx is a low-resolution image). Given a low-resolution image of a face, there may
exist multiple textures (e.g., wrinkles) or subtle shape cues (e.g., of local features
such as noses) that could be reasonably generated as output. In practice, this set of
outputs tends to be “blurred” into a single output returned by a regressor. This can
be readably seen in a frequency analysis of the input, output, and original target
image (Fig. 5.4). In general, we see that the regressor generates mid-frequencies
fairly well, but fails to return much high-frequency content. We make the opera-
tional assumption that a single output suffices for mid-frequency output, but mul-
tiple outputs are required to capture the space of possible high-frequency textures.

Exemplar Matching: To capture multiple possible outputs, we appeal to a clas-
sic non-parametric approaches in computer vision. We note that a simple K-nearest-
neighbor (KNN) algorithm has the trivially ability to report backK outputs. How-
ever, rather than using a KNN model to return an entire image, we can use it to
predict the (multiple possible) high-frequencies missing from f(x):

Global(x) = f(x) +
(
yk − f(xk)

)
where

k =n Dist
(
f(x), f(xn)

)
(5.2)

whereDist is some distance function measuring similarity between two (mid-frequency)
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Input Intermediate Output Original Image Input Intermediate Output Original Image 

Figure 5.7: Normals to RGB: Our approach used for faces, cats, and dogs to generate
RGB maps for a given surface normal map as input. One output was picked from
multiple generations.

Input Intermediate Output Original Image Input Intermediate Output Original Image 

Figure 5.8: Low-Resolution to High-Resolution: We used our approach for hallu-
cinating 96×96 images from an input 12×12 low-resolution image. One output was
picked from multiple generations.

reconstructions. To generate multiple outputs, one can report back theK best matches
from the training set instead of the overall best match.

Compositional Matching: However, the above is limited to report back high
frequency images in the training set. As we previously argued, we can synthe-
size a much larger set of outputs by copying and pasting (high-frequency) patches
from the training set. To allow for such compositional matchings, we simply match
individual pixels rather than global images. Writing fi(x) for the ith pixel in the
reconstructed image, the final composed output can be written as:

Compi(x) = fi(x) +
(
yjk − fj(xk)

)
where

(j, k) =m,n Dist
(
fi(x), fm(xn)

)
(5.3)

where yjk refers to the output pixel j in training example k.
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Input Output-1 Output-2 Original Image Output-3 Output-4 Output-5 Output-6 Output-7 

Figure 5.9: Edges-to-Shoes: Our approach used to generate multiple outputs of
shoes from the edges. We picked seven distinct examples from multiple genera-
tions.

Input Output-1 Output-2 Original Image Output-3 Output-4 Output-5 Output-6 Output-7 

Figure 5.10: Edges-to-Bags: Our approach used to generate multiple outputs of
bags from the edges. We picked seven distinct examples from multiple generations.

Distance functions: A crucial question in non-parametric matching is the choice
of distance function. To compare global images, contemporary approaches tend
to learn a deep embedding where similarity is preserved [32, 73, 267]. Distance
functions for pixels are much more subtle (5.3). In theory, one could also learn
a metric for pixel matching, but this requires large-scale training data with dense
pixel-level correspondances.

Pixel representations: Suppose we are trying to generate the left corner of an
eye. If our distance function takes into account only local information around the
corner, we might mistakenly match to the other eye or mouth. If our distance func-
tion takes into account only global information, then compositional matching re-
duces to global (exemplar) matching. Instead, we exploit the insight from previous
works that different layers of a deep network tend to capture different amounts
of spatial context (due to varying receptive fields) [21, 23, 162, 345, 378]. Hyper-
column descriptors [162] aggregate such information across multiple layers into a
highly accurate, multi-scale pixel representation (visualized in Fig. 5.3). We con-
struct a pixel descriptor using features from conv-{12, 22, 33, 43, 53} for a PixelNet
model trained for semantic segmentation (on PASCAL Context [302]). To measure
pixel similarity, we compute cosine distances between two descriptors. We visu-
alize the compositional matches (and associated correspondences) in Figure. 5.5.
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Finally, Figure 5.6, Figure 5.7, and Figure 5.8 shows the output of our approach for
various input modalities.

Efficient search: We have so far avoided the question of run-time while do-
ing nearest neighbor search in pixel-space. Run-time performance is another rea-
son why generative models are more popular than nearest neighbors. To speed up
search, we made some non-linear approximations: Given a reconstructed image
f(x), we first (1) find the global K nearest neighbors using conv-5 features and then
(2) search for pixel-wise matches only in a T×T pixel window around pixel i in this
set ofK images. In practice, we varyK from {1, 2, .., 10} and T from {1, 3, 5, 10, 96}
and generate 72 candidate outputs for a given input. Because the size of synthesized
image is 96×96, our search parameters include both a fully-compositional output
(K = 10, T = 96) and a fully global exemplar match (K = 1, T = 1) as candidate
outputs. Figure 5.9, Figure 5.10, and Figure 5.11 show examples of multiple outputs
generated using our approach by simply varying these parameters.

5.4 Quantitative Analysis

We now present our findings for multiple modalities such as a low-resolution image
(12×12 image), a surface normal map, and edges/boundaries for domains such as
human faces, cats, dogs, handbags, and shoes. We compare our approach both
quantitatively and qualitatively with the recent work of Isola et al. [197] that use
generative adversarial networks for pixel-to-pixel translation.
Dataset: We conduct experiments for human faces, cats and dogs, shoes, and hand-
bags using various modalities.
Human Faces We use 100, 000 images from the training set of CelebA dataset [261]
to train a regression model and do nearest neighbors. We used the subset of test
images to evaluate our approach. The images were resized to 96×96 following Gu-
cluturk et al. [154].
Cats and Dogs: We use 3, 686 images of cats and dogs from the Oxford-IIIT Pet
dataset [329]. Of these 3, 000 images were used for training, and remaining 686
for evaluation. We used the bounding box annotation made available by Parkhi et
al. [329] to extract head of the cats and dogs.

For human faces, and cats and dogs, we used the pre-trained PixelNet [21] to
extract surface normal and edge maps. We did not do any post-processing (NMS)
to the outputs of edge detection.
Shoes & Handbags: We followed Isola et al. [197] for this setting. 50, 000 training
images of shoes were used from [488], and 137, 000 images of Amazon handbags
from [510]. The edge maps for this data was computed using HED [478] by Isola
et al. [197].
Qualitative Evaluation: Figure 5.12 shows the comparison of our nearest-neighbor
based approach (PixelNN) with Isola et al. [197] (Pix-to-Pix).
Quantitative Evaluation: We quantitatively evaluate our approach to measure if
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Input Output-1 Output-2 Output-4 Output-3 Output-4 Output-1 Output-2 Output-3 Input 

Figure 5.11: Multiple Outputs for Edges/Normals to RGB: Our approach used to
generate multiple outputs of faces, cats, and dogs from the edges/normals. As an
example, note how the subtle details such as eyes, stripes, and whiskers of cat (left)
that could not be inferred from the edge map are different in multiple generations.

Input Pix-to-Pix PixelNN Input Pix-to-Pix PixelNN 

Input Pix-to-Pix PixelNN Input Pix-to-Pix PixelNN Input Pix-to-Pix PixelNN 

Input Pix-to-Pix PixelNN 

Figure 5.12: Comparison of our approach with Pix-to-Pix [197].

Mean Median RMSE 11.25◦ 22.5◦ 30◦ AP

Human Faces
Pix-to-Pix [197] 17.2 14.3 21.0 37.2 74.7 86.8 0.34
Pix-to-Pix [197] (Oracle) 15.8 13.1 19.4 41.9 78.5 89.3 0.34
PixelNN (Rand-1) 12.8 10.4 16.0 54.2 86.6 94.1 0.38
PixelNN (Oracle) 10.8 8.7 13.5 63.7 91.6 96.7 0.42

Cats and Dogs
Pix-to-Pix [197] 14.7 12.8 17.5 42.6 82.5 92.9 0.82
Pix-to-Pix [197] (Oracle) 13.2 11.4 15.7 49.2 87.1 95.3 0.85
PixelNN (Rand-1) 16.6 14.3 19.8 36.8 76.2 88.8 0.80
PixelNN (Oracle) 13.8 11.9 16.6 46.9 84.9 94.1 0.92

Table 5.1: Normals-to-RGB We compared our approach, PixelNN, with the GAN-
based formulation of Isola et al. [197] for human faces, and cats and dogs. We
used an off-the-shelf PixelNet model trained for surface normal estimation and edge
detection. We use the output from real images as ground truth surface normal and
edge map respectively.
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AP Mean Median RMSE 11.25◦ 22.5◦ 30◦

Human Faces
Pix-to-Pix [197] 0.35 12.1 9.6 15.5 58.1 88.1 94.7
Pix-to-Pix [197] (Oracle) 0.35 11.5 9.1 14.6 61.1 89.7 95.6
PixelNN (Rand-1) 0.38 13.3 10.6 16.8 52.9 85.0 92.9
PixelNN (Oracle) 0.41 11.3 9.0 14.4 61.6 90.0 95.7

Cats and Dogs
Pix-to-Pix [197] 0.78 18.2 16.0 21.8 32.4 71.0 85.1
Pix-to-Pix [197] (Oracle) 0.81 16.5 14.2 19.8 37.2 76.4 89.0
PixelNN (Rand-1) 0.77 18.9 16.4 22.5 30.3 68.9 83.5
PixelNN (Oracle) 0.89 16.3 14.1 19.6 37.6 77.0 89.4

Table 5.2: Edges-to-RGB: We compared our approach, PixelNN, with the GAN-
based formulation of Isola et al. [197] for human faces, and cats and dogs. We
used an off-the-shelf PixelNet model trained for edge detection and surface normal
estimation. We use the output from real images as ground truth edges and surface
normal map.

Input User Input: similar to 
Egyptian Mau 

User Input: similar to 
Maine Coon 

User Input: similar to 
British Shorthair 

User Input: similar to 
Abyssinian/Egyptian Mau 

User Input: similar to 
Yorkshire Terrier 

Figure 5.13: Controllable synthesis: We generate the output of cats given a user
input from a edge map. From the edge map, we do not know what type of cat it is.
A user can suggest what kind of the output they would like, and our approach can
copy-paste the information.

our generated outputs for human faces, cats and dogs can be used to determine
surface normal and edges from an off-the-shelf trained PixelNet [21] model for sur-
face normal estimation and edge detection. The outputs from the real images are
considered as ground truth for evaluation as it gives an indication of how far are
we from them. Somewhat similar approach is used by Isola et al. [197] to mea-
sure their synthesized cityscape outputs and compare against the output using real
world images, and Wang and Gupta [454] for object detection evaluation.

We compute six statistics, previously used by [23,102,123,452], over the angular
error between the normals from a synthesized image and normals from real image
to evaluate the performance – Mean, Median, RMSE, 11.25◦, 22.5◦, and 30◦ – The
first three criteria capture the mean, median, and RMSE of angular error, where
lower is better. The last three criteria capture the percentage of pixels within a given
angular error, where higher is better. We evaluate the edge detection performance
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using average precision (AP).
Table 5.1 and Table 5.2 quantitatively shows the performance of our approach

with [197]. Our approach generates multiple outputs and we do not have any direct
way of ranking the outputs, therefore we show the performance using a random
selection from one of 72 outputs, and an oracle selecting the best output. To do a fair
comparison, we ran trained models for Pix-to-Pix [197] 72 times and used an oracle
for selecting the best output as well. We observe that our approach generates better
multiple outputs as performance improves significantly from a random selection to
oracle as compared with Isola et al. [197]. Our approach, though based on simple
nearest neighbors, achieves result quantitatively and qualitatively competitive (and
many times better than) with state-of-the-art models based on GANs and produce
outputs close to natural images.

5.4.1 Human-Controllable Synthesis

Finally, NN provides a user with intuitive control over the synthesis process. We
explore a simple approach based on on-the-fly pruning of the training set. Instead
of matching to the entire training library, a user can specify a subset of relevant
training examples. Figure 5.13 shows an example of controllable synthesis. A user
“instructs” the system to generate an image that looks like a particular cat-breed by
either denoting the subset of training examplars (e.g., through a subcategory label),
or providing an image that can be used to construct an on-the-fly neighbor set.

5.4.2 Limitations of Semi-Parametric Representation

Failure cases: Our approach mostly fails when there are no suitable nearest neigh-
bors to extract the information from. Figure 5.14 shows some example failure cases
of our approach. One way to deal with this problem is to do exhaustive pixel-wise
nearest neighbor search but that would increase the run-time to generate the out-
put. We believe that system-level optimization such as Scanner1, may potentially
be useful in improving the run-time performance for pixel-wise nearest neighbors.

5.5 Beyond Synthesis: Understanding CNNs

We extend PixelNN to Compositional Nearest Neighbor (CompNN), a simple ap-
proach to visually interpret the representations learned by a CNN for pixel-level
tasks. Different from existing visual interpretation methods [39, 122, 237, 277, 318],
CompNN reconstructs a query image by retrieving similar image patches from
training exemplars and rearranging them spatially to match the query. To do so,
CompNN matches image patches using feature embeddings extracted from differ-
ent layers of the CNN. Because such a reconstruction provides patch correspon-

1https://github.com/scanner-research/scanner
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Figure 5.14: Failure Cases: We show some failure cases for different input types. Our
approach mostly fails when it is not able to find suitable nearest neighbors.

dences between the query image and training exemplars, they can also be used
to transfer labels from training exemplars. From this perspective, CompNN also
provides a reconstruction of the CNN output. While CompNN can operate by ex-
haustively searching for the most similar patches, it uses a patch-match-like [28]
algorithm that uses patch representations extracted from the learned embeddings
by the CNN. This patch-match mechanism allows CompNN to efficiently compute
patch correspondences between an input image and images from the training set.
CompNN computes these correspondences efficiently because the learned embed-
dings by the CNN can vary smoothly: an input patch centered at (x, y) with a corre-
sponding patch from a training image centered at (i, j) likely has a neighbor patch
centered at (x+ 1, y+ 1) with a corresponding patch centered at (i+ 1, j + 1). This
property is crucial for a patch-match-like algorithm since it exploits this property
to speed-up the nearest-neighbor search.

In contrast to interpreting the embeddings by retrieving the most similar in-
stance from the training set, composing an image by arranging image patches from
a training set enables an exponential range of possible images that can be gener-
ated. This is because CompNN has at hand (NK)K image patches from a training
set, where K is the number of patches one can extract from an image and N is
the number of training images. Furthermore, patch correspondences are useful be-
cause not only they enable the reconstruction of both the input and output images,
but also allow a user to understand how a CNN may behave on never-before-seen
data, establish semantic correspondences between a pair of images, and generate an
output image with different properties by changing the set of images in the training
set. This latter feature is useful to understand and possibly correct the implicit bias
in a CNN.

5.5.1 CompNN: Compositional Nearest Neighbors

The general idea of Compositional Nearest Neighbors (CompNN) is to establish
patch correspondences between the input image and patches from images in the
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Figure 5.15: Overview of the steps in Compositional Nearest Neighbors (CompNN)
for (a) labels to images and (b) images to labels. Given an input patch (double-
colored-stroked squares) in the top-left image at the top row, CompNN searches
in the training set for the most similar patches (top row of training pairs 1 & 2
columns). Then, to reconstruct the output image, CompNN copies the patches from
to target images (bottom row of training pairs 1 & 2 columns) and pastes them in
the canvas of the output images. CompNN applies the same procedure to recon-
struct the input image but copies information from the input training images. Patch
correspondences are color coded.

training set. Given these correspondences, CompNN will sample patches from the
training set and assemble them to generate a coherent image. Because our focus is to
study encoder-decoder architectures that map an image into another image domain,
we assume that the training set contains pairs of images that are aligned pixel-wise.
For instance, in the segmentation problem, every pixel in the input image is assigned
a class label. Thanks to this setting, CompNN can generate images for resembling
the CNN’s input and output images.

Establishing patch correspondences requires a representation of the patches and
a similarity or distance function. Similar to a Nearest Neighbor (NN) approach,
CompNN will search for patches in the training set that are the most similar or prox-
imal in the patch representation space. We use the learned embeddings learned by
the network to represent patches and a cosine distance to compare these represen-
tations. Fig. 5.15 illustrates the overall steps that CompNN performs to compute
patch correspondences and generating images.

5.5.2 Extracting Patch Representations from the CNN Embeddings

A key ingredient of CompNN is the patch representation. We extract patch rep-
resentations from the activation tensors of a particular layer in a CNN with an
encoder-decoder architecture. We assume that a CNN for pixel-level tasks or spa-
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Figure 5.16: We extract patch representations from the activation tensors of a partic-
ular layer in the network by grabbing “hyperpatches” (dashed orange rectangular
prism). The width wi and height hi of these hyperpatches at layer i depend on the
filter sizes of layer i and layer type. To extract a patch representation from a de-
coder layer, we identify the entries in the activation tensor that contribute to the
pixels of the patch in the output image. For instance, a 2 × 2 patch in the output
image requires a 2× 2× d1 hyperpatch from the activation tensor that is the input
to Decoder 0 layer, assuming that Decoder 0 layer applies transposed-convolution
using 2 × 2 filters. When the hyperpatch belongs to the encoder, then we iden-
tify its corresponding decoder layer (orange arrow) and use the same hyperpatch
dimensions.

tial predictions learns an embedding for every layer in the network. We consider a
layer in this work to involve convolutional layers, batch normalizations, and pooling
operations. We represent an input image patch with a sub-tensor or “hyperpatch”
with dimensions (hi, wi, di) from the activation tensor of the i-th layer. Fig. 5.16
illustrates the setting and computation of the patch representation as well as the
patch in the input image. If the activation tensor for the layer has dimensions of
(Hi,Wi, Di), then hi ≤ Hi, wi ≤Wi, and di = Di.

In practice, we first determine the minimal patch size that is constrained by the
first encoding layer. For instance, if the first encoder layer convolves with 2 × 2 fil-
ters, then the patch size of that layer is 2 × 2. Then, we identify the corresponding
decoder layer of the first encoder layer and we calculate the hyperpatch dimensions
as follows. First, we use the activation tensor which is the input to the identified de-
coder layer. From this activation tensor, we identify the entries that contribute to the
production of the output patch. For instance, the hyperpatch dimension to repre-
sent a 2×2 patch in the output image from the last decoder layer is 2×2×d1, where
d1 is the depth of the input tensor to the last decoder layer that uses transposed con-
volution with 2 × 2 filters. Since many architectures downsample by half in their
encoder sections, then the patch sizes double in size until reaching the bottleneck
of the architecture. For this context, the hyperpatch dimensions for the remaining
decoder layers stay the same. For instance, a 4 × 4 patch corresponding to the sec-
ond encoder layer uses a 2× 2× d2 hyperpatch from the activation tensor which is
the input to the second to last decoder layer.
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Figure 5.17: HyperPatch-Match steps. (a) Random search: Given the query patches
(top-left squares), this step selects patches and images from the training set at ran-
dom; this step is used to initialize the algorithm. (b) Propagation: Given the query
patch in yellow, propagation examines the correspondence of a neighbor patch (or-
ange square). If the neighbor patch (orange square) in image n produces a best
similarity value, then propagation updates the correspondence datum for the yel-
low patch.

5.5.3 Computing Patch Correspondences

The simplest method to establish patch correspondences is by means of an exhaus-
tive search: given an input patch representation, search for the most similiar or
proximal patch representation from the same layer that the input patch represen-
tation was extracted. As discussed earlier, we use the cosine distance to measure
similarity or proximity. This approach mimics 2D convolution. This is because of
two reasons. First, this exhaustive search compares the hyperpatch representing a
patch in the input image with all possible hyperpatches from an activation tensor at
a particular layer. Second, the cosine distance involves a dot product of normalized
hypterpatches, which in turn can be implemented as a convolution operation since
it is a linear operation. Although this search is highly parallelizable, its drawback
is its O(hiwidi) computational cost.

To alleviate this computational cost, we approximate the exhaustive search. In-
spired by the Patch-Match [28], we developed HyperPatch-Match, a method that
approximates the exhaustive search by exploiting the smooth variation that natural
scenes possess. This smooth variation ensures with high probability that an image
patch from the input image centered at pixel q1 = (x, y) with a corresponding patch
from the training set centered at t1 = (i, j) has a neighbor patch (e.g., one centered
at q2 = (x+ 1, y+ 1)) with a corresponding patch in the training set that is a neigb-
hor of the patch centered at t1 (e.g., a neighbor centered at t2 = (i + 1, j + 1)).
Unlike Patch-Match that computes patch correspondences between two images in
the original input image space (e.g., the RGB space), HyperPatch-Match computes
correspondences across a set of several training images with their respective hyper-
patches.

Similar to Patch-Match, HyperPatch-Match has two main steps: random search
and propagation. The random search step randomly selects an image from the train-
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ing set and a patch from the selected image. If the selected patch is most similar to
the current similar patch found, then HyperPatch-Match updates the correspon-
dence for a given input patch by storing the id of the training image and the center
of the patch. On the other hand, the propagation step uses the smooth variation
of natural scenes, which is also maintained in the activation tensors as shown ex-
perimentally in Section 5.6. Given a query patch from the input image centered at
q = (x, y), the propagation step retrieves the current correspondence from a neigh-
bor patch, e.g., q′ = (x+1, y+1)↔ t = (i, j, l), where (i, j) is the center of the patch
from the l-th training image. Then, the propagation step checks if the cosine dis-
tance between q and t′ = (i− i, j− 1, l) produce a smaller distance than the current
one stored for q. If this is the case, the propagation step updates the correspondence
datum. HyperPatch-Match initializes the correspondences at random and repeats
these steps for several iterations. While this approach empirically shows faster re-
sults than an exhaustive search, HyperPatch-Match potentially still needs to check
several images from the training set at random. Note that the random step is the one
in charge of exploring new images in the training set, while the propagation step
only exploits the smooth variation property. Fig. 5.17 illustrates the steps involved
in the proposed HyperPatch-Match method.

To accelerate HyperPatch-Match even more, we used one of the activation ten-
sors from the middle layers as a global image descriptor to select the top k most
similar images and utilize them as the training set for a given query input image.
To select the top k global nearest neighbors, we compare the global image descriptor
of the input image with all the global descriptors of each of the images in the train-
ing set, and keep the kmost similar images. In this way, HyperPatch-Match reduces
the set size of the training images to consider while barely affecting its performance.

5.5.4 Interpreting Pixel-Level CNN Embeddings

Similar to other interpretation methods [31, 276, 490, 500], CompNN assumes that
each layer of the CNN computes an embedding for the input image. Unlike the
existing interpretation methods, CompNN focuses on interpreting the embeddings
learned by CNNs devised for spatial predictions or pixel-level tasks. CompNN can
be interpreted as an inversion method [277]. This is because CompNN reconstructs
the input image given the patch representations extracted from the embeddings
learned at every layer. Unlike existing inversion methods that learn functions that
recover the input image from a representation, CompNN inverts or reconstructs the
input image by exploiting patch correspondences between the input image and im-
ages in the training set. While CompNN can reconstruct the input image, it also
can generate an output image resembling the output of the CNN. Unlike previous
interpretation methods that only focus on understanding representations for im-
age classification, CompNN aims to understand the embeddings that enable the
underlying CNN for spatial predictions tasks to synthesize images.
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5.6 Input and Output Image Reconstructions

In this section we present qualitative and quantitative experiments that assess the
reconstructions for the input and output images of the underlying CNN. For these
experiments we used the U-Net-based Pix2Pix [197] network. Note that the layers
of generator are named by Encoder 1-7 following with Decoder 7-1.

To get all the patch representations, we used the publicly available2 pre-trained
models for the facades and cityscapes datasets. Because we are interested in inter-
preting the embeddings that each of the layers of a CNN learn, we extracted all the
patch representations for every encoder and decoder layers of the training and val-
idation sets; see Sec. 5.5.2 for details on how to extract patch representations from
the activation tensors at each layer.

Given these patch representations, we used HyperPatch-Match to establish cor-
respondences and reconstruct both input and output images, as described in Sec-
tion 5.5.3. We used the top 16 global nearest neighbors to constrain the set used as
the training set for every image in the validation set. To select these global nearest
neighbors, we used the whole tensor from the Decoder-7 (bottleneck feature) as the
global image descriptor. Also, since HyperPatch-Match is an iterative algorithm, we
allowed it to run for 1024 iterations.

