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Abstract

This thesis studies how to infer the time-varying 3D structures of generic,
deformable objects, and dynamic scenes from monocular videos. A solution
to this problem is essential for virtual reality and robotics applications.
To reconstruct and track dynamic structures in 3D, prior work takes
advantage of specialized sensors or parametric body models learned from
registered 3D data. However, neither of them scales robustly to diverse
sets of objects and events that one may see in the real world.

Inferring 4D structures given 2D observations is challenging due to its
under-constrained nature: Given images captured at different time in-
stances, there are an infinite number of interpretations of their underlying
geometry, color, and motion. In a casual setup where there is neither
sufficient sensor measurement nor rich 3D supervision, one needs to tackle
three challenges: (1) Registration: how to find correspondence and track
camera frames? (2) Depth ambiguity: how to lift 2D observations to 3D?
(3) Limited views: how to infer the structures that are not observable?

We first study the 4D reconstruction problem in a single video setup
and then extend it to multiple videos, different instances, and scenes.
Inspired by analysis-by-synthesis, we set up an inverse graphics problem
and solve it with generic data-driven priors. Inverse graphics models (e.g.,
differentiable rendering, differentiable physics simulation) approximate the
true generation process of a video with differentiable operations, allowing
one to inject prior knowledge about the physical world and compute
gradients to update the model parameters. Generic data-driven priors
(e.g., optical flow, pixel features, viewpoint) provide guidance to register
pixels to a canonical 3D space, which allows us to fuse observations over
time and across similar instances. Building upon these observations, we
develop methods to capture 4D models of deformable objects and dynamic
scenes from in-the-wild video footage.
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Chapter 1

Introduction

1.1 Background

Reconstructing the dynamic 3D world from imagery is a long-standing problem in
computer vision. It can be used to capture digital avatars, assets, and environments
that faithfully represent the real world, and therefore essential for virtual reality
applications that require an immersive user experience. It also offers a scalable
solution to obtain diverse and natural motion signals from real-world agents that can
be used for motion and behavior imitation in robotics [110, 185].

In the past, capturing dynamic events often requires specialized multiview camera
systems [1, 109, 181]. An optical motion capture (MoCap) system typically consists
of multiple high-resolution cameras whose positions and orientations are carefully
calibrated. Multiple cameras can observe and triangulate the positions of markers,
which can be mounted on human or animal subjects. Although these marker-based
systems provide a robust way to capture motion within labs or studios, they have
inherently limited capture volume and are very sensitive to camera configuration
changes, making outdoor usage extremely difficult and unreliable. MoCap systems
also typically cost tens to hundreds of thousands of dollars. All of these factors limit
the diversity of environments and targets that can be studied with a MoCap system.

Alternatively, markerless motion capture has become increasingly popular in
recent years [12, 103, 106, 317]. For example, Joo et al. [103] built a multiview system
to capture human social interaction. Although these systems capture whole-body

movement without using markers, they still require an indoor studio with hundreds of



1. Introduction

synchronized cameras, which makes it challenging to generalize to in-the-wild targets
and behaviors. Some recent works [107, 117, 287] learn data-driven models to predict
full body movements from a single monocular camera. However, they heavily rely on
pre-built body models (e.g., SMPL [144]) and do not generalize well to in-the-wild
clothing, events, and non-human categories.

Meanwhile, there are millions of hours of videos on the internet, which provide
diverse and rich samples of the real world. However, such data are rarely used for
reconstruction purposes. A natural question is, given casually captured monocular
videos, can we build 4D models including geometry, motion, and even physics, that

faithfully represent the dynamics 3D world?

1.2 Challenges

Inferring 4D structures given 2D observations is challenging due to its under-
constrained nature: given RGB pixels captured at different time instances, there are
an infinite number of interpretations of the underlying 3D elements whose geometry,
color, and motion generate those observations. In a casual setup where one has
neither complete sensor input nor rich 3D supervision, one needs to tackle three
fundamental challenges: (1) Registration: how to find correspondence of pixels and
track the camera frame over time? (2) Scale ambiguity: how to lift 2D observations
to 3D accounting for the depth ambiguity? (3) Occlusion: how to infer the structures
that are not observable due to self-occlusion or occlusion by the others?

Classic structure-from-motion (SfM) methods [54, 221, 223, 233] take advantage
of multiview data recordings. Given N camera views, the reconstruction problem can
be formulated as jointly solving (N-1) relative camera transformations and a canonical
geometry from either 2D correspondences or photometric information. The problem
is typically well-conditioned as there are more constraints than unknowns. However,
such results are limited to rigid structures. When dealing with time-varying geometry,
the number of unknowns easily explodes. Non-rigid structure-from-motion (NRSfM)
methods [44, 176, 253] leverage priors such as spatial and temporal smoothness, which
is a double edge sword that constrains the problem on one hand, but brings the risk
of over-regularizing the solution due to the nature of the over-simplified shape and

motion models. Moreover, NRSfM methods often assume accurate 2D point tracking
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over the whole sequence, which is a challenging problem on its own.

A recent trend for reconstructing dynamic structures to bake 3D priors into
parametric body models or neural network weights, assuming 3D data and/or reg-
istrations (e.g., viewpoint, correspondence) are available. These have proven quite
successful for human reconstruction [144, 214, 334]. However, although one could
learn highly-accurate models from registered 3D scans for certain categories, such
as humans and vehicles, it is costly to acquire large-scale 3D data for the others,
such as animals, plants, and clothes. Moreover, it is almost impossible to collect
diverse enough training data on motion, physical interactions, and social behaviors

that represent the real world, considering their richness and complexity.

1.3 Main Contributions

Recent advances in inverse graphics [140, 153, 165] and visual correspondence [31,
37, 76, 171, 178, 242, 249, 301] bring opportunities for solving the above-mentioned
challenges in dynamic 3D reconstruction. Inverse graphics (e.g., differentiable ren-
dering, differentiable physics simulation) provides a differentiable mechanism that
approximates the true generation process of a video, through which one could not
only back-propagate gradients to improve the model, but also inject prior knowledge
about the physical world. Generic data-driven priors (e.g., optical flow, pixel features,
viewpoint) provide guidance to register pixels to a canonical 3D space, which allows us
to fuse observations over time and borrow common structures across similar instances.

Leveraging the above observation, this thesis aims to develop methods to build
4D models from monocular video observations that faithfully represent the physical

world. An overview of the pipeline is shown in Fig. 1.1

1.3.1 Building 4D Models of Objects from Videos

We first look at the capture problem at an instance level: how to recover the 3D
geometry and motion for a generic deformable objects given monocular RGB videos?
LASR [306] introduces a template-free method for articulated shape reconstruction
given a single video. It leverages data-driven motion correspondence and segmentation
priors in a differentiable mesh rendering setting. By differentiably-rendering object

segmentation and motion correspondence, one can compute gradients to adjust



1. Introduction

Videos Training Data / ] \
= / Capture \ Perception
e

‘ ((Generic Priors ) ‘ 4 o & %ﬁ

— * Segmentation w w b

* Viewpoint

s * Dense Correspondence ) Feed-forward l $
; J;'F - Mog‘lel;_
AN s N i
“w m Differentiable Engine ” é: i
T » Differentiable Rendering o\ /3 ! ’
HT « Differentiable Physics “
< ‘d ";‘- k / 4D Reconstruction \ j

Figure 1.1: Given monocular RGB videos, our goal is to build 4D representations of
deformable objects and dynamic scenes. We first capture the 4D model using inverse
graphic optimization and then distill them into efficient feed-forward architectures.

the camera, shape and motion parameters by mininizing the difference between
the rendered and observed signals produced by off-the-shelf networks [116, 301].
Relying on only low-level cues such as motion and segmentation, LASR successfully

reconstructs humans, animals, and objects from short video clips.

Besides correspondence and segmentation, ViSER [307] further incorporates off-
the-shelf appearance features to reconstruct a long video. We introduce a method to
register pixels to a canonical 3D space and integrate their features over time to build
a view-invariant feature embedding. Such 3D feature embedding establishes dense
long-range correspondences that aid ViSER to track and reconstruct body parts in

long videos with viewpoint changes and occlusions.

In addition to a single video, another interesting type of data is a video collection
of a single instance, which is widely available for one’s pets or family members.
3D-ifying those are challenging due to different viewpoints and backgrounds across
videos, making viewpoint registration hard. BANMo [308] addresses this challenge by
combining visual correspondence with viewpoint priors. For instance, one could pre-
train a viewpoint estimator for categories of interest (e.g., quadrupeds and humans)
using synthetic data or annotated images, that provides a rough initialization of
camera pose with respect to the object. Using rough viewpoint significantly simplifies
the problem and avoids shape-viewpoint ambiguity. As a result, BANMo builds
high-quality animatible 3D models of cats, dogs, penguins, and humans from casual

video collections.
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Figure 1.2: Dynamic object and scene capture. We capture deformable objects
and dynamic scenes from casually-taken videos.

1.3.2 Learning 3D Body Prior from Videos

In the past, building shape and pose priors for categories is challenging due to the
need for 3D scans, laborious registration, and manual rigging. Prior methods [306, 308]
provides a pathway to obtain high-quality 3D models from monocular videos but are
limited to single instances. RAC [309], takes a step further to build category shape

and motion priors from many videos of similar instances.

One challenge is how to capture the morphological variation of instances within
a category. For example, huskys and corgis are both dogs, but have different body
shapes, appearance, and skeleton dimensions. Another challenge arises from the

impoverished nature of in-the-wild videos: objects are often partially observable in
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a limited number of viewpoints, and object segmentation can be inaccurate. Those
goals appear contradictory with each other. On one hand, the category model should
be made as flexible as possible to capture instance-specific details. On the other hand,
to deal with partial or impoverished video inputs, one would want to constrain the
common structures to be shared across a category. For instance, dogs have two ears.

To address these challenges, RAC exploits the latent structure of a category: an
instance code randomization scheme is introduced to regularize the unobserved body
parts to be coherent across instances while remaining faithful to the input views.
To further deal with impoverished segmentation, a 3D background representation is
jointly optimized, which helps disentangle objects from background pixels. As a result,
we learn animatable 3D models of cats, dogs, and humans which outperform prior
art. Category prior allows one to generate instances and motions from a category
and also enables object reconstruction with partial observations.

Optimization with inverse graphics produces models that are faithful to the
constraints and input data, but are too costly to be deployed on edge devices and do
not meet the latency requirements. In DASR [246], we further show category priors
can be distilled into efficient neural architectures, mapping videos to deformable

neural fields in real time.

1.3.3 Capturing Physically-plausible Motion from Videos

To build 4D models from videos, one is not only interested in reconstructing the
geometry and pose of an instance in the camera space but also tracking its movements
in the world coordinates [315]. This is challenging if prior knowledge about the
object’s shape and motion is not given, due to the fundamental depth ambiguity
between 3D structures and 2D pixel observations. In TotalRecon [235], we show that
a sparse depth sensor helps reduce the scale ambiguity and reconstruct metric-scale
object shape and motion in the world space.

When depth sensor is not available, PPR [310] enforces physically-plausible
scales through differentiable physics simulation. Just as differentiable renderers have
lowered the barrier of entry for (neural) 3D modeling, differentiable simulators are
also lowering the barrier for incorporating physical constraints. We find coupling

differentiable rendering with differentiable physics-based simulation can jointly solve

6
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for the object geometry, motion, background scene, and physics parameters including
body mass distributions and control parameters. Compared to prior approaches
that rely on strong human priors to estimate 3D pose and ground contact, PPR
works for more unconstrained settings including both humans and animals in an
unknown environment, enabled by end-to-end optimization from videos to physics,
which potentially opens the door for more comprehensive analysis of interactions and

behaviors of agents.

1.3.4 Perceive Dynamic Scenes

In the end, we look into the dynamic scene perception problem that I worked
on in my early years of Ph.D., hoping this sheds light on how to learn efficient and

generalizable perception models.

Volumetric Optical Flow Time-to-contact =~ Motion Segmentation

Figure 1.3: Dynamic scene perception.

As a widely observed lesson in supervised learning, scaling up training data is
the key to generalization. However, it is often costly to collect ground-truth data
for dynamic scene perception tasks (such as optical flow and scene flow estimation).
As a result, existing real-world datasets contain dozens or hundreds of images with
ground-truth annotations [65, 161, 219], making generalization challenging. To tackle
this challenge, we analyze and design suitable inductive bias in neural architectures.

We first show that the use of coarse-to-fine, volumetric, and separable convolutional
architectures leads to high efficiency and generalization ability in the context of depth
estimation [304], stereo matching [305] and optical flow [301]. Because one may
hallucinate multiple interpretations of depth and correspondence, we ask the models
to also report back multimodal distributions over 3D structures and possible matches,

allowing them to produce uncertainty that can be passed to downstream modules.
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Inspired by biological vision, we use time-to-contact [302] to upgrade optical flow
to 3D by reasoning about the local patch expansion. Compared to priors works
that directly regress the 3D flow vectors, this simple modification leads to significant
improvement in scene flow estimation. In RigidMask [303], we analyze and design
rigidity cost maps given low-level cues including depth, motion, and optical expansion,
which can be integrated as a network layer to segment rigid bodies. We show that

enforcing rigidity constraints further improves depth and 3D motion estimation.

1.4 Excluded Research

To keep the draft clean, some of my research works that are also relevant to
this thesis are excluded, including data-driven methods for depth estimation, stereo
matching, optical flow, dynamic scene reconstruction from an RGBD video, distilling
4D neural fields, and robot motion imitation from videos:

1. Inferring Distributions Over Depth from a Single Image, Yang et al. [304],

. Hierarchical Deep Stereo Matching on High-resolution Images, Yang et al. [305],

. Volumetric Correspondence Networks for Optical Flow, Yang and Ramanan [301],

2
3
4. Deformable Scene Reconstruction for Embodied View Synthesis, Song et al. [235],
5

. Distilling Neural Fields for Real-Time Articulated Shape Reconstruction,
Tan et al. [246],

6. A General System for Legged Robot Motion Imitation from Casual Videos,
Zhang et al. [324].




Part 1

Building 4D Models of Objects






Chapter 2

Articulated Shape Reconstruction from a

Monocular Video

2.1 Introduction

Perceiving and modeling the geometry and dynamics of 3D entities is an open
research problem in computer vision and has numerous applications. One fundamental
challenge is the under-constrained nature of the problem: from limited 2D image
measurements, there exist multiple interpretations of the geometry and motion of the
3D world.

A recent and promising trend for addressing this challenge is exploiting data
priors, which have proven quite successful for high-level vision tasks, such as image
classification and object detection [47, 135]. However, in contrast to high-level vision
tasks, it is often costly to obtain 3D annotations for real-world entities. For example,
SMPL [144] is learned from thousands of registered 3D scans of human. SMAL [333]
is learned from scans of animal toys and a manually rigged mesh model. It involves
nontrivial efforts to collect such data for an arbitrary object category. Therefore,
existing methods often fail to capture objects of novel or unknown classes, and
hallucinate an average 3D structure based on the category shape prior, as shown in
Fig. 3.1.

Interestingly, remarkable progress has been made in the field of SLAM and
structure-from-motion without relying on strong shape priors by taking advantage

of multiview data recordings. However, such results are limited to static scenes. We
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Figure 2.1: Top: Sample input video frames and articulated shapes recovered by our
method (LASR). Bottom: Comparison with existing methods, where the input to
each method (either video or image) is denoted at the top left, and the shape template
being used is denoted at the bottom right of each result. Many existing approaches
on nonrigid shape reconstruction heavily rely on category-specific 3D shape templates,
such as SMPL for human [144, 182] and SMAL for quadrupeds [24, 333]. In contrast,
LASR jointly recovers the object shape, articulation, and camera parameters from
a monocular video without using category-specific shape templates. By relying on
generic shape and motion priors, LASR applies to a wider range of nonrigid shapes
and yields high-fidelity 3D reconstructions: It recovers both humps of the camel,
which are missing from other methods. It also recovers the silk ribbon of the dancer
(as denoted by the blue box), which confuses SMPLify-X and VIBE as the right arm.
Please refer to video results on our project page.

explore an intermediate regime between these two extremes: Can one reconstruct an
articulated shape from video data without relying on template priors?

Why videos? To reconstruct 3D object shape from images, prior work learns
category-specific shape models either from 3D data [71, 214] or from 2D supervision,
such as object silhouette and keypoints in a large image collection [38, 73, 108, 131].
However, 3D data are generally difficult to acquire at a large scale due to sensor
design. Although it is easier to collect images of the same category, enforcing
multiview constraints is often challenging, due to ambiguities of associating 2D
observations across instances and under different viewpoints [43, 209]. Video serves
as an alternative to depth scans and image collections — videos are easier to acquire,
and provide well-defined multiview constraints on the 3D shape of the same instance.
Why optical flow? To solve the inverse problem, prior work discussed various forms
of 2D constraints or supervision, such as object silhouette, texture, 2D keypoints,
and semantic parts [10, 73, 108, 131]. Why should motion be treated as a first-class

citizen? Besides that optical flow naturally encodes correspondences, it provides more

12



2. Articulated Shape Reconstruction from a Monocular Video

fine-grained information than keypoints as well as semantic parts. Different from
long-range point tracks, which is the classic input for NRSfM [216], optical flow can
be obtained more reliably [249, 301] over two consecutive frames.

Why not nonrigid SfM? NRSfM deals with a problem similar to ours: given a set
of 2D point trajectories depicting a deformable object in a collection of images, the
goal is to recover the 3D object shape and pose (i.e., relative camera position) in each
view. Usually, trajectories of 2D points are factorized into low-rank shape and motion
matrices [29, 74, 121] without using 3D shape templates. Although NRSfM is able
to deal with generic shapes, it requires reliable long-term point tracks or keypoint
annotations, which are challenging to acquire densely in practice [216, 230, 243].
Proposed approach: Instead of inferring 3D shapes from category-specific image
collections or point trajectories, we build an articulated shape model from a monocular
video of an object. Recent progress in differentiable rendering allows one to recast
the problem as an analysis-by-synthesis task: we solve the inverse graphics problem
of recovering the 3D object shape (including spacetime deformations) and camera
tragectories (including intrinsics) to fit video observations, such as object silhouette,
raw pizels, and optical flow. An overview of the pipeline is shown in Fig. 2.2.
Contributions: We propose a method for articulated shape reconstruction from a
monocular video that does not require a prior template or category information. It
takes advantage of dense two-frame optical flow to overcome the inherent ambiguity
in the nonrigid structure and motion estimation problem. It automatically recovers a
nonrigid shape under the constraints of rigid bones under linear-blend skinning. It
combines coarse-to-fine re-meshing with soft-symmetric constraints to recover high-
quality meshes. Our method demonstrates state-of-the-art reconstruction performance
in the BADJA animal video dataset [24], strong performance against model-based
methods on humans, and higher accuracy on two animated animals than A-CSM [122]
and SMALify [24] that use shape templates.

2.2 Related Work

Below and in Tab. 2.1, we discuss related work of nonrigid shape recovery according
to priors being used (shape template, category prior, or generic shape and motion

priors).

13



2. Articulated Shape Reconstruction from a Monocular Video

Table 2.1: Related work in nonrigid shape reconstruction. ("' Model-based optimization
and regression methods. (? Category-specific mesh reconstruction. ¥ Template-free
approaches. S: single view. V: video or multi-view data. I: images. J2: 2D joints. J3:
3D joints. M: 2D masks. V3: 3D scans. C: camera matrices. F: optical flow. MF:
multi-frame optical flow. quad: quadruped animals. T:Only representative categories
are listed.

Method category template test-input  train

SMPLify [27]  human SMPL S:J2,.M None
VIBE [117]  human SMPL V:I J2,J3

(1) SMALify [24] quadxb SMAL V:J2.M None
SMALR [334] quadx12  SMAL S:J2,M None
SMALST [335]  zebra SMAL S:1 J2,V3
WLDO [25] dog SMAL S:I J2M
CMR [108]  bird?  SfM-hull S:I J2,M,C
UCMR [73]  bird"  cate-mesh S:I M
2) UMR [131]  bird" None S:I M
IMR [259] animals cate-mesh S:1 M
A-CSM [122] animals cate-mesh S:1 M
VMR [130] animals cate-mesh V:M None
PIFuHD [214] human None S:1 V3
NRSM [6, 44] any None V:J2 None
(3) N-NRSfM [230] any None V:MF,M  None
WSD [38] dolphin® cate-mesh  V:J2M None
A3DC [203] any None V:stroke ~ None
LASR (Ours) any None V:F.M None

14



2. Articulated Shape Reconstruction from a Monocular Video

Model-based reconstruction: Model-based reconstruction leverages a parametric
shape model to solve the under-constrained 3D shape and pose estimation problem. A
large body of work in 3D human and animal reconstruction uses such parametric shape
models [144, 182, 287, 333, 334], which are learned from 3D scans of human or animal
toys [144, 333], and allow one to recover the 3D shape given very few annotations at
test time (2D keypoints and silhouettes). Recently, model-based regression methods
are developed to predict model-specific shape and pose parameters from a single
image or video [9, 25, 117, 335], usually trained with ground-truth 3D data generated
by such parametric shape models. Although model-based methods achieve great
success in reconstructing “closed-world” objects of known category and rich 3D data,
it is challenging to apply to unknown object categories, or categories with limited 3D
data.

Category mesh reconstruction: A recent trend is to reduce supervision from 3D or
multi-view capturing to 2D annotations, such as keypoints and object silhouettes [73,
108, 131]. Such methods often take advantage of category priors, including a collection
of images from the same category, and category-specific shape templates [122, 259].
Recent progress makes single-view reconstruction of birds and other common categories
possible without 3D annotation. However, the single view reconstruction is usually
coarse and lacks instance-specific details. Recent work adapts category-specific models

to a test-time video [130], but still does not handle objects of unknown classes.

Template-free reconstruction: Among the template-free methods, PIFu [213, 214]
learns to predict an implicit shape representation for clothed human reconstruction,
but requires ground-truth 3D shapes to train. A3DC [203] reconstructs articulated
animals from videos, but requires involved user stroke interactions. Without requiring
3D data or user interactions, NRSfM factorizes a set of 2D keypoints or point
trajectories into the 3D object shape and pose in each view assuming “low-rank”
shape or deformation [6, 44, 74]. Recently, deep networks have been applied to learn
such factorization of specific categories from 2D annotations [121, 176, 270]. Close to
our approach, Neural Dense NRSfM (N-NRSfM) [230] learns a video-specific shape
and deformation model from dense 2D point tracks. However, such methods are
limited by the accuracy of 2D trajectory inputs, which is challenging to estimate in

real-world sequences when large motion occurs [216, 230, 243].
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Figure 2.2: Method overview. Given a monocular video of an object, we jointly recover
the object’s rest shape S, skinning weights W, articulation Dy, and camera parameters
K by solving an inverse graphics problem through gradient-based optimization. The
object rest shape is represented by a mesh (initialized from a sphere) and articulated
at each frame under linear blend skinning (Sec. 2.3.2). The time-varying parameters,
including focal length, object root transformation and articulation, are parameterized
by a neural basis, i.e., convolutional network given image inputs (Sec. 2.3.4). At
each iteration, we randomly sample pairs of consecutive frames and forward-render
object silhouette, texture, and two-frame optical flow using a differentiable renderer
(Sec. 2.3.1). The renderings are compared against raw pixels, segmentation and
optical flow estimated by off-the-shelf networks to generate gradients signals and
update the model (Sec. 2.3.3).

2.3 Approach

Problem: Given a monocular video {/;} with an object of interest (indicated by a
segmentation mask {S;}), we tackle the nonrigid 3D shape and motion estimation
problem, which includes estimating (1) S: the rest shape of the object, (2) Dy: the
time-varying articulations as well as the object root body transformations, and (3)

K;: the camera intrinsics.

Overview: Figure 2.2 illustrates the overview of our method. Motivated by recent
progress in differentiable rendering and self-supervised shape learning [108, 140], we
cast the nonrigid 3D shape and motion estimation problem as an analysis-by-synthesis
task. Despite the under-constrained nature of this problem, we hypothesize that,

by giving appropriate video measurements, a “low-rank” shape and motion can be
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2. Articulated Shape Reconstruction from a Monocular Video

solved up to an unknown scale. Model parameters X = {S, D¢, K¢} are updated (via
gradient descent) to minimize the difference between the rendered output Y =£(X)
and ground-truth video measurements Y* at test time (Sec. 2.3.1). To deal with the
fundamental ambiguities in object shape, deformation and camera motion, we seek
(1) a "low-rank” but expressive parameterization of deformation (Sec. 2.3.2), (2) rich
constraints provided by optical flow and raw pixels, and (3) appropriate regularization

of object shape deformation and camera motion (Sec. 2.3.3).

2.3.1 Forward-synthesis model

We first introduce the forward synthesis model. Given a frame index ¢ and model
parameters X, we synthesize the measurements of the corresponding frame pair
{t,t + 1}, including color images renderings {I;, I;s1}, object silhouettes renderings

{S;, S;+1} and forward-backward optical flow renderings {6, 0}

Rendering pipeline: We represent object shape as a triangular mesh S = {V,C,F}

Nx3

with vertices V € R¥*3, vertex colors C € R¥3 and a fixed topology F € R¥*3. To

model time-varying articulations D¢, we have
V; = Gg,t(v + AVt) (21)

where AVy is a per-vertex motion field applied to the rest vertices V , and Goy =
([c|c]R0 TO) t is an object root body transformation matrix (index 0 is used to
differentiate from bone transformations indexed from 1 in Sec. 2.3.2). Finally, we
apply a perspective projection Ky before rasterization, where principal point (py, py) is
assumed to be constant and focal length f; varies over time to deal with zoom-in/out.
Shaders: We render object silhouette and color images with a differentiable ren-
derer [140]. Color images are rendered given per-vertex appearance C and constant
ambient light. To synthesize the forward flow uy, we take surface positions V, corre-
sponding to each pixel in frame ¢, compute their locations V1 in the next frame,

then take the difference of their projections:

ut,\ _ (PUOV/PEV,  (PLVL/PE VL,
ST pov. pev | T lp@ (3) ’ (2.2)
uy ) \PTV/PIV AP Vil /P Vi
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2. Articulated Shape Reconstruction from a Monocular Video

where P denotes the ith row of the projection matrix P.

2.3.2 Articulation Modeling

Unknowns vs constraints: Similar to NRSfM, we analyse the number of unknowns

and constraints to solve the inverse problem. Given T frames of a video, we have

# Unknowns =3N + 3NT + 6T + (T +2),

_ (2.3)
(V) (AV) (Ro, To) (K)

which grows linearly with the number of vertices. Motivated by NRSfM [44] that
uses low-rank shape and motion basis to deal with the exploding solution space, we
seek an expressive but low-rank representation of shape and motion.

Linear-blend skinning: Instead of modeling deformation as per-vertex motion
AV [73, 108, 131], we adopt a linear-blend skinning model (LBS) [122, 127] to
constrain vertex motion by blending B rigid “bone” transformations {Gq,--- , Gg},
which reduces the number of parameters and makes optimization easier. Besides
bone transformations, the LBS model defines a skinning weight matrix W € RE*N
that attaches the vertices of rest shape vertices V to the set of bones. Each vertex is
transformed by linearly combining the weighted bone transformations in the object

coordinate frame and then transformed to the camera coordinate frame,

Vi:= GO,t(Z ) W,.Gp,)V; (2.4)

where 7 is the vertex index, b is the bone index. Unlike A-CSM [122] that only learns
articulation, we learn skinning weights and time-varying bone transformations jointly.
Parametric skinning model: Inspired by the work on surface editing and local 3D
shape learning [67, 240], we model the skinning weights as a mixture of Gaussians

with B components. The probability of assigning vertex i to component b is given as
W, = Ce™ 3030 Qu(vi=Jn) (2.5)

where J;, € R? is the center of b-th Gaussian, Q,, is the corresponding precision matrix

that determines the orientation and radius of a Gaussian, and C is a normalization
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2. Articulated Shape Reconstruction from a Monocular Video

o

S0: {M=1280, B=0} SI: {M=1600, B=20}  S2: {M=2240, B=25} S3: {M=2880, B=30} Rest shape and bones

Figure 2.3: Coarse-to-fine reconstruction from SO to S3. The learned centers of 3D
Gaussians are shown as colored dots.

factor that ensures the probabilities of assigning a vertex to different Gaussians sum
up to one. W — {Q,J} is optimized. Note that the mixture of Gaussian models
not only reduces the number of parameters for skinning weights from NB to 9B, but
also guarantees smoothness, the benefits of which are empirically validated in our

experiments (Tab. 2.5). The number of shape and motion parameters now becomes

# Unknowns =3N + 6BT + 9B + 6T + (T+2),

_ (2.6)
(V) (Gi.B) (J,Q) (Ro,To) (K)

which grows linearly w.r.t.the number of frames and bones.

2.3.3 Self-supervised Learning from a Video

We exploit rich supervision signals from dense optical flow and raw pixels, as well

as shape and motion regularizers to further constrain the problem.
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2. Articulated Shape Reconstruction from a Monocular Video

Reconstruction Losses: The supervision for our analysis-by-synthesis pipeline
includes silhouette loss, optical flow loss, texture loss, and perceptual loss. Given a
pair of rendered outputs (S;, I, ;) and measurements (S;, I, u,), the inverse graphics

loss is computed as,

Lic :,81||§t - St”g + Booy||u, — ut||2+ﬁ3||it - Ll +,B4pdist(f,, 1) (2-7)

where {81, -, B4} are weights empirically chosen, oy is the normalized confidence
map for flow measurement, and pdist(-,-) is the perceptual distance [325] measured
by an AlexNet pretrained on ImageNet. Applying L2 norm loss to optical flow is
empirically better than squared L2 loss, and we hypothesize the reason being that

the former is more tolerant to outliers in the observed flow fields.