The results of the input reconstructions are shown in Fig. 5.18. The first two rows
show reconstructions for a labels-to-image task, while the bottom two rows show
reconstructions for an image-to-labels task. The left column in this Figure shows the
inputs to the network, and the remaining columns show reconstructions computed
from three layers belonging to the encoder and decoder parts of the CNN. Given
that Pix2Pix uses skips connections, i.e., the output of an encoder layer is concate-
nated to the output of a decoder layer to form the input of the subsequent decoder
layer, Fig. 5.18 shows reconstructions of the corresponding encoder and decoder
layers. This means that the activations of Encoder 1 are part of the activations of
Decoder 2.

We can observe in Fig. 5.18 that the first layers of the encoder produce a good
quality reconstruction of the input, an explanation for this observation is that much
of the information to reconstruct the input is still present in the first encoder layer
because only a layer of 2D convolutions has been applied. Surprisingly, the last lay-
ers of the decoder still produce good quality reconstructions. This can be attributed
to the skip connections making both layers (Encoder 1 and Decoder 2) possess the
same amount of information to reconstruct a good quality image. On the other
hand, the reconstructions from the inner layers tend to maintain the structure of
the input image, but the quality of the reconstructions decays as we get closer to the
middle of the U-Net architecture.

The results of the output reconstructions are shown in Fig. 5.19. The column in
the left shows the output image generated by the underlying CNN. The organiza-

2Pix2Pix: https://github.com/affinelayer/pix2pix-tensorflow

121

https://github.com/affinelayer/pix2pix-tensorflow


DRAFT

Input Encoder 1 Encoder 3 Encoder 5 Decoder 6 Decoder 4 Decoder 2
Labels to Im

ages
Im

ages to Labels

Figure 5.18: Input reconstructions using patch representations from encoder and
decoder layers. We can observe that the first layers of the encoder and the last layers
of the decoder produce a good quality reconstruction of the input. On the other
hand, the reconstructions from the inner layers tend to maintain the structure of
the input image, but the quality of the reconstructions decays as we get closer to the
middle layers.

tion of the remaining columns is the same as that of the Fig. 5.18. We can observe
that the reconstructions from the encoder layers present an overall structure of the
output image but lack details that the output image possess. For instance, consider
the first row. The reconstructions from the encoder layers preserve the structure of
the facade, i.e., the color and location of windows and doors. On the other hand, the
reconstructions of the decoder layer possess structural information and more details
present in the output of the network. For instance, in the first row, the output image
contains a wedge depicting the sky. That part is present in the reconstructions of
the decoder layers, but it is not present in the reconstructions of the encoder lay-
ers. Despite the fact that we use an approximation method to speed up the nearest
neighbor search, we can observe that the reconstruction from the last decoder layer
resembles well the image generated by the CNN.

Unlike existing interpretation methods that aim to reconstruct the input image
only, CompNN is also capable of synthesizing an output image that resembles the
generated image by the CNN. This is an important feature because it allows us to
interpret the embeddings in charge of generating the synthesized image. Moreover,
these results show that the smoothness variation of natural scenes is still present in
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Figure 5.19: Output reconstructions using patch representations from encoder and
decoder layers. We can observe that the reconstructions from the encoder layers
present an overall structure of the output image but lack details that the output
image possess. On the other hand, the reconstructions of the decoder layer possess
structural information and more details present in the output of the network.

the activation tensors of both encoder and decoder layers. Thanks to this property,
CompNN is able to compute correspondences efficiently using HyperPatch-Match
and compose an output image.

To evaluate the reconstructions in a quantitative way, we use the reconstructions
from images to labels and assess them by Mean Pixel Accuracy and Mean Intersec-
tion over Union (IoU). For this experiment, we consider Pix2Pix on Facades and
Cityscapes datasets as well as SegNet [14] on the Camvid dataset for the images-to-
labels task. Also, we used HyperPatch-Match to compute correspondences for the
Pix2Pix representations, and used an exhaustive search to compute the correspon-
dences for the SegNet representations. The synthesized labeled-images used patch
representations from the Decoder 2 layer for the Pix2Pix network, and Decoder 4 or
the last layer before the softmax layer for the SegNet network. We trained a SegNet
model for the Camvid dataset using a publicly available tensorflow implementa-
tion 3.

The results for the output reconstructions are shown in Table 5.3. The rows of
the Table show from top to bottom the metrics for the CNN synthesized image (the
baseline); GR (Bottleneck), a reconstruction which simply returns the most similar

3SegNet Implementation: https://github.com/tkuanlun350/Tensorflow-SegNet
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Approach (Mean Pixel Accuracy) (Mean IoU)
Facades Cityscapes Camvid Facades Cityscapes Camvid

Baseline CNN 0.5105 0.7618 0.7900 0.2218 0.2097 0.4443

GR (Bottleneck) -0.1963 -0.1488 -0.2200 -0.1437 -0.0735 -0.1981
GR (FC7) -0.1730 -0.1333 -0.1263 -0.1126 -0.0702 -0.1358
OR (top 1) -0.0102 -0.0545 -0.0350 -0.0253 -0.0277 -0.0720
OR (top 16) +0.0324 -0.0218 – +0.0214 +0.0014 –
OR (top 32) +0.0336 -0.0182 – +0.0232 +0.0011 –
OR (top 64) +0.0343 -0.0171 – +0.0246 +0.0020 –

Table 5.3: Quantitative evidence that CompNN can reconstruct very similar output
images when compared with those of the network. The Table shows metric differ-
ences between the output of the CNN (the baseline) and CompNN reconstructions
(OR) and global reconstructions (GR), which simply return the most similar out-
put image from the training set. Bold entries indicate the closest reconstruction to
the baseline.

Approach IR (top 1) IR (top 16) IR (top 32) IR (top 64)
Facades 0.723 0.837 0.844 0.846

Cityscapes 0.816 0.894 0.898 0.901

Table 5.4: Mean Pixel Accuracy (MPA) for input reconstructions. We compare the
input reconstructions with the original input label images. These results show that
there is a good agreement between the input reconstructions and the original input
label images.

image in the training set using as global feature the bottleneck activation tensor; GR
(FC7), a global reconstructions using the whole activation tensor of the penultimate
layer; and output reconstructions (OR) using top 1, 16, 32, and 64 global images as
the constrained training set for CompNN and HyperPatch-Match. The result for
Camvid dataset which uses exhaustive search is placed in the OR (top 1) row. The
entries in the Table show the metric differences between the reconstructions and the
baseline, and we show in bold the numbers that are closest to the baseline. We can
observe in Table 5.3 that the compositional reconstructions overall tend to be close
enough to those of the baseline. This is because the absolute value of the differences
is small overall. Moreover, we can observe that considering more images in the
training set for HyperPatch-Match tends to improve results; compare Facades and
Cityscapes columns.

To evaluate the input reconstructions, we utilized a similar approach used to
evaluate the output image reconstructions. However, in this case we compared the
input reconstructions with the original input label images only for a Pix2Pix net-
work for labels-to-images task on Facades and Cityscapes datasets. We computed
their agreement by means of the Mean Pixel Accuracy (MPA) metric, and we show
the results in Table 5.4. Note that MPA compares class labels assigned to every pixel.
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We can observe that the MPA is overall high (> 0.7). In particular, we can observe
that considering more top k images in the training set for HyperPatch-Match in-
creases the similarity between the reconstruction and the original input image.
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Part III

Human-Controllable
Representations
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Chapter 6

Human-Controllable Image
Synthesis

input	 output	 input	 output	 input	 output	

input	 outputs	 input	 outputs	

Figure 6.1: Our approach synthesizes images from label maps by non-parametric
matching of shapes, parts, and pixels. We show example results for diverse “in-
the-wild” scenes containing large amounts of variation in object composition and
deformation. We also show multiple outputs generated from a label map using our
approach in the bottom row.

6.1 In-the-Wild Image Synthesis

We introduce a data-driven approach for interactively synthesizing diverse images
from semantic label maps. Specifically, we seek to design a system for in-the-wild
image synthesis that is controllable and interpretable. While content creation is a
compelling task in of itself (a classic goal of computer graphics), image synthesis is
also useful for generating data that can be used to train discriminative visual recog-
nition systems [181]. Synthesized data can be used to explore scenarios that are
difficult or too dangerous to sample directly (e.g., training an autonomous percep-
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Figure 6.2: Limitations of current approaches for images synthesis: (a) Current
image synthesis models tend to be trained on datasets with somewhat limited diver-
sity, such as Cityscapes [80], faces [399], or facades [434]. For example, the average
label mask for Cityscapes [80] reveals redundant structure such as a car hood, road,
and foliage. In contrast, the average image for COCO [253] is much less structured,
suggesting it is a more varied dataset. (b) Indeed, we train state-of-the-art neu-
ral architectures [197, 450] on COCO and observe poor convergence (even after a
month of training!) resulting in a mode collapsed and averaged outputs. (c) In
contrast, our simple matching-based approach can synthesize realistic image con-
tent by matching to exemplar shapes. To generate high-quality images, we find it
crucial to encode scene context and part deformation in the matching process - i.e.,
matching global shapes alone will produce poor images with missing regions due
to shape mismatches.

tion system on unsafe urban scenes [188]). Figure 6.1 shows images synthesized
using our approach, where the input is a semantic label map.

Parametric vs Nonparametric: Current approaches for image synthesis and
editing can be broadly classified into two categories. The first category uses para-
metric machine learning models. The current state-of-the-art [22,68,197,450] relies
on deep neural networks [242] trained with adversarial losses (GANs) [147] or
perceptual losses [203] to create images. These approaches work remarkably well
when trained on datasets with somewhat limited diversity, such as Cityscapes [80],
faces [399], or facades [434]. It is unclear how to extend such approaches for “in-
the-wild” image synthesis or editing: parametric models trained on one data dis-
tribution (e.g. Cityscapes) do not seem to generalize to others (e.g. facades), a
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problem widely known as dataset bias [426]. The second category of work [98, 99,
178, 240, 364] uses non-parametric nearest neighbors to create content. These ap-
proaches have been demonstrated on interactive image editing tasks such as object
insertion [240] or scene completion [167]. Though a large inspiration [178] for our
own work, such approaches have interestingly fallen out of favor in recent history.

Does more data help? A peculiar property of many parametric synthesis meth-
ods is that they do better with less data [22, 147, 197, 342, 492, 512]. The culprit
seems to be that such methods don’t do well on diverse training sets, and in prac-
tice larger training sets tend to be diverse. This behavior is in contrast with truly
non-parametric methods that do better with more data [167]. Figure 6.2-(a)-(b)
highlights the differences between limited and diverse datasets, using illustrative
examples of Cityscapes [80] and COCO [253]. While parametric methods do well
on limited data distributions, they struggle to perform on diverse datasets. Recent
works [49, 328] have attempted to overcome this challenge by using enormously
large model sizes and massive compute (see concurrent work from Park et al [328]
for more discussion on parametric approaches).

Composition by parts: In this work, we make three observations that influence
our final approach; (1) humans can imagine multiple plausible output images given
a particular input label mask. We see this rich space of potential outputs as a vi-
tal part of the human capacity to imagine and generate. Most parametric networks
tend to formulate synthesis as a one-to-one mapping problem and struggle to pro-
vide diverse outputs (a phenomenon also known as mode collapse). Important
exceptions include [24, 68, 136, 513] that generated multiple outputs by employing
various modifications. (2) Visual scenes are exponentially complex due to many
possible compositions of constituent objects and parts. It is tempting to combine
both observations and generate multiple outputs by composing scene elements to-
gether. But these compositions cannot be arbitrary - one cannot freely swap out
a face with a wheel, or place an elephant on a baseball field. Our matching pro-
cess makes use of implicit contextual semantics present in the library of exemplar
label masks. (3) Given an exemplar set of sufficient size, nearest neighbor methods
may still perform well with simple features that are not learned (e.g., pixel values).
We combine our observations to construct an image synthesis system that relies on
exemplar shapes and parts using simple pixel features.

Our Contributions: (1) We study the problem of visual content creation and
manipulation for in-the-wild settings and observe that reliance on parametric mod-
els lead to averaged or mode-collapsed outputs. (2) We present an approach that
utilizes shapes and context to generate images consisting of rigid and non-rigid
objects in varied backgrounds, and different environmental and illumination con-
ditions. (3) We demonstrate the controllable and interpretable aspects of our ap-
proach that enables a user to influence the generation and select examples from
many outputs.
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Figure 6.3: Overview: Given a label map (left), our goal is to generate multiple
plausible images. We make use of hierarchical matching for efficient retrieval of
images, shapes, and parts.
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Figure 6.4: Hierarchical Composition: Given an input label map (left), we show
the outputs of four stages of our non-parametric matching approach. The second
column shows the top-15 global matches for the input. The third column shows the
output of the composition of global shapes extracted using our shape consistency
algorithm. The fourth column shows the improved output by introducing local part
consistency to the previous output. Finally, minute pixel-level holes are filled by our
pixel-consistency algorithm.

6.2 Review: Hierarchical Composition

Our work combines various ideas on shapes, deformable parts, context, and non-
parametric approaches developed in the last two decades. We position each sepa-
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Figure 6.5: Four stages of non-parametric matching: (1) Global Consistency -
Given a semantic label map, we using an indicator vector that tells what categories
are present. This indicator vector helps us to quickly find the relevant examples
from database. This prunes away 99% of exemplar database to get required shapes.
(2) Shape Consistency - We extract various shapes from the input label mask, and
match query shape to shapes within the exemplar set by using a shape-and-context
feature. We show examples of top-5 retrieved shapes for a query shape on left. The
image information from the retrieved shapes is then extracted by considering the
mask of query shape and retrieved shape; (3) Part Consistency - We observe that
global shape retrieved in last stage is missing information about the hands and legs
of the query shape (human in this case). We define a local shape matching ap-
proach that looks in the neighborhood to synthesize parts. The query and top-k
shapes are resized to 256×256, and binned into 16×16 bins with each bin being a
16×16 patch. Each patch is represented by label information contained in it, and
an additional 8 neighboring patches. This provides contextual information about
the surroundings. The parts are looked in an adjacent 112×112 region and the ones
with minimum hamming distance is considered. Pixel Consistency algorithm fol-
lows a similar setup. See section 6.3 for more details.

rately and the specific insights for their particular usage.
Shapes: Shapes [232,281,357] emerge naturally in our world due to its compo-

sitional structure. If we had an infinite data-source with all potential shapes for all
the objects, then our world could be represented by a linear combination of differ-
ent shapes [158, 357]. In this work, we aim to generate images from semantic and
instance label maps as input. Meaningful shapes and contours [33, 161] makes for
an obvious interpretation for such an input.

Non-parametric approaches: In an unconstrained in-the-wild data distribution
consisting of both rigid and non-rigid objects, it becomes non-trivial to model such
shapes for a one-to-many mappings. We, therefore, want to leverage the shape
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information explicitly from the training data in our formulation by simple copy-
pasting. Non-parametric methods [98–100,128,178,204] have been used for texture-
synthesis [99, 100], image super-resolution [128], action recognition [98], or scene
completion [167].

Scene Composites: Our work draws similarity to idea of scene composites [196,
339, 364, 365]. Russell et al [364] use shapes or scene composites to query matches
for semantic segmentation using LabelMe dataset [363]. In another work, Russell
et al [365] use a similar idea of composites for object discovery. Isola and Liu [196]
use this idea of composites for scene parsing and collaging. Recently, Qi et al [339]
used shapes in a semi-parametric form to synthesize images from a semantic la-
bel map. These different approaches [339, 364] on scene composites or shapes are
however constrained to rigid and non-deformable objects from a constrained data-
distribution such as road-side scenarios from LabelMe [363], or Cityscapes [80].
Our work extends the prior work to non-rigid and deformable shapes from an un-
constrained in-the-wild data distribution. Figure 6.2-(c) shows how global shapes
are insufficient, and one needs to consider local information about parts and pixels.

Deformable Objects & Parts: The global shape fitting can be reliably estimated
for non-deformable objects but local shapes or parts [38,113,153] are required when
considering non-rigid objects. Prior work on local components [38], regions [153],
or parts [113,396,484] has largely been focused on recognition. On the other hand,
our work draws insight from ideas on compositional matching [42,109], and we use
the parts, components, and regions for synthesizing images. In this work, we relax
strict shape matching to do local part generation from various global shapes to do
image synthesis. This enables us to consider local information without any explicit
part labels.

Context: Context is a natural and powerful tool to put things in perspective [37,
182]. There is a wide literature on the use of context in computer vision commu-
nity [92,302], and is beyond the scope of this work to illustrate them completely. In
this work, the contextual information comes for free with our input, i.e., semantic
label map. We use this context at both the global and local level to do better and
faster matching of global shapes, parts, and pixels. The contextual information,
while itself remaining in background, enables us to do an effective non-parametric
matching.

User Control: Multiple works [24, 28, 240, 450, 495, 510] in computer graph-
ics and vision literature have demonstrated the importance of user-controlled im-
age operations. Grab-cut [361] enables user-based segmentation of a given scene.
Lalonde et al [240] use a non-parametric approach to insert objects in a given im-
age. Kholgade et al [225] demonstrate a user-controlled 3D object manipulation. In
this work, we demonstrate how shapes can be used naturally and intuitively for a
user-controllable content creation and manipulation.
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Figure 6.6: Non-parametric matching: Our approach generates images from a se-
mantic label map by non-parametric matching of global shapes, local parts, and
pixel-consistency. The above examples contain varying background, cluttered en-
vironment, varying weather and illumination conditions, and multiple rigid and
non-rigid objects in various shapes and forms.

6.3 Shapes and Context

Given a semantic and an instance label map, X , our goal is to synthesize a new im-
age, Y . Our formulation is a hierarchical non-parametric matching ensuring the fol-
lowing stages in order: (1) global scene consistency; (2) instance shape consistency;
(3) local part consistency; and finally (4) minute pixel-level consistency. Figure 6.3
gives an overview of our approach.

Global Scene Consistency: In a big data setup with a hundred thousand and
million examples, doing nearest neighbors could be a time-consuming process. We
make this process faster by using a global indicator vector ( or scene context) to
prune the list of training examples from which the shapes should be extracted. Only
those examples are considered if they fall in one of three categories: (1) their global
image has the same labels as input; (2) the labels in input is its subset; (3) the labels
in input is its superset. This reduces the search space from a hundred thousand
shapes to a few hundreds. We further prune them to top-N images for searching
shapes by computing a global coverage and a pixel coverage score.

A global coverage score is computed to ensure the top-N label maps in the train-
ing set have similar distribution of labels as are in a given query label map. We com-
pute the normalized histogram of labels (both query and training) and compute a
l2 distance between query and training label map. A pixel coverage score is com-
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puted to ensure we select the images with maximum pixel-to-pixel overlap. This
score is computed by aligning a query label map and an example from the training
set, followed by the Hamming distance between them. To make it faster, we resize
the images to 100×100 and then compute the normalized Hamming distance be-
tween the respective labels. We sum both global coverage and pixel coverage scores
and chooseN images in training set with the lowest scores. This use of global scene
context drastically reduces the search space for our non-parametric approach and
enables us to synthesize on everyday computing devices (single-core CPUs instead
of GPUs). Figure 6.5-(left) shows similar examples retrieved by simple matching
of indicator vector.

Instance Shape Consistency: We seek shapes as the first step to define different
components in an image. We are given a shape with a binary mask and semantic
labels. We make a tight bounding box around it and resize it to 50×50. This allows
us to use the shape as a filter to retrieve similar shapes within the exemplar set.
We represent the filter using: (1) a simple mask operator: the part belonging to
the shape is set to 1, and the remaining part is set to −1. This enables us to match
shapes with similar boundaries and details; and (2) a contextual operator: we use
semantic labels for this filter that helps us in getting better matches with a similar
context. We convert the filter to a 2500-dimensional vector.

In summary, we have a mask operator, m, where m[k] ∈ {−1, 1} represents
the value of the kth-index of a 2500-dimensional vector; and similarly, a contextual
operator, v, where v[k] has the associated semantic label. We match a query shape,
(mq, vq), with a ith shape, (mi, vi), in the exemplar set using the scoring function:

Sshape

(
(mq, vq), (mi, vi)

)
=

2500∑
k=1

(
mq[k].mi[k] + I(vq[k] = vi[k])

)
, (6.1)

where I is an indicator function with value 1 when true and zero otherwise. We
ignore the shapes from the exemplar set when the ratio of their aspect-ratio to that
of query shape is either less than 0.5 or greater than 2. Using fixed size filters and
low-res label masks helps us to generate a composite of arbitrarily high resolution
without any extra computational cost. The RGB component for an extracted shape
is its intersection with the query shape, i.e., only pixels active in both extracted and
query shape are considered. Figure 6.5-(middle) shows this part of our algorithm.

Local Part Consistency: Modeling occlusions and deformable aspects of non-
rigid objects in the real world are extremely hard. The problem is even aggravated
with noisy shape inputs. The insufficient shape data and non-rigid objects in the
real world leads to parts and local regions [38]. We seek parts from a few top-
scoring global shapes. Importantly, the part information is required when a global
shape is not able to capture. We extract the knowledge of parts from the global
shapes in a spirit similar to non-parametric texture synthesis [100]. The shape
components are resized to 256×256 so that local information can be well searched.
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Figure 6.7: Parametric vs. Non-parametric: We generate images from an input
label map. The second column shows the output of Pix2Pix [197] trained on COCO
training set. The third column shows the output of our non-parametric hierarchical
matching approach.

We extract a 16×16 patch from the resized global shape template. Local contex-
tual information (similar to HOG [81], or Group-Normalization [469]) is used by
considering the neighboring 8 patches. A patch (p) is, therefore, represented by
a 256×9 = 2304-dimensional vector containing the label information in its region
and surroundings, and p[k] means kth-index of this 2304-dimensional vector. Given
a query part, pq, and ith part, pi, from a selected shape. The parts are scored using:

Spart(pq, pi) =

2304∑
k=1

I(pq[k] = pi[k]). (6.2)

Importantly, we do not need to look in a larger window for part matching as we
have weakly aligned global shapes. Therefore, we restrict the patches to look in a
surrounding 5×5 patch window. This corresponds to the 112×112 pixel window in
a resized global shape template. We copy the RGB component from the best match-
ing patch window. Figure 6.5-(right) shows the part of our algorithm to compute
part-consistency.

Minute Pixel Consistency: The shapes and parts have accounted for most of
the non-parametric image synthesis. However, they do not ensure pixel-level con-
sistency and often end up with minor holes in an image. We enforce a pixel-level
consistency in this process to account for the remaining holes in the synthesized
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Figure 6.8: Multiple Outputs: Our approach can easily generate an exponentially
large number of outputs by changing shapes and parts. We show four outputs gen-
erated for each label map.

image. This process is similar to our part consistency algorithm, except that it is
done on every pixel. Each pixel is represented by a surrounding 11×11 window.
We use the criterion in Eq. 6.2 to compute the similarity between two feature vec-
tors. To expedite this matching, we compute features for a low-res input label map
(128×128) as pixel consistency is ensured to fill minor holes alone. Finally, we look
in the surrounding region of 5×5 from a 128×128 image to fill in the information
as global and local consistency have already been accounted for by shape and part
consistency.

Hierarchical Composition: We combine the information hierarchically from
shapes, parts, and pixels to generate a full image. Figure 6.4 shows the composition
starting from an input label map. Firstly, we find relevant examples using the global
scene context. We then use the instance shape components to fill the major chunk
of the image. The missing information is then filled using the local part consistency.
Finally, the minor holes are filled using the pixel-level consistency. The combination
of these four stages enables us to efficiently generate an image from an input label
mask by simple non-parametric matching.

Qualitative Results: Figure 6.6 shows outputs generated by our approach
for varying background, cluttered environment, varying weather and illumination
conditions, and multiple rigid and non-rigid objects in various shapes and forms.
Figure 6.7 contrasts our approach with Pix2Pix [197].

Multiple-Outputs: A salient aspect of considering shapes and parts in a non-
parametric matching provides multiple outputs for free. We can combine vari-
ous extracted shapes in exponential ways without any extra overhead. We show
multiple examples synthesized for a given label map using our approach in Fig-
ure 6.8. Generating these multiple outputs is not trivial when using parametric
approaches [68,197], and has been a subject of multiple studies [136,513].

User Control: We finally demonstrate the applicability of our approach for
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Figure 6.9: User-Intervention & Manipulation: The first row shows multiple out-
puts generated for a given label map. We insert the shape of elephant in this input
label map to synthesize an elephant on the baseball field. The second row shows mul-
tiple outputs for the modified label map.

a user-controllable content creation in Figure 6.9. Even though it is rare to see an
elephant on the baseball field, our method can quickly generate such an example by
inserting shapes. More importantly, synthesis and manipulation aspects go hand-
in-hand for our approach. A human user can interpret and influence any stage of
synthesis, and can quickly generate a different output by varying a shape. Manip-
ulation naturally emerges in our non-parametric approach without any additional
efforts.

6.4 Quantitative Analysis

Dataset: We use semantic and instance label mask from COCO [253] to study the
problem of in-the-wild image synthesis and manipulation. This dataset consists
of 134 different objects and stuff categories, making it one of the most diverse and
varied publicly available datasets. There are 118, 287 images in the training set (40×
more than Cityscapes [80]), and 5, 000 images in the validation set (100×more than
Cityscapes). We use the paired data of labels and images from the training set to
extract global shapes and synthesize parts and pixels. The images are synthesized
using semantic and instance label masks in the validation set. Our approach does
not require any training, and therefore can use the labels and image component
from anywhere. For the sake of fair comparison with parametric approaches, we
restrict ourselves to COCO training data.

Baselines: To the best of our knowledge, there does not exist a non-parametric
approach that has attempted the problem of the in-the-wild image synthesis from
label maps on this large scale. We, therefore, compare our approach with paramet-
ric approaches: (1). Pix2Pix [197]; and (2). Pix2Pix-HD [450], using their publicly
available codes. The complexity, diversity, and size of this dataset makes it a com-
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putational challenge for a generative parametric approach to deal with. Training
a vanilla Pix2Pix model took 20 days on a single Nvidia Titan-X GPU. With the
same computation, we trained a Pix2Pix-HD model for a month but did not ob-
serve any convergence. It may be possible that a reasonable Pix2Pix-HD model
be trained if we let the training go longer for an extra month or two, or use ad-
vanced computational resources. It may also be due to the design of architecture
and hyper-parameters specifically suited for Cityscapes, and that efforts are re-
quired to tune hyper-parameters to make it work for a large and diverse dataset
as COCO. It is, for this reason, we also use Cityscapes to contrast our approach
with prior works [68, 197, 339, 450] for the sake of fair comparison. Additionally,
we resize our generated outputs to 256 × 256 just to make a fair comparison with
Pix2Pix on COCO. However, we can generate outputs having the same resolution
as that of input label masks without any increase in compute.

FID Scores: We compute FID scores [179] using the images generated from
different approaches. Lower FID values suggest more realism. Table 6.1 contrast
FID scores computed on generated images (COCO) with Pix2Pix and Pix2Pix-HD
(resized to 256×256 and 64×64 resolution). Without using any oracle, the top-1 ex-
ample generated from our approach significantly outperforms the prior work. Ad-
ditionally, note the performance improvement due to each stage in our hierarchical
composition.

Method #examples Oracle FID score FID score
(256×256) (64×64)

Pix2Pix [197] 1 7 70.43 41.45
Pix2Pix-HD [450] 1 7 157.13 109.49

Ours (shapes) 1 7 37.26 23.22
Ours (shapes+parts) 1 7 32.62 18.02
Ours (shapes+parts+pixels) 1 7 31.63 16.61

Table 6.1: FID Scores on COCO: We compute FID score [179] to contrast the real-
ism in outputs produced by different approaches. Lower FID values suggest more
realism. We observe that our approach outperforms prior approaches significantly.
We also demonstrate how different stages in our hierarchical composition lead to
better outputs.

Mask-RCNN Scores: We use a pre-trained Mask-RCNN [169] to study the
quality of synthesis on COCO [253] for Pix2Pix and our approach. This model is
trained for 80 object categories of the COCO dataset. While it is trained for instance-
segmentation, we use its output and convert it to semantic labels for consistency in
evaluation. Our goal is to observe if we can get the same class labels from the syn-
thesized images as one would expect from a real image. We, therefore, run it on
original images from the validation set and use these pseudo semantic labels as
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ground truth for evaluation. Next, we run it on synthesized images and contrast
them with the labels from the original image. To measure the performance, we use
three criteria: (1) mean pixel accuracy (PC); (2) mean class accuracy (AC); (3)
mean intersection over union (IoU). Higher the score for each of the criteria, bet-
ter is the quality of synthesis. Table 6.2 contrasts the performance of our approach
with Pix2Pix and demonstrates substantially better results. Our performance im-
proves when an oracle is used to select the best from five outputs. Note that top-100
exemplar matches are used for instance-shape matching in this experiment.

Method #examples Oracle PC AC IoU

Parametric
Pix2Pix [197] 1 7 17.9 8.9 4.9

Non-Parametric
Ours 1 7 44.5 31.0 20.9
Ours 5 X 58.2 41.2 31.4

Table 6.2: Mask-RCNN Scores on COCO: We use a pre-trained Mask-RCNN
model [169] to study the quality of image synthesis. We run it on synthesized im-
ages and contrast them with the labels from the original image. To measure the
performance, we use three criteria: (1) mean pixel accuracy (PC); (2) mean class
accuracy (AC); (3) mean intersection over union (IoU). Higher the score for each
of the criteria, better is the quality of synthesis. We outperform Pix2Pix. The per-
formance further improves significantly when an oracle is used to select from five
examples.

Human Studies: We did human studies on a randomly selected 500 images.
We show the outputs of Pix2Pix, Pix2Pix-HD, and our approach (randomly picked
one output from multiple) to human subjects for as much time as they need to make
a decision. We asked them to choose one that looks close to a real image. The users
were advised to use ‘none of these’ if all approaches are consistently wrong. 51.2%
times user picked an output generated from our method, 7.8% times the outputs
from Pix2Pix, and preferred ‘none of these’ 41% times. The human studies suggest
that while our approach is most likable, there are still many situations where our
method produced undesirable outputs.

Cityscapes: Table 6.3 contrasts the performance of our approach with prior
approaches [68, 197, 339, 450] that have specifically demonstrated on Cityscapes.
Except for Pix2Pix, we used publicly available results for this evaluation. Our ap-
proach is competitive to prior parametric and semi-parametric approaches with just
25 exemplar matches to extract shapes and parts to compose a new image from
semantic labels. The performance improves when using an oracle to select best
amongst the 5 generated outputs. Our performance may further improve as we
increase the number of global images to do shape and part extraction.
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Method #examples Oracle PC AC IoU

Parametric
Pix2Pix [197] 1 7 72.5 29.5 24.6
CRN [68] 1 7 49.0 22.5 18.2
Pix2Pix-HD [450] 1 7 79.0 43.3 37.8

Semi-Parametric
SIMS [339] 1 7 68.6 35.1 28.1

Non-Parametric
Ours (top-25) 1 7 67.1 38.0 30.5
Ours (top-25) 5 X 71.3 39.6 32.4

Table 6.3: PSP-Net Scores on Cityscapes: We use a pre-trained PSP-Net
model [497] to evaluate the quality of synthesized images (1024×2048). This model
is trained for semantic segmentation on cityscapes. We run the synthesized images
through this model and generate a semantic label map for each image. The seman-
tic label map from the synthesized images is contrasted with the semantic label
map from the original image. We compute three statistics for each approach: (1)
Mean Pixel Accuracy (PC); (2) Mean Class Accuracy (AC); (3) Mean intersection
over union (IoU). For each of these criteria- higher the score, better is the quality
of synthesis. With just 25 exemplar matches to extract shapes and parts, our non-
parametric approach is competitive to the parametric models and semiparametric
models.

6.5 OpenShapes: User-Controls

OpenShapes is a web interface (Figure 6.10) that allows a human-user to conceive
their thoughts by creating a coarse label map on the canvas (plain white sheet on the
left side in Figure 6.10). There are 150 different object-background categories that
a user can select from (right side in Figure 6.10). We use paint-brush to fill back-
ground categories. The paint-brush is of varying size (Brush Size in Figure 6.10).
The user selects the paint brush and a category of interest. Figure 6.11 shows a user
filling the canvas with sea category. Once the canvass is filled, the user calls Create
on the top-left as shown in Figure 6.12. The system generates 5 different outputs
for the input created by the user as shown in Figure 6.13. The user can vary inputs
by changing different background categories as shown in Figure 6.14, Figure 6.15,
and Figure 6.16. We provide a drag-and-drop tool that enables a user to add objects
on the canvas. There are multiple shapes for each object provided in the system
(shown in the right side of Figure 6.17). The user selects the desired shape that
appears on the left-side of the canvas, and can appropriately position it as shown
in Figure 6.18. After calling create, the system generates different outputs. More
instances of same object or more objects can be added on the canvas (Figure 6.19).
Objects can be resized and appropriately positioned as desired by the user as shown
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Figure 6.10: OpenShapes Interface: OpenShapes is a web interface that allows a
human-user to conceive their thoughts by creating a coarse label map on the canvas
(plain white sheet on the left side). There are 150 different object-background cate-
gories that a user can select from (right side). We use paint-brush to fill background
categories. The paint-brush is of varying size (Brush Size.

in Figure 6.20. Figure 6.21 shows multiple outputs generated by the system for the
user-input. We have other functionalities such as undo, redo, download, and clear on
the left side. The different examples shown here are for the desktop-version of the
application. We also have a user-interface and a version for mobile phones that al-
lows a user to fill the canvas using fingers (Figure 6.22). OpenShapes enables us to
synthesize images on everyday computational resources without requiring exten-
sive computational power. It runs on a single-core CPU and generates 5 outputs
of 512 × 512 resolution for a given input in 10 seconds. A user can also add any
number of new categories to the system without much manual efforts and without
increase in computational resources.
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Figure 6.11: Paint Brush: The user selects a background category (sea in this exam-
ple) and starts filling the canvas (left-side).

Figure 6.12: Create: Once the canvas is filled, a user calls create on the top-left side
of interface.
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Figure 6.13: Multiple Outputs: OpenShapes generate 5 outputs for the given input
(shown below). The right side shows the best scoring output.

Figure 6.14: Varying Inputs: The user can now vary input by using other back-
ground categories. E.g., a user adds sand in the canvas and call create to generate 5
outputs.
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Figure 6.15: Varying Inputs: The user changed the sea with mountains, and call
create to generate 5 outputs.

Figure 6.16: Varying Inputs: The user creates a completely new input by adding
trees and grasses. After pressing create, OpenShapes generates 5 outputs.
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Figure 6.17: Drag-and-Drop Tool: Objects such as dogs, cats etc can be added
to the canvas using drag-and-drop tool. OpenShapes provides multiple shapes of
objects (shown on the right). The user selects the desired shape that appears on the
canvas on the top-left.

Figure 6.18: Positioning Object and Create: The user positions object at the de-
sired location and call create. The system generates 5 different outputs.
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Figure 6.19: More Instances: The user can add more instance of the same object
and can also add more objects. Shown here is adding the same dog in the scene.

Figure 6.20: Varying Size of the Object: The user can resize shape of the object on
the canvas.
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Figure 6.21: Output: After calling create, the system generates 5 outputs for the
given input.

Figure 6.22: User-Interface for a touch-enabled mobile phone: We adapted the
user-interface to account for the screen space and enable a touch-based interface.
As shown here, a user can create the desired input using a finger on their phone.
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Chapter 7

Human-Controllable Video
Exploration

We present simple video-specific autoencoders that enables human-controllable
video exploration. This includes a wide variety of analytic tasks such as (but not
limited to) spatial and temporal super-resolution, object removal, video textures,
average video exploration, and correspondence estimation within and across videos.
Prior work has independently looked at each of these problems and proposed dif-
ferent formulations. In this work, we observe that a simple autoencoder trained
(from scratch) on multiple frames of a specific video enables one to perform a large
variety of video processing and editing tasks. Our tasks are enabled by two key ob-
servations. (1) Latent codes learned by the autoencoder capture spatial and tempo-
ral properties of that video; and (2) Autoencoders can project out-of-sample inputs
onto the video-specific manifold. For e.g. (1) interpolating latent codes enables
temporal super-resolution and user-controllable video textures; (2) manifold re-
projection enables spatial super-resolution, object removal, and denoising without
training for any of the tasks. Finally, a two dimensional visualization of latent codes
via principal component analysis acts as a tool for users to both visualize and intu-
itively control video edits.

7.1 Video Analytics

In this chapter, we demonstrate that simple video-specific autoencoders learn mean-
ingful representations that enable a multitude of video processing tasks, without
being optimized for any specific task. Figure 7.1 shows an example of a video-
specific autoencoder, where a simple autoencoder is trained on 1024× 1024 resolu-
tion frames from an Obama video (300 unordered frames). We use the autoencoder
for both temporal and spatial super-resolution in this video, without even optimiz-
ing for either task. In this work, we illustrate the effectiveness of video-specific au-
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(a) an autoencoder trained on individual frames from an Obama video

(b) temporal super-resolution
interpolated frames

(c) 10x spatial super-resolutionoutput

input

latent code

input reconstruction

encoder decoder

Figure 7.1: (a) Video-Specific Autoencoders: We demonstrate a remarkable num-
ber of video processing tasks enabled by an exceedingly simple video-specific rep-
resentation; an image autoencoder trained on frames from a target video (here, 300
unordered 1024×1024 frames). By interpolating the latent codes of adjacent frames
(and decoding them), one can perform (b) temporal super-resolution. By linearly
upsampling low-res 96× 96 image frames to 1024× 1024 blurry inputs and passing
them through the autoencoder, we can “project” such noisy inputs into the high-res-
video-specific manifold, resulting in high quality 10X (c) super-resolution, even on
subsequent video frames not used for training.

toencoders for a wide assortment of video processing tasks, including frame-level
correspondence within and across videos, video retargeting, average video explo-
ration, video textures, and object removal. Importantly, we observe that latent codes
learned by video-specific autoencoders can provide intuitive controls to a human
operator for interactive video exploration and editing.

Task-Specific vs. Video-Specific Modeling: Decades of research on video pro-
cessing [412] has focused on task-specific models and representations, i.e., if one’s
goal is to see a video in slow-motion, design models or train representations tuned
for temporal super-resolution [202,275]. The same model cannot be used for spatial
super-resolution [456], creating infinitely-looping video textures [370], or interac-
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(a) blooming flower (b) water surfing 

(d) train

(c) motorbike

(e) car (f) dirt-biking

Figure 7.2: Continuous representation without temporal information: We visu-
alize the latent code learned by a video-specific autoencoder via multidimensional
scaling with PCA. We find that video-specific autoencoders learn a temporally con-
tinuous representation without any explicit temporal information. We show this
property for various natural videos such as a blooming flower, a water surfing event,
a baseball game, and bowling. This continuous latent representation allows one to
slow-down or speed-up a video (through latent code resampling) and enables in-
teractive video exploration.

tive visualization of modes in a video [511]. Our approach dramatically differs
from on-going research on video processing because we do not learn task-specific
representations. Instead, we learn a video-specific representation designed to cap-
ture the continuous manifold and latent structure of visual information contained
in that video. To do so, we use a remarkably simple and lightweight approach:
simply train an image-based autoencoder on multiple frames from that video. Our
approach is unique in that we require no large-scale training video corpora, which
can be notoriously difficult to process and learn from. Task-agnostic test-time train-
ing on a specific video is beneficial for three reasons: (1) it naturally adapts to the
spatial and temporal properties of the video; our pipeline works regardless of the
video resolution, frame rate, color space, etc.; (2) it does not inherit the limitations
of optimization and training data; e.g., models trained for single-frame interpola-
tion [262, 265, 311] are non-trivial to extend to multi-frame interpolation (notable
exceptions [202] exist); and (3) it allows human-users to free-form explore and edit
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(a) boxing (b) car drift

(d) judo

(c) horse jumping

(e) parkour (f) soapbox

Figure 7.3: Continuous representation without temporal information: We show
more examples here for various sporting events such as (a) boxing, (b) car drift, (c)
horse jumping, (d) judo, (e) parkour, and (f) soapbox. We observe a continuous
representation even though we did not use temporal ordering or explicit temporal
information.

videos without regard to a pre-defined application.
Video-Specific Autoencoder: An autoencoder trained using individual frames

(without any temporal information) of a specific video via a simple reconstruction
loss learns both spatial and temporal aspects of the video (Figure 7.2, Figure 7.3, Fig-
ure 7.4, and Figure 7.5). Simple operations on its latent code, encoder, and decoder
enables a wide variety of tasks. For e.g. (1) reconstructing the interpolated latent
code of the autoencoder enables temporal super-resolution. We can trivially create a
new video with any desired frame-rate (Figure 7.1-(b)); (2) passing out-of-sample
input images through the autoencoder projects them into the video manifold, en-
abling spatial super-resolution, object removal, and denoising (Figure 7.1-(b)); (3)
a two dimensional visualization of latent codes via principal component analysis
(PCA) acts as a tool for a user to quickly explore the contents of a video, and do av-
erage video exploration (like average image exploration [511]); (4) a simple nearest
neighbor on latent codes combined with the decoder enable us to create arbitrary-
length looping videos (also known as video textures); (5) a simple nearest neighbor
on latent codes allows one to establish correspondences across frames (6) pixel-level
encoder features can be used to enable dense pixel correspondences within a video.
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(a) metronome (b) pushups (c) situps (d) playing cello
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Figure 7.4: Associating Frames within a Repetitive Video: We observe that latent
spaces are able to learn the repetitive motion without using any temporal informa-
tion. We show examples of (a) metronome; (b) pushups; and (c) situps. Latent
spaces are also tuned to capture video-specific subtleties. (d) We show the exam-
ple of woman playing cello and observe that the “stretched-out” hand posture in
down-bow and up-bow (which are nearby in latent space even when far apart tem-
porally).

We present a number of diverse tasks enabled through simple operations applied
to our exceeding simple representation. To the best of our knowledge, we are the
first to explore such diverse video processing tasks using a single representation
not optimized for any specific task.

Learning from a Single Image: Our approach is closely inspired by extensive
research on single image learning [144,292,381,387,388] that aims to learn structure
within a single image. These insights have also been used in our work on Exem-
plar Autoencoders where we learn the characteristic natural voice of a person [87].
Similar to our work on video-specific autoencoders, these approaches [87,381,387]
also allow a wide variety of operations on images/audio without optimizing for a
specific task. Learning from a single image [381, 387], however, is challenging and
requires careful encoding of multi-scales, data augmentation strategies, and (adver-
sarial) loss functions. We find learning on video frames to be far simpler, because
multiple frames naturally span multiple scales and “augmentations”, acting a nat-
ural form of regularization. Indeed, we find that simple autoencoder architectures
and reconstruction losses suffice.

Contributions: (1) We introduce a simple unsupervised approach for learning
video-specific exemplar representations without needing large training data. This
representation enables us to do a wide variety of the aforementioned video process-
ing tasks that generally require a dedicated approach. (2) Our approach allows
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(a) bench-press (b) jumping-jacks (c) pullups (d) weights

Figure 7.5: Associating Frames within a Repetitive Video: We show more ex-
amples of human activities: (a) bench-press; (b) jumping-jacks; (c) pullups; and
(d) weights. We observe that latent spaces are able to learn the repetitive motion
without using any temporal information. Latent spaces are tuned to capture video-
specific subtleties and cluster nearby in latent space even when far apart temporally.

for intuitive user interaction, via a low dimensional visualization of latent codes
that allow for video exploration and editing; and (3) finally, we extended frame-
level (latent-code) representations to per-pixel representations (via “hypercolumn”
features extracted from the encoder [162]), enabling dense pixel-level video corre-
spondence.

7.2 Videos: Opportunities and Conundrums

400 hours of video data is uploaded to YouTube every minute. The rich video data
opens up enormous opportunities for exploring the vast visual content. However,
it also opens up a large number of conundrums because videos contain both spatial
and temporal information.
Video Processing: One way to solve this conundrum is to consider every applica-
tion as an individual problem [412]. There is a large body of work on video process-
ing tasks such as video completion [133], video enhancement [480], video inpaint-
ing [61, 185, 479], video editing [44, 308], temporal super-resolution [202, 275, 516],
spatial super-resolution [163, 473], space-time super-resolution [382, 383], remov-
ing obstructions [260], varying speed of a video [34] or the humans in it [270],
video textures [4, 258, 370], finding unintentional events in a video [106], genera-
tive modeling for associating two videos [22] discriminative modeling for associa-
tion [97,338,455], associating multi-view videos [26,442], or pixel-level correspon-
dences in a video [17, 483]. In this work, we take a rather different approach and
explore a representation learned for a specific-video that enables all of these tasks.
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(a) outside pond vs in the pond (b) cheetah in two poses

two swans sitting 
outside the pond

swan swimming in the pond
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Figure 7.6: Distinct Modes & Average Video Exploration: Distinct modes emerge
when the autoencoder encounters different visual concepts in a video. (a) and (b)
show two modes of swan and cheetah respectively from a video. We also show
distinct modes learned by a single autoencoder trained on two videos as shown in
(c). Here, the autoencoder learns latent spaces able to model both videos, which
tend to appear as separate modes. Beneath each example, we show “average image”
for each mode in a video.

Learning from a Single Instance: Often there exists repetitive structure in a signal,
such as patch-recurrence in an image [15], that could enable us to learn a mean-
ingful representation for that signal without any additional information. There is
plethora of work that has explored representation learned using a single image for
various tasks [15,144,292,388,435,465]. Recent approaches [381,387] have also ex-
plored image-specific representation that enables a wide variety of image editing
tasks. We extend these observations to videos. Our goal is to learn a representation
for a video without any additional information. Because we have more informative
data, we could learn a a simple autoencoder that optimizes the reconstruction of in-
dividual video frames. Prior work on video processing [22,133,202] often encodes
spatial-temporal information explicitly. In this work, we considered frames from a
video as independent images. Despite this, our video-specific autoencoder learns
continuous representation as shown in Figure 7.2-7.5.
Human-Controllable Representation: Usually the front-end of an application is
designed around the task of interest. For e.g., prior work [16, 25, 129, 511] on user-
control are limited to a task. In this work, we hope to provide users with a simple
representation that they can easily work with to design new application without
much overhead such as simple algebraic operations on the latent codes. This will
further reduce the requirement of application-dependent modules. For e.g., work
on object removal [133] requires a user to provide extensive object-level mask across
the video or use an off-the-shelf segmentation module trained for particular object.
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(a) two castles (b) two piano performances (c) two violin performances

Figure 7.7: Two Videos Separate Out: Distinct modes emerge when an autoen-
coder is trained for two videos of a similar concept: (a) two castles; (b) two piano
performances; and (c) two violin performances.

In this work, we show that a user can do these operations with minimal work. Fig-
ure 7.6 and Figure 7.7 show how a user can explore the contents of a video and
explore the average for each mode. This can be further extended to video retarget-
ing shown in Figure 7.8 by playing with latent codes.

7.3 Video-Specific Autoencoders

An autoencoder [146] compress the information in a signal via an encoding func-
tion. The compressed signal or latent codes are represented using a few bits of infor-
mation. Given a set of frames from a video x ∈ V , video-specific autoencoders learn
to encode each frame into a low-dimensional latent code f(x) that can be decoded
(via a function g) back into the high-dimensional input space, so as to minimize the
reconstruction error:

min
f,g

∑
x∈V
||x− g(f(x))||2 (7.1)

The ability to properly compress and reconstruct a video opens up a vast oppor-
tunity of things that we can do with it. However, there are two necessary conditions
for a video: (1) learning a continuous temporal space such that similar concepts in
time clusters well; and (2) learning a continuous spatial space such that similar
concepts in 2D image space clusters well. We, first, describe the model used in our
analysis in Section 7.3.1. We then study if an autoencoder trained on a single video
can capture these properties in Section 7.3.2.