Shape and motion regularization: We exploit generic shape and temporal
regularizers to constrain the problem. A Laplacian operator is applied to the rest

mesh to enforce smooth surfaces,

\4
_ 1 _
Lshape = Z Vi — m Z Vj||2’ (28)
i=1

JEN;

where N; denotes the set of adjacent vertices of vertex i. Motion regularization
includes an ARAP (as-rigid-as-possible) deformation term and a least deformation

term. The ARAP term encourages natural deformation [240, 259,

\4

Larap = ) > 1IVie = Villa = [[Viga = Vil | (2.9)
i=1 jeN;

The least deformation term encourages the deformation from the rest shape to be
small [108],

14
Licast-motion = Z ||Vi,t - ViHQ’ (2'10)
i=1

which discourages arbitrarily large deformations and reduces ambiguities in joint

object root body pose and articulation recovery.

Soft-symmetry constraints: To exploit the reflectional symmetry structure ex-

hibited in common objects, we pose a soft-symmetry constraint along the symmetry
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2. Articulated Shape Reconstruction from a Monocular Video

plane (n*,0) at an arbitrary frame ¢*. The symmetry plane is initialized from visual
inspection and jointly optimized. We encourage the rest shape to be similar to its

reflection,
Lsymm—shape = Lcham({v’ F}’ {HV’ F}) (2'11)

where H =1 - 2n,n’ is the Householder reflection matrix, and the Chamfer distance
(Lcham) 1s computed as bidirectional pixel-to-face distances. For the centers of

Gaussian control points J, we also have

Lsymm-bone = Lcham (j, Hj) (2'12)

The total loss is a weighted sum of all losses with the weights empirically chosen and

fixed for all experiments.

2.3.4 Implementation Details

Neural basis for time-varying parameters: Instead of optimizing explicit time-
varying parameters {Dg, K¢}, we parameterize those as predictions from a convolu-

tional network (ResNet-18 [80]) given an input image I,
Yw(I) = (K, Go, G1, G, -+, Gp)r, (2.13)

where one parameter is predicted for focal length, four parameters are predicted for
each bone rotation parameterized by quaternion, and three numbers are predicted for
each translation, adding to 1+ 7(B + 1) numbers in total at each frame. The weights
are initialized with ImageNet [47] pre-training and then optimized by LASR for each
test video. Intuitively, the network learns a joint basis for cameras and poses that is
empirically much easier to optimize than the raw parameters (Tab. 2.5).

Silhouette and flow measurements: We assume reliable segmentation of the
foreground object is given, which can be manually annotated [187], or estimated
using instance segmentation and tracking methods [116, 329]. Our method requires
reasonable optical flow estimation, which can be provided by state-of-the-art flow
estimators [249, 301]. Notably, LASR recovers from some bad flow initialization and

obtains better long-term correspondences (Tab. 2.3).
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2. Articulated Shape Reconstruction from a Monocular Video

Table 2.2: Choices of hyper-parameters for training.

Name Value

Optimization parameters

Network architecture of ¢, ResNet-18 (ImageNet-pretrained) [80]

Optimizer Adam [114]

Learning rate for ¢, 1x107*

Learning rate for other params. 5% 1073

Batch size 8 image pairs

Loss weight {81, ..., B4} {0.5,0.5,2,5 x 1073}
Measurement pre-processing

Crop center Center of object bounding box

Crop size 1.2 x longest edge

Resized to 256 X 256

Coarse-to-fine reconstruction: We adopt a coarse-to-fine strategy to reconstruct
high-quality meshes inspired by Point2Mesh [78]. S0: We first assume a rigid object
and optimize the rest shape and cameras {S, Go¢, K¢} for 20 epochs. The rest shape is
initialized from a subdivided icosahedron projected onto a sphere. S1-S3: We perform
iso-surface extraction and re-meshing [86] to fix mesh self-intersections and long edges.
After remeshing, the number of vertices and the number of bones increase, as shown
in Fig. 2.3. The centers of Gaussian control points are initialized by running K-means
on the vertices coordinates. We then jointly optimize all parameters {S, D¢, K¢} for

10 epochs. The above procedure is repeated three times (S1-S3).

Training details: We include details of the hyper-parameters used for training in
Tab. 2.2.

2.4 Experiments

Setup: Due to the difficulty of obtaining 3D ground truth for nonrigid objects in the
real world, we evaluate 2D keypoint transfer accuracy as a proxy of 3D reconstruction
quality on real videos. We additionally evaluate 3D reconstruction accuracy on

objects with ground-truth meshes.
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Figure 2.4: Keypoint transfer between frame 2 and frame 70 of the camel video. The
distance between tranferred keypoint and target annotation is represented by the
radius of circles. A correct transfer is marked with green and a wrong transfer is
marked with blue. Our method transfers keypoint more accurately than baselines.

2.4.1 2D Keypoint Transfer on Animal Videos

Dataset: We test our method on an animal video dataset, BADJA [24], which
provides nine real animal videos with 2D keypoint and mask annotations, derived
from the DAVIS video segmentation dataset [187] and online stock footage. It includes
three videos of dogs, two videos of horsejump, and one video of camel, cow, bear as
well as impala. We report quantitative results on one video per-category and show

the reconstruction of the rest in the sup. mat.

Metric: To approximate the accuracy of 3D shape and articulation recovery, we
adopt percentage of correct keypoint transfer (PCK-T) [108, 122, 311] metric.
Given a reference and target image pair with 2D keypoint annotations, the reference
keypoint is transferred to the target image, and labeled as “correct” if the transferred
keypoint is within some threshold distance d;, = 0.2@ from the target keypoint,
where |S] is the area of the ground-truth silhouette [24]. In practice, we transfer points
by re-projection from the reference frame to the target frame given the articulated
shape and camera pose estimations. If the back-projected keypoint lies outside the
reconstructed mesh, we re-project its nearest neighbor that intersects the mesh. The

accuracy is averaged over all T(T-1) pairs of frames.
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2. Articulated Shape Reconstruction from a Monocular Video

Baselines: We compare with state-of-the-art methods for animal reconstruction
and refer to Tab. 2.1 for a taxonomy. SMALST [335] is a model-based regressor
trained for zebras. It takes an image as input and predicts shape, pose and texture
for the SMAL [333] model. UMR [131] is a category-specific shape estimator trained
for several categories, including birds, horses and other categories that have a large
collection of annotated images. We report the performance of the horse model since the
models of other animal categories are not available. A-CSM [122] learns a category-
specific canonical surface mapping and articulations from an image collection. At test
time, it takes an image as input and predicts the articulation parameters of a rigged
template mesh. It provides 3D templates for 27 animal categories and an articulation
model for horses, which is used throughout the experiments. SMALify [24] is a
model-based optimization approach that fits one of five categories (including cat, dog,
horse, cow and hippo) of SMAL models to a video or a single image. We provide all
the video frames with ground-truth keypoint and mask annotations. Close to our
setup, N-NRSfM [230] trains a video-specific model for object shape, deformation
and camera parameters from multi-frame optical flow estimations [61]. Finally, we
include a detection-based method, OJA [24], which trains an hourglass network to
detect animal keypoints (indicated by Detector), and post-process the joint cost maps
with a proposed optimal assignment algorithm. The results of PCK are taken from

the paper [24] without recomputing PCK-T.

Results: Qualitative results of 3D shape reconstruction are shown in Fig. 3.1 and
Fig. 2.5, where we compare with UMR, A-CSM and SMALify on the camel, bear and
dog video. Quantitative results of keypoint transfer are shown in Tab. 2.3. Given that
all 3D reconstruction baselines are category-specific and might not provide the exact
model for some categories (such as camel), we pick up the best model or template for
each animal video. Compared with 3D reconstruction baselines, LASR is better for
all categories, even on the categories the baselines are trained for (e.g., LASR: 49.3 vs
UMR: 32.4 on horsejump-high). Replacing the GT masks with an object segmentor,
PointRend [116], the performance of LASR (‘+Auto-mask’ in Tab. 2.3) drops, but
is still better than all the reconstruction baselines. Compared to detection-based
methods, our accuracy is higher on the horsejump video, and close to the baseline on
other videos. LASR also shows a large improvement compared to the initial optical

flow (81.9% vs 47.9% for camel), especially between long-range frames as in Fig. 2.4.
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2. Articulated Shape Reconstruction from a Monocular Video

Table 2.3: 2D Keypoint transfer accuracy on BADJA. Model-based regression.
(Q)Ca,tegory—speciﬁc reconstruction. (3)Free-form reconstruction. Methods with® do
not reconstruct 3D shape. Results with* indicates the method is not designed for
such category. Best results are underlined, and bolded if reconstruct a 3D shape.

Method camel dog  cows horse bear

(DSMALST [335] 49.7 12.8* 59.7* 10.4* 67.2*
(Q)A-CSM [122] 60.2° 24.5* 65.7% 21.5  39.7*
2JUMR [131] 35.1* 385" 68.1* 324  56.9*

(3 >N NRSfM [230] 67.8 17.9 700 87  60.2
()LASR (Ours) 81.9 65.8 83.7 49.3 85.1
() 4 Auto-mask 78.9  59.5 827 422 826

"Static 51.9 13.0 555 88 586

"Detector [24] 73.3  66.9 89.2 26,5 83.1
TOJA [24] 871  66.9 947 244 889
Flow-VCN [301] 47.9 257 60.7 144 638

. - @] _[@] a Ll \ i o0 i @] W @] l L
— Ours UMR horse A-CSM (bear template) SMALIfy dog UMR horse A CSM (bear tcmplatc) SMALlfy dog
- 7 o ﬂ
B J
Reference image Ours UMR horse  A-CSM (wolf template) SMALIfy dog UMR horse  A-CSM (wolf template) ~ SMALIify dog

Figure 2.5: Comparison on BADJA bear and dog videos. The reconstruction of
the first frame of the video is shown from two viewpoints. Compared to UMR that
also does not use a shape template, LASR reconstructs more fine-grained geometry.
Compared to A-CSM and SMALify that use a shape template, LASR recovers
instance-specific details, such as the fluffy tail of the dog, and a more natural pose.

2.4.2 Mesh Reconstruction on Articulated Objects

Dataset: To evaluate mesh reconstruction accuracy, we collect a video dataset of five
articulated objects with ground-truth mesh and articulation, including one dancer
video from AMA (Articulated Mesh Animation dataset) [266], one German shepherd
video, one horse video, one eagle video and one stone golem video from TurboSquid.
We also include a rigid object, Keenan’s spot to evaluate performance on rigid object

reconstruction and ablation for the SO stage.
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2. Articulated Shape Reconstruction from a Monocular Video

Table 2.4: Mesh reconstruction error in terms of Chamfer distance on our animated
object dataset. To ensure comparable results over objects, ground-truth shapes are
rescaled such that the maximum distance between vertices is 10. Best results are
bolded. “-” means a method does not apply to a particular sequence.

Method dancer | dog | horse | golem |

SMPLify-X [182]  0.26 _ ] _
VIBE [117]  0.22 _ ; _

A-CSM [122] - 038  0.26 -

SMALify [24] - 051  0.41 -

PIFuHD [214]  0.28 _ ; ]
UMR [131 044  0.42

] - -
LASR (Ours) 035  0.28 0.23  0.16

Metric: Most prior work on mesh reconstruction assumes given camera parameters.
However, both the camera and the geometry are unknown in our case, which leads
to ambiguities in evaluation, including scale ambiguity (exists for all monocular
reconstruction) as well as the depth ambiguity (exists for weak perspective cameras as
used in UMR, A-CSM, VIBE, etc.). To factorize out the unknown camera matrices,
we align two meshes with a 3D similarity transformation solved by ICP. Then, the
bidirectional Chamfer distance is adopted as the evaluation metric. We follow prior
work [68, 202] to randomly sample 10k points uniformly from the surface of predicted
and ground-truth meshes, and compute the average distance between the nearest

neighbor for each point in the corresponding point cloud.

Baselines: Besides A-CSM, SMALify, and UMR for animal reconstruction, we
compare with SMPLify-X, VIBE, and PiFUHD for human reconstruction. SMPLify-
X [182] is a model-based optimization method for expressive human body capture. We
use the female SMPL model for the dancer sequence, and provide the keypoint inputs
estimated from OpenPose [36]. VIBE [117] is a state-of-the-art model-based video
regressor for human pose and shape inference. PIFuHD is a state-of-the-art free-form
3D shape estimator for clothed humans. It takes a single image as input and predicts
an implicit shape representation, which is converted to a mesh by the marching cube
algorithm. To compare with SMALify on dog and horse, we manually annotate 18

keypoints per-frame, and initialize with the corresponding shape template.
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Table 2.5: Ablation study with mesh reconstruction error.

S0 ref.  Ww/o flow Pw/oLewn w/o CNN
spot 0.05 0.55 0.61 0.63
S0-S3  ref. Ww/o LBS Olw/o C2F ©Ow/o GMM
dog 0.28 0.68 0.59 0.34

Results The visual comparison on human and animals are shown in Fig. 3.1 and
Fig. 2.6 respectively. We report the quantitative results in Tab. 2.4. On the dog video,
our method is better than all the baselines (0.28 vs A-CSM: 0.38), possibly because
A-CSM and UMR are not trained specifically for dogs (although A-CSM uses a wolf
template), and SMALify cannot reconstruct a natural 3D shape from limited keypoint
and silhouette annotations. For the horse video, our method is slightly better than
A-CSM, which uses a horse shape template, and outperforms other baselines. For the
dancer sequence, our method is not as accurate as baseline methods (0.35 vs VIBE:
0.22), which is expected given that all baselines either use a well-designed human
model, or have been trained with 3D human mesh data, while LASR does not have
access to 3D human data. For the stone golem video, our method is the only one
that reconstructs a meaningful shape. Although the stone golem has a similar shape

to a human’s, OpenPose does not detect joints correctly, leading to the failure of
SMALify-X, VIBE and PiFUHD.

Qualitative results on DAVIS videos: To examine the performance on arbitrary
real-world objects, we use five DAVIS videos, including dance-twirl, scooter-board,
soapbox, car-turn, mallard-fly, and a cat video captured by us and segmented by
PointRend. The comparison with COLMAP [222], a template-free SEIM-MVS pipeline,

is shown in Fig. 2.8. More results are available in the sup. mat.

Ablation study: We investigate the effect of different design choices on the rigid
“spot” and animated dog sequences. The videos are rendered into T=15 frames
given ambient light and a camera rotating around the object by 90 degrees at zero
elevation. Besides color images, we render silhouette and optical flow as the supervision.
Results are shown in Fig. 2.7 and quantitative results are reported in Tab. 2.5. In

terms of camera parameter optimization and rigid shape reconstruction (S0), we
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Figure 2.6: Shape and articulation reconstruction results on synthetic dog and horse
sequences. We also visualize Chamfer distances measured from the ground truth to the
reconstructed mesh on top of each result, and yellow indicates high error. Compared
to UMR, LASR successfully reconstructs the four legs of the horse. Compared to
template-based methods (A-CSM and SMALIfy), LASR successfully reconstructs
the instance-specific details (ears and tails of the dog) and recovers a more natural
articulation. The reference is shown at the left corner and the template mesh used is
shown in the bottom right boxes.
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Figure 2.7: Left: Ablation study on camera and rigid shape optimization (S0).
Removing the optical flow loss introduces large errors in camera pose estimation
and therefore the overall geometry is not recovered. Removing the canonicalization
loss leads to worse camera pose estimation, and therefore the symmetric shape
constraint is not correctly enforced. Finally, if we directly optimize the camera poses
without using a convolutional network, it converges much slower and does not yield
an ideal shape within the same iterations. Right: Ablation study on articulated shape
optimization (S1-S3). We show the reconstructed articulated shape at the middle
frame (t=8) from two viewpoints. Without LBS model, although the reconstruction
looks plausible from the visible view, it does not recover the full geometry due to
the redundant deformation parameters and lack of constraints. Without coarse-to-
fine re-meshing, fine-grained details are not recovered. Replacing GMM skinning

weights (9xB parameters) with an NxB matrix leads to extra limbs and tails on the
reconstruction.
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Representative
input frames

Figure 2.8: Visual comparison on near-rigid DAVIS sequences: scooter, soapbox, and
car. COLMAP reconstructs only the visible rigid part, while our method faithfully
reconstructs both the rigid object and near-rigid person.
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find it beneficial to use Moptical flow as supervision signals, (?canonicalization of
symmetry plane, and ¥ CNN as an implicit representation for camera parameters.
For articulated shape reconstruction (S1-S3), it is critical to use (Plinear blend

skinning, (® coarse-to-fine re-meshing, and (¥ parametric skinning model.
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Chapter 3

Canonical Embeddings for Video Pixel

Registration

3.1 Introduction

Reconstructing the world from a sequence of monocular frames is a long-standing
task in computer vision. While there has been tremendous progress in reconstructing
rigid scenes (via SfM and SLAM [54, 233, 253], or recent techniques based on neural
rendering [165]), reconstructing dynamic scenes with articulated objects remains
elusive. For example, given a monocular video, it is still challenging to reconstruct an
everyday scene of a moving person with loose clothing. In this work, we tackle the
problem of estimating the deforming mesh of articulated objects given a segmented
monocular video of that object. Our method avoids the use of any mesh templates or
category-specific priors and generalizes to unknown deformable articulated objects in

the wild.

Nonrigid shape recovery is highly under-constrained due to fundamental ambigui-
ties between shape, appearance, and time-varying deformation. Current approaches
for addressing these challenges fall into two camps: better data “likelihoods” or
better “priors”. The first camp extracts richer sensor data, via multi-camera studio
setups [103] or depth sensors [172], but requires substantial efforts to work in the wild.
The second camp makes use of category-level priors over object shapes [117, 122] and
is particularly effective for human reconstruction. However, building such models

requires considerable offline efforts in the form of registered 3D scans [144] or manual
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3. Canonical Embeddings for Video Pixel Registration
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Figure 3.1: Given a long video (or multiple short videos), ViSER jointly learns
articulated 3D shapes (represented as a mesh with vertices V and faces F) and joint
pixel-surface embeddings (including a surface embedding Fg and a pixel embedding
F1) that establishes dense long-range pixel correspondences over time. As a result,
ViSER produces accurate shapes, long term trajectories and meaningful part seg-
mentation.

keypoint annotations [76], both of which are difficult to scale to arbitrary object
categories.

In this work, we use a practical but less explored variant of the data-likelihood
camp: we use multiple frames of a video rather than multiple cameras or depth sensors.
This considerably complicates analysis for dynamic, non-rigid scenes. Nonrigid
structure-from-motion (NRSfM) [29, 230] attempts to constrain the problem by relying
on motion correspondences such as 2D point tracks. While 2D correspondences over
short time scales (i.e., optical flow) are relatively robust to extract, correspondences
over long time scales are notoriously difficult to estimate because of appearance
variations arising from viewpoint changes, occlusion and fast motion. In practice,
this limits the applicability of NRSfM methods to controlled lab sequences.

We propose ViSER (Video-Specific Surface Embeddings for Reconstruction), which
establishes long-range correspondence and reconstructs articulated 3D shapes from
a monocular video. Fig. 3.1 shows a sample outdoor video and the corresponding
ViSER results. The key insight behind ViSER is to force long-range video pixel

correspondences to be consistent with an underlying canonical 3D mesh through the
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use of video-specific embeddings that capture the pixel appearance of each surface
point. These embeddings behave as a continuous set of keypoint descriptors defined
over the surface mesh, learned with coordinate-based MLPs that are fit to each video
via self-supervised losses. ViSER simultaneously optimizes the image CNN, surface
MLP, and 3D shape so as to fit the observed video frames. It reconstructs state-of-the-
art articulated 3D shape and 3D trajectories without using category-specific priors,
making it easily scalable to diverse videos including humans with challenging clothing
and poses as well as animals. Lastly, we demonstrate that ViSER recovers meaningful
part segmentation and blend skinning weights from videos, which typically require

considerable manual effort from 3D artists.

3.2 Related Work

Low-level correspondence. Optical flow is a well-studied representation for short-
term correspondence between adjacent frames of a video. After decades of research,
recent CNN models [242, 249, 301] for optical flow have achieved an impressive level
of accuracy as evidenced by the Sintel and KITTI benchmarks [32, 65]. However, it is
challenging to concatenate optical flow for reliable long-range correspondence due to
occlusions and strong appearance changes [207, 216, 243]. ViSER does not concatenate
optical flow but use it as a constraint to establishes long-range correspondence.

The layered approach [45, 100, 272] segments a video into different moving objects
with coherent motion, thereby establishing long-range correspondence for every frames
through the shared layers. Early layered methods assume parameter motion for each
layer and can only handle limited scenes. Unwrap Mosiacs [201] uses a dense 2D-
to-2D mapping from a texture map to every input frame, and editing operations
on the texture map naturally transfers to each individual frame. However, the 2D
representation cannot flexibly model complex 3D phenomena, such as occlusions.
Dense pose and surface mappings. DensePose [76] directly maps pixels to
the 3D surface of a human body model. It requires large amounts of training
data with annotated image-to-surface correspondence and is hard to generalize to
other categories. Articulation-aware Canonical Surface Mapping (A-CSM) [122] uses
geometric cycle consistency for learning to map pixels to corresponding points on

a template shape without using keypoint annotations. However, it requires a pre-
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defined template shape for each category. Continuous Surface Embeddings (CSE) [170]
establishes dense correspondences between image pixels and 3D object geometry by
predicting an embedding vector of the corresponding vertex in the object mesh for
each pixel in a 2D image. While applicable to multiple categories, CSE requires
annotations and only applies to categories in the training set. ViSER requires neither
a template shape nor annotations to work on categories in the wild.

Nonrigid shape reconstruction. One way to accurately reconstruct articulated
shapes is to rely on rich sensor data, e.g., multi-view [103] or depth sensors [172],
which requires substantial efforts to setup and reconstruct objects in the wild. For
monocular videos/images, one popular approach is to adopt strong 3D shape and
pose priors [117, 144, 213, 214, 333, 334] but it works well only on limited categories,
whose 3D data are easy to collect. To deal with more nonrigid object categories, a
recent trend is to learn a category-level 3D shape model from a collection of images
or videos with 2D annotations, such as keypoints and object silhouettes [73, 108, 122,
130, 131, 259, 282, 316]. Although they are able to reconstruct more object categories,
such as birds and quadruped animals, the reconstruction usually lacks details, and
the level of deformation recovered tends to be low.

Category-agnostic methods, such as nonrigid structure from motion (NRSfM)
methods [29, 74, 121, 230] reconstruct nonrigid 3D shapes from a set of 2D point
trajectories. However, due to the difficulty in obtaining accurate long-range corre-
spondences [216, 243] they do not work well for videos in the wild. A recent work,
LASR [306], uses two-frame optical flow to reconstruct articulate shapes from a
monocular video with differentiable rendering. Despite the promising results, LASR
does not reason about long-range correspondences and can only reliably reconstruct
what is visible in a short video. ViSER establishes reliable long-range correspondence
that are robust to moderate shape variations and appearance changes. Thus, ViSER
can obtain much higher-quality reconstruction by using either a long video or several

videos of a category.

3.3 Approach

Fig. 3.2 provides an overview of our approach, which follows a typical framework
of differentiable rendering [108, 140]. Borrowing the notation from LASR [306], we
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Figure 3.2: We learn a joint pixel-surface embedding space for dense correspondence
between pixels in video frames I, and points on a canonical 3D surface (V,F). Such
embedding space is optimized through “top-down” differentiable rendering R(-)
and “bottom-up” correspondence matching s[x, vl (Sec 3.2). We introduce a 3D
matching loss to optimize the embeddings, where the matched surface locations are
encouraged to be close to the rendered surface locations. The embedding further
enables articulated shape optimization through a 2D-3D-2D cycle reprojection: pixel
[x,y] — matched surface §[x, y] = re-projected pixel 7(S[x, y]) (Sec. 3.3).

formalize our task as follows. Given a set of video observations including RGB pixel

color, segmentation masks, and optical flow estimates {;, S, u; };=(0,...7}, our goal is

.....

to recover a set of shape and motion parameters {S, D,} that produce reconstructions

,,,,,

material for a complete list of notations defined in the paper.

3.3.1 Preliminaries

We represent an object’s shape as a triangular mesh S = {V,F} with canonical
vertices V € RV and a fixed topology (edge connectivity) F € R¥>™. To render an
object, we displace mesh vertices with motion parameters D;, apply a perspective

projection with camera intrinsics K;, and rasterize.

We model vertex motion with root body transformations Gg and object articu-
lations {G1, - -, Gp} using linear blend skinning (LBS) [122, 127]. LBS constrains

vertex motion by linearly blending B rigid “bone” transformations with a skinning
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weight matrix W € RB*N  transforming the canonical shape into frame ¢ as

Vii=Goy (Zb Wb,iGb,t) Vi (3.1)

where i is the vertex index, b is the bone index. Similar to LASR, the root body and
bone transformations are represented as the outputs of a pose CNN given an input
image, (Go,- -+ ,GB) =¥, (1)

We define a set of surface properties for rendering, including vertex 3D coordinates,
textures and features, and rasterize them in a differentiable manner [140]. We denote
the differentiable rendering function that renders the property C defined on a canonical
surface to an image as R(C; V, W, &), which executes the blending skinning function
in Eq. (3.1) and softly blends the surface property based on their depth and barycentric
coordinates [140]. For simplicity, we omit the shape, skinning, and motion parameters
parameters and write the differentiable rendering function as R(C). To render optical
flow, we rasterize and project vertex coordinates in two consecutive frames and
compute their 2D displacements [306]. Such renderings are compared against video

observations to compute gradients for updating model parameters.

3.3.2 Video-specific Surface Embedding

Pixel-surface embeddings. We learn pixel and surface embeddings that map
corresponding pixels in different frames to the same point on a canonical 3D surface.
Intuitively, consider a particular region on the canonical surface mesh that is the
“nose” of an articulated human. The surface embedding captures a descriptor for the

nose, which can then be matched to pixel-level descriptors at each frame.

Given an input image I, the pixel-wise descriptor embedding is computed by a
U-Net [210] encoder:

Filx,y,t] = ¢.(I)[x,y] € R'°, (3.2)

where [x,y,t] are pixel locations at frame ¢. The surface embedding is computed by

a position-encoded MLP:

Fs(X,Y,Z) = ¢.(X,Y,Z) € RO, (3.3)
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where ¢.(-) is an MLP defined over 3D points (X,Y,Z) in the canonical space,
augmented with Fourier positional encoding [165]. The two embeddings are optimized
on test videos such that pixels representing the same surface location in different

frames are mapped to the same canonical surface point [122].

Correspondence via soft-argmax regression. Given the pixel and surface
embeddings, we construct a per-frame cost volume D (Fy, Fg) of size HXW XN over
pixels and surface points (we randomly sample Ny = 200 surface points at each step)

by considering their cosine feature distances,
D(Fy,Fs)[x,y,i] = 1 - cos(Fi[x, y], Fs(X;, Yi, Z))). (3.4)

Normalizing the cost volume over the surface point dimension yields a softmax
“heatmap” over surface points that potentially match to pixel (x,y), as shown in

Fig. 3.3 (Left): ‘
o-Dleyil/r

e 5

O(x,y) [l]

where 7 is a temperature scaling parameter that is jointly optimized with the feature
embeddings. To output a single surface point for pixel (x,y), we can compute a “soft”
argmax [112, 301] by taking the expectation of the softmax distribution over the 3D

locations of the points samples,
Sl y] = ) oy [11(Xi, i, Z0), (3.6)

where (X;,Y;,Z;) is the i-th sampled surface point and o (x,y)[i] is the matching
probability of pixel (x,y) over the sampled points i € {1,2,..., Ns}.
We can also normalize the HXW XN, cost volume over spatial positions to capture

a distribution of pixel locations that match to each surface point (X;,Y;, Z)):

e_D [)C,y,i] /T
3 peyp € DIl

(X ¥iz %, y] = (3.7)

and compute a similar soft argmax mapping of surface points to pixels, as shown in
Fig. 3.3 (Right).

Relation to keypoints. The output of classic keypoint detectors are often repre-
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Figure 3.3: Pixel-surface embeddings establish a continuous mapping between pixels
and points on a canonical surface. Left: Given a query pixel at (x,y), we match it to
a set of canonical surface points, where the matching distribution is used to regress a
continuous mapping to the canonical surface. Right: Given a query surface point
(X,Y,Z), a matching distribution over pixels can be computed. Warm color indicates
high matching probability.

sented as K-channel heatmaps over the pixel grid, where K is the number of keypoints.
To define dense keypoints, one may increase the number of channels, which is computa-
tionally heavy. Similar to CSE [170], we represent dense keypoints as low-dimensional
pixel-surface embeddings, which establishes a mapping between pixels and a canonical
3D surface, but far more efficiently. DensePose [76] and CSM [122] use an alternative
pixel-to-surface mapping that regresses a surface coordinate at every pixel. In contrast,
our pixel-surface embedding captures multimodal uncertainties over keypoints; for
example, oy y)[i] can capture the fact that a particular pixel matches well to both
the left and right ankle, as visualized in Fig. 3.3, while a regressor may “regress” to

the mean of the two surface coordinates.

3.3.3 Learning Embeddings and Articulated Shapes

Next we will introduce the loss functions that enable learning both embeddings
and articulated shapes from monocular videos without a pre-defined shape template
or annotated correspondence. To learn non-degenerate embeddings and overcome the
local optima issue in differertiable renderers, we carefully construct a 3D matching

loss and a 2D cycle loss.