7.3.1 Model

We use a convolutional feed-forward model that inputs an image and reconstructs
it. Importantly, we ensure all operations are convolutional, implying that the size of
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(c) video retargeting

Figure 7.8: Video Retargeting: We extend association across videos to do video
retargeting. We use the modified latent code from video-1 (input) and reconstruct
the new frames via decoder. The resulting frames look like video-2 (output) but
captures the motion of video-1.

the latent code scales the resolution of the video V . To ensure that the latent code
contains all the information needed to reconstruct a video frame, we do not use skip
connections.
Convolutional Encoder(f): The encoder consists of six 2D convolutional layers.
We use 5 × 5 kernels for first four layers and a stride of 2 that downsamples the
input by 0.5 after each convolution. The last two layers have 5 × 5 kernels without
any downsampling. The output of each of these layers is max-pooled in a 2 × 2
region with a stride of 2. Each conv-layer is followed by batch-normalization [194]
and a ReLU activation function [238]. The output of last layer of the encoder is used
as a latent representation (or also termed as latent code) in this work.
Convolutional Decoder(g): The decoder inputs the latent code to reconstruct the
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(a) a documentary on wolves

(b) a documentary on beetles (c) an orchestra performance

Figure 7.9: Different Concepts in a Long Video Separate Out: Distinct modes
emerge when an autoencoder is trained for long video such as: (a) a documentary
on wolves; (b) a documentary on beetles; and (c) an orchestra performance.

output. It consists of eight up-sampling conv-layers with a 4 × 4 kernels and a
stride of 2 that upsamples the input by 2. Each conv-layer is followed by batch-
normalization and a ReLu activation function.
Latent Codes (f(x)): Given an input image xwith shape h×w, the encoder outputs
an encoding with the shape (k ∗ 12) × h

64 ×
w
64 , where k is the number of filters in

the first layer of encoder. Because of the high dimensionality, we want to find a way
to visualize these encodings to potentially see the relations between frames. Using
PCA, we can reduce the encoding to a 2-dimensional format to visualize on a 2D
graph. For most experiments, we fix k = 32, i.e. our autoencoders compress each
frame by 32×.
Pixel Codes (fi(x)): We use our encoder to extract pixel-level representations fol-
lowing the “hypercolumn” approach [162]. Conceptually, one can resize each of
the six convolutional layers of the encoder f back to the original image input size,
and then extract out the “hyper”-column of features aligned with pixel i. In prac-
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(a) boxing ring (b) eating machine

Figure 7.10: Black and White Charlie Chaplin Videos: Distinct modes emerge
when an autoencoder is trained for old videos of Charlie Chaplin such as: (a) inside
the boxing ring ; and (b) eating machine.

tice, one can extract features from the image-level encoder f(x) without resizing
through judicious bookkeeping. Our final pixel representation, written as fi(x) is
2176 dimensional.
Video-Specific Manifold (M): We define the manifold of an autoencoder to be the
set of all possible output reconstructions obtainable with any input:

M = {g(f(x)) : ∀x} (7.2)

where f, g are the “argmin” encoder and decoder learned from (7.1). In our setting,
M corresponds to be a video-specific manifold of potential image frame reconstruc-
tions. It is well-known that feedforward autoencoders, when properly trained, act
as projection operators that project out-of-sample inputs x into the manifold setM .
We follow the definition used in [35,146].

||g(f(x))− x||2 = min
m∈M

||m− x||2, ∀x (7.3)

= min
x′
||g(f(x′))− x||2, ∀x (7.4)

One can build intuition for above by appealing to linear autoencoders, which can be
learned with PCA. In this case, the above equations point out the well-known fact
that PCA projects out-of-sample inputs into the closet point in the linear subspace
spanned by the training data [41]. We make use of this property to “denoise” noisy
input images x 6∈ V into manifoldM , where noisy inputs can consist of upsampled
/ blurry frames.
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(a) original (b) reconstructed

Figure 7.11: Continuous Spatial Imaging: The reprojection property of autoen-
coder enables us to learn patch-level statistics in a frame. We show examples of
removing the dancer in each frame (red box in (a)). Despite discontinuities, the
autoencoder generates a continuous spatial image (b).

7.3.2 Properties

We now explore various properties of a video-specific autoencoder to study its ap-
plicability for video analytics.
Learning Continuous Temporal Space: We study the space of latent codes f(x) to
examine the impact of temporal variation of input frames xt, since the autoencoder
is learned without any explicit temporal input. We visualize the latent code space
via multidimensional scaling with PCA [41]. Figure 7.2 and Figure 7.3 shows that
a video-specific autoencoder learn a temporally continuous representation without
any explicit temporal information for a wide variety of natural videos such as a
blooming flower, a water-surfing event, a baseball game, and bowling. The autoen-
coder trained on the specific video implicitly learns the correlations in the various
frames and a continuous temporal space emerges. This property allows us to slow-
down or speed-up a video (through latent code resampling).
Repetitive Motion: It is crucial to verify if the property would hold if we pro-
vide videos that have repetitive motion. We use various natural videos such as a
metronome, cyclic exercises (pushups, situps, squats etc), and playing instruments
(cello, violin, piano etc ). We observe that latent codes can capture the repetitive
motion as shown in Figure 7.4 and Figure 7.5. The cycles emerge for each of these
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Figure 7.12: Studying Reprojection Property via Spatial Super-Resolution: We
use the autoencoder trained on Obama examples (Figure 7.1) to study the re-
projection property. We observe that similar low-res (96 × 96) and hi-res inputs
(1024 × 1024) map to the same point in the latent space. This means that we can
use low-res inputs once an autoencoder is trained on few hi-res examples and yet
be able to get hi-res outputs.

videos. Specifically interesting is the example of a woman playing cello in Fig-
ure 7.4-(d). The subtle details such as similar hand position occur at same position
though they are far-apart on the time axis of the video. This property enables us
do frame-level correspondences and create arbitrary-length videos (also known as
video textures).
Non-Continuous Videos: We now study non-continuous videos. Figure 7.6 and
Figure 7.7 shows that the latent codes cluster in two distinctive modes when the au-
toencoder gets a non-continuous video. For e.g., Figure 7.6-(a) a swan swimming
in a pond vs. sitting outside the pond with other swan; and 7.6-(b) cheetah in two
completely different poses. This property allows us to explore the videos quickly
by glancing the modes (or average videos) as shown in Figure 7.16. We further
explored this property by explicitly providing frames from two or three videos in
Figure 7.6-(c) showing two golf games. Figure 7.7 shows how two videos separate
out for different examples. Finally, Figure 7.8-(a) shows distinct modes arising in
the space of latent codes for two baseball games. However, each mode in the respec-
tive videos still learn a meaningful continuous representation. The latent codes of
an autoencoder trained on two or more videos are useful to do frame-level associa-
tion across the multi-views of an event and across different videos. The association
across different videos can be further extended to video retargeting as shown in
Figure 7.8-(c).
Long Videos: We extend the above study to long videos (10-15 minutes long)
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downloaded from internet. Figure 7.9 consists of (a) a documentary on wolves, (b)
a documentary on beetles, and (c) an orchestra performance. We observe different
concepts in these videos separate out. Figure 7.10 shows two examples for black
and white Charlie Chaplin videos. The quality and statistics of a video does not
influence our approach since it is based on test-time training. We observe distinct
modes for different sequences despite a large sequence. This property allows to
quickly glance the contents of video and explore it easily.
Reprojection onto Manifold: The reprojection property enables the model to map
inputs to examples previously-seen during training. This property enables us to do
more than 10× spatial super-resolution. Figure 7.1-(c) shows an example where we
input a low-res image (96× 96) to an autoencoder that was trained on 1024× 1024
frames. We study the applicability of the reprojection property of the autoencoder
via spatial super-resolution using this example in Figure 7.12. We observe that sim-
ilar low-res (96× 96) and hi-res inputs (1024× 1024) map to the same point in the
latent space. This means that we can input a 96 × 96 input and yet be able to get
a 1024 × 1024 output. This property also enables transmission of fewer bits over
the network and get hi-res outputs at the reception given the video-specific autoen-
coder.
Learning Continuous Spatial Imaging: The reprojection property of autoencoder
also enables us to learn patch-level statistics in a frame. Shown in Figure 7.11 are
the example where we remove the dancers in the frames. Despite discontinuities,
the autoencoder generates a continuous spatial image. This property enables us to
do object removal and spatial extrapolation in the videos.

7.4 Demonstration

We now demonstrate a few applications using the properties of a video-specific
autoencoder.

7.4.1 Slowing-down and Speeding-up a Video

We use simple operation on latent-codes to slow-down (known as temporal super-
resolution) and speed-up a video.
Temporal super-resolution: Given a frame xt and xt+1, we insert an arbitrary
number of frames between by linearly interpolating their latent codes:

g

(
αf(xt) + (1− α)f(xt+1)

)
, α ∈ [0, 1] (7.5)

Figure 7.13 and Figure 7.14 show examples of temporal super-resolution using a
video-specific autoencoder trained for a monkey video. Given a start-frame and an
end-frame, we insert eight frames between them (showing every other generated
frame here).
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(a) start-frame (b) end-frame

(c) intermediate frames

Figure 7.13: Temporal Super-Resolution: Given (a) a start-frame and (b) an end-
frame, (c) we insert frames between them by interpolating the latent codes. We did
not optimize for temporal super-resolution. Our approach appropriately captures
opening of the mouth in the intermediate frames.

For the quantitative evaluation, we contrasted our approach with an off-the-
shelf SuperSlowMo [202] model trained on a large dataset in a supervised manner
specifically for the task of temporal super-resolution. We use in-the-wild videos
for evaluation and show interpolation between every 4 frames. The original frames
are used as a ground-truth for evaluation. We compute PSNR and SSIM scores
between the original frames and interpolated frames. Higher is Better. Table 7.1
shows the performance of our approach with SuperSlowMo [202]. We achieve com-
petitive results without using an extra data, or temporal information, or any other
source of supervision. Our approach, however, requires training on the frames of
target video whereas SuperSlowMo does not. In that sense, our approach is not
“online” whereas SuperSlowMo is. Note that video-specific autoencoders also en-
able arbitrary temporal resampling of a video, in contrast to previous methods that
are often trained for a fixed resampling factor without being able to generalize to
others [262,265,311].
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(a) start-frame (b) end-frame

(c) intermediate frames

Figure 7.14: Temporal Super-Resolution: Given (a) a start-frame and (b) an end-
frame, (c) we insert frames between them by interpolating the latent codes. We did
not optimize for temporal super-resolution. Our approach captures subtle details
such as mouth opening even though it is not fully visible.

Extra Data Temporal Supervision Online PSNR↑ SSIM↑
Information

SuperSlowMo [202] 3 3 3 3 34.167 0.720

Ours 7 7 7 7 34.306 0.726

Table 7.1: Temporal Super-Resolution: We contrast our approach with an off-the-
shelf SuperSlowMo [202] model trained on a large dataset in a supervised manner
specifically for the task of temporal super-resolution. We use in-the-wild videos
for evaluation and show interpolation between every 4 frames. The original frames
are used as a ground-truth for evaluation. We compute PSNR and SSIM scores
between the original frames and interpolated frames (Higher is Better). Our ap-
proach achieves competitive performance without using any extra data, temporal
information, or extra source of supervision. On the flip side, our approach requires
to see multiple frames of a video to learn a video-specific autoencoder. In that sense,
it is not “online”. However, SuperSlowMo does not require training on the frames
of target video.
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(b) playing violin

(a) playing cello

start

user-generated trajectory

endintermediate frames

start endintermediate frames

pca-visualization

pca-visualization user-generated trajectory

Figure 7.15: Video Textures: We can create arbitrary length video (also known
as video textures) from an existing short sequence by making continuous loops.
Our ability to associate frames within a video using the latent codes enable us to
create infinite loops for repetitive motion. We can also create loops between two
points which may not overlap but are close-by (as shown in (b)). This is possible
due to our ability to interpolate between two points. Importantly, a user can create
trajectories they want for various videos using PCA visualization.

7.4.2 Frame-level Association

Corresponding Frames within a Video: By matching frames using a cosine simi-
larity on latent codes f(x1), f(x2), we can find corresponding frames. We use this
ability to construct infinite loop video textures (discussed in Section 7.4.3).
Corresponding Frames across Videos: Recall that video-specific autoencoders are
trained on unordered frames. We exploit this property to learn autoencoders on
non-contiguous clips from a longer video, or even two seperate videos V1 and V2

by simply pooling together their set of frames V = V1 ∪ V2 during training. This
allows us to learn a single latent code representation supporting comparisons across
videos:
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Figure 7.16: User-Controllable Video Exploration: (a) We embed an 11-minute video of
Mr Bean with a video-specific autoencoder. Simple clustering and 2D PCA visualization of
the associated latent frame codes allow users to explore visual ”modes” in the clip without
having to play it forward. (b) We can also explore the keyframes of each cluster or mode
to get a sense of event happening in it.
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(a) input (b) output

Figure 7.17: 10× Spatial Super-Resolution: The reprojection property of autoen-
coder enables us to input (a) a low-res input once the autoencoder is trained, and
yet yields (b) a hi-res output. We did not optimize for spatial super-resolution.

Match(x2) =x1∈V1 dist(f(x2), f(x1)), ∀x2 ∈ V2 (7.6)

Video Retargeting: We show the above approach can be used as a simple video
retargeting engine by representing each input frame with its residual latent code
compared to the average:

Retarget(x1) = g(f(x1)− µ1 + µ2), where

µi =
1

|Vi|
∑
x∈Vi

f(x), i = 1, 2. (7.7)

Once we represent each source frame by its residual code, we then add this residual
code to the average code of the target video (and then decode with g). Figure 7.8
shows the results of both frame-level association when using two different videos
and also the results of retargeting from one video to another.

7.4.3 Video Textures

We can create infinite-loop video textures [370] from a short sequence as shown
in Figure 7.15. Two important distinctions from prior work: (1) PCA visualization
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(a) input (b) output

Figure 7.18: 10× Spatial Super-Resolution: The reprojection property of autoen-
coder enables us to input (a) a low-res input once the autoencoder is trained, and
yet yields (b) a hi-res output. We did not optimize for spatial super-resolution.

enables a user to define the loops and even paths for the target video; and (2) our
ability to interpolate between two points allows us to go beyond the requirements
of exact match (shown in Figure 7.15-(b), we connect far-away points to make a
loop).

7.4.4 Modes and Average Video Exploration

Video summarization and exploration tools allow users to quickly peruse large
amounts of video (e.g., consider an analyst who must process large amounts of
surveillance video). We find that our PCA-based 2D visualization allows for users
to quickly visualize average summaries using either of two methods depending on
the application: (1) selecting median frame from the temporal sequence in a mode;
or (2) averaging arbitrary subsets of video frames Vsubset ⊆ V :
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(a) initial-frame (b) pixel correspondences 

Figure 7.19: Pixel Correspondences: (a) Given keypoints in a frame, (b) we use
the pixel codes for each frame using the video-specific autoencoder (Section 7.3) to
find them in a different frame. Despite large structural changes, we are able to map
the keypoints at the corresponding semantic position. E.g. the pink point on the
shoe of the person in top-row, and the purple point towards the lower back of dog
in bottom-row.

g

(
1

|Vsubset|
∑

x∈Vsubset

f(x)

)
. (7.8)

Figure 7.16-(a) summarizes a 11 minutes long video. Our approach also allows
a user to quickly see the contents in a cluster or a mode.
Keyframes for a Cluster: Our approach is drastically simple. We partition the
points in the cluster using simple k-means clustering [41]. A keyframe for a cluster
is the original data-point closest to the center of a sub-cluster. A user can define
how many keyframes are needed. A user can do a continuous temporal-zoom to
see further by clicking on a keyframe. This is possible because we can iteratively
partition the points in the sub-cluster belonging to the keyframe. Our approach
allows the development of a simple interface for users to navigate the latent space
and interactively click on frames of interest.

As shown in Figure 7.16-(b), suppose a user selects Cluster-6. Our approach
provides the keyframes for this cluster. One can glance at the keyframes of Cluster-
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(a) Obama video

(b) Freestyle dancing

Figure 7.20: Pixel Correspondences: We use the pixel codes for each frame using
the video-specific autoencoder (Section 7.3). We do a simple nearest neighbor via
cosine-similarity measure using pixel codes to find correspondences in the adjacent
frames. We show correspondences for certain points in (a) an Obama video; and
(b) a freestyle dancing. We observe that the points map to corresponding locations
in the adjacent frames.

6 and get a sense of the activity happening in it, i.e., Mr. Bean is asking for a ride
on the road, he gets the ride and is struggling on the moped, and finally something
goes wrong with the moped. Similarly, we see activities in Cluster-16 – three people
have joined Mr. Bean for a dinner and are having a fun conversation. Meanwhile,
Mr. Bean is trying to cook something.

7.4.5 Spatial Super-Resolution

We use the reprojection property of the autoencoder (discussed in Section 7.3.2)
to do spatial super-resolution. Figure 7.17 and Figure 7.18 show various examples
of 10× spatial super-resolution. The convolutional autoencoder allows us to use
videos of varying resolution. Crucially, we get temporally smooth outputs without
using any temporal information.

7.4.6 Dense Pixel Correspondences

We now use our pixel codes (Section 7.3.1) to establish a pixel-wise correspon-
dences in the adjacent video frames. We do simple nearest neighbors using cosine
similarity measure to find best match for each pixel. Shown in Figure 7.19, we are
given the keypoints for a frame – we find correspondences in a different frame. De-
spite the substantial structural changes in the two examples, our approach is able to
reliably map the keypoints. We also show the results of pixel-correspondences for
certain points in Figure 7.20: (a) an Obama facial video; and (b) a freestyle dancing
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video. We observe that points map to corresponding locations across the frames.
The preliminary results show the potential of video-specific autoencoders for pixel-
level correspondences even though it was never trained for it. Future work will help
us study this aspect in more details.

7.4.7 Discussion on User-Interface

An autoencoder trained using individual frames of a specific video without any
temporal information can be used for a wide variety of tasks in video analytics with-
out even optimizing for any of those tasks. This feat could be possible by careful
analysis of spatial and temporal properties of a video-specific autoencoder. We are
limited by our imagination in demonstrating different things we could do. How-
ever, we hope that an interface based on this simple representation can enable users
to easily design new application (not even explored in this work) without much
overhead such as simple algebraic operations on the latent codes. We also hope
that every video uploaded on web get its autoencoder. It may not take a long time
to train a model but it can drastically reduce the amount of resources required for
video transmission, exploration, and processing because once trained, the model
can be used for fairly large number of applications without much constraints. Fu-
ture work in this direction may enable faster training of an autoencoder for a new
video or fine-tuning an existing representation on a few frames of a video to accom-
plish this feat.
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Chapter 8

Human Expressable and
Understandable Scene Cues

(a)$Seman)c$Segmenta)on$
Input&Image& Our&Approach&

(c)$Edge$Detec)on$
Input&Image& Our&Approach&Input&Image& Our&Approach&

(b)$Surface$Normal$Es)ma)on$

Figure 8.1: Scene Cues: Our framework applied to three different pixel predic-
tion problems with minor modification of the architecture (last layer) and training
process (epochs). Note how our approach recovers the fine details for segmenta-
tion (left), surface normal (middle), and semantic boundaries for edge detection
(right).

8.1 Scene Cues and Constraints

A number of computer vision problems can be formulated as a dense pixel-wise pre-
diction problem. These include low-level tasks such as edge detection [94,282,478]
and optical flow [17,118], mid-level tasks such as depth/normal recovery [23,102,
104,368,452], and high-level tasks such as keypoint prediction [56,143,347,461], ob-
ject detection [186], and semantic segmentation [65,112,162,267,301,389]. Though
such a formulation is attractive because of its generality, one obvious difficulty is
the enormous associated output space. For example, a 100 × 100 image with 10
discrete class labels per pixel yields an output label space of size 105. One strat-
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egy is to treat this as a spatially-invariant label prediction problem, where one pre-
dicts a separate label per pixel using a convolutional architecture. Neural networks
with convolutional output predictions, also called Fully Convolutional Networks
(FCNs) [65,267,283,334], appear to be a promising architecture in this direction.

But is this the ideal formulation of dense pixel-labeling? While computationally
efficient for generating predictions at test time, we argue that it is not statistically
efficient for gradient-based learning. Stochastic gradient descent (SGD) assumes
that training data are sampled independently and from an identical distribution
() [46]. Indeed, a commonly-used heuristic to ensure approximately samples is
random permutation of the training data, which can significantly improve learn-
ability [243]. It is well known that pixels in a given image are highly correlated and
not independent [193]. Following this observation, one might be tempted to ran-
domly permute pixels during learning, but this destroys the spatial regularity that
convolutional architectures so cleverly exploit! In this work, we explore the trade-
off between statistical and computational efficiency for convolutional learning, and
investigate simply sampling a modest number of pixels across a small number of
images for each SGD batch update, exploiting convolutional processing where pos-
sible.
Contributions: (1) We experimentally validate that, thanks to spatial correlations
between pixels, just sampling a small number of pixels per image is sufficient for
learning. More importantly, sampling allows us to train end-to-end particular non-
linear models not earlier possible, and explore several avenues for improving both
the efficiency and performance of FCN-based architectures. (2) In contrast to the
vast majority of models that make use of pre-trained networks, we show that pixel-
level optimization can be used to train models tabula rasa, or “from scratch” with
simple random Gaussian initialization. Intuitively, pixel-level labels provide a large
amount of supervision compared to image-level labels, given proper accounting
of correlations. Without using any extra data, our model outperforms previous
unsupervised/self-supervised approaches for semantic segmentation on PASCAL
VOC-2012 [108], and is competitive to fine-tuning from pre-trained models for sur-
face normal estimation. (3). Using a single architecture and without much modi-
fication in parameters, we show state-of-the-art performance for edge detection on
BSDS [12], surface normal estimation on NYUDv2 depth dataset [393], and seman-
tic segmentation on the PASCAL-Context dataset [302].

8.2 Background

In this section, we review related work by making use of a unified notation that will
be used to describe our architecture. We address the pixel-wise prediction prob-
lem where, given an input image X , we seek to predict outputs Y . For pixel lo-
cation p, the output can be binary Yp ∈ {0, 1} (e.g., edge detection), multi-class
Yp ∈ {1, . . . ,K} (e.g., semantic segmentation), or real-valued Yp ∈ RN (e.g., sur-
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face normal prediction). There is rich prior art in modeling this prediction problem
using hand-designed features (representative examples include [11,59,94,149,255,
303,366,389,423,430,485]).

Convolutional prediction: We explore spatially-invariant predictors fθ,p(X) that
are end-to-end trainable over model parameters θ. The family of fully-convolutional
and skip networks [283, 334] are illustrative examples that have been successfully
applied to, e.g., edge detection [478] and semantic segmentation [53, 65, 112, 118,
259, 267, 301, 315, 332]. Because such architectures still produce separate predic-
tions for each pixel, numerous approaches have explored post-processing steps that
enforce spatial consistency across labels via e.g., bilateral smoothing with fully-
connected Gaussian CRFs [65,235,499] or bilateral solvers [29], dilated spatial con-
volutions [489], LSTMs [53], and convolutional pseudo priors [477]. In contrast,
our work does not make use of such contextual post-processing, in an effort to see
how far a pure “pixel-level” architecture can be pushed.

Multiscale features: Higher convolutional layers are typically associated with
larger receptive fields that capture high-level global context. Because such features
may miss low-level details, numerous approaches have built predictors based on
multiscale features extracted from multiple layers of a CNN [88, 102, 104, 112, 332,
452]. Hariharan et al. [162] use the evocative term “hypercolumns” to refer to fea-
tures extracted from multiple layers that correspond to the same pixel. Let

hp(X) = [c1(p), c2(p), . . . , cM (p)]

denote the multi-scale hypercolumn feature computed for pixel p, where ci(p) de-
notes the feature vector of convolutional responses from layer i centered at pixel p
(and where we drop the explicit dependance on X to reduce clutter). Prior tech-
niques for up-sampling include shift and stitch [267], converting convolutional fil-
ters to dilation operations [65] (inspired by the algorithme à trous [273]), and decon-
volution/unpooling [118, 267, 315]. We similarly make use of multi-scale features,
along with sparse on-demand upsampling of filter responses, with the goal of re-
ducing the memory footprints during learning.

Pixel-prediction: One may cast the pixel-wise prediction problem as operating
over the hypercolumn features where, for pixel p, the final prediction is given by

fθ,p(X) = g(hp(X)).

We write θ to denote both parameters of the hypercolumn features h and the pixel-
wise predictor g. Training involves back-propagating gradients via SGD to update
θ. Prior work has explored different designs for h and g. A dominant trend is defin-
ing a linear predictor on hypercolumn features, e.g., g = w · hp. FCNs [267] point
out that linear prediction can be efficiently implemented in a coarse-to-fine manner
by upsampling coarse predictions (with deconvolution) rather than upsampling
coarse features. DeepLab [65] incorporates filter dilation and applies similar de-
convolution and linear-weighted fusion, in addition to reducing the dimensionality
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of the fully-connected layers to reduce memory footprint. ParseNet [259] added
spatial context for a layer’s responses by average pooling the feature responses, fol-
lowed by normalization and concatenation. HED [478] output edge predictions
from intermediate layers, which are deeply supervised, and fuses the predictions
by linear weighting. Importantly, [301] and [112] are noteable exceptions to the lin-
ear trend in that non-linear predictors g are used. This does pose difficulties during
learning - [301] precomputes and stores superpixel feature maps due to memory
constraints, and so cannot be trained end-to-end.

Sampling: We demonstrate that sparse sampling of hypercolumn features al-
lows for exploration of highly nonlinear g, which in turn significantly boosts per-
formance. Our insight is inspired by past approaches that use sampling to training
networks for surface normal estimation [23] and image colorization [241], though
we focus on general design principles by analyzing the impact of sampling for effi-
ciency, accuracy, and tabula rasa learning for diverse tasks.

Accelerating SGD: There exists a large literature on accelerating stochastic gra-
dient descent. We refer the reader to [46] for an excellent introduction. Though
naturally a sequential algorithm that processes one data example at a time, much
recent work focuses on mini-batch methods that can exploit parallelism in GPU
architectures [83] or clusters [83]. One general theme is efficient online approxi-
mation of second-order methods [45], which can model correlations between input
features. Batch normalization [194] computes correlation statistics between sam-
ples in a batch, producing noticeable improvements in convergence speed. Our
work builds similar insights directly into convolutional networks without explicit
second-order statistics.

8.3 PixelNet

This section describes our approach for pixel-wise prediction, making use of the
notation introduced in the previous section. We first formalize our pixelwise pre-
diction architecture, and then discuss statistically efficient mini-batch training.

Architecture: As in past work, our architecture makes use of multiscale convo-
lutional features, which we write as a hypercolumn descriptor:

hp = [c1(p), c2(p), . . . , cM (p)]

We learn a nonlinear predictor fθ,p = g(hp) implemented as a multi-layer percep-
tron (MLP) [40] defined over hypercolumn features. We use a MLP, which can be
implemented as a series of “fully-connected” layers followed by ReLU activation
functions. Importantly, the last layer must be of size K, the number of class labels
or real valued outputs being predicted. See Figure 8.2.

Sparse predictions: We now describe an efficient method for generating sparse
pixel predictions, which will be used at train-time (for efficient mini-batch gener-
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Figure 8.2: PixelNet: We input an image to a convolutional neural network, and ex-
tract hypercolumn descriptor for a sampled pixel from multiple convolutional lay-
ers. The hypercolumn descriptor is then fed to a multi-layer perceptron (MLP) for
the non-linear optimization, and the last layer of MLP outputs the required response
for the task. See text for more details about the use of network at training/test time.

ation). Assume that we are given an image X and a sparse set of (sampled) pixel
locations P ⊂ Ω, where Ω is the set of all pixel positions.

1. Perform a forward pass to compute dense convolutional responses at all layers
{ci(p) : ∀i, p ∈ Ω}

2. For each sampled pixel p ∈ P , compute its hypercolumn feature hp on demand
as follows:

(a) For each layer i, compute the 4 discrete locations in the feature map ci
closest to p

(b) Compute ci(p) via bilinear interpolation

3. Rearrange the sparse of hypercolumn features {hp : p ∈ P} into a matrix for
downstream processing (e.g., MLP classification).

The above pipeline only computes |P | hypercolumn features rather than full dense
set of size |Ω|. We experimentally demonstrate that this approach offers an excellent
tradeoff between amortized computation (to compute ci(p)) and reduced storage
(to compute hp). Note that our multi-scale sampling layer simply acts as a selection
operation, for which a (sub) gradient can easily be defined. This means that back-
prop can also take advantage of sparse computations for nonlinear MLP layers and
convolutional processing for the lower layers.

Mini-batch sampling: At each iteration of SGD training, the true gradient over
the model parameters θ is approximated by computing the gradient over a relatively
small set of samples from the training set. Approaches based on FCN [267] include
features for all pixels from an image in a mini-batch. As nearby pixels in an image
are highly correlated [193], sampling them will not hurt learning. To ensure a di-
verse set of pixels (while still enjoying the amortized benefits of convolutional pro-
cessing), we use a modest number of pixels (∼2, 000) per image, but sample many
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images per batch. Naive computation of dense grid of hypercolumn descriptors
takes almost all of the (GPU) memory, while 2, 000 samples takes a small amount
using our sparse sampling layer. This allows us to explore more images per batch,
significantly increasing sample diversity.

Dense predictions: We now describe an efficient method for generating dense
pixel predictions with our network, which will be used at test-time. Dense pre-
diction proceeds by following step (1) from above; and instead of sampling in (2)
above, we take all the pixels now. This produces a dense grid of hypercolumn fea-
tures, which are then (3) processed by pixel-wise MLPs implemented as 1x1 filters
(representing each fully-connected layer). The memory intensive portion of this
computation is the dense grid of hypercolumn features. This memory footprint is
reasonable at test time because a single image can be processed at a time, but at
train-time, we would like to train on batches containing many images as possible
(to ensure diversity).

8.3.1 Analysis & Generalizability

In this section, we analyze the properties of pixel-level optimization using semantic
segmentation and surface normal estimation to understand the design choices for
pixel-level architectures. We chose the two varied tasks (classification and regres-
sion) for analysis to verify the generalizability of these findings. We use a single-
scale 224 × 224 image as input. We also show sampling augmented with careful
batch-normalization can allow for a model to be trained from scratch (without pre-
trained ImageNet model as an initialization) for semantic segmentation and surface
normal estimation.
Default network: For most experiments we fine-tune a VGG-16 network [395].
VGG-16 has 13 convolutional layers and three fully-connected (fc) layers. The con-
volutional layers are denoted as {11, 12, 21, 22, 31, 32, 33, 41, 42, 43, 51, 52, 53}. Fol-
lowing [267], we transform the last two fc layers to convolutional filters1, and add
them to the set of convolutional features that can be aggregated into our multi-scale
hypercolumn descriptor. To avoid confusion with the fc layers in our MLP, we will
henceforth denote the fc layers of VGG-16 as conv-6 and conv-7. We use the fol-
lowing network architecture (unless otherwise specified): we extract hypercolumn
features from conv-{12, 22, 33, 43, 53, 7} with on-demand interpolation. We define
a MLP over hypercolumn features with 3 fully-connected (fc) layers of size 4, 096
followed by ReLU [238] activations, where the last layer outputs predictions for K
classes (with a soft-max/cross-entropy loss) orK outputs with a euclidean loss for
regression.
Semantic Segmentation: We use training images from PASCAL VOC-2012 [108]
for semantic segmentation, and additional labels collected on 8498 images by Har-

1For alignment purposes, we made a small change by adding a spatial padding of 3 cells for the
convolutional counterpart of fc6 since the kernel size is 7× 7.
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iharan et al. [161]. We used the held-out (non-overlapping) validation set to show
most analysis. However, at some places we have used the test set where we wanted
to show comparison with previous approaches. We report results using the stan-
dard metrics of region intersection over union (IoU) averaged over classes (higher
is better). We mention it as IoU (V) when using the validation set for evaluation,
and IoU (T) when showing on test set.
Surface Normal Estimation: The NYU Depth v2 dataset [393] is used to evalu-
ate the surface normal maps. There are 1449 images, of which 795 are trainval
and remaining 654 are used for evaluation. Additionally, there are 220, 000 frames
extracted from raw Kinect data. We use the normals of Ladicky et al. [239] and
Wang et al. [452], computed from depth data of Kinect, as ground truth for 1449
images and 220K images respectively. We compute six statistics, previously used
by [23, 102, 123–125, 452], over the angular error between the predicted normals
and depth-based normals to evaluate the performance – Mean, Median, RMSE,
11.25◦, 22.5◦, and 30◦ – The first three criteria capture the mean, median, and RMSE
of angular error, where lower is better. The last three criteria capture the percentage
of pixels within a given angular error, where higher is better.

8.3.2 Sampling

We examine how sampling a few pixels from a fixed set of images does not harm
convergence. Given a fixed number of (5) images per batch, we find that sampling
a small fraction (4%) of the pixels per image does not affect learnability (Figure
8.3 and Table 8.1). This validates our hypothesis that much of the training data for
a pixel-level task is correlated within an image, implying that randomly sampling
a few pixels is sufficient. Our results are consistent with those reported in Long et
al. [267], who similarly examine the effect of sampling a fraction (25-50%) of patches
per training image.

Long et al. [267] also perform an additional experiment where the total number
of pixels in a batch is kept constant when comparing different sampling strategies.
While this ensures that each batch will contain more diverse pixels, each batch will
also process a larger number of images. If there are no significant computational
savings due to sampling, additional images will increase wall-clock time and slow
convergence. In the next section, we show that adding additional computation after
sampling (by replacing a linear classifier with a multi-layer perceptron) fundamen-
tally changes this tradeoff (Table 8.4).

8.3.3 Linear vs. MLP

Most previous approaches have focussed on linear predictors combining the infor-
mation from different convolutional layers (also called ‘skip-connections’). Here
we contrast the performance of non-linear models via MLP with corresponding lin-
ear models. For this analysis, we use a VGG-16 (pre-trained on ImageNet) as ini-
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Figure 8.3: Given a fixed number of (5) images per SGD batch, we analyse con-
vergence properties using all pixels vs. randomly sampling 4% , or 2, 000 pixels for
semantic segmentation and surface normal estimation. This experiment suggest
that sampling does not hurt convergence.

Method IoU (V) Mean Median RMSE 11.25◦ 22.5◦ 30◦

All Pixels 44.4 25.6 19.9 32.5 29.1 54.9 66.8
Random 4% Pixels 44.6 25.7 20.1 32.5 28.9 54.7 66.7

Table 8.1: Sampling: We demonstrate that sampling few pixels for each mini-batch
yields similar accuracy as using all pixels. The results are computed on models
trained for 10 epochs and 10, 000 iterations for semantic segmentation and surface
normal estimation, respectively.

tialization and use skip-connections from conv-{12, 22, 33, 43, 53, 7} layers to show
the benefits of a non-linear model over a linear model. We randomly sample 2, 000
pixels per image from a set of five 224×224 images per SGD iteration for the opti-
mization.

A major challenge in using skip-connections is how to combine the informa-
tion as the dynamic range varies across the different layers. The top-row in Ta-
ble 8.2 shows how the model leads to degenerate outputs for semantic segmenta-
tion when ‘naively’ concatenating features from different convolutional layers in
a linear model. Similar observation was made by [259]. To counter this issue,
previous work has explored normalization [259], scaling [162], etc. We use batch-
normalization [194] for the convolutional layers before concatenating them to prop-
erly train a model with a linear predictor. The middle-row in Table 8.2 shows how
adding batch-normalization allows us to train a linear model for semantic segmen-
tation, and improve the performance for surface normal estimation. While we have
to take care of normalization for linear models, we do not need them while using
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Method IoU (T) Mean Median RMSE 11.25◦ 22.5◦ 30◦

Linear (no bn) 3.6 24.8 19.4 31.2 28.7 56.4 68.8
Linear (bn) 62.4 22.5 16.1 29.7 37.0 62.8 73.3
MLP 67.4 19.8 12.0 28.0 47.9 70.0 77.8

Table 8.2: Linear vs. MLP: A multi-layer perceptron over hypercolumn fea-
tures gives better performance over linear model without requiring normaliza-
tion/scaling. Note: bn stands for batch-normalization.

a MLP and can naively concatenate features from different layers. The last row in
Table 8.2 shows the performance on different tasks when using a MLP. Note that
performance of linear model (with batch-normalization) is similar to one obtained
by Hypercolum [162] (62.7%), and FCN [267] (62%).
Deconvolution vs. on-demand compute: A naive implementation of our approach
is to use deconvolution layers to upsample conv-layers, followed by feature con-
catenation, and mask out the pixel-level outputs. This is similar to the sampling
experiment of Long et al. [267]. While reasonable for a linear model, naively com-
puting a dense grid of hypercolumn descriptors and processing them with a MLP
is impossible if conv-7 is included in the hypercolumn descriptor (the array dimen-
sions exceed INT MAX). For practical purposes, if we consider skip-connections
only from conv-{12, 22, 33, 43, 53} layers at cost of some performance, naive deconvo-
lution would still take more than 12X memory compared to our approach. Slightly
better would be masking the dense grid of hypercolumn descriptors before MLP
processing, which is still 8X more expensive. Most computational savings come
from not being required to keep an extra copy of the data required by deconvolu-
tion and concatenation operators. Table 8.3 highlights the differences in computa-
tional requirements between deconvolution vs. on-demand compute (for the more
forgiving setting of {12, 33, 53}-layered hypercolumn features). Clearly, on-demand
compute requires less resources.
Does statistical diversity matter? We now analyze the influence of statistical di-
versity on optimization given a fixed computational budget (7GB memory on a
NVIDIA TITAN-X). We train a non-linear model using 1 image × 40,000 pixels per
image vs. 5 images × 2,000 pixels per image. Table 8.4 shows that sampling fewer
pixels from more images outperforms more pixels extracted from fewer images.
This demonstrates that statistical diversity outweighs the computational savings in
convolutional processing when a MLP classifier is used.

8.3.4 Training from scratch

Prevailing methods for training deep models make use of a pre-trained (e.g., Im-
ageNet [362]) model as initialization for fine-tuning for the task at hand. Most
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Model #features sample (#) Memory Disk Space BPS
(MB) (MB)

FCN-32s [267] 4,096 50,176 2,010 518 20.0
FCN-8s [267] 4,864 50,176 2,056 570 19.5
FCN/Deconvolution
Linear 1,056 50,176 2,267 1,150 6.5
MLP 1,056 50,176 3,914 1,232 1.4
FCN/Sampling
Linear 1,056 2,000 2,092 1,150 5.5
MLP 1,056 2,000 2,234 1,232 5.1
PixelNet/On-demand
Linear 1,056 2,000 322 60 43.3
MLP 1,056 2,000 465 144 24.5
MLP (+conv-7) 5,152 2,000 1,024 686 8.8

Table 8.3: Computational Requirements: We record the number of dimensions for
hypercolumn features from conv-{12, 33, 53}, number of samples (for our model),
memory usage, model size on disk, number of mini-batch updates per second (BPS
measured by forward/backward passes). We use a single 224 × 224 image as the
input. We compared our network with FCN [267] where a deconvolution layer
is used to upsample the result in various settings. Besides FCN-8s and FCN-32s
here we first compute the upsampled feature map, and then apply the classifiers
for FCN [267]. Clearly from the table, our approach require less computational
resources as compared to other settings.

Method IoU1 (V) IoU2 (V) Mean Median RMSE 11.25◦ 22.5◦ 30◦

1× 40, 000 7.9 15.5 24.8 19.5 31.6 29.7 56.1 68.5
5× 2, 000 38.4 47.9 23.4 17.2 30.5 33.9 60.6 71.8

Table 8.4: Statistical Diversity Matters: For a given computational budget, using
diverse set of pixels from more images shows better performance over more pix-
els from a few images. IoU1 and IoU2 show performance for 10K and 20K itera-
tions of SGD for semantic segmentation. For surface normal estimation, we show
performance for 10K iterations of SGD. This suggest that sampling leads to faster
convergence.
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Initialization IoU (T) Mean Median RMSE 11.25◦ 22.5◦ 30◦

ImageNet 67.4 19.8 12.0 28.2 47.9 70.0 77.8
Random 48.7 21.2 13.4 29.6 44.2 66.6 75.1
Geometry 52.4 - - - - - -

Table 8.5: Initialization: We study the influence of initialization on accuracy. Pix-
elNet can even be trained reasonably well with random Gaussian initialization or
starting from a model trained for surface normal prediction (Geometry).

network architectures (including ours) improve in performance with pre-trained
models. A major concern is the availability of sufficient data to train deep models
for pixel-level prediction problems. However, because our optimization is based on
randomly-sampled pixels instead of images, there is potentially more unique data
available for SGD to learn a model from a random initialization. We show how sam-
pling and batch-normalization enables models to be trained from scratch. This enables
our networks to be used in problems with limited training data, or where natural
image data does not apply (e.g., molecular biology, tissue segmentation etc). We
will show that our results also have implications for unsupervised representation
learning [5,93, 241, 298, 330,493].
Random Initialization: We randomly initialize the parameters of a VGG-16 net-
work from a Gaussian distribution. Training a VGG-16 network architecture is not
straight forward, and previously required stage-wise training for the image clas-
sification task [395]. It seems daunting to train such a model from scratch for a
pixel-level task where we want to learn both coarse and fine information. In our
experiments, we found batch normalization to be an effective tool for converging a
model trained from scratch.

We train the models for semantic segmentation and surface normal estimation.
The middle-row in Table 8.5 shows the performance for semantic segmentation and
surface normal estimation trained from scratch. The model trained from scratch
for surface normal estimation is within 2-3% of current state-of-the-art performing
method. The model for semantic segmentation achieves 48.7% on PASCAL VOC-
2012 test set when trained from scratch. To the best of our knowledge, these are the
best numbers reported on these two tasks when trained from scratch, and exceeds
the performance of other unsupervised/self-supervised approaches [93, 241, 330,
453,493] that required extra ImageNet data [362].
Self-Supervision via Geometry: We briefly present the performance of models
trained from our pixel-level optimization in context of self-supervision. The task
of surface normal estimation does not require any human-labels, and is primarily
about capturing geometric information. In this section, we explore the applicabil-
ity of fine-tuning a geometry model (trained from scratch) for more semantic tasks
(such as semantic segmentation and object detection). Table 8.5 (last row) and
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VOC 2007 test aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP

DPM-v5 [115] 33.2 60.3 10.2 16.1 27.3 54.3 58.2 23.0 20.0 24.1 26.7 12.7 58.1 48.2 43.2 12.0 21.1 36.1 46.0 43.5 33.7

RCNN-Scratch [6] 49.9 60.6 24.7 23.7 20.3 52.5 64.8 32.9 20.4 43.5 34.2 29.9 49.0 60.4 47.5 28.0 42.3 28.6 51.2 50.0 40.7
VGG-16-Scratch [93] 56.1 58.6 23.3 25.7 12.8 57.8 61.2 45.2 21.4 47.1 39.5 35.6 60.1 61.4 44.9 17.3 37.7 33.2 57.9 51.2 42.4

VGG-16-Context-v2 [93] 63.6 64.4 42.0 42.9 18.9 67.9 69.5 65.9 28.2 48.1 58.4 58.5 66.2 64.9 54.1 26.1 43.9 55.9 69.8 50.9 53.0
VGG-16-Geometry 55.9 61.6 29.5 31.1 24.0 66.3 70.6 56.7 32.4 53.2 58.5 49.4 72.1 66.4 53.6 21.8 38.6 55.1 65.4 58.2 51.0

VGG-16-Geom+Seg 62.8 68.7 39.9 37.5 27.4 75.9 73.8 70.3 33.8 57.2 62.7 60.1 72.8 69.5 60.7 22.5 40.8 62.0 70.5 59.2 56.4

VGG-16-ImageNet [141] 73.6 77.9 68.8 56.2 35.0 76.8 78.1 83.1 39.7 73.4 65.6 79.6 81.3 73.3 66.1 30.4 67.2 67.9 77.5 66.5 66.9

Table 8.6: Evaluation on VOC-2007: Our model (VGG-16-Geometry) trained on a
few indoor scene examples of NYU-depth dataset performs 9% better than scratch,
and is competitive with [93] that used images from ImageNet (without labels) to
train. Note that we used 110K iterations of SGD to train our model, and it took
less than 3 days. [93] required training for around 8 weeks. Finally, we added a
minor supervision (VGG-16-Geom+Seg) using the non-overlapping segmentation
dataset and improve the performance further by 5%.

Table 8.6 shows the performance of our approach on semantic segmentation and
object detection respectively. Note that the NYU depth dataset is a small indoor
scene dataset and does not contain most of the categories present in PASCAL VOC
dataset. Despite this, it shows 4% (segmentation) and 9% (detection) improve-
ment over naive scratch models. It is best known result for semantic segmentation
in an unsupervised/self-supervised manner, and is competitive with the previous
unsupervised work [93] on object detection2 that uses ImageNet (without labels),
particularly on indoor scene furniture categories (e.g., chairs, sofa, table, tv, bottle).
We posit that geometry is a good cue for unsupervised representation learning as
it can learn from a few examples and can even generalize to previously unseen cat-
egories. Future work may utilize depth information from videos and use them to
train models for surface normal estimation. This can potentially provide knowledge
about more general categories. Finally, we add a minor supervision by taking the
geometry-based model fine-tuned for segmentation, and further fine-tuning it for
object detection. We get an extra 5% boost over the performance.

We now demonstrate the generalizability of PixelNet, and apply (with minor
modifications) it to the high-level task of semantic segmentation, mid-level surface
normal estimation, and the low-level task of edge detection.

8.4 2D Semantic Cues

Training: For all the experiments we used the publicly available Caffe library [200].
All trained models and code will be released. We make use of ImageNet-pretrained

2We used a single scale for object detection and use the same parameters as Fast-RCNN except a
step-size of 70K, and fine-tuned it for 200K iterations. Doersch et al. [93] reports better results in a
recent version by the use of multi-scale detection, and smarter initialization and rescaling.

182



DRAFT

Model 59-class 33-class
AC (%) IU (%) AC (%) IU (%)

FCN-8s [266] 46.5 35.1 67.6 53.5
FCN-8s [267] 50.7 37.8 - -
DeepLab (v2 [66]) - 37.6 - -
DeepLab (v2) + CRF [66] - 39.6 - -
CRF-RNN [499] - 39.3 - -
ConvPP-8 [477] - 41.0 - -
PixelNet 51.5 41.4 69.5 56.9

Table 8.7: Evaluation on PASCAL-Context [12]: Most recent approaches [66, 477,
499] except FCN-8s, use spatial context post-processing. We achieve results better
than previous approaches without any CRF. CRF post-processing could be applied
to any local unary classifier (including our method).

values for all convolutional layers, but train our MLP layers “from scratch” with
Gaussian initialization (σ = 10−3) and dropout [403] (r = 0.5). We fix momen-
tum 0.9 and weight decay 0.0005 throughout the fine-tuning process. We use the
following update schedule (unless otherwise specified): we tune the network for
80 epochs with a fixed learning rate (10−3), reducing the rate by 10× twice every 8
epochs until we reach 10−5.
Dataset: The PASCAL-Context dataset [12] augments the original sparse set of
PASCAL VOC 2010 segmentation annotations [108] (defined for 20 categories) to
pixel labels for the whole scene. While this requires more than 400 categories, we
followed standard protocol and evaluate on the 59-class and 33-class subsets.
Evaluation Metrics: We report results on the standard metrics of pixel accuracy
(AC) and region intersection over union (IU) averaged over classes (higher is bet-
ter). Both are calculated with DeepLab evaluation tools3.
Results: Table 8.10 shows performance of our approach compared to previous work.
Our approach without CRF does better than previous approaches based on it. Due
to space constraints, we show only one example output in Figure 8.4 and compare
against FCN-8s [267]. Notice that we capture fine-scale details, such as the leg of
birds.

8.4.1 More Analysis

Analysis-1: Dimension of MLP fc Layers. We analyze performance as a function
of the size of the MLP fc layers. We experimented the following dimensions for our
fc layers: {1024, 2048, 4096, 6144}. Table 8.8 lists the results. We use 5 images per

3https://bitbucket.org/deeplab/deeplab-public/
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Figure 8.4: Segmentation results on PASCAL-Context 59-class. Our approach uses
an MLP to integrate information from both lower (12) and higher (conv-7) layers,
which allows us to better capture both global structure (object/scene layout) and
fine details (small objects) compared to FCN-8s.

SGD batch and sample 2000 pixels per image, and conv-{12, 22, 33, 43, 53} for skip
connections to do this analysis. We can see that with more dimensions the network
tends to learn better, potentially because it can capture more information (and with
drop-out alleviating over-fitting [403]).