3D match loss. Arguably, the simplest loss to learn embeddings is to minimize the
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difference between the rendered surface features and the observed pixel features:

Lfeature-consistency = Z (1 — COs (R(FS) [xa y] JFp [xa y])), (38)
X,y

where cos(-) denotes the inner product between two normalized vectors, and R(Fg) is
the differentiably rendered surface descriptors. However, the feature consistency loss
admits a trivial solution, where all pixel and surface features are the same constant
(vielding zero error). To address this, we introduce a 3D matching loss that ensures

pixel embeddings only match to surface embeddings rendered at the pixel location:

Lunateting = . [ROV) L, 1 = 81,1 (3.9
X,y

where R(V) is the rendered 3D surface location and S[x, y] is the estimated pixel-
to-surface mapping from Eq. (3.6), computed through sampling and computing
the softmax distributions o [i] over surface points [112]. To minimize the loss, the
embeddings of surface points that do not project to (x,y) will be pulled away from
the pixel embedding of (x,y) in a contrastive way [77].

2D cycle loss. The match loss aims to learn pixel-surface embeddings that are
consistent over video frames and discriminative over difference surface locations.
However for articulation optimization, the match loss suffers from bad local optima
issue similar to other losses based on differentiable rendering [140]. For instance,
when the rendering of a body part is outside the ground-truth object silhouette, a

gradient update of articulation parameters would likely not incur a lower loss.

To guide articulated 3D shape learning using the learned pixel-surface embeddings,
we further define a cycle-based re-projection loss, inspired by prior approaches in 3D
model fitting with keypoints [27] and canonical surface mappings [122]. Given an
input image, we establish a 2D-3D mapping by extracting a pixel embedding and
matching it to surface embedding. Then, we compute the expected surface coordinate

S[x, y] at every pixel using Eq. (3.6), and ensure the differentiably rendered canonical

surface coordinate lands back on the original pixel coordinate (x,y),

Lueproj = . [RELx1) = () - (3.10)
X,y
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Reconstruction loss. Finally, we make use of reconstruction losses to ensure that

generated images, masks, and flows match their estimated counterparts:
Lyccon = BullS} = Sill3 + Balll} = LII5 + Baorillidy — wuill2 + Bapdist(L, ) (3.11)

where {B1,---, B4} are weights empirically chosen, o; is the normalized confidence
map for flow measurement, and pdist(-,-) is the perceptual distance [325] measured
by an ImageNet-pretrained AlexNet. The reconstruction losses ensure the match
between rendered and observed optical flow, texture and silhouette images.

Regularization. To avoid degenerate shapes, we use mesh Laplacian regulariza-
tion [108, 306] to enforce the recovered shape to be smooth, and as-rigid-as-possible
(ARAP) regularization to enforce the deformation to be locally rigid [259]. Different
from prior work that only preserves the length of edges after articulation, we encour-
age both the area and length of faces to be the same after articulation. The area

preserving term is defined as

|E|

LARAP-area = Z Z ‘

i=1 jeN;

Ef x E{| -

E;H—l X E};+1

), (3.12)

where |E| is the number of edges and N; the indices of neighbouring edges.

3.3.4 Representing Surface Properties with MLPs

By extending surface embedding MLPs with additional dimensions, we can model
other surface properties including textures and even surface-based geometric defor-
mations. Compared to explicitly defined textures, such continuous implicit represen-
tations have the capacity to encode arbitrary amount of details and are empirically
easier to optimize.

Surface appearance. The appearance of the object is represented by a coordinate-
MLP queried at points on the canonical mesh surface. To handle view-dependent
appearance (such as shadow and lighting), we further concatenate the Fourier features
of the (X, Y, Z) coordinates with a frame appearance code, as the input to the texture
MLP,

Cit = ¢rex(F (V). wy) € R?, (3.13)
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where V; is the i-th canonical mesh vertex, which is passed through a Fourier encoder
F(-) as used in NeRF [165], and concatenated with w,, a 64-dimensional frame
appearance code associated each image frame t, predicted from a ResNet-18, as
Wr = Yrex (1)

Instance shape deformation fields. To deal with videos of multiple instances of
the same category, as experiments in Sec. 3.4.3, we model shape variations across
instances by a continuous surface deformation field defined on the canonical surface.

Similar to the surface texture, we represent the surface deformation field by a shape
MLP

Y

Vik = Vi + Gsnape (F(Vi), i) € R?, (3.14)

where Vi is the rest shape of instance k and ay is a video-specific 64-dimensional

shape code that is randomly initialized and optimized together with the shape MLP.

3.4 Experiments

We evaluate ViSER in three different scenarios where objects are highly articulat-
ing, making it challenging to reconstruct and estimate long-range correspondences.
First, we consider long human videos with loose clothing and unusual poses. Next,
we evaluate on videos of articulated animals for which accurate shape templates are
missing. Finally, we analyze a multi-video variant of ViSER that learns a single model
from multiple videos of the same category. All scenarios require jointly establishing
long-range correspondences and reconstructing articulated 3D shapes at the same
time.

Optimization details We use the AdamW [146] optimizer with a batch of 4
consecutive image pairs. We reconstruct a long video sequence in an incremental
manner similar to classic STM. First, we use an initial set of around 20 consecutive
frames to initialize the shape and pixel surface embeddings. The initial set is selected
such that the viewpoint coverage is large enough. Then we gradually add in new
frames. When a new frame is added, we first apply the 2D cycle loss L,pro; to optimize
its articulations, and then jointly optimize all frames with all losses. Empirically,
simultaneously optimizing all the video frames produces unstable results of root body

poses (or equivalently camera poses).
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Figure 3.4: Qualitative comparisons for athletic video articulated shape reconstruction.
Compared to methods that uses shape and pose priors (VIBE+SMPLify and PiIFUHD),
our method achieves comparable performance for common appearance and poses, and
does much better on unusual poses such as break-dancers.

Reference image LASR Alternate view Ours multi-video ~ Alternate view

Figure 3.5: Qualitative comparisons for elephant shape reconstruction from multiple
videos. Notice that ViSER is able to take advantage of multiple videos to improve
the category-level shape reconstruction but also reconstruct instance-specific details
(as shown in red circles).
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Figure 3.6: Part segmentation results. Colors are determined by hard-assigning
vertices to the closest rigid bones.

Table 3.1: 2D Keypoint transfer accuracy on athletic videos. Methods with * use
keypoint annotations to train. Best results are in bold.

Method break-1 break-2 dance parkour ballet-1 ballet-2 ballet-3 Ave.

“DensePose CSE [170]  56.0 13.2 772 85.9 45.6 49.0 64.5 55.9
*VIBE+SMPLify [117] 37.1 8.2 704 838 55.4 53.0 78.8 55.2

LASR [306] 29.1 18.1 56.6  49.8 44.5 474 48.6 42.0
ViSER (Ours) 70.5 22.5 80.7 629 52.7 56.1 59.9 57.9

Table 3.2: 2D Keypoint  Table 3.3: 2D Keypoint transfer accuracy on BADJA
transfer accuracy on ele- dataset. Best results are in bold.
phant videos.

Method camel dog cows horse bear Ave.

Method inner across CSE [170] 488 386 638 602 766 57.6

CSE [170] 55.7  52.2 Flow-VCN [301] 47.9 25.7 60.7 144 63.8 425
}

Flow-VON [301] 511 412~ N NRSfM [230] 67.8 179 70.0 87 602 44.9
LASR [306] 578 - LASR [306] 81.9 658 83.7 493 851 73.2
ViSER (Ours) 80.4 68.9  ViSER (Ours) 801 73.8 829 76.3 87.3 80.1

3.4.1 Athletic Video Reconstruction

Dataset. To evaluate ViSER on long-videos, we construct an athletic video
dataset that is challenging due to loose clothing and unusual body poses. It consists
of four videos from DAVIS [187] and three ballet videos. All videos are segmented
and manually annotated with keypoints following the MSCOCO format [135]. We
only use keypoint annotations for evaluation purposes.

Metrics. Due to the lack of ground-truth 3D data for challenging athletic human
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videos, we use 2D keypoint transfer as a proxy metric [24, 330]. Given any two
frames from a video, the goal is to transfer an annotated 2D keypoint from one
frame to another. The accuracy is measured by percentage of correctly transferred
keypoints over all T(T-1) pairs of frames in a T-frame video. A transferred keypoint
is marked as correct when its distance to the ground-truth annotation is lower than
dy, = 0.24/]S], where |S| is the area of the ground-truth silhouette [24]. In general, a

more accurate reconstruction leads to a higher transfer accuracy.

Baselines. To compare with template-based approaches for video human recon-
struction, we use VIBE with SMPLify temporal smoothing [117]. To compare with
template-free methods, we use LASR [306], which also reconstructs articulated shapes
using the same input setting as ours. To transfer keypoints from a reference frame
to a target frame, we back-project the annotated keypoint in the reference frame
to the canonical surface, and then project the intersected 3D point to the target
frame. We also compare against Densepose CSE [170], which produces dense pixel-to-
surface correspondences for a given category, but does not produce 3D reconstructions.
To transfer keypoints for Densepose CSE, we compute pixelwise surface mappings
for both frames and find the best matching w.r.t.geodesic distance on the surface.
We further qualitatively compare against a state-of-the-art human reconstruction
method, PiIFUHD [214] in Fig. 3.4, which only produces reconstruction, but not

correspondence.

Results. Fig. 3.4 shows visual reconstruction results on sample videos and for
different techniques. ViSER estimates reconstructions that are more faithful to
the input than the baselines, especially when the humans have unusual poses like
in the first two rows. The accurate long-range correspondence enables ViSER to
reconstruct finer details than LASR that does not explicitly try to estimate long-range
correspondences. We summarize quantitative comparisons in Tab. 3.1. There is a
moderate performance gap between ViSER and template-based methods when the
input fits the latter, such as parkour with tight clothing and usual pose. Note that
the supervised Densepose CSE and OpenPose methods fail on breakdance videos due
to the novel pose, and also do not work well on ballet dancers due to loose clothing.
As a result, template-based approaches that rely on accurate pose recognition, such
as VIBE [117] fails. In contrast. our method does not suffer from such poor out-

of-distribution generalization. By establishing long-range correspondences, ViSER
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achieves higher keypoint transfer accuracy and better 3D reconstruction than LASR.

3.4.2 Reconstructing Animals from a Video

We use BADJA [24] to evaluate VISER on animal videos including camel, cow,
dog, bear and horse. Similar to the athletic human video dataset, we compare against
template-free methods such as LASR and neural-dense-NRSfM (N-NRSfM) [230].
Similar to LASR and our setup, N-NRSfM learns a video-specific model for object
shape, deformation and camera parameters from multi-frame optical flow estima-
tions [61]. We further report performance comparison with dense correspondence
methods such as CSE and an optical flow method, VCN. We use the CSE model
trained on corresponding animal categories (except that we use the horse model
for camel), and the “robust” model of VCN [2], which is the input to our method.
As shown in Tab. 3.3, ViSER achieves better or similar accuracy on all five animal
videos compared to LASR and N-NRSfM. While the input optical flow is not robust
at estimating long-range correspondences, our method integrates local optical flow
to a dense long-range correspondences via a canonical shape, and achieves much
better keypoint transfer accuracy. Note that CSE performs well for categories it has
been trained on, such as cow, horse and bear, but performs poorly on novel animal

categories, such as camel and a novel breed of dog.

3.4.3 Multi-video Shape and Correspondence

We curate a set of seven videos of different elephants from YTVOS [296] for multi-
video shape and correspondence recovery. The annotations will be released for further
research. We treat multiple videos as a single long video with strong appearance
changes and shape variations. In the multi-video setup, We evaluate keypoint transfer
accuracy on both the same instance (with video frames) and over different instances
(across video frames), as denoted by “inner” and “across”. Quantitative results in
Tab. 3.2 shows that ViSER is more accurate than the baseline methods in both cross-
video keypoint transfer and inner-video keypoint transfer by a large margin, without
using any keypoint annotations or pre-defined shape templates. Fig. 3.5 show visual
result comparisons. While LASR recovers the visible surfaces in a video, it cannot

infer the invisible parts. In contrast, our method is able to take advantage of multiple
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Reference image Ours-single video Ours-multi video

Figure 3.7: Comparison between single video ViSER and multi-video ViSER in
terms of reconstructing YTVOS elephants. We find using multiple videos helps
reconstructing the body parts that may be occluded in a single video. While single-
video ViSER reconstructs a flattened shape and misses the hidden rear leg of the
elephant, multiple video ViSER reconstructs a more plausible shape and recovers
both the two rear limbs.

videos from the same category and produce a much better shape reconstruction. Note
that LASR cannot handle multiple videos as it requires optical flow computed between
every adjacent frame pairs. ViSER, on the other hand, also uses correspondences
via estimated 3D shape, thereby allowing the use of multiple videos even when the
optical flow is missing across videos.

Benefit of Using Multiple Videos. To examine the benefits of using multiple
videos, we further compare multi-video ViSER with single-video ViSER, as shown in
Fig. 3.7. We find using multiple videos helps reconstructing the body parts that may

be occluded in a single video.

3.4.4 Part Discovery and Ablations

Part discovery. ViSER can discover detailed 3D part segmentation without any
manual annotation, as shown in Fig. 3.6. After training either on a collection of
videos or a long video, ViSER can segment the 3D shape into meaningful parts, such
as the trunk of the elephants and the feet of the dancer.

Ablation study. We perform an ablation study on break-1 and elephants, as shown
in Tab. 3.4. Without the contrastive matching loss, the pixel-surface embedding
converges to a trivial solution with a significant decrease of accuracy. Removing

the re-projection loss leads to much lower keypoint transfer (KPT) accuracy on the
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Table 3.4: Ablation study on keypoint transfer. Best results are in bold.

Method break-1 elephants-inner elephants-cross

Full 70.5 80.4 68.9

w/o matching loss Lynarching, Eq. (3.9) 36.2 51.3 42.6
w/o reprojection 10ss Lyeproj, Eq. (3.10) 38.3 80.1 62.5
CSM regression [122]  47.1 774 63.3

breakdance-1 sequence and cross-video KPT accuracy on the elephant videos. Likely
the surface reprojection loss plays an important role in learning correct articulation
that follows the bottom-up dense keypoint predictions. This may effectively avoid the
local minimum issue for the differentiable rendering optimization. Finally, replacing
the pixel-surface embedding with direct CSM regression [122] does not reason about

distribution of possible matches and results in worse performance.
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Chapter 4

Building Animatable Models from Many

Casual Videos

4.1 Introduction

We are interested in developing tools that can reconstruct accurate and animatable
models of 3D objects from casually collected videos. A representative application is
content creation for virtual and augmented reality, where the goal is to 3D-ify images
and videos captured by users for consumption in a 3D space or creating animatable
assets such as avatars. For rigid scenes, traditional Structure from Motion (SfM)
approaches can be used to leverage large collection of uncontrolled images, such as
images downloaded form the web, to build accurate 3D models of landmarks and
entire cities [4, 232, 233]. However, these approaches do not generalize to deformable
objects such as family members, friends or pets, which are often the focus of user

content.

We are thus interested in reconstructing 3D deformable objects from casually
collected videos. However, individual videos may not contain sufficient information to
obtain good reconstruction of a given subject. Fortunately, we can expect that users
may collect several videos of the same subjects, such as filming a family member or
a pet over the span of several months or years. In this case, we wish our system to
gather information from all available videos into a single 3D model, bridging any time
discontinuity.

In this paper, we present BANMo, a Builder of Animatable 3D Neural Models
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Color: Skinning weights  poge 1

— BANMo — @2

Bone

Casual Videos of An Object Canonical Space View 1 View 2 Canonical Embeddings

Figure 4.1: Given multiple casual videos capturing a deformable object, BANMo
reconstructs an animatable 3D model, including an implicit canonical 3D shape,
appearance, skinning weights, and time-varying articulations, without pre-defined
shape templates or registered cameras. Left: Input videos; Middle: 3D shape, bones,
and skinning weights (visualized as surface colors) in the canonical space; Right:
Posed reconstruction at each time instance with color and canonical embeddings
(correspondences are shown as the same colors).

from multiple casual RGB videos. By consolidating the 2D cues from thousands of
images into a fixed canonical space, BANMo learns a high-fidelity neural implicit
model for appearance, 3D shape, and articulations of the target non-rigid object. The
articulation of the output model of BANMo is expressed by a neural blend skinning
model, similar to [42, 215, 306, 307], making the output animatable by manipulating
bone transformations.

As shown in NRSfM [29], reconstructing a freely moving non-rigid object from
monocular video is challenging, where epipolar constraints are not directly applicable.
We address three core challenges in BANMo: (1) how to represent 3D geometry
and appearance of the target in a canonical space; (2) how to deform 3D points
between canonical space and individual time instances; (3) how to find pixel or part
correspondences over videos given different viewpoint, lighting, background, and
object deformations.

Concretely, we utilize neural implicit functions [165] to represent color and 3D
surface in the canonical space. This representation enables higher-fidelity 3D geom-
etry reconstruction compared to approaches based on 3D meshes [306, 307]. The
use of neural blending skinning in BANMo provides a way to constrain the defor-
mation space of the target object, allowing better handling of pose variations and
deformations with unknown camera parameters, compared to dynamic NeRF ap-
proaches [42, 132, 179, 192]. To find correspondences, we present a module that

performs dense matching between pixels and an implicit feature volume. Finally, for
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robust and efficient optimization over a large number of video frames, we pre-train a
pose network for human and quadruped animals to provide initial camera orientations.
In a nutshell, BANMo presents a way to merge the recent non-rigid object recon-
struction approaches [306, 307] in a dynamic NeRF framework [42, 132, 179, 192],
to achieve higher-fidelity non-rigid object reconstruction. We show experimentally
that BANMo produces higher-fidelity 3D shape details than previous state-of-the
art approaches [307], by taking better advantage of the large number of frames in

multiple videos.

4.2 Related work

Human and animal body models. A large body of work in 3D human and animal
reconstruction uses parametric shape models [144, 182, 267, 287, 333, 334], which are
built from registered 3D scans of human or animals, and serve to recover 3D shapes
given a single image or video at test time [9, 25, 117, 117, 335]. Although parametric
body models achieve great success in reconstructing human with large amounts of
ground-truth 3D data, it is challenging to apply the same methodology to categories
with limited 3D data, such as animals and humans in diverse sets of clothing.
Category reconstruction from images or videos. A number of recent methods
build deformable 3D models of object categories from images or videos with weak 2D
annotations, such as keypoints, object silhouettes, and optical flow, obtained from
human annotators or predicted by off-the-shelf models [73, 108, 118, 130, 131, 282, 316].
Such methods often rely on a coarse shape template [122, 259, 327], and are not able
to recover fine-grained details or large deformations. Recently, HDNet [94] uses social
media videos to learn depth estimators for clothed human.

Category-agnostic video shape reconstruction. Non-rigid structure from motion
(NRSfM) methods [29, 74, 121, 123, 230] reconstruct non-rigid 3D shapes from a
set of 2D point trajectories in a class-agnostic way. However, due to difficulties in
obtaining accurate long-range correspondences [216, 243], they do not work well for
videos in the wild. Recent efforts such as LASR and ViSER [306, 307] reconstruct
articulated shapes from a monocular video with differentiable rendering. As our
results show, they may still produce blurry geometry and unrealistic articulations.

Neural radiance fields. Prior works on NeRF optimize a continuous scene function
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for novel view synthesis given a set of images, often assuming the scene is rigid and
camera poses can be accurately registered to the background [99, 133, 157, 160, 165,
276]. To extend NeRF to dynamic scenes, recent works introduce additional functions
to deform observed points to a canonical space or over time [132, 179, 180, 192,
257, 271]. However, they heavily rely on background registration, and fail when
the motion between objects and background is large. Moreover, the deformations
cannot be explicitly controlled by user inputs. Similar to our goal, some recent
works [138, 175, 183, 184, 238] produce pose-controllable NeRFs, but they rely on a

human body model, or synchronized multi-view video inputs.

Volume Rendering Implicit Representations (Sec. 3.1)
(Sec 3.1) Backward Warp. (Sec. 3.2) ——

L

2D flow F (x',t — t') 4
2D color  c(x")
2D opacity o(x")

X* —-+{+ct(X}) color

? —H-I-> o(X;) density

— s (x2) canonical
embedding
(]

X4 Forward Warp. (Sec. 3.2)

Camera Space

Xt— Registration via Canonical Embeddings
(Sec 3.3)

‘An image at time t Canonical Space

Figure 4.2: Method overview. BANMo optimizes a set of shape and deformation
parameters (Sec. 4.3.1) that describe the video observations in pixel colors, silhouettes,
optical flow, and higher-order features descriptors, based on a differentiable volume
rendering framework. BANMo uses a neural blend skinning model (Sec. 4.3.2) to
transform 3D points between the camera space and the canonical space, enabling
handling large deformations. To register pixels across videos, BANMo jointly optimizes
an implicit canonical embedding (CE) (Sec. 4.3.3).

4.3 Method

We model the deformable object in a canonical time-invariant space, i.e. the rest
body pose space, that can be transformed to the articulated pose in the camera space
at each time instance with forward mappings, and transform back with backward
mappings. We use implicit functions to represent the 3D shape, color, and dense
semantic embeddings of the object. Our neural 3D model can be deformed and

rendered into images at each time instance via differentiable volume rendering, and
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optimized to ensure consistency between the rendered images and multiple cues
in the observed images, including color, silhouette, optical flow, and pixel feature
embeddings. We refer readers to the overview in Fig. 4.2 and the list of notations in

supplement.

4.3.1 Shape, Appearance, and Warping Model

We first represent shape and appearance of deformable objects in a canonical
time-invariant rest pose space.
Canonical shape model. In order to model the shape and appearance of an
object in a canonical space, we use a method inspired by Neural Radiance Fields
(NeRF) [165]. A 3D point X* € R? in the canonical space is associated with three
properties: color ¢ € R3, density o € [0, 1], and a canonical embedding ¥ € R'6.
These properties are predicted by the Multilayer Perceptron (MLP) networks:

¢ = MLP.(X*, v/, W), (4.1)
o = Ig(MLPgspr (X)), (4.2)
¥ = MLPy (X"). (4.3)

As in NeRF, color ¢’ also depends on a time-varying view direction v'€R? and a
learnable environment code w’€R5* that captures environment illumination condi-
tions [157].

The shape is given by MLPspp, computing the Signed-Distance Function (SDF) of
a point to the surface. To convert SDF to density o for volume rendering, we use the
cumulative of a unimodal distributuion with zero mean and g scale, denoted as I'g(x).
B is a learnable parameter that controls the solidness of the object, approaching zero
for solid objects [274, 314]. Prior works [274, 314] have explored the cumulative of
Logistic and Laplace distribution respectively and we follow VolSDF [314] to use the
accumulative of Laplace distribution. Compared with ReLU of Softplus activations
used in NeRF, it provides a principled way of extracting surface as the zero level-set
of the SDF.

Finally, the MLPy network maps 3D points to a canonical feature embedding

¥ that can be matched by pixels from different viewpoints and lighting conditions,
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enabling long-range correspondence across videos. This feature can be interpreted as

a variant of Continuous Surface Embeddings (CSE) [170] but defined volumetrically.

Space-time warping model. We consider a pair of time-dependent warping
functions: forward warping function W»~ : X* — X' mapping canonical location
X* to camera space location X’ at current time and the backward warping function

W . X! —» X* for inverse mapping.

Prior work such as Nerfies [179] and Neural Scene Flow Fields (NSFF) [132]
learn deformations under the assumptions of known camera poses and small object
deformation. As detailed in Sec. 4.3.2 and Sec. 4.3.4, we do not make such assumptions;
instead, we adopt a neural blend-skinning model that can handle large deformations

without a pre-defined skeleton model.

Volume rendering. To render images, we use volume rendering in NeRF [165], but
warp the 3D ray to account for deformation [179]. Specifically, let x’ € R? be the pixel
location at time ¢, and X! € R3 be the i-th 3D point sampled along the ray emanates
from x’. As the color and density are defined in the canonical space, we pull back the
sampled points to the canonical space using X; = W (X!). The color ¢ and the

opacity o € [0, 1] are then given by:

N N
c(x) = Z ¢, o(x') = Z T, (4.4)
i=1 i=1

where N is the number of samples and 7; is the free-flight probability that a photon
travels between the camera center and the i-th sample, as given by 7; = Hj;ll pi(1-p;).
Here p; = exp (—076;) is the probability that the photon is transmitted through the
interval §; between the i-th sample and the next. Color ¢; and density o; are computed

by Eq. 4.1-4.2. We further compute the expected surface intersection:
N
X*(x") = Z 7 X]. (4.5)
i=1

To render 2D flow, we push forward the warped ray points to another time ¢’ via
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forward warping ‘W "to find its expected 2D re-projection:
N
X' =y (W (X)), (4.6)

where IT"" is the projection matrix of a pinhole camera. We optimize video-specific

1" given a rough initialization. With this, we compute a 2D flow rendering as:

F(x,t—1)=x" -x". (4.7)

4.3.2 Deformation Model via Neural Blend Skinning

We define mappings ‘W™ and ‘W’ based on a neural blend skinning model ap-
proximating articulated body motion. Defining invertible warps for neural deformation
representations is difficult [42]. Our formulation represents 3D warps as compositions
of neural-weighted rigid-body transformations, each of which is differentiable and
invertible.

Blend skinning deformation. Given a 3D point X’ at time 7z, we wish to find
its corresponding 3D point X* in the canonical space. Conceptually, X* can be
considered as points in the rest pose at a fixed camera view point. Our formulation
finds mappings between X’ and X* by blending the rigid transformations of 3D
coordinate of bones. Let G' € SE(3) be a transformation of the object root body
from canonical space to time ¢, and Jj € SE(3) be a rigid transformation that moves

the b-th bone from its rest configuration to deformed state ¢, then we have

X' = W (XY = G OX, (4.8)
X* = (Wt’(_(Xt) — Jt,<—(Gt)—1xt’ (49)

.....

that move the bones between rest configurations and time ¢ configurations. Following

linear blend skinning deformation [93], we have
B B
I =Y W, I = Y W @) (4.10)
b=1 b=1
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where W;’_) and W;)’(_ represent pose-dependent skinning weights that assigns point

X* and X to the b-th bone.

Pose representation. We represent poses with angle-axis rotations and 3D transla-

tions, regressed from MLPs:
G' = MLPg(w.), J, = MLPj(w)) (4.11)

where @] and w} are 128-dimensional latent codes for root pose and body pose
at frame t respectively. Compared with directly optimizing SE(3) poses, we find
such over-parameterized representations converges better with stochastic first-order
gradient methods. Instead of treating pose codes as independent parameters learned
per-frame, we represent each dimension of the latent code as linear combinations of
sinusoidal basis functions:

wb = A7 (1) (4.12)

where F(-) is a 1D basis of sines and cosines with linearly-increasing frequencies
at log-scale [247], and we learn separate weight matrices A;cq1. py for each video.
The frame index ¢ is normalized by the maximum video length maxf.‘;ll |T;|. Using
the temporal Fourier basis stabilizes the optimization and produces more smooth

deformations.

Skinning weights. Similar to SCANimate [215], we define a skinning weight function
S : (X,wp) = W € RE that assigns X to bones given body pose code w;. During
backward mapping, we apply S to time ¢ points and pose codes “’2 to compute
backward skinning weights W, During forward mapping, we apply the same S to
the canonical space points and rest pose code w; to compute the forward skinning
weights W™,

Directly representing S as neural networks can be difficult to optimize. Therefore,
we condition neural skinning weights on explicit 3D Gaussian ellipsoids that move
along with the bone coordinates. Similar to LASR [306], the Gaussian skinning
weights are determined by the Mahalanobis distance between X and the Gaussian
ellipsoids:

W, = (X-Cp)'Qy(X - Cp), (4.13)

where C, € RB*3 are bone centers and Q) = VgAng are the precision matrices
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b € RBX3X3 e RBxSxB'

composed by bone orientations V and diagonal scale matrices Ag
When computing backward skinning weights, bone centers and orientations are
transformed as (Vblcb) =Jp (V2|Cg), where Jj; are bone transforms in Eq. 4.11. Ag,
Vg and Cg are learnable rest bone configurations.

To model the skinning weights for fine geometry, we find it helpful to add delta
skinning weights after the coarse component is well-optimized. Delta skinning weights
are represented as a coordinated-MLP, W = MLPA(X, w;) € RE. The final skinning
function is the sum of the coarse and fine components, normalized by a softmax

function,

W =S8(X, wp) = Osoftmax (WO' + WA) (4-14)

The Gaussian component regularizes the skinning weights to be spatially smooth and
temporally consistent, and handles large deformations better than purely implicitly-
defined ones. Furthermore, our formulation of the skinning weights are dependent
on only pose status by construction, and therefore regularizes the space of skinning

weights.

4.3.3 Registration via Canonical Embeddings

To register pixel observations at different time instances, BANMo maintains a
canonical feature embedding that encodes semantic information of 3D points in the
canonical space, which can be uniquely matched by the pixel features, and provide
strong cues for registration via a joint optimization of shape, articulations, and
embeddings.

Canonical embeddings matching. Given a pixel at x' of frame ¢, our goal is to
find a point X* in the canonical space whose feature embedding ¥ (X*) € R0 best
matches the pixel feature embedding ¥ (x") € R'. The pixel embeddings ', (of frame
t) are computed by a CNN. Different from VIiSER [307] that learns embeddings from
scratch, we initialize pixel embeddings with CSE [170, 171] that produces consistent
features for semantically corresponding pixels, and optimize pixel and canonical
embeddings jointly. Recall that the embedding of a canonical 3D point is computed
as ¥ (X*) = MLP,(X*) in Eq. 4.3. Intuitively, MLP, is optimized to ensure the
output 3D descriptor matches 2D descriptors of corresponding pixels across multiple

views. To compute the 3D surface point corresponding to a 2D point x’, we apply

o7



4. Building Animatable Models from Many Casual Videos
(o) ),

:
~|M|_P X*
B(X")e R 0
Canonical Space

Fine-tuned Fine-tuned
DensePose CNN DensePose CNN
e
IIIII xi \ II II
ta

X

Image Space at 1 Image Space at t2

Figure 4.3: Canonical Embeddings. We jointly optimize an implicit function
to produce canonical embeddings from 3D canonical points that match to the 2D
DensePose CSE embeddings [170].

soft argmax descriptor matching [112, 149]:

X*(x') = Z §(x")X, (4.15)
XeV*
where V* are sampled points in a tightly-bounded canonical 3D grid, and s is a normal-
ized distribution of feature matches over the 3D grid: §'(x") = Tgoftmax (as<lﬁ§ "), ¥ (X)))7
where a; is a learnable scaling to control the peakness of the softmax function and

<., > is the cosine similarity.

Self-supervised canonical embedding learning. As describe later in Eq. 4.17-
4.18, the canonical embedding is self-supervised by enforcing the consistency between
feature matching and geometric warping. By jointly optimizing the shape and
articulation parameters via consistency losses, canonical embeddings provide strong
cues to register pixels from different time instance to the canonical 3D space, and

enforce a coherent reconstruction given observations from multiple videos, as validated
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in ablation studies (Sec. 4.4.3).

4.3.4 Optimization

Given multiple videos, we optimize all parameters described above, including MLPs,
{MLP., MLPspfr, MLPy, MLPg, MLPj, MLP,}, learnable codes {w}, w}, 0}, w}}
and pixel embeddings ;.

Losses. The model is learned by minimizing three types of losses: reconstruction
losses, geometric feature registration losses, and a 3D cycle-consistency regularization
loss:

L= (~£sil + Lygh + LOF) + (~£match + £2D-cyc) + L3D-cyc-

reconstruction losses feature registration losses

Reconstruction losses are similar to those in existing differentiable rendering pipelines [165,
313]. Besides color loss L, and silhouette loss Ly, we further compute flow re-
construction losses Lor by comparing the rendered ¥ defined in Eq. 4.7 with the
observed 2D optical flow F computed by an off-the-shelf low network:

Ligp=) [lex) = e[, La=D | [lox) 56",

Lor= Y |Fi =) -7 (o0

x!,(t,t)

, (4.16)

where ¢ and § are observed color and silhouette. Additionally, we define feature
matching losses to enforce 3D points predicted via canonical embedding X*(x')
(Eq. 4.15) to match the prediction from backward warping (Eq. 4.5):

Luan = Y[ ) - x| (4.17)

and a geometric cycle consistency loss [122, 307] that forces the image projection

after forward warping of X* (x") to land back on its original 2D coordinates:

Lopaye = 3 [0 (W een) - x| (4.18)
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Similar to NSFF [132], we regularize the deformation function W"7(-) and W= (-)
by a 3D cycle consistency loss, which encourages a sampled 3D point in the camera
coordinates to be backward deformed to the canonical space and forward deformed

to its original location:

Ly = Y a W (wrmoxp) x| (1.19)

where 7; is the opacity that weighs the sampled points so that a point near the surface

receives heavier regularization.

Our optimization is highly non-linear with local minima. To improve the robustness

of optimization, we consider the following initialization strategy for root body poses.

a6 Bub
£5™¢ £ e

Reference image Ours (multi-videos) ViSER (multi-videos) Ours (single video) Nerfies (single video)

Figure 4.4: Qualitative comparison of our method with prior art [179, 307].
From top to bottom: AMA’s samba, casual-cat, eagle.

Root pose initialization. We provide a rough per-frame initialization of root poses
(G" in Eq. 4.8), similar to NeRS [322]. Specifically, we train a separate network
PoseNet , which is applied to every test video frame. Similar to DenseRaC[299],
PoseNet takes a DensePose CSE [170] feature image as input and predicts the root
pose G{, = PoseNet (¢}), where §} € RU2XI2X16 §5 the embedding output of DensePose
CSE [170] from an RGB image I,. We train PoseNet by a synthetic dataset produced
offline. See supplement for details on training. Given the pre-computed G{, BANMo
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only needs to compute a delta root pose via MLP:

G' = MLPg ()G, (4.20)

Active sampling over pixels Inspired by iMAP [239], our ray sampling strategy
follows an easy-to-hard curriculum. At the early iterations, we randomly sample a
batch of N? pixels for volume rendering and compute reconstruction losses. At the
same time, we optimize a 8-layer MLP function to represent the uncertainty over
the image coordinate and frame index: U(x, y,#) = MLPy(x, y, 7). The uncertainty
MLP is optimized by comparing against the color reconstruction errors in the current
forward step:

Lo= ) [ Lo x) - 06| (4:21)

Note that the gradient from Ly to Lyg1,(x') is stopped such that Ly does not generate
gradients to parameters besides MLPy. After some optimization steps, we replace
half of the samples with active samples from pixels with high uncertainties. To do so,
we randomly sample N = 24576 pixels, and evaluate their uncertainties by passing
their coordinates and frame indices to MLPy. Active samples dramatically improves

reconstruction fidelity, as shown in Fig. 4.15.

Canonical 3D grid. As mentioned in Sec 3.3, we define a canonical 3D grid
V* e R20X20x20 ¢4 compute the matching costs between pixels and canonical space
locations. The canonical grid is centered at the origin and axis-aligned with bounds
[Xmin> X*max], [Ymin»> Ymax], @0d [Zmin, Zmax]- The bounds are initialized as loose bounds
and are refined during optimization. For every 200 iterations, we update the bounds
of the canonical volume as an approximate bound of the object surface. To do so, we
run marching cubes on a 642 grid to extract a surface mesh and then set L as the
axis-aligned (x,y, z) bounds of the extracted surface.

Near-far planes. To generate samples for volume rendering, we dynamically
,ﬁ,d}) of frame ¢ at each iterations of the

optimization. To do so, we compute the projected depth of the canonical surface

compute the depth of near-far planes (d

points d! = (I'G'XY)3. The near plane is set as dj, = min(d;) — €, and the far plane is
set as d; = max(d;) + €7, where €, = 0.2(max(d;) — min(d;)). To avoid the compute

overhead, we approximate the surface with an axis-aligned bounding box with 8
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Table 4.1: Table of hyper-parameters.

Name  Value Description

B 25 Number of bones

N 128 Sampled points per ray
NP 6144 Sampled rays per batch

(H,W) (512,512) Resolution of observed images

points.

Hyper-parameters. We use lcycle learning rate scheduler, which warms-up with a
low learning rate to the maximum, and anneals the learning rate to a final learning
rate. We apply 1y = 2e — 5, Iripax = 5e — 4, Ir fina; = 1e — 4. We refer readers to a
complete list of hyper-parameters in Tab. 4.1.

Multi-stage optimization The final optimization takes three stages, where the
optimizable parameters and the loss functions used are different. The first stage uses
all the losses and updates all the parameters described in the paper. Typically, the
first stage already produces 3D reconstructions with good shape and deformation.
The goal of the stage 2 is to improve the articulations (e.g., to correctly articulate
the crossing legs for cat-pikachiu) with coordinate gradient descent, where we turn
off the reconstruction losses and only use the 2D cycle consistency loss to update
the articulation parameters while keeping shape parameters fixed. Finally, stage
3 improves the details of the geometry by active sampling and importance depth

sampling while keeping the root body poses fixed.

4.3.5 Root Pose Initialization

To make optimization robust, we train a image CNN (denoted as PoseNet) to
initialize root body transforms G’ that aligns the camera space of time fr to the
canonical space of CSE, as shown in Fig. 4.5.

Preliminary DensePose CSE [170, 171] trains pixel embeddings ¢; and surface
feature embeddings ¥ for humans and quadruped animals using 2D keypoing annota-
tions. It represents surface embeddings by a canonical surface with N vertices and

vertex features ¢ € RV*16. A SMPL mesh is used for humans, and a sheep mesh is
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Figure 4.5: Inference pipeline of PoseNet. To initialize the optimization, we
train a CNN PoseNet to predict root poses given a single image. PoseNet uses a
DensePose-CNN to extract pixel features and decodes the pixel features into root pose
predictions with a ResNet-18. We visualize the initial root poses on the right. Cyan
color represents earlier time stamps and magenta color represent later timestamps.

used for quadraped animals. The embeddings are trained such that given an pixel
feature, a 3D point on the canonical surface can be uniquely located via feature

matching.

Naive PnP solution Given 2D-3D correspondences provided by CSE, one way to
solve for G' is to use perspective-n-points (PnP) algorithm assuming objects are rigid.
However, the PnP solution suffers from catastrophic failures due to the non-rigidity of
the object, which motivates our PoseNet solution. By training a feed-forward network
with data augmentations, our PoseNet solution produces fewer gross errors than the

naive PnP solution.

Synthetic dataset genetarion. We train separate PoseNet, one for human, and
one for quadruped animals. The training pipeline is shown in Fig. 4.6. Specifically,

we render surface features as feature images Wy,q € RH12x112x16

given viewpoints
G* = (R*, T*) randomly generated on a unit sphere facing the origin. We apply
occlusion augmentations [231] that randomly mask out a rectangular region in the
rendered feature image and replace with mean values of the corresponding feature
channels. The random occlusion augmentation forces the network to be robust to
outlier inputs, and empirically helps network to make robust predictions in presence

of occlusions and in case of out-of-distribution appearance.

Loss and inference. We use the geodesic distance between the ground-truth and
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Figure 4.6: Training pipeline of PoseNet. To train PoseNet, we use DesePose CSE
surface embeddings, which is pertained on 2D annotations of human and quadruped
animals. We first generate random viewpoints on a sphere that faces the origin.
Then we render surface embeddings as 16-channel images. We further augment the
feature images with random adversarial masks to improve the robustness to occlusions.
Finally, the rotations predicted by PoseNet are compared against the ground-truth
rotations with geodesic distance.

Egeo — || 10g(R*RT)||

predicted rotations as a loss to update PoseNet,
-Lgeo = || lOg(R*RT)H, R = POSGNet(lﬁmd), (4'22)

where we find learning to predict rotation is sufficient for initializing the root body
pose. In practice, we set the initial object-to-camera translation to be a constant
T = (0,0,3)”. We run pose CNN on each test video frame to obtain the initial root
poses Gf) = (R, T), and compute a delta root pose with the root pose MLP:

G' = MLP¢(w')G. (4.23)

4.4 Experiments

Implementation details. Our implementation of implicit shape and appearance
models follows NeRF [165], except that our shape model outputs SDF, which is
transformed to density for volume rendering. To extract the rest surface, we find the

zero-level set of SDF by running marching cubes on a 2563 grid. To obtain articulated
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shapes at each time instance, we articulate points on the rest surface with forward
deformation W™,

Optimization details. We initialize MLPgpyr such that it approximates a unit
sphere [313]. We use B = 25 rest bones, which are initialized with unit scale,
identity orientation, and centers uniformly spaced on the initial rest surface. During
optimization, we reinitialize the rest bones at {20%, 67%} of total iterations and
further encourage them to stay close to the surface with a Sinkhorn divergence
loss [56]. In a batch, we sample N/ = 512 image pairs and sample N” = 6144 pixels
from all image pairs for rendering. The interval between image pairs is randomly
chosen AT € {1,2,4,8,16,32}. To stabilize optimization, we observe that N; needs
to roughly match the number of input frames. The reconstruction quality improves
with more iterations and we find 36k iterations (15 hours on a V100 GPU) already
produces high-fidelity details. Please find a list of hyper-parameters in supplement.

4.4.1 Dataset and Metrics

Qualitative: Casual videos dataset. We demonstrate BANMo’s ability to
reconstruct 3D models from casual videos of animals and humans. Object silhouette
and optical flow (for computing reconstruction losses Eq. 4.16) are extracted by off-the-
shelf models, PointRend and VCN-robust [116, 301]. Two special challenges arise from
the casual nature of the video captures. First, each video collection contains around
1k images, an order of magnitudes larger those used in prior work [132, 165, 179, 307],
which requires the method to handle reconstructions at a larger scale. Second, the
dataset makes no control over camera movement or object movement. In particular,
objects freely moves in a video and background changes across videos, posing challenges
to standard SfM pipelines to estimate the object root poses. We show results on 11
videos (totaling 900 images) of a British shorthair cat denoted as casual-cat below.
Please find other results in the project webpage.

Quantitative: AMA human dataset. Articulated Mesh Animation (AMA)
dataset [265] contains multi-view videos captured by 8 synchronized cameras. It
provides high-fidelity ground-truth meshes with clothing. We use 2 sets of videos of the
same actor (swing and samba), totaling 2600 frames, as the input to optimization. We

use the ground-truth object silhouettes. Time synchronization and camera extrinsics

65



4. Building Animatable Models from Many Casual Videos

Table 4.2: Quantitative results on AMA and Animated Objects. 3D Chamfer
distance (cm, |) and F-score (%, T) averaged over all frames. The 3D models for
eagle and hands are resized such that the longest edge of the axis-aligned object
bounding box is 2m. * with ground-truth root poses. S: single-video results. All
methods are assigned with the same initial root pose.

AMA-swing Eagle® Hands*
CDh Fa2% CD Fa@2% CD Fa2%

Ours 9.1 57.0 81 56.7 7.5 49.6
ViSER  15.7 522 230 206 168 21.3

Ours® 94 568 10.8 486 105 35.2
Nerfies® 22.6 132 184 18.0 244 14.9

Method

are not used.

Quantitative: Animated Objects dataset. We download free animated 3D
models from TurboSquid, including an eagle model and a model for human hands.
We render them from different camera trajectories with partially overlapping motions.
Each animated object is rendered as 5 videos with 150 frames per video. We provide
ground-truth root poses and object silhouettes to BANMo and baselines.

Metrics. We quantify the results using both Chamfer distances and F-scores.
Chamfer distance computes the average distance between the ground-truth and the
estimated surface points by finding the nearest neighbour matches, but it is sensitive
to outliers. Therefore, we further report the F-score at distance thresholds d = 2%
of the longest edge of the axis-aligned object bounding box [248]. To account for
the unknown scale and global rigid motion, we pre-align the estimated shape to the

ground-truth via Iterative Closest Point (ICP) up to a 3D similarity transformation.

4.4.2 Reconstruction Results

We show qualitative comparison in Fig. 4.4 and quantitative comparison in
Tab. 4.2.
Baseline setup.

We compare with Nerfies and ViSER and summarize the differences in Tab. 4.3.

Nerfies [179] is designed for a single continuously captured video, assuming object
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Table 4.3: Difference between Nerfies, ViISER, and BANMo.

Method  shape deformation registration
Nerfies  implicit  dense SE(3) photometric
ViSER mesh  control points self-supervised feature

BANMo implicit control points pre-trained feature

root body pose can be compensated by background-SfM. In our setup, object moves
and background SfM does not provide root poses for the object. When focused on
the deformable object, SfM (such as COLMAP) failed to converge due to violation of
rigidity, leading to very few successful registrations (18 over 900 images registered
on casual-cat). To make a fair comparison, we provide Nerfies with rough initial
root poses (obtained from our PoseNet, Sec. 4.3.4). After optimization, meshes are
extracted by running marching cubes on a 256 grid. Another baseline, ViSER [307],
directly optimizes object shape and poses using optical flow, silhouette, and color
reconstruction losses. It does not assume category-level priors such as CSE features,
and therefore applicable to generic object categories. However, ViSER’s root pose
estimation is sensitive to large deformation and a large number of input frames (more
than 20). Since it produces worse results than our PoseNet, we provide ViSER the
same root poses from our initialization pipeline.

Comparison with Nerfies. Nerfies optimizes SE(3) fields with photometric error,
which fails at large motion and fails to register pixels across videos. In contrast,
BANMo optimizes an articulated bones model using featuremetric consistency w.r.t.
a pre-trained CSE feature embedding. As shown in Fig. 4.4, although single-video
Nerfies reconstructs reasonable 3D shapes of moving objects given rough initial root
pose, it fails to reconstruct large articulations, such as the fast motion of the cat’s
head (2nd row). Furthermore, as shown in Fig. 4.11, Nerfies is not able to leverage
more videos to improve the reconstruction quality, while the reconstruction of BANMo
improves given more videos. The results in Tab. 4.2 suggests BANMo produces more
accurate geometry than Nerfies for all sequences.

Comparison with ViSER. As shown in Fig. 4.4, ViSER produces reasonable
articulated shapes. However, detailed geometry, such as ears, eyes, nose and rear

limbs of the cat are blurred out. Furthermore, detailed articulation, such as head
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TeReR

25% total iter. 50% total iter. 75% total iter. 100% total iter.

Figure 4.7: Compliance to topology changes in optimization. BANMo in-
correctly reconstructs a single rear leg of the dog, but automatically corrects the
topology with gradient updates.

rotation and leg switching are not recovered. In contrast, BANMo faithfully recovers
these high-fidelity geometry and motion. We observed that the neural implicit volume
representation is compliant to topology changes during gradient updates (see Fig. 4.7),
and is therefore able to recover from bad local optima. In contrast, sub-optimal
topology that happens during optimization, such as inverted faces, prevents ViSER
to improve given more iterations. Compared to meshes with finite number of vertices,
implicit shape representation maintains a continuous geometry, enabling us to recover

detailed shape without additional cost in rendering high-res meshes.

4.4.3 Diagnostics

We ablate the importance of each component on AMA’s samba and swing (325
frames in total). In Tab. 4.4, we report the results of ablations followed by analysis.
Root pose initialization. We show the effect of PoseNet for root pose initialization
(Sec 4.3.4) in Fig. 4.8: without it, the root poses (or equivalently camera poses)
collapsed to a degenerate solution after optimization.

Registration. In Fig. 4.9, we show the benefit of using canonical embeddings
(Sec 4.3.3), and measured 2D flow (Eq. 4.16) to register observations across videos and
within a video. Without the canonical embeddings and corresponding losses (Eq. 4.17-
4.18), each video will be reconstructed separately. With no flow reconstruction loss,
multiple ghosting structures are reconstructed due to failed registration.

Deformation modeling. We demonstrate the benefit of using our neural blend

skinning model (Sec 4.3.2) on an eagle sequence, which is challenging due to its
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Table 4.4: Results on AMA swing and samba. 3D Chamfer distance (cm, |) and
F-score (%, T) averaged over all frames.

Method CD Fe@1y% F@2J), Fae5%
number-bone=4 9.88 28.1 524 84.1
number-bone=9 9.08 31.2 564 86.8
number-bone=16 9.02 31.8 57.2 87.2
number-bone=25 9.08 31.8 570 87.1

~w/o in-surface loss 914 299 548 86.7

—quad. embedding 9.70 29.8 54.2 854
number-bone=64 9.18 31.1 56.6 87.5
number-bone=100 9.11 314 56.7 87.3
pose error €=20° 8.75 30.9 57.0 88.1
pose error e=50° 8.91 29.8 56.1 88.1
pose error €=90° 991 284 54.8 85.7

coverage=90° (2 vids)  10.61 29.3 543 84.1
coverage=180° (4 vids) 8.94 33.0 59.8 87.9
coverage=270° (6 vids) 9.09 29.8 56.1 87.6

active-sample=0% 9.63 29.1 53.7 8538
active-sample=25% 8.60 32.3 57.9 88.0
active-sample=50% 9.14 299 548 86.7
Initial cameras Final cameras Initial cameras Final cameras
. ¥ ¢ reconst{ﬁ'ction v K reconstruction
Reference Without root pose initialization (Sec. 3.4)

Figure 4.8: Diagnostics of root pose initialization (Sec.4.3.4). With randomly
initialized root poses, the estimated poses (on the right) collapsed to a degenerate
solution, causing reconstruction to fail.

large wing articulations. If we swap neural blend skinning for MLP-SE(3) [179], the

reconstruction is less regular. If we swap for MLP-translation [132, 192], we observe
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single coherent recon. samba recon. swing recon. recon. 1 recon. 2 recon. 3
v

Reference w/o feature registration (Sec. 3.3) further remove flow loss (Eq. 14)

Figure 4.9: Diagnostics of registration (Sec. 4.3.3). Without canonical embed-
dings (middle) or flow loss (right), our method fails to register frames to a canonical
model, creating ghosting effects.

Reference Neural blend skinning MLP-SE(3) MLP-translation
image (Ours) (Nerfies) (NSFF, D-NeRF)

Figure 4.10: Diagnostics of deformation modeling (Sec.4.3.2). Replacing our
neural blend skinning with MLP-SE(3) results in less regular deformation in the
non-visible region. Replacing our neural blend skinning with MLP-translation as in
NSFF and D-Nerf results in reconstructing ghosting wings due to significant motion.

ghosting wings due to wrong geometric registration (caused by large motion). Our
method can model large articulations thanks to the regularization from the Gaussian

component, and also handle complex deformation such as close contact of hands.

Ability to leverage more videos. We compare BANMo to Nerfies in its ability
to leverage more available video observations. To demonstrate this, we compare
the reconstruction quality of optimizing 1 video vs. 8 videos from the AMA samba
sequences. As shown in Fig. 4.11, given more videos, our method can register them
to the same canonical space, improving the reconstruction completeness and reducing
shape ambiguities. In contrast, Nerfies does not produce better results given more

video observations
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1 video 8 videos 1 video 8 videos Input videos
BANMo (Ours) Nerfies

Using 120 frames

Using 400 frames Using 800 frames
BANMo (Ours)

Figure 4.11: Reconstruction completeness vs number of input videos and
video frames. BANMo is capable of registering more input videos if they are
available, improving the reconstruction.

Number and location of bones As shown in the first group of Tab. 4.4 and
Fig. 4.12, using too few bones fails to recover all body parts due to over-regularization.
Using more than 16 bones produces good reconstructions, but consumes more memory
when computing skinning weights. Enforcing them to stay close to the surface with a

sinkhorn divergence loss improves the results (Tab. 4.4, L16-17).

Sensitivity to incorrect initial pose We inject different levels of Gaussian noise
into the initial poses, leading to average rotation errors € € {20, 50,90}°. As shown in

the second group of Tab. 4.4, BANMo is stable up to 50° rotation error.
Pre-trained embeddings Pre-trained embeddings help BANMo outperform Nerfies,

but it is not crucial given good initial root poses (€ = 12.8 £ 8.9°). As shown in
Tab. 4.4, using embeddings pre-trained for quadruped animals for human optimization

produces slightly worse results.

How much data are needed? To reconstruct a complete shape, BANMo requires
all object surface to be visible from at least one frame. Beside completeness, more

videos allows to estimate better skinning weights and a more regular motion. We

71


https://www.kernel-operations.io/geomloss/api/pytorch-api.html

4. Building Animatable Models from Many Casual Videos

111111

#bones=4 #bones=9 #bones=16 #bones=25 #bones=36 #bones=64

Figure 4.12: Sensitivity to number of bones.

evaluate view coverage in the third group of Tab. 4.4.

Importance sampling We use active sampling to avoid sampling from uninformative
frames and pixels. It consistently improves reconstruction results as shown in the
last group of Tab. 4.4.

Bone re-initialization We qualitatively evaluate the effect of rest bone re-initialization,
which re-initializes bone parameters according to the current estimation of shape. As
shown in Fig. 4.13, without re-initializing the bones, the optimization may stuck at

bad local optima and the final reconstruction may become less accurate.

~5€

1)
%
v
0

%
o DO
o 8¢
re
%
° 0

W/o bone reinitialization With bone reinitialization

Figure 4.13: Effect of bone re-initialization. We find it important to re-initialize
rest bone parameters after finding a better approximation of object geometry.
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Delta skinning weights We qualitatively evaluate the effect of delta skinning

weights. As shown in Fig. 4.14, without learning a delta skinning weights specific to

each 3D point, the reconstructed shape and motion may be over-regularized by the

17

W/o delta skin. W/ delta skin. W/o delta skin. W/ delta skin.

3D Gaussians.

Figure 4.14: Effect of delta skinning weights. We find it important to learn a
point-specific delta skinning weight function to reconstruction motions in high-quality.

Active sampling. We show the effect of active sampling on a casual-cat video

(Fig. 4.15): removing it results in slower convergence and inaccurate geometry.

<o

-

Reference w/o active sampling (Sec. 3.4) Visualization of active samples (red)

Figure 4.15: Diagnostics of active sampling over (x,y). With no active sampling,
our method converges slower and misses details (such as ears and eyes). Active
samples focus on face and boundaries pixels where the color reconstruction errors are
higher.
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4.4.4 SFM root pose initialization

COLMAP [221, 223] failed to converge when focused on the deformable object
due to violation of rigidity, leading to very few successful registrations (18 over 811
images registered on casual-cat). A recent end-to-end method, DROID-SLAM [250],
registered all the images but the accuracy is low compared to PoseNet, as shown
in Tab. 4.5. We also tried SFM to estimate and compensate for the camera motion
(using background as rigid anchor), but this did not help to recover the pose of the

object due to its global movement w.r.t. to the background.

Table 4.5: Evaluation on root pose prediction. Mean and standard deviation
of the rotation error (°) over all frames (]). We use BANMo-optimized poses as
ground-truth. Rotations are aligned to the ground-truth by a global rotation under
chordal L2 distance.

Method c-cat c-human  ama-human

CSE-PoseNet 18.6+16.2 12.8+8.9 11.8+17.4
DROID-SLAM 65.5+44.5 55.8+39.2 &83.6+50.5

4.4.5 Qualitative results

We refer readers to our supplementary webpage https://banmo-www.github.io/

for complete qualitative results.

Driving frame Re-targeted pose rending  Re-targeted pose Source model (cat)

Figure 4.16: Motion re-targeting from a pre-optimized cat model to a tiger.
Color coded by point locations in the canonical space.
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4.4.6 Application: Motion retargeting

As a distinctive application, we demonstrate BANMo’s ability of to retarget the

articulations of a driving video to our 3D model by optimizing the frame-specific root

t
b’

parameters over a set of training videos from our casual-cat dataset. Given a driving

and body pose codes W', &', as shown in Fig. 4.16. To do so, we first optimize all
video of a tiger, we freeze the shared model parameters (including shape, skinning,
and canonical features) of the cat model, and only optimize the video-specific and
frame-specific codes, i.e. root and body pose codes W', W', as well as the environment

lighting code w?,.
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Part 11

Building 4D Models of Categories
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Chapter 5

Reconstructing Animatable Categories

from Videos

5.1 Introduction

We aim to build animatable 3D models for deformable object categories. Prior
work has done so for targeted categories such as people (e.g., SMPL [7, 144]) and
quadruped animals (e.g., SMAL [24]), but such methods appear challenging to scale
due to the need of 3D supervision and registration. Recently, test-time optimization
through differentiable rendering [179, 180, 192, 276, 308] provides a pathway to
generate high-quality 3D models of deformable objects and scenes from monocular
videos. However, such models are typically built independently for each object
instance or scene. In contrast, we would like to build category models that can
generate different instances along with deformations, given causally-captured video

collections.

Though scalable, such data is challenging to leverage in practice. One challenge
is how to learn the morphological variation of instances within a category. For
example, huskys and corgis are both dogs, but have different body shapes, skeleton
dimensions, and texture appearance. Such variations are difficult to disentangle from
the variations within a single instance, e.g., as a dog articulates, stretches its muscles,
and even moves into different illumination conditions. Approaches for disentangling
such factors require enormous efforts in capture and registration [7, 26], and doing so

without explicit supervision remains an open challenge.
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Figure 5.1: Given videos of a deformable category and a skeleton, we reconstruct an
animatable 3D model that factorizes variations across instances (e.g., cheetah’s and
sphynx’s are both cats but with different shape morphology, skeleton dimensions,
and texture) from time-specific variations within an instance (e.g., skeleton articula-
tions and elastic shape deformation). Left: Input videos; Middle-left: 3D shape,
skeleton, and skinning weights (visualized as surface colors) in the canonical space;
Middle-right: Disentangled between-instance and within-instance variations over
time. Right: Morphology and motion transferred across the two instances.

Another challenge arises from the impoverished nature of in-the-wild videos:
objects are often partially observable at a limited number of viewpoints, and input
signals such as segmentation masks can be inaccurate for such “in-the-wild” data.
When dealing with partial or impoverished video inputs, one would want the model
to listen to the common structures learned across a category — e.g., dogs have two
ears. On the other hand, one would want the model to stay faithful to the input

views.

Our approach addresses these challenges by exploiting three insights: (1) We learn
skeletons with constant bone lengths within a video, allowing for better disentan-
glement of between-instance morphology and within-instance articulation. (2) We
regularize the unobserved body parts to be coherent across instances while remaining
faithful to the input views with a novel code-swapping technique. (3) We make use of
a category-level background model that, while not 3D accurate, produces far better
segmentation masks. We learn animatable 3D models of cats, dogs, and humans
which outperform prior art. Because our models register different instances with a

canonical skeleton, we also demonstrate motion transfer across instances.
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5.2 Related Works

Model-based 3D Reconstruction. A large body of work in 3D human and animal
reconstruction uses parametric shape models [144, 182, 267, 287, 333, 334], which
are built from registered 3D scans of human or animals, and serve to recover 3D
shapes given a single image or video at test time [9, 25, 25, 117, 117, 211, 335].
A recent research focus is to combine statistical human body mode with implicit
functions [101, 128, 213, 214, 215, 291, 326] to improve the robustness and fidelity
of the reconstruction. Although parametric body models achieve great success in
reconstructing humans with large amounts of ground-truth 3D data, it is unclear how
to apply the same methodology to categories with limited 3D data, such as animals,
and how to scale to real-life imagery with diverse clothing and body poses. RAC
builds category-level shape models from in-the-wild videos and demonstrates the

potential to reconstruct 3D categories without sophisticated manual processing.