Dimension AC (%) IU (%)
1024 41.6 33.2
2048 43.2 34.2
4096 44.0 34.9
6144 44.2 35.1

Table 8.8: Dimension of MLP fc layers: We vary the dimension of the MLP fc layers
on the PASCAL Context 59-class segmentation task from {1024, 2048, 4096, 6144}.
We observe that 4096 is a good trade-off between performance and speed.
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Analysis-2: Number of Mini-batch Samples. Continuing from our analysis on sta-
tistical diversity, we plot performance as a function of the number of sampled pixels
per image. In the first sampling experiment, we fix the batch size to 5 images and
sample {500, 1000, 2000, 4000}pixels from each image. We use conv-{12, 22, 33, 43, 53}
for skip connections for this analysis. The results are shown in Table 8.9. We observe
that: 1) even sampling only 500 pixels per image (on average 2% of the ∼20, 000
pixels in an image) produces reasonable performance after just 96 epochs. 2) per-
formance is roughly constant as we increase the number of samples.

We also perform experiments where the samples are drawn from the same im-
age. When sampling 2000 pixels from a single image (comparable in size to batch
of 500 pixels sampled from 5 images), performance dramatically drops. This phe-
nomena consistently holds for additional pixels (Table 8.9, bottom rows), verifying
our central thesis that statistical diversity of samples can trump the computational
savings of convolutional processing during learning.

N×M AC (%) IU (%)
500× 5 43.7 34.8
1000× 5 43.8 34.7
2000× 5 43.8 34.7
4000× 5 43.9 34.9
2000× 1 32.6 24.6
10000× 1 33.3 25.2

Table 8.9: Varying SGD mini-batch construction: We vary the SGD mini-batch
construction on the PASCAL Context 59-class segmentation task. N ×M refers to
a mini-batch constructed from N pixels sampled from each of M images (a total
of N×M pixels sampled for optimization). We see that a small number of pixels
per image (500, or 2%) are sufficient for learning. Put in another terms, given a
fixed budget of N pixels per mini-batch, performance is maximized when spread-
ing them across a large number of images M. This validates our central thesis that
statistical diversity trumps the computational savings of convolutional processing
during learning.

Analysis-3: Adding conv-7. While our diagnostics reveal the importance of archi-
tecture design and sampling, our best results still do not quite reach the state-of-
the-art. For example, a single-scale FCN-32s [267], without any low-level layers,
can already achieve 35.1. This suggests that their penultimate conv-7 layer does
capture cues relevant for pixel-level prediction. In practice, we find that simply
concatenating conv-7 significantly improves performance.

Following the same training process, the results of our model with conv-7 fea-
tures are shown in Table 8.10. From this we can see that conv-7 is greatly helping
the performance of semantic segmentation. Even with reduced scale, we are able to
obtain a similar IU achieved by FCN-8s [267], without any extra modeling of con-
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Model 59-class 33-class
AC (%) IU (%) AC (%) IU (%)

FCN-8s [266] 46.5 35.1 67.6 53.5
FCN-8s [267] 50.7 37.8 - -
DeepLab (v2 [66]) - 37.6 - -
DeepLab (v2) + CRF [66] - 39.6 - -
CRF-RNN [499] - 39.3 - -
ParseNet [259] - 40.4 - -
ConvPP-8 [477] - 41.0 - -
baseline (conv-{12, 22, 33, 43, 53}) 44.0 34.9 62.5 51.1
conv-{12, 22, 33, 43, 53, 7} (0.25,0.5) 46.7 37.1 66.6 54.8
conv-{12, 22, 33, 43, 53, 7} (0.5) 47.5 37.4 66.3 54.0
conv-{12, 22, 33, 43, 53, 7} (0.5-1.0) 48.1 37.6 67.3 54.5
conv-{12, 22, 33, 43, 53, 7} (0.5-0.25,0.5,1.0) 51.5 41.4 69.5 56.9

Table 8.10: Our final results and baseline comparison on PASCAL-Context. Note
that while most recent approaches spatial context post-processing [66,259,477,499],
we focus on the FCN [267] per-pixel predictor as most approaches are its descen-
dants. Also, note that we (without any CRF) achieve results better than previous
approaches. CRF post-processing could be applied to any local unary classifier (in-
cluding our method). Here we wanted to compare with other local models for a
“pure” analysis.

text [65,259,477,499]. For fair comparison, we also experimented with single scale
training with 1) half scale 0.5×, and 2) full scale 1.0× images. We use 5 images
per SGD batch, and sample 2000 pixels per image. We find the results are better
without 0.25× training, reaching 37.4% and 37.6% IU , respectively, even closer to
the FCN-8s performance (37.8% IU). For the 33-class setting, we are already doing
better with the baseline model plus conv-7.
Analysis-4: Multi-scale. All previous experiments process test images at a single
scale (0.25× or 0.5× its original size), whereas most prior work [65, 259, 267, 499]
use multiple scales from full-resolution images. A smaller scale allows the model
to access more context when making a prediction, but this can hurt performance
on small objects. Following past work, we explore test-time averaging of predic-
tions across multiple scales. We tested combinations of 0.25×, 0.5× and 1×. For
efficiency, we just fine-tune the model trained on small scales (right before reduc-
ing the learning rate for the first time) with an initial learning rate of 10−3 and step
size of 8 epochs, and end training after 24 epochs. The results are also reported in
Table 8.10. Multi-scale prediction generalizes much better (41.0% IU). Note our
pixel-wise predictions do not make use of contextual post-processing (even outper-
forming some methods that post-processes FCNs to do so [66,499]).
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Evaluation on PASCAL VOC-2012 [108]. We use the same settings, and evaluate
our approach on PASCAL VOC-2012. Our approach, without any special consider-
ation of parameters for this dataset, achieves mAP of 69.7%4. This is much better
than previous approaches, e.g. 62.7% for Hypercolumns [162], 62% for FCN [267],
67% for DeepLab (without CRF) [65] etc. Our performance on VOC-2012 is sim-
ilar to Mostajabi et al [301] despite the fact we use information from only 6 layers
while they used information from all the layers. In addition, they use a rectangular
region of 256×256 (called sub-scene) around the super-pixels. We posit that fine-
tuning (or back-propagating gradients to conv-layers) enables efficient and better
learning with even lesser layers, and without extra sub-scene information in an end-
to-end framework. Finally, the use of super-pixels in [301] inhibit capturing detailed
segmentation mask (and rather gives “blobby” output), and it is computationally
less-tractable to use their approach for per-pixel optimization as information for
each pixel would be required to be stored on disk.

8.5 2.5D Geometric Cues

We evaluate our approach on NYU Depth v2 dataset [393]. There are 795 training
images and 654 test images in this dataset. Raw depth videos are also made avail-
able by [393]. We use the frames extracted from these videos to train our network
for the task of surface normal estimation.

For training and testing we use the surface normals computed from the Kinect
depth channel by Ladicky et al. [239] over the NYU trainval and test sets. As their
surface normals are not available for the video frames in the training set, we com-
pute normals (from depth data) using the approach of Fouhey et al. [123]5.

We ignore pixels where depth data is not available during training and testing.
As shown in [102, 452] data augmentation during training can boost accuracy. We
performed minimal data augmentation during training. We performed left-right
flipping of the image and color augmentation, similar to [452], over the NYU train-
val frames only; we did not perform augmentation over the video frames. This is
much less augmentation than prior approaches [102, 452], and we believe we can
get additional boost with further augmentation, e.g. by employing the suggestions
in [63]. Note that the proposed pixel-level optimization also achieves comparable
results training on only the 795 images in the training set of the NYUD2 dataset.
This is due to the variability provided by pixels in the image as now each pixel act
as a data point.

Figure 8.5 shows qualitative results from our approach. Notice that the back
of the sofa in row 1 is correctly captured and the fine details of the desk and chair

4Per-class performance is available at http://host.robots.ox.ac.uk:8080/anonymous/PZH9WH.
html.

5Fouhey et al. [123] used a first-order TGV denoising approach to compute normals from depth
data which they used to train their model. We did not use the predicted normals from their approach.
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Figure 8.5: Surface Normal Estimation: We contrast our approach with prior
art [102,452] using a single 2D image for surface normal estimation. Our approach
enables us to capture both global layout and local details in the scene. E.g., cushion
on the sofa in the first and second row, and chair in the third row.

in row 3 are more visible in our approach. For quantitative evaluation we use the
criteria introduced by Fouhey et al. [123] to compare our approach against prior
work [102,123,125,452]. Six statistics are computed over the angular error between
the predicted normals and depth-based normals – Mean, Median, RMSE, 11.25◦,
22.5◦, and 30◦ – using the normals of Ladicky et al. as ground truth [239]. The first
three criteria capture the mean, median, and RMSE of angular error, where lower is
better. The last three criteria capture the percentage of pixels within a given angular
error, where higher is better.

In this work, our focus is to capture more detailed surface normal informa-
tion from the images. We, therefore, not only evaluate our approach on the en-
tire global scene layout as in [102, 123, 125, 452], but we also introduce an evalua-
tion over objects (chair, sofa, and bed) in indoor scene categories. First we show
the performance of our approach on the entire global scene layout and compare it
with [102, 123, 125, 452]. We then compare the surface normals for indoor scene
furniture categories (chair, sofa, and bed) against [102,452]. Finally, we perform an
ablative analysis to justify our architecture design choices.

Global Scene Layout: Table 8.11 compares our approach with existing work. We
present our results both with and without Manhattan-world rectification to fairly
compare against previous approaches, as [123, 125, 452] use it and [102] do not.
Similar to [123], we rectify our normals using the vanishing point estimates from
Hedau et al. [173]. Interestingly, our approach performs worse with Manhattan-
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NYUDv2 test Mean Median RMSE 11.25◦ 22.5◦ 30◦

Eigen-Fergus [102] 23.7 15.5 - 39.2 62.0 71.1
Fouhey et al. [123] 35.3 31.2 41.4 16.4 36.6 48.2

Ours 19.8 12.0 28.2 47.9 70.0 77.8

Manhattan World
Wang et al. [452] 26.9 14.8 - 42.0 61.2 68.2
Fouhey et al. [125] 35.2 17.9 49.6 40.5 54.1 58.9
Fouhey et al. [123] 36.3 19.2 50.4 39.2 52.9 57.8

Ours 23.9 11.9 35.9 48.4 66.0 72.7

Table 8.11: NYUv2 surface normal prediction: Global scene layout. We compute
six statistics over the angular error between the predicted normals and depth-based
normals – Mean, Median, RMSE, 11.25◦, 22.5◦, and 30◦. The first three criteria cap-
ture the mean, median, and RMSE of angular error, where lower is better. The last
three criteria capture the percentage of pixels within a given angular error, where
higher is better. Our approach significantly outperforms prior art.

world rectification (unlike Fouhey et al. [123]). Our network architecture predicts
room layout automatically, and appears to be better than using vanishing point esti-
mates. Though capturing scene layout was not our objective, our work out-performs
previous approaches on all evaluation criteria.

Local Object Layout: The existing surface normal literature is focussed towards
the scene layout. In this work, we stress the importance of fine details in the scene
generally available around objects. We, therefore, evaluated the performance of
our approach in the object regions by considering only those pixels which belong
to a particular object. Here we show the performance on chair, sofa and bed. Ta-
ble 8.12 shows comparison of our approach with Wang et al. [452] and Eigen and
Fergus [102]. We achieve around 3-10% better performance than prior art on all
statistics for all the objects.

Ablative Analysis: We analyze how different sets of convolutional layers influ-
ence the performance of our approach. Table 8.13 shows some of our analysis. We
chose a combination of layers from low, mid, and high parts of the VGG network.
Clearly from the experiments, we need a combination of different low, mid, high
layers to capture rich information present in the image.
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NYUDv2 test Mean Median RMSE 11.25◦ 22.5◦ 30◦

Chair
Wang et al. [452] 44.7 35.8 54.9 14.2 34.3 44.3
Eigen-Fergus [102] 38.2 32.5 46.3 14.4 34.9 46.6
Ours 32.0 24.1 40.6 21.2 47.3 58.5

Sofa
Wang et al. [452] 36.0 27.6 45.4 21.6 42.6 53.1
Eigen-Fergus [102] 27.0 21.3 34.0 25.5 52.4 63.4
Ours 20.9 15.9 27.0 34.8 66.1 77.7

Bed
Wang et al. [452] 28.6 18.5 38.7 34.0 56.4 65.3
Eigen-Fergus [102] 23.1 16.3 30.8 36.4 62.0 72.6
Ours 19.6 13.4 26.9 43.5 69.3 79.3

Table 8.12: NYUv2 surface normal prediction: Local object layout. We isolate
local regions in the image and compute six statistics over the angular error between
the predicted normals and depth-based normals – Mean, Median, RMSE, 11.25◦,
22.5◦, and 30◦. The first three criteria capture the mean, median, and RMSE of an-
gular error, where lower is better. The last three criteria capture the percentage of
pixels within a given angular error, where higher is better. Our approach signifi-
cantly outperforms prior art.

NYUDv2 test Mean Median RMSE 11.25◦ 22.5◦ 30◦

{11, 12} 44.4 42.7 49.3 4.1 16.5 28.2
{11, 12, 33} 30.2 24.7 37.7 23.1 46.2 58.4
{11, 12, 53} 22.6 15.3 30.5 39.1 63.4 73.1
{11, 12, 33, 53} 21.3 13.9 29.2 42.3 67.0 76.0
{12, 33, 53} 21.3 14.0 29.3 42.0 66.7 75.8
{12, 22, 33, 43, 53} 20.9 13.6 28.0 43.1 67.9 77.0

{12, 22, 33, 43, 53, 7} 19.8 12.0 28.2 47.9 70.0 77.8

Table 8.13: NYUv2 surface normal prediction: Ablative Analysis. We analyze how
different sets of convolutional layers influence the performance of our approach. We
chose a combination of layers from low, mid, and high parts of the VGG network.
Clearly from the experiments, we need a combination of different low, mid, high
layers to capture rich information present in the image.
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ODS OIS AP

Human [12] .800 .800 -
SE-Var [95] .746 .767 .803
OEF [160] .749 .772 .817
DeepNets [231] .738 .759 .758
CSCNN [192] .756 .775 .798
HED [478] (Updated version) .788 .808 .840
UberNet (1-Task) [233] .791 .809 .849

PixelNet (Uniform) .767 .786 .800
PixelNet (Biased) .795 .811 .830

Table 8.14: Evaluation on BSDS [12]: Our approach performs better than previous
approaches specifically trained for edge detection. Here, we show two results using
our architecture: a. Uniform; and b. Biased. For the former, we randomly sample
positive and negative examples while we do a biased sampling of 50% positives
(from a total 10% positives in edge dataset) and 50% negatives. As shown, biased
sampling improves performance for edge detection. Finally, we achieve F-score of
0.8 which is same as humans.

8.6 2.5D Boundary Cues

Dataset: The standard dataset for edge detection is BSDS-500 [12], which consists
of 200 training, 100 validation, and 200 testing images. Each image is annotated by
∼5 humans to mark out the contours. We use the same augmented data (rotation,
flipping, totaling 9600 images without resizing) used to train the state-of-the-art
Holistically-nested edge detector (HED) [478]. We report numbers on the testing
images. During training, we follow HED and only use positive labels where a con-
sensus (≥ 3 out of 5) of humans agreed.
Training: We use the same baseline network and training strategy defined earlier in
Section 8.4. A sigmoid cross-entropy loss is used to determine the whether a pixel
is belonging to an edge or not. Due to the highly skewed class distribution, we also
normalized the gradients for positives and negatives in each batch (as in [478]).
In case of skewed class label distribution, sampling offers the flexibility to let the
model focus more on the rare classes.
Results: Table 8.16 shows the performance of PixelNet for edge detection. The last 2
rows in Table 8.16 contrast the performance between uniform and biased sampling.
Clearly biased sampling toward positives can help the performance. Qualitatively,
we find our network tends to have better results for semantic-contours (around an
object), particularly after including conv-7 features. Figure 8.7 shows some qualita-
tive results comparing our network with the HED model. Interestingly, our model
explicitly removed the edges inside the zebra, but when the model cannot recognize
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ODS OIS AP

conv-{12, 22, 33, 43, 53} Uniform .767 .786 .800
conv-{12, 22, 33, 43, 53} (25%) .792 .808 .826
conv-{12, 22, 33, 43, 53} (50%) .791 .807 .823
conv-{12, 22, 33, 43, 53} (75%) .790 .805 .818

Table 8.15: Comparison of different sampling strategies during training. Top row:
Uniform pixel sampling. Bottom rows: Biased sampling of positive examples. We
sample a fixed percentage of positive examples (25%,50% and 75%) for each image.
Notice a significance difference in performance.

it (its head is out of the picture), it still marks the edges on the black-and-white
stripes. Our model appears to be making use of more higher-level information than
past work on edge detection.

8.6.1 More Analysis

Baseline. We use the same baseline network that was defined for semantic segmen-
tation, only making use of pre-trained conv layers. A sigmoid cross-entropy loss is
used to determine the whether a pixel is belonging to an edge or not. Due to the
highly skewed class distribution, we also normalized the gradients for positives and
negatives in each batch (as in [478]).
Analysis-1: Sampling. Whereas uniform sampling sufficed for semantic segmenta-
tion [267], we found the extreme rarity of positive pixels in edge detection required
focused sampling of positives. We compare different strategies for sampling a fixed
number (2000 pixels per image) training examples in Table 8.15. Two obvious ap-
proaches are uniform and balanced sampling with an equal ratio of positives and
negatives (shown to be useful for object detection [141]). We tried ratios of 0.25,
0.5 and 0.75, and found that balancing consistently improved performance6.
Analysis-2: Adding conv-7. We previously found that adding features from higher
layers is helpful for semantic segmentation. Are such high-level features also help-
ful for edge detection, generally regarded as a low-level task? To answer this ques-
tion, we again concatenated conv-7 features with other conv layers { 12, 22, 33, 43, 53

}. Please refer to the results at Table 8.16, using the second sampling strategy. We
find it still helps performance a bit, but not as significantly for semantic segmen-
tation (clearly a high-level task). Our final results as a single output classifier are
very competitive to the state-of-the-art.

Qualitatively, we find our network tends to have better results for semantic-
contours (around an object), particularly after including conv-7 features. Figure 8.7

6Note that simple class balancing [478] in each batch is already used, so the performance gain is
unlikely from label re-balancing.
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ODS OIS AP

Human [12] .800 .800 -
Canny .600 .640 .580
Felz-Hutt [114] .610 .640 .560
gPb-owt-ucm [12] .726 .757 .696
Sketch Tokens [252] .727 .746 .780
SCG [474] .739 .758 .773
PMI [198] .740 .770 .780
SE-Var [95] .746 .767 .803
OEF [160] .749 .772 .817
DeepNets [231] .738 .759 .758
CSCNN [192] .756 .775 .798
HED [478] .782 .804 .833
HED [478] (Updated version) .790 .808 .811
HED merging [478] (Updated version) .788 .808 .840

conv-{12, 22, 33, 43, 53} (50%) .791 .807 .823
conv-{12, 22, 33, 43, 53, 7} (50%) .795 .811 .830
conv-{12, 22, 33, 43, 53} (25%)-(0.5×,1.0×) .792 .808 .826
conv-{12, 22, 33, 43, 53, 7} (25%)-(0.5×,1.0×) .795 .811 .825
conv-{12, 22, 33, 43, 53} (50%)-(0.5×,1.0×) .791 .807 .823
conv-{12, 22, 33, 43, 53, 7} (50%)-(0.5×,1.0×) .795 .811 .830
conv-{12, 22, 33, 43, 53, 7} (25%)-(1.0×) .792 .808 .837
conv-{12, 22, 33, 43, 53, 7} (50%)-(1.0×) .791 .803 .840

Table 8.16: Evaluation on BSDS [12]. Our approach performs better than previous
approaches specifically trained for edge detection.

shows some qualitative results comparing our network with the HED model. In-
terestingly, our model explicitly removed the edges inside the zebra, but when the
model cannot recognize it (its head is out of the picture), it still marks the edges on
the black-and-white stripes. Our model appears to be making use of much higher-
level information than past work on edge detection.

8.7 3D Objects

Given a selected image region depicting an object of interest, along with a corre-
sponding predicted surface normal map (Section 8.5), we seek to retrieve a 3D
model from a large object CAD library matching the style and pose of the depicted
object. This is a hard task given the large number of library models and possible
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Figure 8.6: Results on BSDS [12]. While our curve is mostly overlapping with HED,
our detector focuses on more high-level semantic edges. See qualitative results in
Fig.8.7.

viewpoints of the object. While prior work has performed retrieval by matching
the image to rendered views of the CAD models [13], we seek to leverage both the
image appearance information and the predicted surface normals.

We first propose a two-stream network to estimate the object pose. This two-
stream network takes as input both the image appearance I and predicted surface
normals n(I), illustrated in Figure 8.9 (left). Each stream of the two stream network
is similar in architecture to CaffeNet [238] upto pool5 layer. We also initialize both
the streams using pre-trained ImageNet network.
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Input&Image& Ground&Truth& HED& Ours&(w/&conv%7)& Ours&(w/o&conv%7)&

Figure 8.7: Qualitative results for edge detection. Notice that our approach gener-
ates more semantic edges for zebra, eagle, and giraffe compared to HED [478]. Best
viewed in the electronic version.

Note that for surface normals there is no corresponding pre-trained CNN. Al-
though the CaffeNet model has been trained on images, we have found experimen-
tally (c.f. Section 8.7.1) that it can also represent well surface normals. As the surface
normals are not in the same range as natural images, we found that it is important
as a pre-processing step to transform them to be in the expected range. The surface
normal values range from [−1, 1]. We map these scores of surface normals to [0, 255]
to bring them in same range as natural images. A mean pixel subtraction is done
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Input&Images& Predicted&surface&normals& CAD&model&library& Aligned&models&

Figure 8.8: 3D Objects: Given a single 2D image, we predict surface-normals that
capture detailed object surfaces. We use the image and predicted surface-normals
to retrieve a 3D model from a large library of object CAD models.

before the image is feed-forward to the network. The mean values for nx, ny, and
nz are computed using the 381 images in train set of NYUD2.

While one could use the pre-trained networks directly for retrieval, such a rep-
resentation has not been optimized for retrieving CAD models with similar pose
and style. We seek to optimize a network to predict pose and style given training
data. For learning pose, we leverage the fact that the CAD models are registered
to a canonical view so that viewpoint and surface normals are known for rendered
views. We generate a training set of sampled rendered views and surface normal
maps {(Ii, n̂i)}Ni=1 for viewing angles {φi}Ni=1 for all CAD models in the library. We
generate surface normals for each pixel by ray casting to the model faces, which
allows us to compute view-based surface normals n̂.

To model pose, we discretize the viewing angles φ and cast the problem as one
of classifying into one of the discrete poses. We pass the concatenated CaffeNet
“pool5” features c̄(I, n̂) through a sequence of two fully-connected layers, followed
by a softmax layer to yield pose predictions g(I, n̂; Θ) for model parameters Θ. We
optimize a softmax loss over model parameters Θ:

min
Θ
−

N∑
i=1

φTi log(g(Ii, n̂i; Θ)). (8.1)

Note that during training, we back propagate the loss through all the layers of
CaffeNet as well. Given a trained pose predictor, at test time we pass in image I and
predicted surface normals n(I) to yield pose predictions g(I, n(I); Θ) from the last
fully connected layer. We can also run our network given RGB-D images, where sur-
face normals are derived from the depth channel. We show pose-prediction results
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Figure 8.9: Networks for predicting pose (left) and style (right). Our pose net-
work is trained on a set of rendered CAD views and extracted surface normal pairs.
During prediction, an image and its predicted surface normals are used to predict
the object pose. For the style network, we train on hand-aligned natural image and
CAD rendered view pairs. We initialize the style network with the network trained
for poses. See text for more details.

for both types of inputs in Section 8.7.1.
Note that a similar network for pose prediction has been proposed for RGB-D

input images [159]. There, they train a network from scratch using normals from
CAD for training and query using Kinect-based surface normals during prediction.
We differ in our use of the pre-trained CaffeNet to represent surface normals and
our two-stream network incorporating both surface normal and appearance infor-
mation. We found that due to the differences in appearance of natural images and
rendered views of CAD models, simply concatenating the pool5 CaffeNet features
hurt performance. We augmented the data similar to [405] by compositing our
rendered views over backgrounds sampled from natural images during training,
which improved performance.

From two-stream pose to siamese style network. While the output of the last
fully-connected layer used for pose prediction can be used for retrieval, it has not yet
been optimized for style. Inspired by [32], we seek to model style given a training
set of hand-aligned similar and dissimilar CAD model-image pairs. Towards this
goal, we extend our two-stream pose network to siamese two-stream network for
this task, illustrated in Figure 8.9 (right). Specifically, let f be the response of the
last fully-connected layer of the pose network above. Given similar image-model
pairs (fp, fq) and dissimilar pairs (fq, fn), we seek to optimize the contrastive loss:
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L(Θ) =
∑
(q,p)

Lp(fq, fp) +
∑
(q,n)

Ln(fq, fn). (8.2)

We use the losses Lp(fq, fp) = ||fq−fp||2 and Ln(fq, fn) = max (m− ||fq − fn||2, 0),
where m = 1 is a parameter specifying the margin. As in [32], we optimize the
above objective via a Siamese network. Note that we optimize over pose and style,
while [32] optimizes over object class and style for the task of product image re-
trieval.

For optimization, we apply mini-batch SGD in training using the caffe frame-
work. We followed the standard techniques to train a CaffeNet-like architecture,
and back-propagate through all layers. The procedure for training and testing are
described in the respective experiment section.

8.7.1 Pose Estimation

We evaluated our approach to estimate the pose of a given object. We trained the
pose network using CAD models from Princeton ModelNet [470] as training data,
and used 1260 models for chair, 526 for sofa, and 196 for bed. For each model, we
rendered 144 different views corresponding to 4 elevation and 36 azimuth angles.
We designed the network to predict one of the 36 azimuth angles, which we treated
as a 36-class classification problem. Note that we trained separate pose networks for
the chair, sofa, and bed classes. At test time, we forward propagated the selected
region from the image, along with its predicted surface normals, and selected the
angle with maximum prediction score. We evaluated our approach using the an-
notations from Guo and Hoiem [156] where they manually annotated the NYUD2
dataset with aligned 3D CAD models for the categories of interest.

Comparison on NYUD2 val set: Figure 8.10 shows a quantitative evaluation of
our approach on the NYUD2 val set. Using the criteria introduced in Gupta et
al [159], we plot the fraction of instances with predicted pose angular error less
than δθ as a function of δθ (higher is better). We compare our approach with Gupta
et al [159] who showed results of pose estimation on the NYUD2 val set for objects
with at least 50% valid depth pixels. Note that we trained our skip-network for sur-
face normals using the 381 images of the NYUD2 train set. We clearly out-perform
the baseline using RGB-only and RGB-D for chairs and sofas.

Comparison on NYUD2 test set: Unfortunately, we cannot directly compare the
approaches of [159] and [325] for pose estimation. While Gupta et al. [159] re-
ported performance on the NYUD2 val set, Papon and Schoeler [325] reported per-
formance on the test set. We evaluated our approach on the val and test sets sepa-
rately to directly compare against both methods. Figure 8.11 shows the comparison
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Figure 8.10: Pose prediction on val set. We plot the fraction of instances with pre-
dicted pose angular error less than δθ as a function of δθ. Similar to [159] we con-
sider only those objects which have valid depth pixels for more than 50%.
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Figure 8.11: Pose prediction on test set. We plot the fraction of instances with
predicted pose angular error less than δθ as a function of δθ. Similar to [159] we
consider only those objects which have valid depth pixels for more than 50%.

of our approach against Papon and Schoeler [325] on the test set (we trained us-
ing the NYUD2 trainval set) and shows that our approach is competitive for both
RGB-D and RGB.

Varying predicted surface normals: We analyze how different surface normal
prediction algorithms affect the accuracy of predicting object pose. Since no real-
world data was used for training our pose estimation network (we only used CAD
model rendered views), we can perform this experiment without any bias with re-
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spect to the surface normal prediction algorithm. Figure 8.12 shows a comparison
of our approach, along with Eigen and Fergus [102] and Wang et al. [452]. Notice
that better surface normal prediction results in better object pose predictions.
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Figure 8.12: Pose prediction for different surface normal predictions. We plot the
fraction of instances with predicted pose angular error less than δθ as a function of
δθ. Similar to [159] we consider only those objects which have valid depth pixels
for more than 50%.

Removing depth constraint in evaluation: So far we have ignored test examples
having less than 50% valid depth pixels since prior approaches based on RGB-D
data require valid depth for object pose prediction. The predicted normals gives us
an added advantage to consider all examples irrespective of available depth infor-
mation. In this experiment we compare our approach for pose estimation without
any depth-based criteria. Figure 8.13 shows the performance of different surface
normal approaches on NYUD2 test set for all test examples.

Comparison with nearest neighbors: We compare our approach with nearest
neighbors using surface normals and CaffeNet pool-5 features to retrieve a 3D model
that is similar in pose and style. When using surface normals, we slide the CAD
models on the given bounding box of the image to determine the correct location
and scale for the model. The CAD model rendered views are resized such that the
maximum dimension is 40 pixels. We tried two approaches for scoring the windows
for the sliding-window approach - 1) compute dot product; 2) compute the angu-
lar error between the two, and then compute the percentage of pixels within 30◦

angular error (we call this criteria ‘Geom’). To penalize smaller windows we com-
pute the product of the scores and overlap (IoU) between the window and original
box. This ensures there is no bias towards smaller windows in the sliding-window
approach. Finally, we prune similar CAD models within a 20◦ azimuthal angle.
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Figure 8.13: Pose prediction for all images irrespective of depth constraint. We plot
the fraction of instances with predicted pose angular error less than δθ as a function
of δθ. In this analysis, we consider all the objects irrespective of valid depth data.

Figure 8.14: For each example, the top row shows CAD models retrieved using fc-7
of Pose Network and the bottom row shows the result of nearest-neighbor retrieval
using predicted surface normals.
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NYUD2 test Dot-Product Dot-Product Geom Geom
(1 NN) (K-NN) (1 NN) (K-NN)

Random 0.13 0.13 0.13 0.13
Normals (ours) 0.21 0.22 0.31 0.30
Normals (depth) 0.33 0.31 0.41 0.44

App. (pool-5) 0.26 0.28 0.26 0.28

ours+pool-5 0.25 0.28 0.29 0.32
depth+pool-5 0.30 0.33 0.36 0.38

Table 8.17: Area under the fraction of instances versus angular error δθ curve. Sim-
ilar to [159, 325], we consider only those objects which have valid depth pixels for
more than 50%. For K-NN we used K = 35. Note that for App. (pool-5), we did
not use the ‘Geom’ criteria but copied the scores of dot product in it. Our PoseNet
(RGB) and (RGB-D) achieves 0.43 and 0.55 respectively, which is higher than the
proposed nearest neighbor approaches.

To capture appearance information during retrieval, we used the CaffeNet pool-
5 features for both CAD models and the given bounding box. We computed the
cosine distance between pool-5 features. Both scores from appearance and surface
normals were combined into a final score by weighted averaging.

We evaluated on the chairs in the test set. In this experiment, we only consid-
ered chairs having more than 50% of valid depth pixels. We report area under the
pose prediction curve in Table 8.17. Notice that the ‘Geom’ criteria outperforms dot
product. Also, combining appearance information boosts the performance of pre-
dicted normals but hurts the performance of normals from depth. Note that our
PoseNet trained on just RGB is comparable to the results obtained using nearest
neighbors for RGB-D.

8.7.2 Style Estimation

We now use our style network to determine the style of objects. To reduce the search
space, we use this network to re-rank the top-N output of the CAD models retrieved
using the fc-7 feature of the pose network. We evaluate our style network using
chairs as chairs span a large variety of styles [13]. To train the model we hand-
labeled images in the NYUD2 training set with models having very similar style.
To assist with the labeling we used our pose network to retrieve similar CAD mod-
els over the NYU training set. For each example we looked at the top-30 retrieved
CAD models and manually labeled if a particular CAD model is similar to the input
example or not. We used these labels to train our style network using the contrastive
loss. Figure 8.15 shows qualitative examples of our re-ranking via the style network.
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Figure 8.15: Style re-ranking. For each example the top row shows the top-5 CAD
models obtained using our Style Network and the bottom row shows the original
retrievals using the Pose Network.

Note that the network is able to boost the ranking of similar examples, e.g., the chairs
having wheels in the first and last row have different styles in the initial retrieved
examples of the pose network. With the re-ranking, we are able to see chairs with
wheels consistently.
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Part IV

Continual and Streaming Learning
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Chapter 9

Streaming Learning with a Few
Examples

The different formulation proposed in this thesis follows exemplar and test-time
training. This unique combination allows to continually learn the audio-visual world
in a streaming manner. We extend our work on continual learning of the audio-
visual world to learning visual-recognition tasks in a continual and streaming man-
ner. We explore semi-supervised learning of deep representations given a few la-
beled examples of a task and a (potentially) infinite stream of unlabeled examples.
In this setting, classic approaches that attempt to pseudo-label the entire unlabeled
stream may take an exorbitant amount of time. Our approach continually evolves
task-specific representations by constructing a schedule of learning updates that it-
erates between pre-training on novel segments of the stream and fine-tuning on the
small, fixed labeled dataset. We take inspiration from developmental psychology
that explores how children learn.

9.1 Learning in Children vs. Machine

Children can learn about a concept (apple, banana, etc) from a few examples whereas
our machines cannot. We, however, forget that the mind of a child is continu-
ally evolving from the world around them, even when there is no one teaching
them [119]. However, visual recognition models for a machine are trained in a
one-stage setting, often from a fixed data distribution. In this work, we take the
inspiration from the continual cognitive development of a child (Fig. 9.1). We in-
troduce a simple approach that continually improves a task-specific representation
learning on a continuous stream of infinite data without any extra supervision or
knowledge. Crucially, our approach learns a meaningful representation for a task
given a few labeled examples in a few days of compute. The representation learned
using our approach is continually improving – this means the task representation
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Learn about flowers Explore world Revise  the lesson

(a) Children continually improve their knowledge about a concept.

(b) Machines can also improve their knowledge about a concept in this iterative manner.
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Flowers-101 dataset: 10 examples per class

Figure 9.1: (a) We take inspiration from developmental psychology that explores
how children learn. Children maybe exposed to a concept (say flowers), play with
other things in their environment, and eventually return to the lesson at hand. By
interleaving periods of self-supervised play and teacher-supervised learning, they
can continually evolve their representations about the world. (b) We take inspira-
tion from this model of continual learning and show how machines can continually
learn better representations for various visual understanding tasks. Here, we show
an illustrative fine-grained task of classifying flowers [313]. Iteration-0 shows the
performance of a convolutional neural network trained from scratch using only 10
examples per class. We use millions of unlabeled images as a proxy of exploring
the world. We continually improve the performance in each iteration. At the end
of the third iteration, the performance on the task improved from 45.49% to 72.68%
top-1 accuracy. We did not use any other labeled data or task-specific knowledge to
improve performance.

learned in a week will outperform what we have now.
One-Stage vs. Continual Evolution: Prior work focuses on one-stage approaches

for learning representations for a task, typically via more labeled data [253, 362,
501], higher capacity parametric models [170,184,238,395], finding better architec-
tures [55,413,518], or adding domain-specific knowledge [340,452]. Recently many
approaches have leveraged unlabeled images to learn a good representation using
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Figure 9.2: Our work combines insights from (a) continual learning and (b) semi-
supervised learning. The goal in continual learning is to continually learn new
tasks in a supervised manner without forgetting previous tasks . In this work, we
continually improve the representation for a fixed task using an infinite stream of
unlabeled data. This is closely related to semi-supervised learning where better rep-
resentations are learned using large amounts of unlabeled data in a one-shot learn-
ing manner. However, semi-supervised learning approaches also consider a large
amount of labeled data for the task of interest (shown by big green circle) in con-
junction with unlabeled data. In this work, we make no such assumption and can
even learn when we have few labeled examples (shown by small green circle). Our
approach is also inspired from (c) self-supervised learning that uses unlabeled
images for learning a generic representation in a one-time learning that can be used
for downstream tasks. We, however, use unlabeled images to learn a task-specific
representation in a continual manner. Importantly, the underlying representation in
our work evolves (both expands and improves) over time. Finally, we are inspired
from (d) few-shot learning approaches that aims to learn a representation from a
few-labeled examples. However, these approaches typically use a model trained on
a large amount of labeled data for a related task and then fine-tune for the target
task. In this work, we use only few-labeled examples to learn a model from scratch
and improve the performance over time.

auxiliary tasks [93, 138, 297, 453, 493]. These approaches learn a one-stage generic
representation that can be used as an initialization for other tasks (Fig. 9.2-(c)).
This is contrary to human learning [314] where the recognition abilities evolve over
years from the perception of simple shapes in infancy to the ability to recognize
individual objects through childhood into adolescence. Finally, semi-supervised
approaches [344, 481] have also made the use of unlabeled images in learning a
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better representation (Fig. 9.2-(b)). While an inspiration for our own work on con-
tinual evolving representation, these approaches also learn a one-stage represen-
tation (notable exception [475]) and make two solid assumptions: (1) availability
of a good initial model to obtain pseudo-labels on the unlabeled images; and (2)
a procedure to clean noisy generated labels. Notably [475, 481] shows that they
could improve top-1 accuracy on Imagenet [362] by 2% over prior state-of-the-art
with a good initial model and selection procedures. In this work, we make no such
assumption and demonstrate that we can continually learn a better task-specific
representation via Self-Training [374, 486], even when starting with a few labeled
examples.

Our Observation: We observe that one can indeed start from a few labeled ex-
amples for a task given we have a (potentially infinite) stream of unlabeled exam-
ples. We can continually improve a task-representation by constructing a schedule
of learning updates that iterates between pre-training on segments of the unlabeled
stream and fine-tuning on the small labeled dataset (Fig. 9.2-(e)). We progressively
learn more accurate pseudo-labels as the stream is processed. This observation im-
plies that we can learn better mappings using diverse unlabeled examples without
any extra supervision or knowledge of the task.

Training deeper models with few examples: An important consequence of our
work is that we can now train very deep models from scratch using a few labeled
examples. The large capacity models are often prone to overfitting in a low-data
regime and usually under-perform [307]. For e.g. a ResNet-50 model [170] trained
from scratch for a 200-way fine-grained bird classification [463] using 30 examples-
per-class overfits and yields 21.7% top-1 accuracy on a held-out validation set. In a
single iteration of our approach, the same model gets 51.5% top-1 accuracy in a day.
This is crucial specially when there is a possibility of a better task representations
but we could not explore them because of the lack of labeled data. It is also im-
portant to mention that because of the lack of labeled data for various tasks, many
computer-vision approaches have been restricted to use the models designed for
image classification specifically. This observation also implies that we can continu-
ally increase the capacity of models over time and achieve even better performance
of the required task with the larger capacity models. The continual evolution of
fine-grained bird classification improved performance to 66.1% top-1 accuracy in a
few more days.

Our Contributions: (1) To the best of our knowledge, we are the first to in-
troduce an approach that continually learn better representations for a task using
millions of unlabeled images without any additional assumption and auxiliary in-
formation; (2) Our approach enables to train very high capacity models on a few-
labeled example per class without any extra knowledge; (3) Finally, we demon-
strate our approach on a variety of tasks. The performance of our model improved
by 27% top-1 accuracy for Flowers-102 [313] and 22% top-1 accuracy for Birds-
200 [463] in three iterations of our approach. Our insights are also applicable to

208



DRAFT

Step 1: Initialization Step 2: Learning a new representation Step 3: Fine-tune with original data

initialize with 

… …

Figure 9.3: Our Approach: There are three important steps of our approach. (a)
Step 1: Initialization– we learn an initial mapping F on (x, y) ∈ S; (b) Step 2:
Learning a new representation– We use F to learn a new model F ′ from scratch on
sample x ∈ U ; and (c) finally, Step 3: Fine-tune with original data – we fine-tune
F ′ on S. This becomes our new F . We continually cycle between Step-2 and Step-3.
The capacity of model F ′ increases with every cycle.

medical-image classification, crop-disease classification, and satellite-image classi-
fication where we don’t have a large amount of labeled and unlabeled dataset. Our
insights also hold for pixel-level prediction problems. We improve surface normal
estimation on NYU-v2 depth dataset [393] and semantic segmentation on PASCAL
VOC-2012 [108] by 3−7%. Note all these models are initialized from scratch. We are
continually improving the performance of these models with continuous streams
of unlabeled data.

9.2 Related Work

Our continually evolving task-specific learning is inspired from the continually im-
proving and expanding human mind [7,8]. Learning a task-specific representation
is not new in computer vision. There are substantial efforts in learning a good rep-
resentation for an individual task using domain-specific knowledge, be it object de-
tection [142], segmentation [267], human keypoints [57], 3D human models [213],
depth and surface normal estimation [23, 102], or boundary detection [478]. This
has partly been inspired by our understanding of how we perceive the world [190].
Recognition abilities in the human brain is also task dependent and operates at dif-
ferent locations [295]. For e.g., action-related properties in the ventral stream [278],
real world scenes and spatial layout/places in PPA and early visual cortex [107,236,
274, 327], shape analysis in LOC [219, 279], and face recognition in the FFA [220]
and OFA [166,336,377]. With the onset of data-driven learning, powered by neural
networks [242], there have been efforts [93,250,298,453] to learn a generic represen-
tation from data that can be used for any task. In this work, we use data to improve
task-specific representations without any task-specific or auxiliary knowledge. We
demonstrate that we can achieve large performance boosts by continually leverag-
ing unlabeled data without any expertise.

209



DRAFT

Common Yellow-Throat

initialization

iteration-1

iteration-2

iteration-3

Figure 9.4: Continual Improvement in Tasks: We qualitatively show improvement
in recognizing a common yellow-throat (shown in left from CUB-200 dataset [463]).
At initialization, the trained model confuses common yellow-throat with hooded
oriole, hooded warbler, wilson rbler, yellow-breasted chat, and other similar look-
ing birds. We get rid of false-positives with every iteration. At the the end of the
third iteration, there are no more false-positives.

Continual and Iterated Learning: Our work shares inspiration with a large body
of work on continual and lifelong learning [394,421,422]. A major goal in this line of
work [116,117,349,351,447] has been to continually learn a good representation over
a sequence of tasks (Fig. 9.2-(a)) that can be used to adapt to a new task with few-
labeled examples without forgetting the earlier tasks [60, 250]. Our goal, however,
is also to learn a task-specific representation from a few labeled examples and no
extra knowledge. Our work shares insights with iterated learning [229, 230] that
suggests evolution of language and emerging compositional structure of human
language through the successive re-learning. Recent work [271, 272] has also used
these insights in countering language drift and interactive language learning. In this
work, we restrict ourselves to visual recognition tasks and show that we continually
improve task-specific representations in an iterated learning fashion using infinite
stream of unlabeled data.
Learning from Unlabeled or Weakly-Labeled Data: The power of large corpus
of unlabeled or weakly-labeled data has been widely explored in semi-supervised
learning [10, 62, 195, 310, 343, 344, 346, 496, 514], self-supervised learning [93, 138,
493], or weakly-supervised learning [199, 206, 406, 508]. Closely related to ours is
the work on semi-supervised learning [475,481,517] that use self-training [96,459]
or pseudo-labels [10, 195, 245] on unlabeled data to learn a better representation
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Figure 9.5: Continual Improvement for Fire Lily: We qualitatively show improve-
ment in recognizing a fire lily (shown in left from flowers-102 dataset [313]). At
initialization, the trained model confuses fire lily with tiger lily, bird of paradise,
peruvian lily, canna lily, foxglove, and etc. With more iterations, the false positives
become fewer.

(Fig. 9.2-(b)). However, these approaches learn a one-time representation for the
task. It is also worth mentioning that these approaches generally use a large corpus
of labeled examples (e.g., a million labeled images from Imagenet) alongside the
unlabeled images. In this work, the task-representations are continually evolving
(improving and expanding). We also demonstrate that we can achieve large per-
formance boosts with a few labeled examples (as few as 10 labeled examples per
class) with the continuous stream of unlabeled images.

We show that our approach can learn better representations for a wide vari-
ety of tasks including image classification, surface normal estimation, and semantic
segmentation, without any task-specific knowledge. Our approach also works for
medical-image classification, satellite-image classification, and crop-disease classi-
fication, even when the models are trained from scratch for such challenging few-
shot cross-domain classification tasks.

Our approach differs from self-supervised learning approaches [93, 138, 493]
primarily in using the unlabeled data continually v.s. one-time (Fig. 9.2-(c)). Fur-
ther, these approaches define an auxiliary task for learning from data. While most
of these approaches are using the unlabeled images, it is not clear if the performance
improvement is due to the task or the images. In this work, we use unlabeled images
for the evolution of task-representation without any auxiliary knowledge. Since we
do not introduce any auxiliary task in our formulation, we are able to demonstrate
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the influence of increase in data size and model size in learning a better represen-
tation.
Learning with Limited Labeled Data: A wide variety of work in few-shot learn-
ing [350,457,464], meta-learning [354,401,408] aims to learn from few labeled sam-
ples. However, these approaches often utilize “pre-trained” knowledge (Fig. 9.2-
(d)) from large annotated data from a similar domain (such as ImageNet) [70].
Closely related to ours is the work of Li et al. [248] that also use a large corpus of
unlabeled images in a few-shot learning setup with a pre-trained model. While we
do show benefits of our approach when initializing using a good model – we stress
that one can learn a good representation even when we do not have a lot of labeled data from
any source or a pre-trained model.
Learning Unusual Stuff from Usual Data: Guo et al. [157] show that meta-learning
methods [116, 246, 401, 408, 429, 440] underperform simple finetuning when pre-
training on large annotated datasets from similar domains to the few-shot target
task. Our work however is both domain- and task-agnostic. For example, we show
substantial performance improvement in surface normal estimation [123, 452] on
NYU-v2-depth [393] (that is primarily an indoor world dataset collected using a
Kinect) via an unlabeled stream of web images. We similarly show that unlabeled
internet streams can be used to improve classification accuracy of crop-diseases [300],
satellite imagery [177], and medical images [79, 428] with even a modest number
of labeled examples (20 examples per class).

9.3 Continual Evolution via Streaming Learning

Our continually-evolving approach can be derived as a continuous extension of
semi-supervised learning algorithms. To derive our approach, assume we have ac-
cess to an optimization routine that minimizes the loss on a supervised data set of
labeled examples (x, y) ∈ S:

Learn(H, S)←F∈H
∑

(x,y)∈S

loss(y, F (x)) (9.1)

We will explore continually-evolving learning paradigms where the model class
H grows in complexity over time (e.g., deeper models). We assume the gradient-
based optimization routine is randomly initialized “from scratch” unless otherwise
stated.

Semi-supervised learning: In practice, labeled samples are often limited. Semi-
supervised learning assumes one has access to a large amount of unlabeled data
x ∈ U . We specifically build on a family of deep semi-supervised approaches
that psuedo-label unsupervised data U with a model trained on supervised data
S [10, 195, 245]. Since these psuedo-labels will be noisy, it is common to pre-train
on this large set, but fine-tune the final model on the pristine supervised set S [481].
Specifically, after learning an initial model F on the supervised set S:
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Figure 9.6: Continual Improvement for House Sparrow: We qualitatively
show improvement in recognizing a house sparrow (shown in left from CUB-200
dataset [463]). At initialization, the trained model confuses a house sparrow with
savannah sparrow, field sparrow, clay-colored sparrow, tree sparrow, house wren
etc. We get rid of false-positives with every iteration. With more iterations, the
false positives become fewer.

1. Use F to psuedo-label U .

2. Learn a new model F ′ from random initialization on the pseudo-labelled U .

3. Fine-tune F ′ on S.

Iterative learning: The above 3 steps can be iterated for improved performance,
visually shown in Fig. 9.3. It is natural to ask whether repeated iteration will po-
tentially oscillate or necessarily converge to a stable model and set of pseudo-labels.
The above iterative algorithm can be written as an approximate coordinate descent
optimization [467] of a latent-variable objective function:

min
{z},F∈H

∑
(x,y)∈S

loss(y, F (x)) +
∑
x∈U

loss(z, F (x)) (9.2)

Step 1 optimizes for latent labels {z} that minimize the loss, which are obtained by
assigning them to the output of model z := F (x) for each unlabeled example x.
Step 2 and 3 optimize for F in a two-stage fashion. Under the (admittedly strong)
assumption that this two-stage optimization finds the globally optimal F , the above
will converge to a fixed point solution. In practice, we do not observe oscillations
and find that model accuracy consistently improves.