Category Reconstruction from Image Collections. A number of recent methods
build deformable 3D models of object categories from images with weak 2D annota-
tions, such as keypoints and object silhouettes, obtained from human annotators or
predicted by off-the-shelf models [73, 108, 118, 131, 259, 283, 316]. However, those
methods do not distinguish between morphological variations and motion over time.
Moreover, they often apply heavy regularization on shape and deformation to avoid
degenerate solutions, which also smooths out fine-grained details. Recent research
combines neural implicit functions [163, 165] with category modeling in the context
of 3D data generation [39, 40, 173], where shape and appearance variations over a
category are modeled with conditional NeRFs. However, reconstructions are typically

focused on near-rigid objects such as faces and vehicles.

Articulated Object Reconstruction from Videos. Compared to image collec-
tions, videos provide signals to reconstruct object motions and disentangle them
from morphological variations. Some works [129, 175, 238] reconstruct articulated
bodies from videos, but they either assume synchronized multi-view recordings or
articulated 3D skeleton inputs that make their approaches less general. Some other
works [306, 307, 308] learn animatable 3D models from monocular videos capturing
the same object instance, without disentangling morphology and motion. There are

recent methods [130, 282, 307] using in-the-wild videos to reconstruct 3D models
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Figure 5.2: Disentangling morphologies g and articulation §. We show different
morphologies (body shape and clothing) given the same rest pose (top) and bouncing
pose (bottom).

animals, but their quality are relatively low.

5.3 Method

Given video recordings of different instances from a category and a pre-defined
skeleton, we build animatable 3D models including instance-specific morphology
(Sec. 5.3.1), time-varying articulation and deformation (Sec. 5.3.2), as well as a
video-specific 3D background model (Sec. 5.3.3). The models are optimized using

differentiable rendering (Sec. 5.3.4). An overview is shown in Fig. 5.3.

5.3.1 Between-Instance Variation

Fusing videos of different instances into a category model requires handling the
morphological variations, which includes the changes in both internal skeleton and
outward appearance (shape and color). We define a video-specific morphology code 8
to control the variations of both the shape and the skeleton.

To model between-instance shape variations, one could use dense warping fields
to deform a canonical template into instance-specific shapes [288]. However, warping
fields cannot explain topological changes (e.g., different clothing). Instead, we define
a hierarchical representation: a conditional canonical field [41, 180, 280] to handle
fine-grained variations over a category (e.g., the ears of dogs) and a stretchable bone
model [92, 284] to represent coarse shape variations (e.g., height and size of body
parts).

Conditional Field T. In the canonical space, a 3D point X € R? is associated with
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three properties: signed distance d € R, color ¢ € R3, and canonical features ¢ € R16,
which is used to register pixel observations to the canonical space [170, 307]. These

properties are predicted by multi-layer perceptron (MLP) networks:

(d’ ct) = MLPSDF(X’ ﬂ’ wa)’ (51)
¥ = MLP (X), (5.2)

where the shape and color are conditioned on a video-specific morphology code
BeR32 [97, 173]. We further ask the color to be dependent on an appearance code
w.€R% that captures frame-specific appearance such as shadows and illumination
changes [157].

Skeleton J. Unlike shape and color, the bone structures are not directly observ-
able from imagery, making it ambiguous to infer. Methods for automatic skeletal
rigging [125, 174, 300] either heavily rely on shape priors, or appear sensitive to input
data. Instead, we provide a category-level skeleton topology, which has a fixed tree
topology with (B+41) bones and B joints (B=25 for quadruped and B=18 for human).
To model cross-instance morphological changes, we define per-instance joint locations

as:
J = MLP;(B) € R, (5.3)

As we will discuss next, the change in joint locations not only stretches the skeleton,
but also results in the elongation of canonical shapes as shown in Fig. 5.3 (c). The
skeleton topology is fixed through optimization but J is specialized to each video.
Skinning Field W. For a given 3D location X, we define skinning weight W € R8+!
following BANMo:

W= O-SOftmaX(dO'(X’ ﬁ’ 0) + MLPW(X’ ﬂ’ 9))’ (54)

where 6 is a articulation code and d, (X, B, 0) is the Mahalanobis distance between
X and Gaussian bones under articulation @ and morphology B, refined by a delta
skinning MLP. Each Gaussian bone has three parameters for center, orientation, and
scale respectively, where the centers are computed as the midpoint of two adjacent

joints, the orientations are determined by the parent joints, and the scales are
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Figure 5.3: Morphological variations vs time-varying articulation and defor-
mation. (a) Canonical shape T, skinning weights W, and joint locations J. (b) To
represent morphological differences between instances, we use a morphology code 8
that specifies instance shape and appearance Tg, skinning weights Wg for a canonical
skeleton J. (c) B also predicts a change in bone lengths AJg which further stretches
instance shape into T;i by elongating body parts. (d) Time-varying articulations are
modeled with an articulation vector € by linearly blending rigid bone transformations
in the dual quaternion space. Time-varying deformations (such as muscle deformation)
are modeled with a deformation vector wy through invertible 3D warping fields.

optimized.

Stretchable Bone Deformation. To represent variations of body dimension and
part size, prior work [144, 333] learns a PCA basis from registered 3D scans. Since
3D registrations are not available for in-the-wild videos, we optimize a parametric
model through differentiable rendering. Given the stretched joint locations, the model

deforms the canonical shape Tg with blend skinning equations,
T = (WpGp)Tp, (5.5)

where Gg transforms the bone coordinates, and Wg is the instance-specific skinning
weights in Eq. (5.4).

5.3.2 Within-Instance Variation

We represent within-instance variations as time-varying warp fields between
the canonical space and posed space at time ¢. Similar to HumanNeRF [280], we
decompose motion as articulations that explains the near-rigid component (e.g.,
skeletal motion) and deformation that explains the remaining nonrigid movements
(e.g., cloth deformation). Note given the complexity of body movements, it is almost
certain the pre-defined skeleton would ignore certain movable body parts. Adding

deformation is crucial to achieving high-fidelity reconstruction.
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Figure 5.4: Different B morphologies of dogs (top) and cats (bottom). Our
reconstructions show variance in ear shape and limb size over dog breeds, as well as
variance in limb and body size over cat breeds.

Time-varying Articulation. To model the time-varying skeletal movements, we

define per-frame joint angles:
Q = MLP, (9) € R>5 (5.6)

where 8 € R0 is a low-dimensional articulation parameter, and each joint has three
degrees of freedom. Given joint angles and the per-video joint locations, we compute

R3><4><B

bone transformations G € via forward kinematics. We apply dual quaternion

blend skinning (DQS) [111] to get the warping field for each spatial point,
D(B.6) = (WyG)T}. (57)

Compared to linear blend skinning (LBS), DQS blends SE(3) transformations in
dual quaternion space and ensures valid SE(3) after blending, which reduces artifacts
around twisted body parts. For more analysis and comparisons, we refer readers to a
concurrent work [234] that also applies DQS for deformable object reconstruction.
Note the stretching operation in Eq. (5.5) can be fused with articulation as a single

blend skinning operation.

Time-varying Soft Deformation. To further explain the dynamics induced by
non-skeleton movements (such as the cat belly and human clothes), we add a neural
deformation field [126, 179] D(-) that is flexible enough to model highly nonrigid

deformation. Applying the fine-grained warping after blend skinning, we have

D(B.0,wq) = D(D(B.6), wa), (5.8)
where w, is a frame-specific deformation code. Inspired by CaDeX [126], we use
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real-NVP [49] to ensure the 3D deformation fields are invertible by construction.
Invertibility of 3D Warping Fields. For a given time instance ¢, we have defined
a forward warping field ‘W™ that transforms 3D points from the canonical space
to the specified time instance, and a backward warping field ‘W< to transform
points in the inverse direction. Both warping fields include stretching (Eq. (5.5)),
articulation. (Eq. (5.7)), and deformation (Eq. (5.8)) operations. Notably, we only
need to define each operation in the forward warping fields. The deformation operation
is, by construction, invertible. To invert stretching and articulation, we invert SE
(3) transformations G in the blend skinning equations and compute the skinning
weights with Eq. (5.4) using the corresponding morphology and articulation codes.
A 3D cycle loss is used to ensure that the warping fields are self-consistent after a
forward-backward cycle [132, 308].

5.3.3 Scene Model

Reconstructing objects from in-the-wild video footage is challenging due to failures
in segmentation, which is often caused by out-of-frame body parts, occlusions, and
challenging lighting. Inspired by background subtraction [95, 226], we build a model
of the background to robustify our method against inaccurate object segmentation.

In background subtraction, moving objects can be segmented by comparing input
images to a background model (e.g., a median image). We generalize this idea to
model the background scene in 3D as a per-video NeRF, which can be rendered as
color pixels at a moving camera frame and compared to the input frame. We design a
conditional background model that generates density and color of a scene conditioned

on a per-video background code y:
(0, ¢") = MLPpy (X, v, %), (5.9)

where v is the viewing direction. To render images, we compose the density and
color of the object field and the background NeRF in the view space [173], and
compute the expected color and optical low. Background modeling and composite
rendering allows us to remove the object silhouette loss, and improves the quality
of results. Interestingly, we find that even coarse geometric reconstructions of the

background still can improve the rendered 2D object silhouette, which in turn is
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Figure 5.5: Joint foreground and background reconstruction. We jointly
reconstruct objects and their background, while refining the segmentation. Note the
input silhouette is noisy (e.g., tail was not segmented), and background modeling
helps produce an accurate refined silhouette. As a result, RAC is robust to inaccurate
segmentation (e.g., tail movements marked by the red box).

useful for improving the quality of object reconstructions (Fig. 5.5). We ablate the
design choice in Tab. 5.1.

5.3.4 Losses and Regularization

Given the videos and a predefined skeleton, we optimize the parameters discussed
above: (1) canonical parameters {8,J, T, W} including per-video morphology codes
and canonical templates; (2) motion parameters {0, wq, A, D} including per-frame
codes as well as articulation and soft deformation MLPs. (3) background parameters
{y,B} including video background codes and a background NeRF. The overall
objective function contains a image reconstruction loss term and regularization terms.

Reconstruction Losses. The reconstruction loss is defined as the difference between
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rendered and observed images, including object silhouette, color, flow, and features:
L= -Esil + -Ergb + LOF + -Efeat~ (510)

We update the model parameter by minimizing £ through differentiable volume
rendering in the same way as BANMo [308]. Off-the-shelf estimates of object sil-
houettes are used as supervision to kick-start the optimization. Then the weight of
silhouette term is set to 0 after several iterations of optimization, while composite
rendering of foreground and background itself is capable of separating the object and

the non-object components.

Morphology Code (B) Regularization. Existing differentiable rendering methods
are able to faithfully reconstruct the input view but not able to hallucinate a reasonable
solution for occluded body parts [179, 308]. See Fig. 5.9 for an example. One solution
is to regularize the instance-specific morphology code B to be consistent with the
body shapes observed in other videos. Traditional approaches might do this by
adding variational noise (as in a VAE) or adversarial losses (as in a GAN). We found
good results with the following easy-to-implement approach: we randomly swap the
morphology code B of two videos during optimization; this regularizes the model
to effectively learn a single morphology code that works well across all videos. But
naively applying this approach would produce a single morphology that would not
specialize to each object instance. To enable specialization, we gradually decrease the

probability of swaps during the optimization, from £ = 1.0 — 0.05.

Joint J Regularization. Due to the non-observable nature of the the joint locations,
there might exist multiple joint configurations leading to similar reconstruction error.
To register the skeleton with the canonical shape, we minimize Sinkhorn divergence [56]
between the canonical surface Tg and the joint locations Jg, which forces them to
occupy the same space. We extract the canonical mesh with marching cubes [145] as
a proxy of the canonical surface. Sinkhorn distance interpolates between Wasserstein
and kernel distances and defines a soft way to measure the distance between shapes

with different density distributions.

Soft Deformation Regularization The soft deformation field has the capacity
of explaining not only the soft deformations, but also the skeleton articulations.

Therefore, we penalize the L2 norm of the soft deformation vectors at randomly
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Table 5.1: Quantitative results on AMA sequences. 3D Chamfer distance (cm, |)
and F-score (%, T) averaged over all frames. Our model is trained on 47 human videos
spanning existing human datasets (as described in Sec.4.2); we also train BANMo on
the same set. Other baselines are trained on 3D human data and relies on SMPL
model. Results with 5 indicates variants trained on single instances. Our model
outperforms prior works.

samba bouncing

Method

CDh Fa@2% Fas5% CD FQ@2% Fas
HuMoR 9.8 47.5 83.7 11.5 452 82.3
ICON 10.1 399 85.2 9.7 53.5 86.4
BANMo*S 8.0 62.2 89.1 7.6 64.7  91.1
BANMo 9.3 54.4 85.5 102 544  86.5
RACS 64 709 932 6.9 66.7 92.8
RAC 6.0 72,5 944 8.0 63.8 914
w/o skeleton 8.6 59.6 87.7 93 59.5 878
w/o B 8.5 58.9 87.5 8.4 62.5 90.6

B swap— ||B||% 6.5 69.0 93.8 8.0 64.8  91.3
+ bkgd NeRF 6.3 70.9 93.7 7.4 65.5 91.8

sampled morphology and articulations,

Lsote = ID(B, 0, wa) —D(B.0)]|. (5.11)

5.4 Experiments

Implementation Details. We build RAC on BANMo and compute bone transfor-
mations from a kinematic tree. The soft deformation field follows CaDeX, where we
find that two invertible blocks are capable of handling moderate deformations. To
evaluate surface reconstruction accuracy, we extract the canonical mesh T by finding
the zero-level set of SDF with marching cubes on a 2563 grid. To get the shape at a
specific time, the canonical mesh is forward-warped with W7,

Optimization Details We use AdamW to optimize the model for 36k iterations
with 16384 rays per batch (taking around 24 hours on 8 RTX-3090 GPUs). We fist
pre-train the background model with RGB, optical flow, and surface normal losses

while ignoring foreground pixels. Then we combine background models with the
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Figure 5.6: Qualitative comparison. We compare with BANMo and model-based
methods (HuMoR, ICON, BARC). Top: human reconstruction on (AMA). Bottom:
dogs and cats reconstruction on internet videos.

object model for composite rendering optimization. The weights for the loss terms
are tuned to have similar initial magnitude. The object root poses are initialized
with single-image viewpoint networks trained for humans and quadruped animals
following BANMo [308]. For all categories, we start with the same shape (a unit
sphere) and a known skeleton topology. Both the shape and the joint locations are

specialized to the input dataset, as shown in Fig. 5.7.

5.4.1 Reconstructing Humans

Dataset. We combine existing human datasets, including AMA, MonoPerfCap,
DAVIS, and BANMo to get 47 human videos with 6,382 images [189, 266, 297].
AMA contains multi-view videos, but we treat them as monocular videos and do
not use the time-synchronization or camera extrinsics. During preprocessing, we
use PointRend [116] to extract object segmentation, CSE [171] for pixel features,
VCN-robust [301] for optical flow, and omnidata [53] for surface normal estimation.
Metrics. We use AMA for evaluation since it contains ground-truth meshes and

follow BANMo to compute both Chamfer distances and F-scores. Chamfer distance
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Initial Shape and Skeleton Final Shape and Skeleton (mean morphology)

Figure 5.7: Shape and skeleton optimization. From top to bottom, we visualize
the canonical shape and skeleton of our dog, cat, and human models. Left: Canonical
shape and skeleton before optimization. Right: Canonical shape and skeleton after
optimization.

computes the average distance between the ground-truth and the estimated surface
points by finding the nearest-neighbor matches, but it is sensitive to outliers. F-
score at distance thresholds d € {1%, 2%, 5%} of the human bounding box size [248]
provides a more informative quantification of surface reconstruction error at different
granularity. To account for the unknown scale, we align the predicted mesh with the
ground-truth mesh using their depth in the view space.

Baselines. On AMA, we compare with template-free BANMo [308] and model-
based methods, including HuMoR [205] and ICON [291]. BANMo reconstructs an
animatable 3D model from multiple monocular videos of the same instance, powered
by differentiable rendering optimization. We optimize BANMo on the same dataset
with the same amount of computation and iterations as ours. HuMoR is a temporal
pose and shape predictor for humans. It performs test-time optimization on video

sequences leveraging OpenPose keypoint detection and motion priors trained on
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large-scale human motion capture dataset. We run it on each video sequence, and
processing 170 video frames takes around two hours on a machine with Titan-X GPU.
ICON is the recent SOTA method on single view human reconstruction. It combines
statistical human body models (SMPL) with implicit functions and is trained on
3D human scans with clothing. Notably, it performs test-time optimization to fit
surface normal predictions to improve the pose accuracy and reconstruction fidelity.
We run it per frame, and processing a 170 frame video takes around three hours on
an RTX-3090 GPU.

Results. We show qualitative comparison with baselines in Fig. 5.6 top row, and
quantitative results in Tab. 5.1. On the handstand sequence, HuMoR works well for
common poses but fails where the performer is not in an upright pose. ICON works
generally well, but the hand distances appear not physically plausible (too short) from
a novel viewpoint. BANMo reconstruction also failed to reconstruct the unnatural
upside-down pose. In contrast, RAC successfully reconstructs the handstand pose
with plausible hand distances. On the samba sequence, HuMoR correctly predicts
body poses, but fails to reconstruct the cloth and its deformation. ICON predicts a
broken dress and distorted human looks from a novel viewpoint, possibly due to lack
of diverse training data from dressed humans. When applied to 47 videos of different
humans, BANMo fails to model the cloth correctly, possibly because a limited number
of control points are not expressive enough to model the morphological variations
over humans wearing different clothes. RAC models between-shape variations using
a conditional canonical model and successfully reconstructs cloth deformation using
the soft deformation field.

Our quantitative results align with qualitative observations, where RAC out-
performs all baselines except being slightly worse than BANMo trained on single
instances (S). However, RAC trained on single instances (S) or multiple instances
(M) outperforms BANMo trained in either fashion. In particular, BANMo results
are notably worse when trained on multiple instances, indicating the difficulty in
building category models. In contrast, RAC become better when trained on multiple

istances.
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5.4.2 Reconstructing Cats and Dogs

Dataset. We collect 76 cat videos and 85 dog videos from Internet videos, as well as
public data from BANMo. All the videos are casually-captured monocular videos.
We extract video frames at 10 FPS, including 9,734 frames for cats and 11,657 frames
for dogs. We perform the same pre-processing as human reconstruction.
Baselines. We compare with BANMo and model-based BARC [211]. BARC is the
current SOTA for dog shape and pose estimation. It trains a feed-forward network
using CG dog models and images with keypoint labels. The shape model is based on
SMAL, which uses manual rigging and registration to fit 3D animal toys. We run
BARC on individual images.

Results. We show qualitative results in Fig. 5.6 bottom row. For dog videos, we find
that BARC worked well to predict coarse shapes and poses. However, the results are
biased towards certain dog breeds. For instance, BARC predicts a long jaw when
the dog has a short jaw (top row), and predicts round ears when the dog has sharp
ears (bottom). BANMo was able to reconstruct a reasonable coarse shape, but failed
to capture the fine details (e.g., the shape of the ear and the size of the head) with
only 25 control points. In contrast, RAC was able to faithfully capture the coarse
shape and fine details of the dogs. Unlike dogs, cats have fewer variations in body
shape and size, where we find that BANMo works well in most cases. However, for
the body parts not visible from the reference viewpoint, BANMo often estimates a
squashed shape, which may be caused by the entangled morphology and articulations.
In contrast, RAC accurately infers reasonable body parts and articulations even when

they are not visible.

5.4.3 Diagnostics

Large Morphological Changes. We reconstruct eight videos of different quadruped
animals together to “stress test” our method. The dataset contains two dog videos,
two cat videos, and one video for goat, bear, camel, and cow, respectively. The result
is shown in Fig. 5.8.

Morphology Code S Removing morphology code B from the canonical field degrades
it to a standard NeRF. We rerun the experiments and the results are shown in Tab. 5.1

as well as Fig. 5.9. Without the morphology code, our reconstructions are forced to
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Figure 5.8: Quadruped Category Reconstruction. Using a smaller code swapping
probability P = 0.01 results in more faithful instance shape, but less smooth results.
A larger P produces smoother results, but some instance-specific features disappear.

share the same canonical shape, which as discussed in Sec 5.3.1, failed to handle fine
deformations and topological changes (e.g., clothing), leading to worse results in all
metrics.

Morphology Code Regularization To test the effectiveness of the morphology
code regularization, we set £ = 0 throughout the optimization. The results are
shown in Tab. 5.1 and Fig. 5.9. Without regularization of the morphology code,
the reconstructed shape may appear reasonable from the reference viewpoint, but
severely distorted from a novel viewpoint. We posit the body parts that are not
well-covered in the video are inherently difficult to infer. As a result, the shapes
become degenerate without relying on priors from other videos in the dataset. Tab. 5.1
also shows that code swapping outperforms norm regularization [69] (||,B||§). We
posit norm regularization forces codes to be similar, but does not constrain their
output space, while code swapping encourages any code to explain any image in
the data. In practice, we find that code swapping generates valid outputs when we
interpolate between codes.

Soft Deformation. After removing the soft deformation field, RAC fails to recover
body parts that are not controlled by the skeleton (Fig. 5.10), such as the ears of the
dog.

Motion Transfer. Given the category model with disentangled morphology and
articulations, we can easily transfer an articulation in frame ¢ to other video by setting
the articulation parameter to 8,, while keeping the morphology parameter B8 the same.

We show motion transfer across human in Fig. 5.2. Please visit our website for video
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Figure 5.9: Ablation study on morphology modeling.

Reference Full Model Skeleton Visualization w/o @q

Figure 5.10: Ablation study on soft deformation w,.

results of dogs, cats, and humans.

Skeleton vs Control Points. Control point deformations are flexible but do not
preserve body dimensions (e.g., a line segment can be stretched longer by its end
points). As a result, body and limb dimensions can change, creating two problems:
(1) articulated shapes look squashy from novel views, and (2) variations in body
dimensions are entangled with control-point deformations. In contrast, skeleton
deformation preserves body dimensions. It produces better results (Tab. 5.1) and
better motion re-targeting (Fig. 5.11).

Stretchable Bones allow for control of bone dimensions after optimization. We show
an example of a Dachshund (Sourcel) warped to a Heeler (Source2) by modifying

bone dimensions while keeping the shape unchanged.
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Figure 5.11: Skeleton vs control-points for motion transfer. RAC with control
points fails to maintain the body dimensions during motion, and produces squashy
results when transferred to a new morphology. RAC with skeleton disentangles
motion from morphology, allowing for better motion transfer.
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Figure 5.12: Disentanglement of bone dimensions and shape.
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Chapter 6

Physically Plausible Reconstruction from

Monocular Videos

6.1 Introduction

Given casually captured monocular RGB videos, we aim to build 3D models of
articulated objects and the environment, whose configurations (geometry, motion
trajectory, force, and mass distribution) satisfy physics constraints, and can be
replayed in a physics simulator.

Reconstructing dynamic 3D structures from monocular videos is challenging due
to the under-constrained nature of the problem. Prior works often leverage first order
constraints. For instance, Nonrigid-SfM explores temporal smoothness and low-rank
priors [44] to constrain the problem. Recent works on differentiable rendering and
dynamic NeRF utilize divergence-free motion fields [179] or as-rigid-as-possible pri-
ors [108]. Although those methods are able to obtain visually appealing reconstruction
results from the reference viewpoint, physically-implausible configurations, such as
foot sliding, statically-unstable poses, etc., are often observed from a novel viewpoint.
An illustrative example is shown in Fig. 6.2.

Physics as a prior. We seek a more principled way to model the time-varying be-
havior of an object and its interaction with the environment using physics constraints.
Physical priors tend to be relatively unexplored as a tool for aiding reconstruction,
though important exceptions exist in the domain of monocular human motion cap-

ture [62, 204, 228]. One reason that such methods are not more widespread is that
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Figure 6.1: Given casually-captured monocular videos (left), PPR builds 3D models of
articulated objects and the surrounding environment. Naive kinematic reconstruction
(middle) generates a family of solutions, some containing inconsistent physical support
and contact dynamics (blue and green color), such as floating or walking with sliding
feet. We show that differentiable physics simulation acts as effective regularizer for
improving the physical plausibility of visual reconstruction algorithms. As PPR
reconstructs the dynamics scene, it also drives a ragdoll in a physics simulator to
track the kinematic reconstruction. This ensures the reconstructions are statically
stable with ground contact (right), and the center of mass is projected within the
support polygon (marked with red). PPR also reports physics estimations, such as
ground reaction forces (red arrows) and center of mass (green arrow).

they often make strong assumptions about the target and the scene, for instance,
accurate 2D /3D keypoint tracking, known ground plane, and contact state annota-
tions. Moreover, operationalizing such constraints requires the use of heavyweight
simulators that may be difficult to integrate with visual reconstruction algorithms.

In this work, we couple differentiable rendering with differentiable physics-based
simulation to jointly solve for the object geometry, motion, background scene, and
physics parameters including body mass distributions and control parameters. We
posit that just as differentiable renderers have lowered the barrier of entry for (neural)
3D modeling, differentiable simulators are also lowering the barrier for incorporating
physical constraints. Compared to prior approaches that rely on strong human
priors to estimate 3D pose and ground contact, PPR works for more unconstrained
settings including both humans and animals in an unknown environment, enabled by
end-to-end optimization from videos to physics.

Specifically, we (1) introduce an end-to-end framework for reconstructing physically-
plausible dynamic objects and scene configurations from monocular videos; (2) pro-
pose an alternating-direction 3D-reconstruction formulation by coupling differentiable

physics simulation and differentiable rendering; (3) demonstrate improved reconstruc-
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Figure 6.2: Physics helps monocular reconstruction. Naive reconstructions of
dynamic scenes from monocular videos are often physically implausible. (a) Although
the 2D projections of both the red and blue reconstructions align with the input
frame (top), their scales and 3D motions are wildly different due to the inherent
ambiguity between camera and object motion. Solution 1 (red) correctly touches
the ground while solution 2 (blue) appears smaller than its true size and floats in
the air. (b) Tracking is challenging when the feet of the cat are occluded during
walking (top). PPR tracks dense surface points leveraging rigid body dynamics
constraints. As a result, the left-rear feet and tail of the cat are correctly tracked
in world coordinates despite undergoing heavy self-occlusion (bottom). The contact
constraints also effectively reduce infeasible motion such as foot skating. (c) The
kinematic solution does not often produce foot trajectories in contact with the ground
(black horizontal line). Applying ground-fitting (to satisfy joints being above the
ground) still produces a human that is floating and titled. PPR jointly optimizes
scale, reconstructions, and physics to produce an upright human in contact with the
ground.

101



6. Physically Plausible Reconstruction from Monocular Videos

tion quality on examples including humans and animal videos. To our knowledge,
PPR is the first attempt at a generalized, end-to-end framework for jointly optimizing

dynamic 3D reconstructions and physical systems from monocular videos.

6.2 Related Work

Parametric Body Models. A large body of work in human and animal recon-
struction uses parametric models [144, 182, 267, 287, 333, 334], which are built from
registered 3D scans of human or animals, and serve to recover 3D shapes given a
single image or video at test time [9, 25, 117, 335]. Although parametric body models
achieve great success in reconstructing human with large amounts of ground-truth
3D data, it is challenging to apply the same methodology to categories with limited
3D data, such as animals.

Nonrigid Reconstruction from Imagery. Non-rigid structure from motion
(NRSfM) methods [29, 74, 121, 123, 230] reconstruct non-rigid 3D shapes from 2D
point trajectories in a class-agnostic way. However, due to difficulties in estimating
long-range correspondences [216, 243], they do not work well for videos in the wild.
Recent works apply differentiable rendering to reconstruct articulated objects from
videos [192, 282, 306, 307, 308] or images [73, 108, 118, 130, 131, 282, 316]. However,
their recovered 3D configurations are often physically implausible due to the ill-posed
nature of the monocular reconstruction problem.

Physics-informed 3D Reconstruction. Prior works have shown that the physi-
cal realism of 3D human reconstruction can be improved by differentiable physics
simulation [62] and soft physics constraints [204, 228, 267]. However, their methods
typically require pre-computed 3D human poses and a template body shape, mass, and
skeletons [144, 292], which makes it difficult to generalize to non-human categories.
Most of them also require ground plane and foot contact annotations [228, 229].
Recently, DiffPhy [62] optimizes control parameters that generate the motion through
a physics simulator that removes the dependency on contact annotations; however,
it still relies on the 3D human pose and assumes a fixed camera frame. Beyond the
human category, some recent works [105, 164] explore more generic physic priors to
regularize shape and cloth deformation.

Differentiable Simulation with Contact. Differentiable contact reasoning in
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Figure 6.3: Method overview. Given monocular videos of an articulated object,
PPR solves for a physically plausible representation of the object and the surrounding
environment. (a) It leverages differentiable volume rendering to optimize the object
and the background geometry (Sec. 6.3.1), as well as the object and camera motion
parameters (Sec. 6.3.2). (b) It leverages a differentiable physics simulator to recover
the underlying parameters of an articulated body system, including mass distribu-
tion, parameters of a controller, and the target motion tracked by the controller
(Sec. 6.3.3). (c) We alternate between the differentiable rendering optimization and
differentiable physics optimization, such that the reconstructions are consistent with
visual observations while satisfying physics constraints (Sec. 6.3.4).

graphics and robotics has seen great advancement in recent years [82, 85, 153, 281, 328].
A crucial challenge for contact simulation and gradient computation arises from its non-
smoothness nature. Some methods solve a set of complementarity problems governing
contact forces via optimization and derive the gradients [82, 84, 193, 237, 281]. An
alternative approach is to soften contact forces by allowing inter-penetration that
produces elastic forces to push collided objects away [60, 153]. We leverage the soft
contact model that can be easily parallelized on GPUs, and couple differentiable
contact physics with differentiable rendering to jointly reason about 3D reconstruction

and physics from videos.