213



DRAFT

Algorithm 1: StreamLearning(S, {Ut}Tt=1, {Ht}Tt=1)
Input : S: Labeled dataset

{Ut}Tt=1: T slices from unlabeled stream
{Ht}Tt=1: T hypothesis classes

Output: F
// Initialize the model on S

F ← Learn(H1, S);
for t← 1 to T do

// Pseudo-label stream slice

U ← {(x, F (x)) : x ∈ Ut};
// Pretrain model on U
F ′ ← Learn(Ht, U);
// Fine-tune model on S
F ← Finetune(F ′, S);

end

Streaming learning: We point out two important extensions, motivated by the
fact that the unsupervised set U can be massively large, or even an infinite stream
(e.g., obtained by an online web crawler). In this case, Step 1 may take an exorbitant
amount of time to finish labeling on U . Instead, it is convenient to “slice” up U into
a streaming collection of unsupervised datasets Ut of manageable (but potentially
growing) size, and simply replace U with Ut in Step 1 and 2. One significant benefit
of this approach is that asUt grows in size, we can explore larger and deeper models
(since our approach allows us to pre-train on an arbitrarily large dataset Ut). In
practice, we train a family of models Ht of increasing capacity on Ut. Our final
continuous algorithm is formalized in Alg. 1.

Experiments: We study our observation on a wide variety of tasks. Our method
is both task- and domain-agnostic, as we do not make assumption about either the
learning task nor the distributions of the labeled data. We randomly sample from
14M images of ImageNet-21K [86] without ground truth labels as the unlabeled
dataset. We extensively present the analysis for image classification in Section 9.4.
We then extend the analysis for surface normal estimation and semantic segmenta-
tion in Section 9.5 and applicability of our approach for non-internet images such
as medical image classification, crop-disease classification, and satellite-image clas-
sification in Section 9.6. These experiments are mostly conducted using a machine
with 4 GPUs (GeForce RTX 2080).
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Figure 9.7: Continual Improvement for Garden Phlox: We qualitatively show
improvement in recognizing a garden phlox (shown in left from flowers-102
dataset [313]). At initialization, the trained model confuses garden phlox with
sword lily, sweet william, petunia, cape flower etc. With more iterations, the false
positives become fewer.

9.4 Fine-Grained Image Classification

We first describe our experimental setup and then study this task using: (1) Flowers-
102 [313] that has 10 labeled examples per class; (2) CUB-200 [463] that has 30
labeled examples per class; and (3) finally, we have also added analysis on a ran-
domly sampled 20 examples per class from ImageNet-1k [362] (which we termed
as TwentyI-1000). We use the original validation set [362] for this setup.
Model: We use the ResNet [170] model family as the hypothesis classes in Alg. 1,
including ResNet-18, ResNet-34, ResNet-50, ResNext-50, and ResNext-101 [476].
The models are ranked in an increasing order of model complexity. Model weights
are randomly generated by He initialization [171] (a random gaussian distribution)
unless otherwise specified. We show in Table 9.1 that training deeper neural net-
works with few labeled examples is non-trivial.
Learning F from the labeled sample S: Given the low-shot training set, we use
the cross entropy loss to train the recognition model. We adopt the SGD optimizer
with momentum 0.9 and a L2 weight decay of 0.0001. We always start with learning
rate 0.1. For Flowers-102 and CUB-200, we decay the learning rate by 0.1 every 100
epochs, and train for a total of 250 epochs. For TwentyI-1000, we decay the learning
rate by 0.1 every 60 epochs, and train for a total of 150 epochs.
Learning F ′ from U with pseudo labels: Once we learn F , we use it to gener-
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One-stage models trained from scratch

Model Flowers-102 CUB-200 TwentyI-1000

Resnet-18 45.49 44.03 13.92
Resnet-34 42.64 44.17 14.23
Resnet-50 20.82 21.73 12.93
Resnext-50 31.34 28.37 11.87
Resnext-101 34.18 32.31 13.35

Table 9.1: We show performance of various models when trained from scratch. It
is non-trivial to train a deep neural network with a few-labeled examples as shown
in this analysis. Despite increasing the capacity of the models and training them for
longer, we do not observe any performance improvement.

ate labels on a set of randomly sampled images from ImageNet-21K dataset to get
pseudo-labelled U . Then we randomly initialize a new model F ′ as we do for F ,
then apply regular network training on U .
Finetuning F ′ on labeled sample S: After training F ′ on the pseudo-labeledU , we
finetune F ′ on the original low-shot training set with the same training procedure
and hyper-parameters. We use this finetuned model F ′ for test set evaluation.
Streaming Schedule and Model Selection: We empirically observe that instead of
training on entire unlabeled set U , we can slice up U into a streaming collections Ut.
In these experiments, we use three iterations of our approach. We have 1M sam-
ples in U1, 3M samples in U2, and 7M samples in U3. We initialize the task using a
ResNet-18 model (as shown in Table 9.1, ResNet-18 gets competitive performance
and requires less computational resources). We use a ResNext-50 model as F ′ to
train on U1 and U2, and a ResNext-101 model to train on U3. These design decisions
are based on empirical and pragmatic observations. For e.g., ResNext-50 slightly
underperforms ResNext-101 for both U1 and U2. We still use ResNext-50 because
it is both faster to train and process unlabeled images. Table 9.2 shows continuous
improvement for various image-classification tasks at every iteration when using a
few-labeled samples and training a model from scratch. We see similar trends for
three different tasks. Figure 9.4 show the improvement in recognizing the common
yellow-throat bird. We show more results in Figure 9.5, Figure 9.6, Figure 9.7, Fig-
ure 9.8, and Figure 9.9. At initialization, the model confused with similar-looking
birds. We get rid of false-positives with every iteration. We are also able to bridge
the gap between the popularly used pre-trained model (initialized using 1.2M la-
beled examples [362]) and a model trained from scratch without any extra knowl-
edge or assumption.
What if we fix the model size in the iterations? We observe that using deeper
model could lead to faster improvement of the performance. We perform an ab-
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Figure 9.8: Continual Improvement for Brewer Blackbird: We qualitatively
show improvement in recognizing a brewer blackbird (shown in left from CUB-200
dataset [463]). At initialization, the trained model confuses a brewer blackbird
with boat tailed grackle, shiny cowbird, rusty blackbird, fish crow, american crow
etc. We get rid of false-positives with every iteration. With more iterations, the false
positives become fewer.

Continually-Improving Image Classification

Task pre-trained init U1 U2 U3 ...

Flowers-102 89.12 45.49 54.19 65.25 72.68 ...
CUB-200 75.29 44.03 53.73 57.11 66.05 ...
TwentyI-1000 77.62 13.92 22.79 24.94 27.27 ...

Table 9.2: We continually improve the performance for Flowers-102, CUB-200, and
TwentyI-1000, as shown by top-1 accuracy for each iteration. We achieve a large
performance improvement for each iteration for all the tasks. This is due to the
combination of both increasing unlabeled dataset and model size. Without any
supervision, we can bridge the gap between an ImageNet-1k pre-trained model and
a model trained from scratch on Flowers-102 and CUB-200 dataset.

lative study by only training a ResNet-18 model using TwentyI-1000, as shown in
Table 9.3. We could still see the accuracy improving with more unlabeled data, but
increasing model capacity turns out to be more effective.
What if we train without iterations? Intuitively, more iterations with our algo-
rithm should lead to an increased performance. We verify this hypothesis by con-
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What if we use ResNet-18 for all experiments?

Model init U1 U2 U3 ...

ResNet-18 only 13.92 19.61 21.22 22.13 ...
StreamLearning 13.92 22.79 24.94 27.27 ...

Table 9.3: We show that the top-1 validation accuracy on TwentyI-1000 for our
StreamLearning approach (row 2) for each iteration, which increases the model ca-
pacity from ResNet-18 (init) to ResNext-50 (U1 and U2) to ResNext-101 (U3). With
ResNet-18 only (row 1), the performance gain is much slower.

ducting another ablative study on TwentyI-1000 experiment. In Table 9.4, we com-
pare the result we got with three iterations (sequentially trained on U1,U2,U3) with
that of a single iteration (directly jumping to U3 while skipping U1, U2). We could
see that the performance with more iterations is indeed superior.

What if we train without iterations?
Model init U1 U2 U3 ...

Single Iteration 13.92 – – 23.77 ...
StreamLearning 13.92 22.79 24.94 27.27 ...

Table 9.4: We show that the top-1 validation accuracy on TwentyI-1000 for our
StreamLearning approach (row 2) for each iteration, which increases the model ca-
pacity from ResNet-18 (init) to ResNext-50 (U1 and U2) to ResNext-101 (U3). This
result is compared with training with a single iteration on U3 (also using ResNext-
101). As expected, more iterations of our approach on more unlabeled data will
lead to an improved performance.

Why do we use ResNext-50 for U1 and U2? We show in Table 9.5 that ResNext-50
outperforms ResNet-18 in first iteration to justify the model decision of our stream
learning approach. Note that this is not saying ResNext-50 is the best performing
model among all possible choices. For instance, ResNext-101 slightly outperforms
ResNext-50 (around 1% improvement) on the first two iterations, but we still use
ResNext-50 forU1 andU2 for pragmatic reasons (faster to train and save more mem-
ory). In practice, one can trade off generalization performance and training speed
by select the most suitable model size just like what we did in this work.

9.5 Pixel Analysis

We extend our analysis to pixel-level prediction problems. We study surface-normal
estimation using NYU-v2 depth dataset [393]. We intentionally chose this task be-
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Stream Learning performance on U1

Model CUB-200 Flowers-102 TwentyI-1000

ResNet-18 51.35 47.50 19.61
ResNext-50 53.73 54.19 22.79

Table 9.5: We show that the top-1 validation accuracy on all fine-grained classi-
fication datasets with our StreamLearning approach after the first iteration (U1

with 1M unlabeled images) training with ResNet-18 or ResNext-50. We can see
that ResNext-50 consistently outperforms ResNet-18 across all tasks.

Figure 9.9: Continual Improvement for Bromelia: We qualitatively show improve-
ment in recognizing a bromelia (shown in left from flowers-102 dataset [313]). At
initialization, the trained model confuses bromelia with snapdragon, rose, water
lily, lotus, wallflower etc. With more iterations, the false positives become fewer.

cause there is a large domain gap between NYU-v2 depth dataset and internet im-
ages of ImageNet-21k.

We follow Bansal et al. [21, 23] (our prior work) for surface normal estima-
tion because: (1) they demonstrate training a reasonable model from scratch; and
(2) used the learned representation for downstream tasks. This allows us to do
a proper comparison with an established baseline and study the robustness of the
models. Finally, it allows us to verify if our approach holds for a different backbone-
architecture (VGG-16 [395] in this case).

Evaluation: We use 654 images from the test set of NYU-v2 depth dataset for
evaluation. Following [23], we compute six statistics over the angular error be-
tween the predicted normals and depth-based normals to evaluate the performance
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– Mean, Median, RMSE, 11.25◦, 22.5◦, and 30◦ – The first three criteria capture the
mean, median, and RMSE of angular error, where lower is better. The last three
criteria capture the percentage of pixels within a given angular error, where higher
is better.

Table 9.6 contrasts the performance of our approach with Bansal et al [21, 23].
They use a pre-trained ImageNet classification model for initialization. In this work,
we initialize a model from random gaussian initialization (also known as scratch).
The middle row shows the performance when a model is trained from scratch. We
improve this model using a million unlabeled images. The last row shows the per-
formance after one iteration of our approach. We improve by 3-6% without any
knowledge of surface normal estimation task. Importantly, we outperform the pre-
trained ImageNet initialization. This suggests that we can design better task-specific
architecture that are not tied to pre-training with ImageNet labeled dataset. We also
contrast our method with Goyal et al. [150] (second-row) that use 100M unlabeled
images to train a generic representation via jigsaw puzzle [316] using a ResNet-50
model. We significantly outperform them. This means we can learn better task-
specific representation with two-orders less unlabeled data [150].

In this experiment, our approach significantly outperform the prior-art using a
million unlabeled images in a single iteration. Figure 9.10 contrasts our approach
with other models.
Do we improve globally or locally? One may suspect that a model initialized
with the weights of pre-trained ImageNet classification model may capture more
local information as the pre-training consists of class labels. Table 9.8 contrast the
performance of two approaches on indoor scene furniture categories such as chair,
sofa, and bed. The performance of our model exceeds prior art for local objects as
well. This suggests that we can capture both local and global information quite well
without class-specific information.
Can we improve scratch by training longer? It is natural to ask if we could improve
the performance by training a model from scratch for more iterations. Table 9.7
shows the performance of training the scratch model for longer (until convergence).
We observe that we do improve slightly over the model we use. However, this is
significantly outperformed by streaming learning.
Is it a robust representation? Bansal et al. [21] has used the model trained for
surface-normal as an initialization for the task of semantic segmentation. We study
if a better surface normal estimation means better initialization for semantic seg-
mentation. We use the training images from PASCAL VOC-2012 [108] for semantic
segmentation, and additional labels collected on 8498 images by [161] for this ex-
periment. We evaluate the performance on the test set that required submission
on PASCAL web server [1]. We report results using the standard metrics of region
intersection over union (IoU) averaged over classes (higher is better).

We show our findings in Table 9.9. We contrast the performance of surface-
normal model trained from scratch (as in [21]) in the second row with our model in
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Surface Normal Estimation (NYU Depthv2)

Approach Mean ↓ Median ↓ RMSE ↓ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

Bansal et al. [23] 19.8 12.0 28.2 47.9 70.0 77.8

Goyal et al. [150] 22.4 13.1 - 44.6 67.4 75.1

scratch (init) 21.2 13.4 29.6 44.2 66.6 75.1
ours (one-iteration) 18.7 10.8 27.2 51.3 71.9 79.3

Table 9.6: We contrast the performance of our approach with Bansal et al [21, 23],
which is the state-of-the-art given our setup. They use a pre-trained ImageNet clas-
sification model for initialization. In this work, we initialize a model from random
gaussian initialization (also known as scratch). The third row shows the perfor-
mance of a scratch-initialized model. We improve this model using one million
unlabeled images. The last row shows the performance after one iteration of our
approach. We improve by 3-6% without any domain-specific knowledge about the
surface normal estimation task. Importantly, we outperform the pre-trained Ima-
geNet initialization. We contrast our method with Goyal et al. [150] (second-row),
which use 100M unlabeled images to train a generic representation via jigsaw puz-
zle [316] using a ResNet-50 model. Our model trained from scratch competes with
their best performing model. This analysis suggests two things: (1) we can de-
sign better task-specific architecture that are not tied to pre-training with ImageNet
labeled dataset; and (2) we can learn better task-specific representation with two-
orders less unlabeled data as compared to [150].

Approach Mean Median RMSE 11.25◦ 22.5◦ 30◦

pre-trained [23] 19.8 12.0 28.2 47.9 70.0 77.8

init 21.2 13.4 29.6 44.2 66.6 75.1
init (until convergence) 20.4 12.6 28.7 46.3 68.2 76.4

ours (one-iteration) 18.7 10.8 27.2 51.3 71.9 79.3

Table 9.7: Can we improve scratch by training longer? It is natural to ask if we
can get better performance for training longer, crucially for a model trained from
scratch. We observe that one can indeed get a slightly better performance by train-
ing for a long time. However, this is significantly outperformed by streaming learn-
ing.
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(a).	2D	image	 (b).	Kinect	 (c).	ImageNet	Labels	 (d).	Scratch	 (e).	g+FT	(a) 2D Image (b) Kinect (c) Bansal et al. (d) scratch (e) ours

Figure 9.10: Surface Normal Estimation: For a given single 2D image (shown in
(a)), we contrast the performance of various models. Shown in (c) are the results
from prior work [21, 23] using a model pretrained with ImageNet-1K labels; (d)
shows a model trained from scratch starting from random gaussian initialization;
and finally (e) shows the result of our StreamLearning approach. The influence
of unlabeled data can be gauged by improvements from (d) to (e). By utilizing
diverse unlabeled data, we can get better performance without any additional su-
pervision. For reference, we also show ground truth normals from kinect in (b).
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Per-Object Surface Normal Estimation (NYU Depthv2)

Mean ↓ Median ↓ RMSE ↓ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

chair
Bansal et al. [23] 31.7 24.0 40.2 21.4 47.3 58.9
ours (one-iteration) 31.2 23.6 39.6 21.0 47.9 59.8

sofa
Bansal et al. [23] 20.6 15.7 26.7 35.5 66.8 78.2
ours (one-iteration) 20.0 15.2 26.1 37.5 67.5 79.4

bed
Bansal et al. [23] 19.3 13.1 26.6 44.0 70.2 80.0
ours (one-iteration) 18.4 12.3 25.5 46.5 72.7 81.7

Table 9.8: We contrast the performance of our approach with the model fine-tuned
using ImageNet (with class labels) on furniture categories, i.e. chair, sofa, and bed.
Our approach outperforms prior art without any class information.

the third row. We observe a significant 2% performance improvement. This means
better surface normal estimation amounts to a better initialization for semantic seg-
mentation, and that we have a robust representation that can be used for down-
stream tasks.
Can we improve semantic segmentation further? Can we still improve the per-
formance of a task when we start from a better initialization other than scratch?
We contrast the performance of the methods in the third row (init) to the fourth
row (improvement in one-iteration). We observe another significant 2.7% improve-
ment in IoU. This conveys that we can indeed apply our insights even when starting
from an initialization better than scratch. Finally, we observe that our approach has
closed the gap between ImageNet (with class labels) pre-trained model and a self-
supervised model to 3.6%. We believe more iterations of our approach would fill
the gap.

9.6 Extreme-Task Differences

We now extend our analysis to the setup where the data-distribution is drastically
different from the usual world-images. We use: (1) EuroSat [177] (satellite im-
agery) dataset for classifying satellite-captured images into distinct regions; (2)
ISIC2018 [79] (lesion diagnosis) for medical-image classification of skin diseases;
and (3) CropDiseases [300] dataset which is a crop-disease classification task. We
use 20 examples per class for each dataset and train the models from scratch.

Table 9.10 shows the performance for the three different tasks. We did not make
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Semantic Segmentation on VOC-2012

aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv bg IoU ↑

scratch-init 62.3 26.8 41.4 34.9 44.8 72.2 59.5 56.0 16.2 49.9 45.0 49.7 53.3 63.6 65.4 26.5 46.9 37.6 57.0 40.4 85.2 49.3

normals-init 71.8 29.7 51.8 42.1 47.8 77.9 65.9 59.7 19.7 50.8 45.9 55.0 59.1 68.2 69.3 32.5 54.3 42.1 60.8 43.8 87.6 54.1

normalsStream-init 74.4 34.5 60.5 47.3 57.1 74.3 73.1 61.7 22.4 51.4 36.4 52.0 60.9 68.5 69.1 37.6 58.0 34.3 64.3 50.2 90.0 56.1
+one-iteration 82.2 35.1 62.0 47.4 62.1 76.6 74.1 62.7 23.9 49.9 47.0 55.5 58.0 74.9 73.9 40.1 56.4 43.6 65.4 52.8 90.9 58.8

pre-trained [21] 79.0 33.5 69.4 51.7 66.8 79.3 75.8 72.4 25.1 57.8 52.0 65.8 68.2 71.2 74.0 44.1 63.7 43.4 69.3 56.4 91.1 62.4

Table 9.9: The goal of this experiment is to study two things: (1) Can task-specific
representations learned on unlabeled streams generalize to other tasks? This allows us to
study the robustness of our learned representations. We consider the target task
of semantic segmentation and the source task of surface-normal estimation. Seg-
mentation networks initialized with surface-normal networks already outperform
random initialization (row2 vs row1), and further improve by 2% when initialized
with stream-trained networks (row3). (2) Can we still further improve the performance
of a task when starting from an initialization better than scratch? We then perform one
additional iteration of stream learning (row4 vs row3), resulting in another 2.7%
improvement, closing the gap between ImageNet pre-training to 3.6%. We posit
that more iterations of our approach may fill the gap.

Task pre-trained init U1

East-SAT [177] 68.93 70.57 73.58
Lesion [79] 45.43 44.86 50.86
Crop [300] 94.68 87.49 90.86

Table 9.10: Extreme-Task Differences: We extend our analysis to tasks that oper-
ate on specialized data distributions. We observe significant performance improve-
ment despite using unlabeled streams of internet images. We also achieve perfor-
mance competitive to the ImageNet-1k pre-trained model (again, trained with a
large amount of labels). We use ResNet-18 for all experiments in the table.

any modification to our setup (Section 9.4) and yet achieve significant improvement
for each of them. We also show the performance of a pre-trained (using 1.2M la-
beled examples [362]) model on these datasets. Guo et al. [157] suggested that fine-
tuning a pre-trained model generally leads to best performances on these tasks. We
observe that a simple random-gaussian initialization works as well despite trained
using only a few labeled examples.

Crucially, we use unlabeled Internet images for learning a better representation
on classification tasks containing classes that are extremely different to real-world
object categories. Still, we see significant improvements.
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9.7 Discussion

We present a simple and intuitive approach to semi-supervised learning on (po-
tentially) infinite streams of unlabeled data. Our approach integrates insights from
different bodies of work including self-training [96,459], pseudo-labelling [10,195,
245], continual/iterated learning [229,230,394,421,422], and few-shot learning [157,
248]. We demonstrate a number of surprising conclusions: (1) Unlabeled domain-
agnostic internet streams can be used to significantly improve models for specialized
tasks and data domains, including surface normal prediction, semantic segmen-
tation, and few-shot fine-grained image classification spanning diverse domains
including medical, satellite, and agricultural imagery. (2) Continual learning on
streams can be initialized with very impoverished models trained (from scratch) on
tens of labeled examples. This is in contrast with much work in semi-supervised
learning that requires a good model for initialization. (3) Contrary to popular ap-
proaches in semi-supervised learning that make use of massive compute resources
for storing and processing data, streaming learning requires modest computational
infrastructure since it naturally breaks up massive datasets into slices that are man-
ageable for processing. From this perspective, continual learning on streams can
help democratize research and development for scalable, lifelong ML.
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Chapter 10

Conclusion & Future Work

(I) Dense 4D Visual Observation

continuous observation from discrete viewpoints example driven target synthesis

(II) Communicating via Examples

input output input output

(III) Direct User-Interaction with Data

user-generated input for synthesis

4D Observation Exploration

Figure 10.1: Future Work: We have, thus far, studied the different components of
this thesis independently. The future work will bring both 4D observation and ex-
ploration together in a continual and streaming manner. This paradigm shift will
allow us to explore sparse and challenging setup. The presence of a human-user
would explicitly help us in improving the quality of results. Eventually, this would
bring us close to the goal of audio-visual communication where we can communi-
cate effectively with one another and the machines.

In this thesis, we demonstrate that we can indeed learn a computational rep-
resentation of the 4D audio-visual world that can be: (1) estimated from sparse
real-world observations; and (2) explored to create new experiences via examples
and direct human interaction.
Future Work: We have, thus far, studied these components independently. The
future work will bring both 4D observation and exploration together in a continual
and streaming manner (Figure 10.1). A user sees the 4D world, explores it, tells the
machine what to do if there is something wrong. The machine learns it, improves
further, and then collect more observations. Intuitively, this is how we, humans,
learn as well. Our work on continual and streaming learning with few examples
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Bob AliceA Lossless Communication Channel

Figure 10.2: A Lossless Communication Channel: We envision a lossless commu-
nication channel where both Alice and Bob can share their experiences and imagi-
nation with one another – thereby enabling them to relive the important moments
of their life.

demonstrates that it is indeed possible for a machine to learn in this manner. This
paradigm shift will allow us to explore even more sparse and challenging setup.
The presence of a human-user would explicitly help us to improve the quality of
results. It would also lead to the development of user-interfaces that will allow
a better human-machine communication. Most importantly, this would bring us
close to the goal of the audio-visual social communication where we can communi-
cate effectively with one another and the machines. Figure 10.2 presents the vision
of a lossless communication channel between Alice and Bob that allows them to
share their experiences and imagination.
Conclusion: The space of human imagination is much greater than the space or
our abilities to physically capture the world. We, humans, have amazing mental
powers to reconstruct or imagine the scenarios from sparse signals or tiny bits of
information. The fundamental question is how can machines densely reconstruct
and generalize from sparse signals. We are currently in the early days of this re-
search. We believe the next decade of research will bring more diverse ideas to
solve this problem. With personal computers for communication — the world will be
our personal studio!
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