6.3 Approach

Given casually-taken videos of an articulated object, we apply differentiable ren-
dering (DR) to solve for a kinematic reconstruction of the object and the surrounding
environment that faithfully explains the input videos (Sec. 6.3.1 and Sec. 6.3.2).
Meanwhile, we perform differentiable physics (DP) optimization to constrain the
kinematic estimation to be physically plausible, such that it can be replayed in a
simulator (Sec. 6.3.3). We alternate between DR and DP using coordinate descent

until the optimization converges (Sec. 6.3.4). An overview is shown in Fig 6.3.
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6.3.1 Object and Scene Model

To enable physics-based modeling of the interactions between the object and
the environment from videos, we build a dense 3D representation of their kinematic
states. We model the scene T as the composition of a dynamic object and a rigid
background, each of which is represented as neural fields defined in their respective

canonical space.

Object Fields T°. Our canonical model for the object is similar to BANMo [308].
A 3D point X € R3 is associated with three properties: signed distance d € R, color
c € R3, and canonical features ¢ € R, which are used to register pixel observations

to the canonical space. These properties are predicted by multi-layer perceptron
(MLP) networks:

(d,c") = MLP, (X, w,), (6.1)
¥ = MLP, (X). (6.2)

Besides the 3D point locations, we further condition the color on an appearance code
w,€R% that captures frame-specific appearance such as shadows and illumination
changes [157]. To capture articulations and soft deformations, we use a deformable
variant of NeRF [308]. For a given time ¢, it defines a forward warping field W™
that transforms 3D points from the canonical space to the specified time instance,
and a backward warping field ‘W to transform points in the inverse direction. The

warping fields are further explained in Sec. 6.3.2.

Scene Fields T*. We leverage VolSDF [314] to build a high-quality background
reconstruction. One crucial modification is that we supervise the background fields
with not only RGB, but also optical flow and surface normal estimations. Optical flow
supervision acts similarly to direct bundle adjustment in DroidSLAM [250], which
effectively optimizes camera parameters and scene geometries in challenging conditions
(e.g., low-texture, large camera motion). Surface normal supervision [273, 318]
provides a signal to regularize geometry and reconstruct the background when there
is little to no motion parallax. Those supervisions are extracted from pre-trained

optical flow [249, 301] and surface normal [53] predictors.

Composite Rendering. To render images, we compose the density and color of
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the object and the scene fields in the view space [173], and compute the expected
color, optical flow and surface normal maps. During optimization, we minimize the

difference between the rendered and observed color, flow, and surface normal values.

6.3.2 Motion Representation

The warping function W models object motion is modeled at three levels: root

body movements G,, skeleton articulations A = {J, W, Q} and soft deformations S.

Global Movement {Gy, G,}. We model the background-to-camera transformations
G, and object root-to-camera transformations G, as per-frame SE(3) represented as
Fourier-based MLP networks.

Skeleton Articulation {J, Q, W}. The coarse-level motion of the object is controlled
by an articulated skeleton model. The skeleton has bones connected by 3-DoF spherical
joints, specifically a tree topology with joint locations J € R¥®>*(B~D and Gaussian
bones of size L € RB. We set B=26 for quadrupeds and B=19 for humans. The
skeleton topology is fixed through optimization but J and L are specialized to input

videos. To model time-varying skeletal movements, we define per-frame joint angles:
Q = MLP, () € R¥>BD, (6.3)

where 6 € R6 is a low-dimensional articulation code. Given joint angles and the
per-video joint locations, we compute bone transformations G € R3***8 in the object

root coordinate via forward kinematics [168].

To drive the space deformation with bone articulations, we define the skinning

weights as the membership probability of bones assigned to 3D points X [240, 306],
W = Oyofpmax (o (X, 0) + MLPw (X, 0)) € R, (6.4)

where 6 is a pose code and d,(X, @) is the Mahalanobis distance between X and
Gaussian bones under pose 6, refined by a delta skinning MLP [308]. Each bone has
three parameters for center, orientation, and scale respectively. The orientations are

determined by the parent joints, and the centers as well as the scales are optimized.
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Then the motion of a spatial point is driven by blending skinning,

B
X(6) = (Z W,G, | X. (6.5)

b=1

Soft Deformation S. To account for the deformation caused by non-skeletal move-
ments (such as the clothes of human), we add a neural deformation field [126, 179] S(-)
that is capable of representing highly nonrigid deformations. We use real-NVP [49]
to produce 3D deformation fields that are invertible by construction. The soft

deformation is applied to the canonical space similar to Human-NeRF [279],
X (wa) = S(X, wa), (6.6)

where wy is a per-frame soft deformation code. Compared to applying S to the
articulated space, we found this formulation to be easier to optimize since it operates
on the fixed canonical space.

Invertibility of Warping Fields. To summarize, both the forward and backward
warping fields {W"7, W} include an articulation operation in Eq. (6.3) and a
deformation operation in Eq. (6.6). Notably, we only need to define each operation
in the forward direction. The deformation operation is invertible by construction. To
invert the articulations, we invert the SE(3) transformations G in the blend skinning
equation, and compute the skinning weights with Eq. (6.4) using the corresponding
articulation codes. To ensure the articulation fields are self-consistent, we use a 3D

cycle loss following prior works [132; 308].

6.3.3 Physics-Informed Reconstruction

We define a differentiable physics simulation module to constrain the scene and
object representations.
Coordinate Transforms. To simulate physics, we define a world coordinate system
where gravity points in the -y direction and the ground is located at the x-z plane. A

point from object space, denoted by X, can be transformed into world space as:

X = GoowX = GGy G X, (6.7)
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where G, is the object root to camera transform and G, is the background to
camera transform, both of which can be estimated with differentiable rendering
optimization [308]. Gy, is the background to world transform, and we solve it by
fitting ground planes to the scene geometry (extracted from density fields by marching

cubes [145]) per video.

Relative Scale Ambiguity. Notably, there is scale ambiguity between each in-
dependently moving scene element [79, 319], including the objects and the back-
ground (Fig. 6.2). For instance, one may reconstruct a regular-sized cat walking on
the ground, or a tiny cat floating in the air, such that both interpretations explain
the input video. To tackle the relative scale ambiguity, we use physics cues to opti-
mize a scale factor s applied to the background geometry and camera translation,

T, = sT.-p, such that the total scene can be reconstructed up to a global scale factor.

During the physics optimization, s is updated to enable the simulated ragdoll to
follow the reconstructed kinematics under gravity and contact constraints. Specif-
ically, floating objects (which correspond to an overly large background scale) are
penalized because they lead to a falling motion that is inconsistent with the kinematic
reconstruction. Similarly, ground penetrations (which correspond to an overly small

background scale) are also penalized because they lead to an inconsistent “bounce’

from ground reaction forces.

Differentiable Ragdoll Simulation. We construct an articulated body dynamics

model of a ragdoll using standard Newtonian dynamics [137, 166]:
§=M"(St+J.(q)"f - c(q. q)). (6.8)

where q = [Gow, Q] € R*38 contains the generalized coordinates of the ragdoll.
G, is the root SE(3) transformation in Eq. (6.7) and Q € R3F are joint angles
produced by Eq. (6.3). M is the generalized mass matrix, J. is the contact Jacobian
computed by forward kinematics, f represents contact forces, ¢ includes Coriolis force
and gravity, and T € R38 represents the joint torque actuation, which is mapped to
the generalized coordinates using a selection matrix S [166]. Intuitively, Eq. (6.8)
is the generalization of Newton’s “F=MA” for rotating rigid bodies under contact.
We differentiably simulate ragdoll rigid body dynamics with environmental contact

using Warp [153, 294]. Warp performs semi-implicit Euler integration to compute
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Input Video Frontal view Top down view

Figure 6.4: Reconstruction given monocular videos. We show physically-
plausible reconstructions of the articulated shapes (green) and the surrounding
environment (gray). Please see the supplement website for video results.

the updated system state (q, q), which is differentaible. To ensure differentiability
through contact, Warp uses the frictional contact model that approximates Coulomb
friction with a linear step function [66]. Additionally, it incorporates the contact
damping force formulation to provide better smoothness in contact dynamics [293].
We refer readers to [294] for details.

Control. Rather than directly optimizing for time-varying joint torque profiles 7y,
we optimize for gain parameters of a Proportional Derivative (PD) Controller [168],
and the time-varying target motion. Given target joint angles Q, currently simulated
joint angles Q°, and their derivatives at every frame, the PD controller computes

joint torques to reach the target:

7, =K,(Q' - Q") +Ku(Q' - Q"), (6.9)
where K, € R3% and Ky € R3# are PD gains. During optimization (described in the
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Figure 6.5: Differentiable physics simulation helps 3D tracking. We draw
trajectories for points on the left-rear foot of the cat over time (yellow lines). Feet
undergoing walking motion are difficult to track using visual cues, due to similar
textures and occlusion by the other body parts. PPR uses dynamics priors via physics
simulation to bias the solution towards avoiding sudden changes of velocity, and
tracks the left-rear foot undergoing occlusion.
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X fﬂi‘fj Vg *’7;‘ i “)V) v d “Jif
\ A iNC Al o 770 Bl
% o) Q ) 0 o,

Figure 6.6: Qualitative comparison on AMA-bouncing. We visualize the recon-
structed meshes in world coordinates, colored by their timestamp (red: early; green:
late). From the input viewpoint (left), the reconstruction of PPR looks comparable
to the baselines. From a novel viewpoint (as if viewing the scene from the right),
PPR produces more physically plausible poses. HuMoR [205] reconstructs a floating
person with physically-implausible ground contact. BANMo with ground plane fitting
(following NeuMan [102]) estimates a rough scale of the person, but produces inac-
curate foot contact (note the feet make contact with the ground only once over the
video). PPR jointly optimizes 3D pose and relative scale under dynamics and contact
constraints, producing accurate foot contact and upright human poses. Please find
more visual comparisons in the supplement.

next section), both the gains (K,,K,) and the targets (Q’, Q') are updated. Q' is

initialized as the most recent kinematic reconstruction.

6.3.4 Optimization and Losses

Given monocular videos of an articulated target, we optimize the geometric
parameters including the object and scene radiance fields T, kinematic (or motion)
parameters D = {G,, G, A, S}, as well as physics parameters ¢ = {s, M, K, Q'} as
described above. The model is learned by minimizing two types of losses: differentiable

rendering losses and differentiable physics losses.
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Differentiable Rendering (DR) Losses. Similar to BANMo [308], the DR losses
leverage differentiable volume rendering to update both the neural fields T and
the kinematic parameters D. Reconstruction losses are similar to those in existing
differentiable rendering pipelines [165, 313], where the goal is the minimize the
difference between the rendered images (including object silhouette, color, optical

flow, pixel features) and the observed ones:
Lpr(T,D) = L1 + Ligh, + LOF + Lteat + LReg- (6.10)

We refer readers to the supplementary material for regularization terms, and BANMo [308]
for the volume rendering equations for each rendered image quantities. To disentangle
the object from the background, we use off-the-shelf estimates of object segmenta-
tion [115] as supervision to kick-start the optimization. To account for errors in the
off-the-shelf segmentation, we set the weight of silhouette term to 0 after several iter-
ations of optimization, while composite rendering of foreground and background itself
is capable of disentangling the object and the non-object components by matching

the image evidence.

Differentiable Physics (DP) Losses. While image reconstruction losses alone
can achieve visually appealing results from the reference viewpoint, the resulting
poses can be physically implausible (e.g., Fig. 6.2), particularly for the relative scale
and the non-visible body parts. To address this ambiguity, we use a differentiable
physics simulator to regularize the solution. The physics term is defined as the
difference between the observed kinematics q and a simulated trajectory q* that is by

construction physically-plausible:

to+T

Lop(D,¢) = > [la:(D) - q}(¢)]| such that

t=tg

4y =1 (q. 9). (6.11)

Here, the observed kinematics q are a function of reconstructed root coordinates in
Eq. (6.7) and joint angles in Eq. (6.3), while the simulated trajectory ¢° is a function
of physical parameters ¢ including scale, body mass and control. Notably, q° is

constrained to be physically plausible since it is the output of a physics simulator 7,
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which is also differentiable and therefore allows one to compute %f').

Coordinate Descent Optimization. In theory, the overall Loss(T,D,¢) =
Lpr(T,D) + Lpp(D, ¢) could be directly optimized over all photometric, geometric,
and physical parameters [151]. However, differentiable rendering and physical simula-
tion tend to require different sampling strategies [194]. For instance, differentiable
rendering is more efficient when sampling pixels uniformly from a dataset to encourage
batch diversity, while differentiable physics requires samples of long time intervals
that support physical dynamic computations. As a result, joint optimization is rather
sample inefficient. Instead, we optimize by repeating the following two steps of

coordinate descent:
1. miny p Loss(T,D, ¢) [Differentiable Rendering]
2. ming Loss(T, D, ¢) [Differentiable Physics|

Step 1 corresponds to a standard differentiable rendering optimization where the
kinematics D are reqularized to be similar to the most recent simulated trajectory q*(¢).
Step 2 corresponds to a differentiable physics optimization that solves for physical

parameters that closely targets (or tracks) the most recent kinematic reconstruction
D.

SGD. In practice, each coordinate step is implemented via a fixed number of stochastic
gradient descent (SGD) steps, initialized from the values of the variables in the previous
descent cycle. Specifically, Step 1 constructs a batch of Nj, = 4096 random pixels
for optimization, performing Npg = 10 iterations of SGD. Because the reconstructed
kinematics will be heavily regularized to lie close to the most recent physically-plausible
trajectory q*(¢), we found faster convergence by initializing D to arg minp Lpp(D, ¢),
rather than its value from the previous DR cycle. Finally, for SGD optimization of
Step 2, we construct random batches of N;,, = 30 random time intervals of length 2.4
seconds, performing Npp = 10 iterations of SGD per cycle. In practice, we perform

50-100 cycles of coordinate descents.

Comparison to Prior Methods. PPR differs from prior work [62, 63, 204, 228]
in several ways. First, prior art can be conceptualized as one cycle of coordinate
descent, by producing a single kinematic reconstruction (Step 1) to which one fits a
ragdoll simulation (Step 2). Second, the simulator often solves for forces assuming

known physical parameters (such as generalized mass M and control parameters
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K), while PPR optimizes over such parameters. We ablate such design choices in
our experiments. Intuitively, multiple descent cycles allows for different kinematic
reconstructions, rather than a single (potentially inaccurate) point estimate of ge-
ometry and kinematics. Finally, from a control perspective, one can view Step 2 as
an instance of model-predictive control (MPC) with stochastic batch sampling over

small time intervals [190].

6.4 Experiments

Dataset. We test PPR on the articulated-mesh-animation (AMA) dataset, the
casual-videos dataset from BANMo, and a newly collected RGBD-pet dataset.
AMA contains videos of human performance with 3D mesh ground-truth, and we use
it to evaluate surface reconstruction accuracy. To test our method, we select 4 videos
of samba and 4 videos of bouncing. Although the videos are calibrated multi-view
captures, we treat them as monocular videos and do not use the time-synchronization
or camera extrinsic parameters.

Casual-videos includes monocular videos of the same instance captured from differ-
ent viewpoints, locations, and times. It contains 11 videos of a cat, 11 videos of a
dog, and 10 videos of a human. We manually annotate per-frame binary foot contact
labels, and use them to evaluate contact reconstruction accuracy.

RGBD-pet dataset contains videos of a cat and a dog, captured by an iPad with
RGBD sensor. We use it to evaluate scene reconstruction performance (please see
supplement).

Implementation Details. Our differentiable rendering pipeline is implemented
with Pytorch. The object neural fields follow BANMo [308], and the background
neural fields follow VolSDF [314]. We modify neural blend skinning of BANMo to
represent skeletal deformation, and follow CaDeX [126] to represent soft deformation
as invertible 3D flow fields. We use Warp [153] for differentiable physics simulation.
It implements articulated body dynamics as well as contact physics, and integrates
kinematics over time using the semi-implicit Euler scheme. The step size of the
simulator is set to 5e~%s. The simulation operations are automatically differentiated
and parallelized at CUDA kernel level. We write wrappers to pass gradients between
Warp and Pytorch.
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EX i

Figure 6.7: Visualization of ground reaction force. We show the ground contact
returned by the simulator. The body part in contact with the ground is colored in red
and the ground reaction forces are marked with red arrows. Gravity is represented
by a green arrow. Note the contact modes are aligned with the image evidence.
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Hyper-parameters. We use AdamW optimizer and optimize the model for 36k
iterations (taking around 18 hours on 2 NVIDIA GeForce RTX 3090 GPUs). The
weights of loss terms are tuned to have similar initial magnitudes. We first pre-train
a background field [318], and jointly optimize an object field with differentiable
composite rendering [173]. The object root poses are initialized with a viewpoint
network following BANMo.

Extracting Registered Meshes. To evaluate surface reconstruction accuracy, we
extract the canonical mesh by finding the zero-level set of SDF with running marching
cubes on a 2562 grid. To get the shape at a specific time instance, the canonical
mesh is forward warped with W™, which defines an articulation and deformation

operation.

6.4.1 Surface Reconstruction

Metrics. To evaluate the reconstruction quality, we report both Chamfer distance
and F-scores. Chamfer distance computes the average distance between the ground-
truth and the estimated surface points by finding the nearest neighbour matches,
but it is sensitive to outliers. F-score at distance thresholds d € {5cm, 2cm} [248]
provides a more informative quantification of surface reconstruction error at different
granularity. To account for the scale ambiguity, we fit a per-video scale factor by

aligning the predicted mesh with the ground-truth in the view space.
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Table 6.1: Surface reconstruction evaluation on AMA. 3D Chamfer distance
(cm, |) and F-score (%, T) are averaged over all the frames. The best results are
in bold. We align the reconstructed meshes with the ground-truth meshes by a
per-sequence scale factor and SE(3) transformation. PPR outperforms HuMoR and
BANMo in all metrics. Replacing BANMo’s control point deformation with our
skeleton deformation significantly improves results on samba but made results worse
on bouncing. Further enforcing dynamics and contact constraints via differentiable
physics simulation (PPR-Ours) significantly improves results on both sequences.

samba bouncing
CD F@bcm F@2cm CD FQ@5cm FQ2cm

HuMoR 10.5 65.3 31.7 14.8 49.0 18.9
BANMo 11.8 56.7 27.2 12.8 56.0 25.6

+skel 8.9 68.1 32.0 14.1 51.3 23.9
PPR-Ours 8.3 73.4 35.4 9.1 68.3 32.8

Method

Baselines. We compare against HuMoR and BANMo for human reconstruction.
HuMoR [205] learns human motion priors (in the world coordinate) from large-scale
motion capture datasets. Given an input video, it performs test-time optimization
leveraging OpenPose keypoint detections and the learned humor motion priors. Pro-
cessing a 170 frame video takes around 2 hours on a Titan-X machine. BANMo [308] is
a template-free method for video-based deformable shape reconstruction. It relies on
differentiable rendering optimization given optical flow correspondence and DensePose
features [171]. Running BANMo on around 1k frames takes 10 hours on two V100
GPUs.

Results. We show qualitative results in Fig. 6.6, and quantitative results in Tab. 6.1.
HuMoR produces accurate and consistent reconstructions for videos with common
motion (such as the samba sequence). However, human motion prior fails for certain
athletic movements (such as the bouncing sequence) due to the lack of those motions
in the human MoCap dataset. BANMo reconstructions look reasonable from the
reference viewpoint, but the invisible body parts often appear distorted or tilted
from a novel viewpoint due to the fundamental depth ambiguity. In contrast, PPR’s
differentiable rendering module alone improves the reconstruction (CD: 8.9% vs 11.8%

for samba) by constraining the body deformation with a skeleton. Our physics-
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informed optimization further improves the reconstruction (CD: 8.3% vs 8.9% for
samba) by inferring root pose and body motions that satisfy contact and dynamics

constraints in a differentiable physics simulator.

6.4.2 Contact Estimation

Evaluation Protocol. To evaluate the physical plausibility of the reconstructions,
we follow DiffPhy [62] to design contact metrics, including contact accuracy and foot
skate. The contact accuracy is defined as the F-score of contact state estimation
averaged over all frames. We further measure the amount of foot skate as the average
distance feet move over adjacent contact frames, frames that are marked as in contact
with the ground according to the ground-truth. To predict contact state, we mark a
foot to be in contact with the ground if its distance to the ground is smaller than 5%
of the body height.

Results. We show quantitative evaluation in Tab. 6.2. Our method with physics-
informed optimization achieves the highest accuracy in contact estimation. BANMo
with ground fitting solves a rough relative scale between the background and the object,
and we found it to produce worse results than PPR (Contact: 68.6 v 93.1 for casual-
cat). We posit that scale fitting suffers from inaccurate kinematic reconstructions,
while PPR jointly improves both via differentiable physics simulation. In terms of
foot skate, although PPR works better than BANMo, it still produces more foot
skate than HuMoR, especially for the highly-dynamic bouncing sequence. Enforcing
a stronger physics prior for PPR (e.g., simulating longer time intervals) may produce
less foot skates. However, doing so makes the motion more challenging to track by a
controller. Besides contact estimation, PPR also produces plausible ground reaction

force estimation as shown in Fig. 6.7.

6.4.3 Ablation Study

We ablate design choices and show the results in Tab. 6.3.
Ground Prior vs Differentiable Physics. One commonly used approach to
determine the object scale is to force the reconstructions to be above the ground
plane except for a supporting region touching the ground [102]. However, this is

sensitive to the accuracy of the visual reconstruction, often resulting inaccurate
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Table 6.2: Foot contact estimation on casual-cat and AMA. Foot contact F-score
(%, T) and skating (cm, |) are averaged over all frames. The best results are in bold.
*To compare with BANMo that only produces camera-space reconstructions, we take
a step further to reconstruct the background and use ground prior to find the scale
of camera motion following NeuMan [102], and decouple it from BANMo results to
produce world-space reconstructions. By enforcing physics constraints, PPR-Ours
outperforms the baselines in contact estimation. It produces more foot skate than
HuMoR, but less foot skate than BANMo.

casual-cat samba bouncing
Method
Contact Skate Contact Skate Contact Skate
HuMoR N.A. 44.6 0.4 54.8 2.6
BANMo* 68.6 2.8 24.5 1.6 1.3 8.3

PPR-Ours 93.1 2.1 67.4 1.2 85.4 7.4

ground contact with tilted body poses, as illustrated in Fig. 6.2 (c). As a result,
replacing differentiable physics simulation with ground prior makes contact estimation
accuracy much worse (67.4% vs 26.3%).

One-cycle vs Coordinate Descent Optimization. Instead of alternating between
visual reconstruction and physics-informed optimization, existing works [62, 63, 204,
228] only complete one cycle by first estimating the shape and motion (using DR
or feed-forward networks) and then optimizing physics (using DP or trajectory
optimization). Compared to using coordinate descent, the reconstruction error of
one-cycle optimization significantly increases (8.3cm vs 46.0cm). In terms of contact
metrics, the foot contact accuracy dropped (62.3% vs 67.4%), although the skating
metric becomes slightly better. This validates the effectiveness of joint vision-physics
optimization via coordinate descent: alternating between visual reconstruction and
physics-informed optimization improves reconstruction quality while making the
solution physically plausible.

Feedback vs Open-loop Control. We ablate the necessity of using feedback
control (specifically PD control in Sec. 6.3.3) during differentiable simulation, as
some existing works [85, 98] directly optimize open-loop control without position
and velocity feedback. We find that open-loop control finds a hard time tracking the

target kinematics obtained from DR, and decreases both the contact accuracy and
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Table 6.3: Ablation study on AMA-samba. Best results are in bold. Please see

Sec. 6.4.3 for a detailed discussion.

Method Contact (%, T) Skate (cm, |) CD (cm, |)
Full method 67.4 1.2 8.3
Phys—ground 26.3 1.3 8.9
One-cycle 62.3 1.1 46.0
PD— open-loop 53.6 2.7 12.7
Freeze K/M 50.4 1.2 9.0

reconstruction quality. The gain of moving from open-loop to feedback control indi-

cates that incorporating prior knowledge in controller design improves reconstruction

results and physical plausibility.

Optimizing Mass and PD Gains. We further investigate the effect of optimizing

the mass of each body part, as well as the PD gains for each joint of the ragdoll. We

found freezing K and M decreases contact estimation accuracy and reconstruction

quality (even worse than without DP). This suggests jointly inferring the internal

parameters of the ragdoll is important for physics-informed optimization.
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Perceiving Dynamic Scenes
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Chapter 7

3D Scene Flow Estimation through
Optical Expansion

7.1 Introduction

Estimating 3D motion is crucial for autonomous robots to move safely in a dynamic
world. For example, collision avoidance and motion planning in a dynamic requirement
hinge on such inferences [34, 154, 155, 167]. Many robotic platforms make use of
stereo cameras or time-of-flight sensors for which metric distances are accessible.
Here, 3D motion can be determined by searching for correspondence over frames, or
registration between 3D point clouds. Such active sensing and fixed-baseline stereo
methods struggle to capture far-away objects due to limited baselines and sparse
sensor readings. In this work, we analyze the problem of dynamic 3D perception with
monocular cameras, which do not suffer from baselines or sparse readings.
Challenges However, estimating 3D motion from monocular cameras is fundamentally
ill-posed without making assumptions about the scene rigidity: given a particular
2D flow vector, there is an infinite pair of 3D points along two degrees of freedom
(obtained by back-projecting two rays for the source and target pixel - see Fig. 7.3)
that project to the same 2D flow. Intuitively, a close-by object that moves slowly

will generate the same 2D flow as a far-away object that moves fast.

Prior work Nevertheless, there have been numerous attempts at monocular dynamic
scene reconstruction using multi-body SfM and non-rigid SfM [124, 332]. A recent

approach [30] attempts to solve the monocular scene flow problem in its generality.
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Figure 7.1: Optical flow vs optical expansion. From left to right: overlaid two
consecutive frames, color-coded optical flow fields and optical expansion map, where
white indicates larger expansion or motion towards the camera. Notice it is difficult
to directly read the 3D motion of the hawk from optical flow. However, it is easy to
tell the hawk is approaching the caemra from optical expansion.

Because such tasks are under-constrained, these methods need to rely on strong
prior assumptions, either in the form of prior 3D geometry (typically learned from
data-driven scenes) or prior 3D motion (typically rigid-body priors) that are difficult
to apply to “in-the-wild” footage. Instead, we derive a simple but direct geometric
relationship between 3D motion and 2D correspondence that allows us to extract

up-to-scale 3D motion.

Why optical expansion? Human perception informs us that change in the perceived
size of an object is an important cue to determine its motion in depth [224, 244].
Indeed, optical expansion is also a well-known cue for biological navigation, time-
to-contact prediction, and looming estimation [70]. Inspired by these observations,
we propose to augment 2D optical flow measurements with 2D optical expansion
measurements: for each pixel in a reference frame, we estimate both a 2D offset and a
relative scale change (u,v, s), as shown in Fig.7.2. We show that such measurements
can be robustly extracted from an image pair, and importantly, resolve half of the
fundamental ambiguity in 3D motion estimation. Because optical expansion is a
local pixelwise measurement, we demonstrate that it can be easily incorporated into

existing approaches for self-learning of optical flow, increasing the accuracy.

3D motion from expansion Specifically, under a scaled orthographic camera
projection model, optical expansion is directly equivalent to the motion-in-depth of
the non-rotating scene element that projects to the corresponding source and target
pixel. This eliminates one degree-of-freedom. When combined with camera intrinsics

and optical flow, optical expansion reveals the true direction of the 3D motion, but

122



7. 3D Scene Flow Estimation through Optical Expansion
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Figure 7.2: Optical expansion vs optical flow. (a): reference image, where we are
interested in the position and scale change of the pixel marked as blue; (b): optical
flow providing the position change (u,v); (c): optical expansion providing the scale
change s. Intuitively, optical expansion can be measured as the square root of the
ratio between the two areas covered by the rectangles.

not its magnitude. Fig. 7.3 demonstrates that we now know if an object is moving
closer toward or away from the camera, but there is still an overall scale ambiguity,
which can also be resolved by specifying the depth of one of the point pairs along its
back-projected ray.

Method To estimate per-pixel optical expansion, we propose an architecture based
on local affine transformations. The relative scale ground-truth is obtained from
the existing optical flow and 3D scene flow training datasets. We also present a
self-supervised approach to learn optical expansion from photometric information of

the input images.

Contributions We summarize our contribution as follows. (1) We theoretically derive
the effectiveness of optical expansion to reduce the ambiguities inherent to monocular
scene flow. (2) We propose a neural architecture for normalized scene flow estimation
that encodes strong geometry knowledge and leads to better interpretability and
generalization. (3) We demonstrate the effectiveness of optical expansion across a
variety of benchmark tasks, establishing new SOTA results for optical scene flow,
LiDAR scene flow, time-to-collision estimation - while being significantly faster than
prior methods, and improving results for self-supervised optical flow. (4) We apply
dense optical expansion to two-frame depth estimation and show improvements over

triangulation-based methods in numerically-unstable regions near the epipole.
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Figure 7.3: (a): Projection from scene flow t to optical flow u. (b): Projection from
scene flow t to normalized scene flow t = t/Z. Normalized scene flow is a 3-dimensional
vector that extends standard optical flow to capture changes in depth. Notice when
projecting a 4DoF scene flow vector to the image plane (given the reference 2D point),
2DoF can be recoverd by optical flow and 2DoF are missing: 1) the depth Z, which
is not recoverable; 2) and the motion-in-depth, which can be recovered from optical
expansion.

7.2 Related Work

Visual correspondence Visual correspondence dates back to the early work in
human visual perception and 3D reconstruction, where it was found point correspon-
dence needs to be solved to perceive depth and 3D structures can be recovered from
their projected points [156, 261]. Affine correspondence defines a 2 x 2 affine trans-
form between the neighborhood of point correspondences, to encodes higher-order
information about the scene geometry [13, 14, 200]. Similar to affine correspon-
dence, we extract local information of point correspondences to encode rich geometric
information about motion-in-depth, but not rotation or shear.

Scale estimation The concept of scale changes of visual features is well studied in
the context of feature descriptor and matching [16, 147, 188] as well as dense optical
flow [196, 275, 295]. In these approaches, scale is often treated as a discrete auxiliary
variable for producing better descriptors and feature matches, but not estimated as a
continuous quantity at a fine scale. Some other approaches either directly estimate

the intrinsic scales by Laplacian filtering [169] or compute the scale changes from
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the divergence of optic flow fields [35, 277], but give sub-accurate results. Instead,
our method produces continuous dense optical expansion reliably in a data-driven
fashion. Moreover, the relationship between relative scale and depth changes has
been explored for 3D reconstruction [55, 191, 217, 320] as well as collision avoidance
in robotics [83, 154, 167]. However, prior methods often focus on object-level scale
changes and sparse interest points. Our work extends the concept of relative scale
and depth changes to the dense, low-level correspondence tasks of 3D scene flow
estimation.

Monocular dynamic reconstruction Prior work on monocular 3D motion estima-
tion casts the task as a sub-problem of monocular scene reconstruction, attempting to
jointly recover both motion and depth [124, 197, 212, 264]. Because of the ill-posed
nature of this problem, they either rely on strong motion priors such as multi-rigid
body [197, 264] and as rigid as possible [124], or strong shape priors such as low
rank and union-of-subspaces [74, 332]. Those handcrafted priors hallucinate good
reconstructions when their assumptions are met, but in other cases not applicable.
On the other hand, when scene elements are piece-wise rigid, we can reconstruct
up-to-scale local motions with planar homographies. However, homography estima-
tion is sensitive to noise in 2D correspondences, requiring the use of strong priors to
regularize the problem [124]. In this work, we propose a simpler representation of
local motion, e.g. optical expansion, which can be reliably estimated from real-world

imagery because fewer degrees of freedom are needed to be inferred.

7.3 Approach

In this section, we first establish the relationship between optical expansion and
motion-in-depth under scaled orthographic projection model. Then we derive a direct
relationship between motion-in-depth, normalized 3D motion, and scene flow. Finally
we propose a neural architecture of learning optical expansion and normalized 3D

flow.

7.3.1 Optical expansion

Here we explicitly derive the relationship between optical expansion, which de-

scribes the change of the perceived size of objects, and motion-in-depth. We begin
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Figure 7.4: We visualize a moving object under scaled orthographic projection across
two timesteps (a) and (b). Given a definition of optical expansion s = [’/] and
motion-in-depth T = Z’/Z, Eq. 7.1 derives that s = 1/7.

with a simple pinhole camera model that projects a 3D point P = (X,Y, Z) into an

image position (x, y):

b= ()= LX),

where f is the focal length. Under a scaled orthographic camera model, the projection
of all points on an object can be computed with an orthographic projection onto a
fronto-parallel plane followed by a perspective projection of the plane [79]. Such an
approximation is reasonable if the variation in depth of an object is small compared
to its distance from the camera. With the physical length of an object being L and
its orientation o defined as the angle between the surface normal and the camera

z-axis, the projected length of the object is then given by

_fL _ fLcoso

[ ,
Z Z

where L = L cos o accounts for the foreshortening. Assume the scene is locally rigid
and one of the rigid pieces changes its depth across two frames from Z to Z’, while
keeping its physical size L and orientation o unchanged. Define the optical expansion
s to be the ratio of its projected lengths I’/l, and define the motion-in-depth 7 to
be the ratio of depths Z’/Z. We can now derive that s = 1/7 assuming 1) a scaled
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Figure 7.5: Network architecture for estimating normalized scene flow. 1) Given
two consecutive images, we first predict dense optical flow fields using an existing
flow network. 2) Then we estimate the initial optical expansion with a local affine
transform layer, which is refined by a U-Net architecture taking affine fitting error
and image appearance features as guidance [113]. 3) To correct for errors from the
scaled-orthographic projection and rotation assumptions, we predict the difference
between optical expansion and motion-in-depth with another U-Net. Finally, a dense
normalized scene flow field is computed using Eq. 7.2 by combining (u, v, ) with
camera intrinsics K.

orthographic camera model and 2) the scene elements are not rotating relative to the

camera (Fig. 7.4):

LT (7.1)

7.3.2 Normalized scene flow

In the last section, we showed that motion-in-depth 7 can be computed from
optical expansion s for a scaled orthographic camera model. In this section, we show
that motion-in-depth 7 can be combined with camera intrinsics K to compute a
normalized 3D scene flow vector.

Given camera intrinsics K, for a 3D point changing its position from P to P’, we

have
P — /lK_lij, P/ — /l/K—lf)/’
where p and p’ are homogeneous 2D coordinates with the last coordinate being 1,
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and A, " are scale factors. Because the last row of the intrinsic matrix K is (0,0,1),

scale factors are directly equal to the depth of each point: 4 =Z and A’ = Z".
Following prior work [161], we model scene flow as 3D motion vectors relative

to the camera, which factorizes out the camera motion. The scene flow t is then

computed as:

t=P —P
=K '(Z'D - Zp)
- 7K [T(ﬁ +P) - 13] where fi=p —p
- ZK! [(T —Dp+ Tﬁ]

=7t where t=K! [(T - 1)p+ru (7.2)

We denote t as the “normalized scene flow”, which is a vector pointing in the
direction of the true 3D scene flow. It can be “upgraded” from 2D flow u knowing
motion-in-depth 7 and camera intrinsics K. When augmented with the true depth of
the point in either frame Z or Z’ (following an analogous derivation to the above),

normalized scene flow can be further “upgraded” to the true 3D scene flow.

7.3.3 Learning normalized scene flow

In this section we introduce a network architecture for optical expansion and
normalized scene flow estimation, and describe ways of learning optical expansion,
either in a supervised fashion, or with self-supervised learning.

Network We separate the task of estimating normalized scene flow into three
sequential steps: (1) optical flow estimation, where the (u,v) component is predicted
from an image pair, (2) optical expansion estimation, where the optical expansion
component s is estimated conditioned on the optical flow, and (3) motion-in-depth
estimation 7, where the optical expansion is refined to produce correct outputs for a
full perspective camera model. Finally, normalized scene flow can be computed given
camera intrinsics. We design an end-to-end-trainable architecture for the above steps,
as shown in Fig. 7.5. An ablation study in Sec. 7.5 discusses different design choices

that affect the performance.
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Local affine layer To extract dense optical expansion over two frames, we propose
a local affine layer that directly computes the expansion of local 3x3 patches over
two frames, as described in the three following steps:

1) Fit local affine motion models. Given a dense optical flow field u over a reference
frame and a target frame, we fit a local affine transformation A € R?*? [13] for each
pixel x. = (x¢, y.) over its 3x3 neighborhood A((x.) in the reference image by solving

the following linear system:

(X' -x)=A(x—x.), x€N(x), (7.3)

where X’ = x + u(x) is the correspondence of x.

2) Extract expansion. We compute optical expansion of a pixel as the ratio of the
areas between the deformed vs original 3x3 grid: s = \/m .

3) Compute fitting errors. We compute the residual Ly error of the least-squares
fit from Eq. 7.3 (indicating the confidence of the affine fit) and pass this in as an
additional channel to the optical refinement network.

Crucially, we implement the above steps as dense, pizel-wise, and differential
computations as Pytorch layers that efficiently run on a GPU with negligible compute
overhead.

Learning expansion (supervised) To train the optical expansion network that
predicts s, one challenge is to construct the optical expansion ground-truth. The
common solution of searching over a multi-scale image pyramid is infeasible because
it gives sparse and inaccurate results. Instead, we extract expansion from the local
patches of optic flow fields [35, 277]. Specifically, for each pixel with optical flow
ground-truth, we fit an affine transform over its 7x7 neighborhood and extract the
scale component, similar to the local affine layer. Pixels with a high fitting error
are discarded. In practice, we found optical expansion ground-truth can be reliably
computed for training, given the high-quality optical flow datasets available [11, 33,
50, 120, 158, 161].

Learning expansion (self-supervised) Since real world ground-truth data of
optical flow are costly to obtain, here we describe a self-supervised alternative of
learning the expansion network. Previous work on self-supervised optical flow [139,

159, 206] obtain supervision from photometric consistency, where losses are computed
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Figure 7.6: Results for image “000105” in the KITTI val set. Top: Motion-in-depth
between two frames where bright indicates points moving towards the camera; bottom:
error maps of motion-in-depth. Our method predicts more accurate motion-in-depth
than the baselines.

by comparing the difference between the intensity values of either the reference and
target pixel, or a K X K patch around the reference pixel and their correspondences. In
both cases, the motion of pixels is not explicitly constrained. Our key distinction is to
use the predicted optical expansion to expand or contract the reference patches when
constructing the loss. The benefits are two-fold: for one, it extracts the supervision
signal to train the optical expansion model; for another it puts explicit constraints to
the local motion patterns of optical flow, and thus guides the learning.

Learning motion-in-depth To train the motion-in-depth network that predicts 7,
we use existing 3D scene flow datasets, from which the ground-truth motion-in-depth
can be computed as the ratio between the depth of corresponding points over two

frames,

_ Z"(x+u*(x))

)=

where Z* and Z"* are the ground-truth depth in the reference and target frame
respectively, and u* is the ground-truth optical flow.

Losses We empirically find that supervised learning of optical expansion yields better
performance than self-supervised learning (245 vs 336 in log-L; error, as in Tab. 7.5
and Tab. 7.6), and therefore supervised learning is used throughout experiments in
Sec. 4.1-4.3. Here, multi-task L; losses are used to train the optical expansion (s)

and motion-in-depth (7) networks jointly:
L= |oy(x) —logs*(x)| + o (x) — log 7" (x)],
X

where oy and o are the predicted log-scale expansion and motion-in-depth, and s*
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and 7 are ground-truth labels. The loss is summed over pixels with valid labels. We
experimented with stagewise training, but found joint end-to-end training simpler

while performant.

7.4 Experiments

We first evaluate our method on 3D scene perception tasks including optical
scene flow, LiDAR scene flow and time-to-collision estimation. We then show results
of self-supervised training of optical expansion models. Finally, we conclude with
qualitative results that apply optical expansion for rigid depth estimation during
forward or backward translational camera movements that are difficult for traditional
structure-from-motion.

Setup We freeze the pre-trained optical flow network [301] and train our normalized
scene flow model on Driving, Monkaa, and KITTI-15 [158, 161]. For KITTI, we split
the original 200 images with ground-truth into train and validation sets. Specifically,
for optical scene flow, we select every 5 images for validation, and add the rest 160
images for training; while for LiDAR scene flow, we follow the split of MeteorNet [142]
and use the first 100 out of 142 images with LiDAR point clouds for training, and
the rest for validation. We follow a two-stage training protocol [88], and empirically
choose a larger learning rate of 0.01. Pre-training on Driving and Monkaa takes 60k

iterations, and fine-tuning on KITTI takes 30k iterations.

7.4.1 Optical scene flow

We first compare to baselines on KITTI-15 validation set, where the standard
metrics of scene flow and error of log motion-in-depth (MiD) are used [161].
Our solution Since our expansion network only provides motion-in-depth over two
frames, to generate the full scene flow vector, we use an off-the-shelf monocular depth
estimation network MonoDepth2 [72] to predict dy, which is the disparity of frame
one. To predict dg, the disparity of frame one pixels that have moved to frame two,
we simply divide d; by the predicted motion-in-depth.
Validation performance To compute da, Schuster et al. [225] warp the second-frame
disparity maps to the first frame using forward flow, without dealing with occlusions;

we consider a stronger baseline that further copies the disparity of out-of-frame pixels
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Table 7.1: Scene flow estimation on KITTI-15 validation set. D1, D2, Fl, and SF
measure the percentage error of disparity, optical flow and overall scene flow prediction
respectively. MiD measures the L1 error of log motion-in-depth log(D2/D1) scaled
by 10,000X. Monocular methods are listed at the top, while stereo-based methods are
listed below. Methods with T use validation data to train. Our method outperforms

the monocular baselines by a large margin, and beats the stereo baselines in terms of
MiD.

Method D1 Fl D2 SF MiD

Delta [90] 14.51 6.00 78.87 83.26 2237
Warp+copy [225] 14.51 6.00 27.73 31.16 623
Ours 14.51 6.00 16.71 19.65 75

FlowNet3 [00] 6.95 32.41 20.89 37.09 537
"FlowNet3-ft [00] 1.51 7.36 4.70 9.60 217
PRSM [268] 4.05 8.32 7.52 10.36 124
OSF [162] 3.98 895 7.69 10.16 115

[t Wt St N St

from the first frame, denoted by “Warp+copy”. Following FlowNet3 [90], we also
train a refinement network to hallucinate the disparities of the regions occluded in
the second frame. As for monocular scene flow, shown in the first group of Tab. 7.1,

our method outperforms baselines by a large margin.

We further consider baselines using stereo cameras to estimate the metric depth
at both frames: PRSM [268] and OSF [162] are stereo-based methods that break
down the image into rigid pieces and jointly optimize their depth and 3D motion. To
evaluate MiD, we simply divide their predicted do by di. As a result, our method
achieves the lowest error in terms of MiD, reducing the error by 10X for monocular
baselines, and outperforming the stereo baseline by a large margin (115 v.s. 75). A
visual example is shown in Fig. 7.6. This demonstrates the effectiveness of modeling

relative scale change via optical expansion.

Test performance (fg objects) We then evaluate our method on scene flow
prediction for foreground objects on KITTI-15 benchmark, as shown in Tab. 7.2.
We first compare against Mono-SF, the only monocular scene flow method on the
benchmark. It formulates monocular scene flow estimation as an optimization problem,

and use probabilistic predictions of a monocular depth network as one energy term.
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Table 7.2: Scene flow estimation on KITTI-15 benchmark foreground pixels. All
metrics are errors in perceptage shown for the foreground pixels. The best among the
same group are bolded, and the best among all are underlined. Monocular methods
are listed at the top, while stereo-based methods are listed below.

Method D1 D2 Fl SF  time (s)

Mono-SF [30] 26.94 32.70 19.64 39.57 41
Ours-mono  27.90 31.59 8.66 36.67 0.2

PRSM [268] 10.52 15.11 13.40 20.79 300
DRISF [152] 4.49 9.73 10.40 15.94 0.75
Ours-stereo 3.46 854 866 13.44 2

* The expansion and motion-in-depth networks take 15ms for KITTI-sized images on a
TITAN Xp GPU, giving a total run time of 200ms together with flow. Also notice that
both PRSM and Mono-SF run on a single-core CPU, and could possibly be parallelized for
a better speed.

Notice although our disparity error D1 is similar to Mono-SF, we obtain better D2
and SF metrics, which indicates that our prediction of normalized scene flow is more
accurate.

Our method of estimating motion-in-depth and ds is also applicable to stereo
scene flow, where we directly take GANet [321], the SOTA method on D1 metric,
to predict the disparity of the first frame dy. To obtain ds, we divide the d; with
estimated motion-in-depth as before. As a result, we obtained the SOTA accuracy
on foreground depth change D2 and scene flow SF, which further demonstrates the
effectiveness of our method for upgrading optical flow to 3D scene flow. In comparison,
we effectively reason about relative depth change at a low cost (15ms), instead of
explicitly computing the disparity at frame two. This gives us improved accuracy,

spatial consistency and reduced latency.

7.4.2 LiDAR scene flow

Given two consecutive LIDAR scans of the scene, the LIDAR scene flow task is
defined as estimating the 3D motions of the point clouds. Prior work either register

two point clouds by optimization [48], or train a network to directly predict the 3D
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Figure 7.7: LiDAR scene flow result on KITTI-15 val set frame “000124”. Red (2nd
frame) and blue (translated first frame) points are supposed to overlap for perfect 3D
flow estimation. Our method predicts more accurate 3D flow than global-ICP and
FlowNet3 on the front vehicles. OSF and PRSM produce motion fields with a similar
quality as ours, but use stereo images and are much slower.

motion [75, 141, 142].

Our solution Practically, LiDAR scans are usually paired with monocular cameras.
Therefore, we use such monocular images to predict optical flow and expansion and
convert them to normalized scene flow by Eq. 7.2. To obtain 3D scene flow for the

point clouds, we project them onto the image plane and use LiDAR depth to “upgrade

the normalized scene flow to full 3D scene flow.

Evaluation protocol We compare with prior work on 42 KITTT validation images,
using the evaluation protocol from MeteorNet [142]: raw LiDAR points are projected
onto the image plane and the ground-truth 3D flow is constructed from disparity
and flow annotations. Methods are scored by 3D end-point-error (EPE, L2 distance

between vectors).

Baselines Among all the point-based methods, FlowNet3D and MeteorNet are
finetuned on the same set of KITTT images as ours, and the numbers are taken from
their paper. HPLFlowNet is trained on FlythingThings [158] and we modify their code
to run on raw point clouds. ICP-global finds a single rigid transformation that best
describes the motion of all the scene points, and does not deal with non-rigid elements.
We further consider stereo scene flow methods [90, 162, 268], where the projected
LiDAR depth and Z—f are used to determine the depth-wise flow displacements.

Results As in Tab. 7.3, our method trained on synthetic dataset already performs

better than all the point-based methods as well as FlowNet3. After fine-tuning
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Table 7.3: Evaluation LiDAR scene flow on KITTI-15.

Method input EPE (m)
ICP-global points X 2 0.727
HPLFlowNet [75] points x 2 0.590
FlowNet3D-ft [141] points X 2 0.287
MeteorNet-ft [142] points X 2 0.251
FlowNet3 [90] points +stereox 2 0.878
"FlowNet3-ft [90] points +stereo x 2  0.551
OSF [162] points +stereox 2 0.137
PRSM [268] points +stereox 2  0.116
Ours points + mono X 2 0.119
w/o ft points+monox2  0.184

on KITTI, it out-performs all the stereo-based methods, except for PRSM, which
takes 100X more inference time. Compared to point-based methods where exact 3D
correspondence may not exist in the sparse scan, our method estimates normalized
scene flow on a much denser pixel grid, which leads to higher precision. A visual

example is shown in Fig. 7.7.

7.4.3 Time-to-collision estimation

Modelling time-to-collision (TTC) is important for robots to avoid collisions and
plan the trajectory [34, 58, 154, 155, 167]. Indeed, knowing the motion-in-depth
directly tells us the time a point takes to collide with the image plane by

Z T
TC = T = s
zZ -7 1-71

assuming a constant velocity, where T is the sampling interval of the camera and 7 is
motion-in-depth [83]. We convert the motion-in-depth estimations to time-to-collision
and compare our method with the baselines in Tab. 7.4.

We treat TTC prediction as a binary classification task where we predict whether
the TTC is less than {1s, 2s, bs} for each pixel [154]. The sampling interval is set as
0.1s and only the points with positive TTC ground-truth are evaluated. We compute
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Table 7.4: Percentage errors of time-to-contact estimation on KITTI.

Method Err-1s Err-2s  Err-5s  Input

FlowNet3 [90] 22.87 21.49 15.97 stereo
"FlowNet3-ft [90] 11.97 13.86 12.43 stereo
OSF [162] 6.94  7.78  8.74 stereo
PRSM [268] 591  5.72  6.10 stereo
Ours 4.21  4.07 451 mono

[t et B S S

the accuracy over 40 KITTT validation images as used in optical scene flow evaluation.

We find that OSF and PRSM perform reasonably well on TTC estimation, which
is consistent with their high accuracy on motion-in-depth estimation. Our monocular
method outperforms all the baselines for all time intervals, indicating it makes better

predictions on possible future collisions.

7.4.4 Self-learning of optical expansion

We explore the task of self-supervised learning of optical flow and expansion. Our
network is trained on 6800 images from KITTI depth estimation dataset [260] for
20k iterations, where the sequences that appear in KITTI-15 scene flow training set
are excluded. Then we evaluate 40 validation KITTI-15 images as used in optical
scene flow.

As for baselines, “Brightness” compares the difference between the intensity values
of the reference and target pixel, and “Census” compares between intensity values of
a KX K patch around the reference pixel and their correspondences. Both methods do
not provide supervision signals for optical expansion. Our scale-aware loss provides
supervision for optical expansion, and combined with census loss, gives the best

performance, as shown in Tab.7.5.

7.4.5 Rigid depth estimation

Structure-from-motion jointly estimates camera poses and 3D point locations of a
rigid scene given point correspondences [79]. However, for two frames undergoing a

forward or backward translational camera motion, the triangulation error for pixels
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Table 7.5: Results of self-supervised flow estimation on KITTI-15.

Method F1 EPE Exp. log-L;

Brightness [206]  9.472 N.A.
Census [159]  7.000 N.A.
Ours-Scale  7.380 336
Ours-Census+Scale  6.564 348

near the focus of expansion (FoE), or epipole, is usually high due to the limited baseline
and small triangulation angle [17, 59]. Here we describe a method of computing depth

from optical expansion, which is not sensitive to small baseline.

Here we consider the case where camera motion is a given translation t. =
(texstey,tez), and compare the depth estimation solutions using triangulation and

motion-in-depth. For triangulation, assuming an identity camera intrinsics, we have

depth

— FoE — FoE
Z:.x O xtcz — y ytcz’
u Vv

where FoE = (Z—:, Z—z) and (u,v) is the displacement of reference point (x,y) [143].
Notice when only lateral movement exists, the above is equivalent to Z = f.,/u.

Motion-in-depth 7 also tells us the depth via time-to-contact,

Assuming the errors according to triangulation and time-to-contact are €y and
€; respectively, we have
1 1

€7, ~ 5, €z, ~ ———
B 7/ O o1

which indicates large error occurs when flow is smaller for the triangulation solution,
and large error occurs when optical expansion is close to 1 for the time-to-contact
solution. Interestingly, it is always the case that for points near FoE where displace-

ments are small, the optical expansion is either greater than one (moving forward) or
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Figure 7.8: Rigid depth estimation with optical flow vs motion-in-depth. (a): overlaid
input frames, where the pixel motion is relative small for the marked region near the
focus of expansion. (b): distance to the focus of expansion from image coordinates,
given by ||p — FoE||. (¢): flow correspondences visualized by the Middlebury color
wheel. (d): depth estimation by triangulation of flow correspondences, where the
estimation for the marked region near the focus of expansion is corrupted due to
small displacements. (e): motion-in-depth estimation. (f): depth reconstruction by
time-to-contact, where the depth estimation near the focus of expansion is more
robust than the triangulation method.

smaller than one (moving backward) [167], giving robust signals for reconstructing

points near the FoE as shown in Fig. 7.8.

7.4.6 Two-view SfM with normalized scene flow

Problem setup In Sec. 4.5, we discussed using motion-in-depth 7 to estimate
depth Z for a static scene when the camera pose is given. Here, we solve for the
camera motion (R, t;) and the 3D shape P = (X, Y, Z) jointly given normalized scene

flow t from two views of a static scene. This can be formulated as a optimization
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problem, and we want to minimize the 3D re-projection error
L(Re te, Z) = ) wid(RePy +te, Pr+ tc)°
k
= > willRePr+te = (Py + )|
k
= Z wil IR (ZiPr) +te = (ZiPr + Ziko) |2
k

= > willZe(RPy = By — ) + ¢l 1%,
k

where k is the index of each point, w is the weight assigned to each point, and
P = K~ !p are normalized 3D coordinates.

Solution Empirically, we find coordinate descent gives a robust solution to
the above optimization problem. We alternate between pose (R, t.), and scales
{Z1,...,Zk} as follows. Fixing the scale Z;, the problem becomes finding a rigid
transformation between two registered point sets. The solution can be described as:
1) align the center of two point clouds, 2) solve for rotation using SVD, and 3) solve
for translation [236]. Fixing (R, t.), scales {Z1,...,Zg} can be obtained by solving
a least square problem.

Results We initialize the depth to one for all 3D points Z; =1,k € {1...,N},
and perform steepest descent for each sub-problem for five iterations. Qualitative
results on KITTI and Blackbird [8] are shown in Fig. 7.9 and Fig. 7.11.

7.5 Ablation

Setup To demonstrate the advantage of our method over alternatives for estimating
optical expansion, we perform an extensive set of diagnostics. For all experiments,
we train the network for 20k iterations on Driving and Monkaa with a batch size of 8,
and test on the 40 KITTI validation images used in optical scene flow experiments.
We also test on the sintel training set, which compared to KITTI, has more dynamic
objects and a much smaller range of optical expansion, since depth does not change
much over frames.

Comparison to expansion-based options We first remove the residual prediction

structure and directly learn to regress the optical expansion from the initial prediction
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Figure 7.9: Results on KITTI sequence “10-03-0034” (not in the training sequences)
frame 840, where the scene motion can be described by a rigid transform. From
top to bottom: reference image, depth prediction from MonoDepth2 [72], our depth
prediction and fitting error (uncertainty). Our method jointly estimates camera pose
together with scene geometry, and predicts sharper boundaries.
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Figure 7.10: Normalized scene flow v.s. optical flow. (a)-(b): overlaid images of two
consecutive frames. (c)-(d): visualization of normalized scene flow using negative and
positive color hemispheres. Notice that normalized scene flow provides information
about depth change, where in (c) the front car moving left-inwards is colored green
and in (d) the car moving left-outwards is colored blue. (e)-(f): visualization of
optical flow using the Middlebury color wheel [11]. In comparison, optical flow is not
sensitive to change of depth, where left-moving cars are all bluish, no matter moving
towards or away from the camera.

Frame one Result from COLMAP (two view) Ours
Overlaid two frames Result from MonoDepth2 Our-uncertainty

Figure 7.11: Results on Blackbird dataset [8], which is a unmanned aerial vehicle
dataset for aggressive indoor flight. Prior method of estimating the scene geometry
either uses sparse point correspondences, for example COLMAP [220], or rely on
strong data prior, for example MonoDepth2 [72]. Our method produces dense and
reliable depth without strong priors by making use of dense optical expansion.
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Table 7.6: Ablation study on optical expansion estimation.

Method KITTI log-Li;  Sintel log-L;
Ours 245 78
w/o residual 255 83
affine—flow 383 116
affine—warp 450 174
Raw affine transform 363 131
Matching over scales 541 145

and find the performance drops slightly. Then we investigate the effectiveness of
input features. Replacing initial expansion to flow predictions as inputs increases the
error by 50.2% on KITTI and 39.8 on Sintel, which shows the initial scale extracted
from local affine transform is crucial for estimating the optical expansion. We then
replace initial expansion with the reference and warped target image features (by
flow) as inputs, and find the error rises by 76.5% on KITTI and 109.6% on Sintel,
which indicates it is difficult to learn optical expansion directly from image features.
To demonstrate the improvement from the optical expansion network, we evaluate
the raw scale component extracted from the local affine transforms, which increases

the error by 42.4% on KITTI and 57.8% on Sintel.

Matching over scales We consider a scale matching network baseline that searches
for scale over a pyramid of images [196, 275, 295]. At the quarter feature resolution,
we discretize the s € [0.5,2] into S = 9 intervals in log space, and construct a
pyramid by scaling the reference image features. Then a 3D cost volume of size
(H/4,W/4,8) is constructed by taking the dot product between reference feature and
target feature pyramid warped by the optical flow prediction. The cost volume is
further processed by 3D convolutions and soft-argmin regression following prior work
on stereo matching [112, 305]. However, this approach faces a hard time predicting
the optical expansion correctly. We posit the signals in raw images feature is not

strong enough for the matching network to directly reason about expansions.
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7.6 Discussion

We explore problems of 3D perception using monocular cameras and propose to
estimate optical expansion, which provides rich information about relative depth
change. We design a neural architecture for optical expansion and normalized
scene flow, associated with a set of supervised or self-supervised learning strategies.
As a result, significant improvements over prior art on multiple 3D perception
tasks are achieved, including LiDAR scene flow, optical scene flow, and time-to-
collision estimation. For future work, we think dense optical expansion is a valuable
low-level cue for motion segmentation and robot collision avoidance. Moreover,
the geometric relationship between optical expansion and normalized scene flow is
currently established assuming a scaled orthographic camera model and non-rotating
scene elements. Extending it to a perspective camera model with rotating scene
elements would be interesting. Finally, background rigidity is a powerful prior for
depth and motion estimation, and incorporating it with our local estimates would

further improve the performance.
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Chapter 8

Learning to Segment Rigid Motions from

Two Frames

8.1 Introduction

Autonomous agents such as self-driving cars need to be able to navigate safely
in dynamic environments. Static environments are far easier to process because one
can make use of geometric constraints (SFM/SLAM) to infer scene structure [52].
Dynamic environments require the fundamental ability to both segment moving
obstacles and estimate their depth and speed [15]. Popular solutions include object
detection or semantic segmentation [134]. While one can build accurate detectors
for many categories of objects that are able to move, “being able to move” is not
equivalent to “moving”. For example, there is a profound difference between a parked
car and an ever-so-slightly moving car (that is pulling out of parked location), in
terms of the appropriate response needed from a nearby autonomous agent. Secondly,
class-specific detectors rely heavily on appearance cues and categories present in
a training set. Consider a trash can that falls on the street; current closed-world
detectors will likely not be able to model all types of moving debris. This poses
severe implications for safety in the open-world that a truly autonomous agent must
operate [19].

Problem formulation: We follow historic work on motion-based perceptual group-
ing [91, 227, 258, 278, 298] and segment moving objects without relying on appearance

cues. Specifically, we focus on segmenting rigid bodies from two frames. We focus
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(a) Two frame overlay

Figure 8.1: Collinear motion ambiguity. (a) The input scene contains a dynamic
object (the car in the lower left) moving parallel to camera translational direction. (b)
One can triangulate motion correspondences assuming overall rigidity that places the
moving car at an elevated height, which illustrates both (1) the commonality of this
degenerate case [319] in urban navigation, and (2) one solution of using structural
scene priors that do not allow for floating objects above the ground. (c¢) Due to
such ambiguities, the 2D motion of the moving car is consistent with the camera
egomotion, leaving it indistinguishable under classic motion segmentation metrics
such as Sampson error [79].

on two-frame because it is the minimal set of inputs to study the problem of motion
segmentation, and in practice, perception-for-autonomy needs to respond immediately
to dynamic scenes, e.g., an animal that appears from behind an occlusion. We focus
on rigid body and its 3D motion parameterizations because it’s directly relevant for
an autonomous agent acting in a 3D world. While dynamic scenes often contain
nonrigid objects such as people, we expect that deformable objects may be modeled

as a rigid body over short time scales, or decomposed into rigidly-moving parts [5, 23].

Challenges: Earlier work on rigid motion segmentation often makes use of geometric
constraints arising from epipolar geometry and rigid transformations. However, there
are several fundamental difficulties that plague geometric motion segmentation. First,
epipolar constraints fail when camera motion is close to zero [298]. Second, points
moving along epipolar lines cannot be distinguished from the rigid background [319],
which we discuss at length in Sec. 8.3.1. Third, geometric criteria are often not robust
enough to noisy motion correspondences and camera egomotion estimates, which can

lead to catastrophic failures in practice.

Method: We theoretically analyze ambiguities in 3D rigid motion segmentation, and
resolve such ambiguities by exploiting recent techniques for upgrading 2D motion
observation to 3D with optical expansion [302] and monocular depth cues [198]. To
deal with noisy motion correspondences and degenerate scene motion, we design
a convolutional architecture that segments the rigid background and an arbitrary

number of rigid bodies from a given motion field. Finally, we parameterize the 3D
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motion of individual rigid bodies by fitting 3D rigid transformations.

Contributions: (1) We provide a geometric analysis for ambiguities in 3D rigid
motion segmentation from 2D motion fields, and introduce solutions to deal with
such ambiguities. (2) We propose a geometry-aware architecture for 3D rigid motion
segmentation from two RGB frames, which is generalizable to novel appearance,
resilient to different motion types and robust to noisy motion observations. (3) Our
method achieves state-of-the-art (SOTA) performance of rigid motion segmentation
on KITTI/Sintel. The inferred rigidity masks significantly improve the performance

of downstream depth and scene flow estimation tasks.

8.2 Related Work

Geometric Motion Segmentation: The problem of clustering motion correspon-
dences into groups that follow a similar 3D motion model has been extensively studied
in the past [254, 256, 258, 263, 264, 298, 319]. However, prior methods either focus
on theoretical analysis with noisy-free data, or assume relatively simple scenes where
long-term motion trajectories can be obtained by point tracking algorithms. Some
recent work [20, 22, 286] tackles more complex scenarios with two-frame optical flow
inputs, where geometric constraints, such as motion angle and plane plus parallax
(P+P) [218] are considered as cues of “moving versus static”. However, such geometric
constraints are sensitive to noise in optical flow even under a robust estimation frame-
work [57]. Moreover, as we shall see in Sec. 8.3.1, the prior two-frame solutions do
not deal with several degenerate cases, including co-planar/co-linear motion [319] and
camera motion degeneracy [256]. We address these problems by encoding geometric
constraints into a modular neural network.

Learning-Based Video Object Segmentation: Segmenting salient objects from
videos historically stems from the problem of image salient object detection [177,
186], where existing methods often rely either on appearance features or on salient
motions from 2D optical flow [96, 148, 251, 252, 312, 329]. Oftentimes, optical flow is
interpreted as a color image [96, 329], where geometric information, such as camera
egomotion, is ignored. Close to our methodology, Motion Angle Network (MoA-
Net) [21], analytically reduces the effect of camera rotation and uses the “rectified”

flow angle as input features to a binary segmentation network. Our approach further
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incorporates 3D flow and depth cues and segments multiple 3D rigid motions.

Instance Scene Flow: Scene flow is the problem of resolving dense 3D scene
motion from an ego-camera [161, 262], which is challenging due to the lack of visual
evidence to find correspondence matches, for example, when occlusion occurs. Prior
approaches often utilize scene rigidity priors to resolve such ambiguities, such as
piecewise rigidity prior [161, 268] and semantic rigidity prior [18, 152]. However, it is
risky to segment the scene purely relying on semantics — an object that is able to
move is not the same as an object that is moving. Furthermore, such high-level cues
do not generalize to an open-world, where algorithms are required to be robust to
never-before-seen categories [19]. Instead, we exploit motion rigidity for scene flow
estimation, which decomposes the scene into multiple rigidly moving segments while

preserving the completeness of individual rigid bodies.

8.3 Approach

In this section, we first analyze degeneracies in motion segmentation that arise
when dynamic motion is indistinguishable from the camera motion, and what infor-
mation is required to resolve the ambiguities. We then design a neural architecture for
rigid instance motion segmentation that builds on this geometric analysis, producing

a pipeline for two-frame rigid motion segmentation.

8.3.1 Two-Frame 3D Motion Segmentation

Problem setup: Given two-frame 2D motion correspondences written in homoge-
nous coordinates (pg, p1) with depths (Zy, Z1) observed by camera intrinsics (Ko, K1),
the corresponding 3D points in the camera coordinate system of each frame is given
by Py = Zng_lﬁO and Py = ZlKl_lf)l. We wish to detect points whose 3D motion
cannot be described by camera motion Re € SO(3), T, € R3:

(ReP1+Te) —Pg #0, (transform of coordinates) (8.1)
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To gain more geometric insights, we re-arrange Eq. (8.1) into

Ty = Ko ' (Z1Hrp1 — ZoPo) # —Te, 82)
(“rectified” 3D scene flow # negative camera translation) .

where Tgr = RcP1 — Py is the “rectified” 3D scene flow, with the motion induced by
camera rotation R, removed through “rectifying” the second frame coordinate system
to have the same orientation as the first frame; and Hg = KoRcKj ! is the rotational
homography that “rectifies” the second image plane into the same orientation as the
first image plane, removing the effect of camera rotation from the 2D motion fields.
Eq. (8.2) states that the rectified 3D scene flow of a moving point P will not equal
the negative camera translation. However, assuming camera intrinsics and motion are
known, there are still two crucial degrees of freedom that are undetermined: depth
Zy and Z;.

Coplanar motion degeneracy: Solving for Zy and Z; equates to estimating
the depth and 3D scene flow, which itself is challenging [161]. To remove such
dependencies, classic geometric motion segmentation segments points whose 2D
motion is inconsistent with the camera motion, measured either by Sampson distance
to the epipolar line [79, 254] or plane plus parallax (P+P) [218] representations that
factor out camera rotation, allowing one to evaluate the angular deviation of the 2D
motion to the epipole [20, 91]. However, is 2D motion sufficient to segment points
moving in 3D? The answer is no (Fig. 8.1). Formally, 3D points that translate within
the epipolar plane defined by the camera translation vector T, will project to the

epipolar line, making them ”appear” as stationary points, as shown in Fig. 8.2 Case

(10).

To detect such co-planar motion, we make use of optical expansion cues that
upgrade 2D flow to 3D as suggested by recent work [302]. Optical expansion, measured
by the scale change of overlapping image patches, approximates the relative depth
T = % for non-rotating scene elements under scaled orthographic projection [302].
We derive a 3D motion angle criterion that does not require depth, but removes the

ambiguity of points moving within the epipolar plane. Normalizing Eq. (8.2) by depth
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Figure 8.2: When can a moving scene point P be identified from a moving camera?
Rectified 3D scene flow of P (that assumes camera rotation has been removed) can
be written as the sum of rigid background motion (induced by the camera) and
independent object motion T = Tpg + To, where Tpg = —T¢. Case (I): Assuming a
rigid scene point P with zero independent motion Ty = 0, the 2D motion projected
by Tg must lie on the epipolar line. Case (II): In other words, if the 2D motion
deviates from the epipolar line, |@| > @, P must be moving, analagous to Sampson
error [79]. Case (III): However, the inverse does not hold. 1f 2D flow is consistent
with the background motion (Ja| < ag), P might still be moving in the epipolar
plane. However, if the angular direction of 3D flow Tg — computable from optical
expansion [302] — differs from Tyg (|8] > Bo), P must be moving. Case (IV): If the
3D flow direction is consistent with background motion (|8] < Bp), P could still be
moving in the direction of Tyg, making it unrecoverable without knowing the scale
(or relative depth).
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Zy, we have

Tyt = Ko ' (tHrp1 — Do) * —Te» 83

(rectified 3D flow direction # neg. camera translation direction)

where Ty = g—zf is the rectified and normalized 3D flow and + indicates two vectors are
different in their directions. Eq. (8.3) states that a point is moving if the direction of
its rectified 3D scene flow is not consistent with the direction of the camera translation,
as shown in Fig. 8.2 Case (III).

Collinear motion degeneracy: However, there is still a remaining ambiguity
that cannot be resolved. If point P moves in the opposite direction of the camera
translation, both classic criteria and Eq. (8.3) would fail, as shown in Fig. 8.2 Case
(IV). Such ambiguity remains even given multiple frames [319], but is common in many
real-world applications, e.g., two cars passing each other (Fig. 8.1). To identify moving
points in such cases, one could use depth Zj to recover the metric scale of normalized
rectified scene flow ’i‘sf, and compare it with camera translation T.. However, in
a monocular setup, we neither know the scale of T nor trust the overall scale of
Zp [79]. Instead, we derive a depth contrast criterion, inspired by an observation that
dynamic scene points triangulated from flow assuming overall rigidity will appear
“abnormal” in the 3D reconstruction, such as the floating car in Fig. 8.1 (b). To do so,
we contrast the flow-derived depth Z(J; oW With a depth prior Zg rior,

Z(J; low 4 vZy "7 (flow-triangulated depth # depth prior) (8.4)

where Zg low can be computed efficiently using midpoint triangulation [79], depth
prior Z(’)’ "0 can be represented by a data-driven monocular depth network, and the
scale factor y that globally aligns Zg " to Z(j; oW can be determined by the ratio of

their medians or robust least squares [241].

Egomotion degeneracy: Furthermore, when the camera translation is small, T
is notoriously difficult to estimate due to small motion parallax. In such cases,
rigid-background motion (and objects that deviate from it) is easier to model with a

rotational homography model [254, 255].
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Figure 8.3: We detect and estimate rigid motions in three steps: First, depth and
optical flow are computed using off-the-shelf networks (M) and camera motion is
estimated by epipolar geometry (P) given two frames. Then, rigidity cost maps
and rectified scene flow are computed (G) and fed into a two-stream network that
produces the segmentation masks of a rigid background and an arbitrary number of
rigidly moving instances. Finally, we fit rigid transformations for the background and
each rigid instance to update their depth and 3D scene flow.

8.3.2 Learning to Segment Rigid Motions

We now operationalize our motion analysis into a deep network for rigid motion
segmentation (Fig. 8.3). At its heart, our network learns to transform motion measure-
ments (noisy 3D scene flow) into pizel-level masks of rigid background and instances.
To do so, we construct motion cost maps designed to address the motion degeneracies
described earlier. Given such input maps and raw scene flow measurements, we use a
two-stream network architecture that separately regresses the rigid background and
rigid instance masks.

Motion estimation: First, we extract the camera and relative scene motion given
two frames. We apply existing methods to estimate optical flow, optical expansion
and monocular depth [198, 302]. To estimate camera motion, we fit and decompose
essential matrices from flow maps using the five-point algorithm with a differentiable
and parallel RANSAC [28].

Rigidity cost-maps inputs: We construct rigidity cost maps tailored to camera-
object motion configurations analyzed in Sec. 8.3.1, including (1) an epipolar cost for
general configurations, computed as per-pixel Sampson error [79]; (2) a homography
cost to deal with small camera translations, implemented as per-pixel symmetric

transfer error [51] with regard to the rotational homography, Hr = KoRK;7'; (3) a

152



8. Learning to Segment Rigid Motions from Two Frames

3D P+P cost to detect coplanar motions, computed as
csp = ||Tel] - [sin B, (8.5)

where 8 = |4(’i‘sf, —T¢)| is the measured angle between normalized scene flow Ty
(computed by Eq. 8.3) and negative camera translation —T,; and (4) a depth contrast

cost to deal with colinear motion ambituity, computed as

flow
Cdepth = | log( Oprior)l' (86)
Y4

Please refer to the supplement for visuals and more details.

Rectified scene flow inputs: Besides rigidity cost-maps, we find it helpful to also
input raw scene flow measurements, represented as an 8-channel feature map, con-
taining the first frame 3D scene points Py, rectified motion fields Ty, and uncertainty
estimations of flow and optical expansion (o1, 0%2). To compute Py, we back-project
the first frame pixel coordinates given monocular depth inputs; to compute Tgf, we

upgrade optical flow using optical expansion 7,

Tyt = Ko (tHrP1 — Po)s (8.7)

where the second coordinate frame is rectified by rotational homography Hr =
KoR.K;! to remove the effect of camera rotation. F inally, the uncertainty of optical
flow and optical expansion are computed as out-of-range confidence score and Gaussian
variance respectively [89, 301]. Such rectified scene flow inputs are more effective

than 2D optical flow, as empirically tested in ablation study (Tab. 8.4).

Architecture: We use a two-stream architecture: (1) a lightweight U-Net [210]
architecture to predict binary labels for pixels belonging to the (rigid) background
and (2) a CenterNet [331] architecture to predict pixel instance masks. Inspired by
the single-shot segmentation head proposed in PolarMask [289], stream (2) outputs a
heatmap representing object centers and a regression map of K = 36 polar distances at
evenly distributed angles. Intuitively, stream (2) generates coarse instance-level masks
that are refined by pixel-accurate background masks from stream (1). Specifically,

pixels where rigid background and instance predictions disagree are not used for rigid
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body fitting below, and marked as incorrect during evaluation.

Losses: The overall architecture is end-to-end differentiable and can be trained

with standard loss functions,
L= a’lLbinary + a2 Lcenter + a’3Lpolar (88)

where Lyinary is binary cross-entropy loss with label balancing, Leenter is the focal
loss [136, 331] and Lpolar is the polar loss defined in PolarMask [289]. Given ground-
truth contours of M objects, we convert them to polar coordinates quantized as K

rays uniformly emitted from their mass-centers. Then the polar loss is computed as

1 M K
polar = WZZ |di,k _dzkl’ (89)

i=1 k=1

where d* is the ground-truth distance of the k-th ray to the mass-center. Weights
are balanced as 1 = 17% @y =172 and @3 = 177 through grid search.

Rigid body scene flow: Given segmentations of rigid bodies, our goal is to
parameterize 3D scene flow as 3D geometry and transformations of rigid bodies by
fitting flow and depth observations. We provide details in Alg. 1. To find the best
fit of rotations and up-to-scale translations, we estimate and decompose essential
matrices over flow correspondences with RANSAC [79]. To obain a more reliable 3D
reconstruction than back-projected monocular depth, we triangulate flow using rigid
motion estimations for each rigid body, and determine their scales by aligning each
triangulated depth map to monocular depth inputs with RANSAC [241]. Given the

above parameterization, the second frame coordinates are computed as
P1 =3, Si(RiPo + Ty), (8.10)

where S; is a one-hot rigid motion segmentation vector.

8.4 Experiments

Our method is quantitatively compared with state-of-the-art rigidity estimation
algorithms on KITTI and Sintel in Sec. 8.4.1, and then applied to the depth and
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Algorithm 1 Rigid body scene flow (monocular)

Input: Rigid body segmentation maps {Sg, ..., Sy}, flow correspon-
dence (p,p’), first frame depth map Z,,;,, intrinsics (K, K’).

Output: Rigid transformation {(Rg,Tg)..., (Ry,Ty)}, first frame
scene points {Pg,...,Py}.

Normalize coordinates p «— K~ ![p,1]7, p « K '[p’,1]7
Fori=0---N > i = 0 indicates the rigid background
Pi,pi") <« {(P.P),Si(p) =1} > points on the current body
Fit essential matrix E; over (p;, p;’) with 5-pt+RANSAC.
Decompose E; and select the best (R;,T;) by cheirality
check [19].
Triangulate 3D points P; from (p;, p;’) and (R;, T;).
Align Pl@ to Zprior by scale s; with RANSAC.» scale ambiguity
T, «— 5;T;, P; « s;P;
if chom < 4 » when parallax motion is small: supp.mat. Eq. (2)
then T; < 0, P; « Z,,;,,p; > rely on depth prior

Ground-truth moving object mask

‘m

OFlow angle Our rigid motion estimation

Figure 8.4: Comparison on KITTI-SF, image 137. The prefix of each method indicates
the test-time inputs: (VSingle frame. ?Multi-frame with appearance features.
B)Multi-frame without appearance. Our best appearance-based segmentation baseline,
(DMask R-CNN [81] detects all the moving vehicles, but also reports parked cars in
the background. @ CC [199] correctly detects moving cars but also reports the edge
of the road as moving objects. ¥ Geometric segmentation algorithm 20, 286] fails on
the approaching car due to the colinear motion ambiguity, and reports false positives
at the background due to the noisy flow estimation. In contrast, our method
correctly segments both the moving vehicles and the rigid background. Rigid motions
are estimated within each mask and applied to depth and scene flow estimation.
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scene flow estimation tasks in Sec. 8.4.2- 8.4.3. In Sec. 8.4.4 we conclude with an
ablation study.

Dataset: We use KITTI-SF (sceneflow) and Sintel for quantitative analysis. KITTI-
SF [64, 161] features an urban driving scene with multiple rigidly moving vehicles.
Sintel [33] is a synthetic movie dataset that features a highly dynamic environment.
It contains viewpoints and objects (such as dragons) that are rare in existing datasets.
KITTI provides ground-truth segmentation masks for the rigid background and
moving car instances, where the remaining dynamic objects (such as pedestrians) are
manually removed. For Sintel, computing rigid instances masks is an ill-posed problem
since most objects are nonrigid. Instead, we obtain ground-truth rigid background
segmentation from MR-Flow [286]. Both datasets also provide ground-truth depth
and scene flow as well as camera intrinsics.

Implementation: We use MiDaS [198], a state-of-the-art monocular depth es-
timator to acquire imprecise, up-to-scale depth of the first frame as inputs. The
remaining networks are trained without target domain data: optical flow and op-
tical expansion networks are trained using FlyingChairs, SceneFlow, VIPER, and
HDI1K [50, 120, 158, 208]; the rigid motion segmentation network is trained on
SceneFlow [158].

8.4.1 Two-frame Rigid Motion Segmentation

Metrics: Following prior works, we compute background IoU [150, 199] for rigid
background segmentation and object F-measure [46] for rigid instance segmentation.
Only the rigid background segmentation metric is reported on Sintel due to the lack
of rigid bodies ground-truth rigid motion segmentation masks.

Baselines: We group baselines according to test inputs.

(DSingle frame methods. Mask R-CNN with ResNeXt-101+FPN backone is
the most accurate model on MSCOCO provided by Detectron2 [81, 135, 285, 290];
U2Net [195] is a state-of-the-art salient object detector; and MR-Flow-S [286] is a
semantic rigidity estimation network fine-tuned separately on KITTI and Sintel.

() Multi-frame with appearance features. FusionSeg [96] is a two-stream archi-

tecture that fuses the appearance and optical flow features, and we provide SOTA
optical flow on KITTT and Sintel as motion input. COSNet [148] and MATNet [329]
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Table 8.1: Rigidity estimation on KITTI (K) and Sintel (S) without fine-tuning.
(DSingle frame. ?Multi-frame with appearance features. ®Multi-frame without
appearance. The best result under each metric (IoU in %) is in bold. *:For methods
only estimating background masks, we use connected components to obtain object
masks. ¥:Methods trained on target dataset. MR-Flow-S (K) is trained on KITTI,
and MR-Flow-S (S) is trained on Sintel.

Method K:o0bjT K:bgT S:bg?

Mask R-CNN [285]  88.20 96.42  81.98
1) U? (Saliency) [195] 64.80*  93.34  82.01
MR-Flow-S (K) [286] 75.59*  94.70%  76.11
[

MR-Flow-S (S) [286] 11.11*  84.72  92.64%
FSEG [96] 85.08°  96.27  80.22
MAT-Net [329] 68.40*  93.08  77.95
(2) COSNet 1
C[199] 50.87* 8550 X
RTN [150] 34.29*  84.44  64.86

OJO

FSEG-Motion [96] 61.29 89.41 78.25
(3) CC-Motion [199] 42.99 74.06 X
Flow angle [20, 286] 25.83 85.52 74.23

Ours 90.71 97.05 86.72

]
]
]
]
|
48] 66.67*  93.03  80.86
]
]
]
]
]

are SOTA video objection segmentation methods on DAVIS [186]. CC [199] combines
“flow-egomotion consensus score” (similar to our epipolar costs) with a foreground
probability regressed from five consecutive frames, which is then thresholded to obtain
the background mask. RTN [150] uses a CNN to predict rigid background masks
given two RGBD images. For Sintel, we use the ground-truth depth as input; for
KITTI, since the ground-truth depth is sparse, we use MonoDepth2 [72] instead.

B)Two-frame without appearance. We separately evaluate the motion stream of
FSEG and the flow-egomotion consensus results of CC. Following prior work [20, 286],
we implement a classic motion segmentation pipeline that combines the motion angle

and motion residual criteria.

Besides CC, RTN, and the classic pipeline, all baselines are trained or pre-trained
on large-scale manually annotated segmentation datasets that contain common objects

and scenes, while ours is not.

Performance analysis: We show qualitative comparison in Fig. 8.4 and report

results in Tab. 8.1. On KITTI, our method outperforms the most accurate baseline,
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Table 8.2: Monocular depth and scene flow results on KITTI (K) and Sintel (S). D1:
first frame disparity (inverse depth) error. SF: scene flow error (%). The best result
is in bold, and underlined if not trained on the target domain data. On Sintel, we
evaluate on 330 frame pairs with average flow magnitude greater than 5 pixel.

Method K: D1 | K:SF|] S:D1] S:SF|

C[199] 3620  51.80 X X
SSM [87]  31.25  47.05 X X
Mono-SF [30] 16.72  21.60 X X

MiDaS+OE [302]  37.27 44.87 49.89 55.43
MiDaS+Mask  17.33 22.47 39.60 47.40
MiDaS+Ours  16.98 22.19 38.29  46.05

Mask R-CNN, in terms of both rigid instance segmentation and background segmen-
tation. Although Mask R-CNN is trained on common scenes (including driving),
it cannot tell whether an object is moving or static, similar to other single-frame
methods. Therefore, our method compares favorably to Mask R-CNN on rigid mo-
tion segmentation task. On Sintel, our method outperforms all the baselines except
MR-Flow-S (S), which uses the first half of all Sintel sequences for training. If we
compare to MR-Flow-S (K), which is not fine-tuned on Sintel, our method is better.
Finally, among the motion-based segmentation methods, our method is the best on
both datasets, because of our robustness to degenerate motion configurations as well

as noisy flow inputs.

8.4.2 Monocular Scene Flow

We then apply the estimated rigid motion masks to two-frame depth and scene

flow estimation on KITTI and Sintel. Following Alg. 1, we estimate 3D scene flow by
fitting rigid transformations to initial depth and optical flow estimations.
Metrics: Following the convention of KITTI [161], we arrange Sintel as pairs of
adjacent frames, and report the average depth and scene flow estimation performance
on KITTI and Sintel. We report disparity error on both frames (D1, D2), optical
flow error (F1) and scene flow error (SF). To remove the overall scale ambiguity, we
take an extra step to align the overall scale of the predictions to the ground-truth
with their medians [198, 269].
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8. Learning to Segment Rigid Motions from Two Frames

Figure 8.5: Rigidity vs semantic-based segmentation for instance scene flow. Given
instance segmentation masks, scene flow can be optimized by fitting rigid body
transforms within each mask. While semantic segmentation fails to improve scene
flow estimation on the parked cars (in red circle), our rigid motion mask groups the
parked car together with the rigid background and successfully reduces the scene flow

error.

Baselines: We compare against state-of-the-art monocular scene flow baselines.
CC [199] and SSM [87] are representative methods for self-supervised monocular
depth and scene flow estimation that does not make use of segmentation priors at
inference time. Mono-SF [30] trains a monocular depth network with KITTI ground-
truth, and solve an optimization problem given semantic instance segmentation
provided by Mask R-CNN. The above three methods are trained on KITTI and the
results are taken from their papers. OE (optical expansion) [302] learns to predict
relative depth from dense optical expansion, which together with optical flow, directly
yields 3D motion. It is trained on the synthetic SceneFlow dataset, and we use
MiDaS to provide the scale. We also implement a baseline (MiDaS+Mask) that
predicts instance segmentation masks by Mask R-CNN, and follows the same rigid

body fitting procedure as ours.

Performance analysis: We report results on KITTI-SF and Sintel in Tab. 8.2.
First, it is noted our method reduces the disparity error of MiDaS by more than 50%
on KITTI, and 20% on Sintel. Compared to OE, which uses the same monocular
depth input as ours, we are better in all metrics. (SF: 22.19% vs 44.87%), which
demonstrates the effectiveness of our rigid motion mask. Our method also outperforms
the other methods that do not use segmentation priors (CC and SSM). Compared
to Mono-SF, which is trained with ground-truth KITTI depth maps, and uses a
semantic segmentation prior, our method is slightly worse on KITTI. Compared to
Midas-Mask, our method is strictly better on both KITTT and Sintel, indicating the
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8. Learning to Segment Rigid Motions from T'wo Frames

Table 8.3: Stereo scene flow results on KITTI benchmark. D1 and D2: first and
second frame disparity error. Fl: optical flow error. SF: scene flow error. Metrics are
errors in percentage and top results are in bold. *First frame disparity is not refined
by our method.

Method DI1*| D2] TFl| SF|

PRSM [268] 4.27 6.79 6.68 8.97
OpticalExp [302] 1.81 4.25 6.30 8.12
DRISF [152] 2.55 4.04 4.73 6.31

Ours Mask R-CNN  1.89 342 426 5.61
Ours Rigid Mask 1.89 3.23 3.50 4.89

benefit of using our rigid motion masks versus appearance-based masks.

8.4.3 Stereo Scene Flow

Our method is also able to take advantage of reliable depth sensors, such as
stereo cameras, to produce better two-frame rigid motion segmentation and scene flow
estimations. To take advantage of stereo inputs, we make two algorithmic changes.
First, we triangulate stereo disparities as the depth input to the segmentation network.
Second, we refine each rigid body transformation by solving a perspective-n-point

problem (via LM optimization):

i 2
R/ Th) Zjl 1P — 7 (RiPy; + T, (8.11)

where 7(-) is a projection function, P; ; is the j-th point from the i-th rigid body, and
pl’.’j is the second frame flow correspondence. We use the results of Alg. 1 as initial
values and update rigid body transformations for 20 iterations.

Implementation: We use off-the-shelf networks that are fine-tuned on KITTI-SF
to estimate stereo disparity and optical flow [302, 321]. We also fine-tune our rigid
motion segmentation network by mixing KITTI-SF and SceneFlow datasets. The
performance is reported on the KITTI benchmark.

Baselines: Our method segments rigid motions based on two-frame rigidity and fits
rigid body transformations over depth-flow correspondences, which is used to update
the second frame depth and flow estimations. Among the baselines, OE [302] uses the

same architecture (as in the monocular setup) fine-tuned on KITTT to upgrade optical
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8. Learning to Segment Rigid Motions from Two Frames

Table 8.4: Diagnostics of rigid body motion segmentation on KITTI-SF. Dignostics
in the second group are sequential.

Method K:objT K:bgT S:bg?
Reference 89.53 97.22  84.63
(Dw/o cost maps 88.66 96.59 76.81
) /o uncertainty 85.09 95.72 77.25
3)w /o monocular depth 84.46 94.84 76.14
M w/o expansion (MoA [21])  81.28 95.50  77.00
®)w /o learning [20, 286] 25.83 85.52  74.23

flow to 3D scene flow. Same as ours, GA-Net stereo and VCN optical flow are used
as inputs. PRSM [268] segments an image into superpixels, and fits rigid motions to
estimate piece-wise rigid scene flow. Given semantic instance segmentation [81], depth,
and optical flow, DRISF [152] casts scene flow estimation as an energy minimization
problem and finds the best rigid transformation for each semantic instance. The key
difference between our method and DRISF is that we use rigid motion segmentation

masks.

Performance analysis: As reported in Tab. 8.3, our method demonstrates state-of-
the-art performance on KITTI scene flow benchmark (SF: 4.89 vs 6.31). If we replace
the segmentation masks with semantic instance segmentation, i.e., Mask R-CNN,
the performance drops noticeably (SF: 4.89% to 5.61%). As illustrated in Fig. 8.5,
our method successfully groups the static objects (e.g. parked cars) with the rigid
background, which effectively improves scene flow accuracy by optimizing the whole
background as one rigid body, while semantic instance segmentation methods fail to

do so.

8.4.4 Diagnostics

We ablate critical components of our approach and retrain networks. Results are
shown in Tab. 8.4. We validate the design choices of using Vexplicitly computed
rigidity cost-maps inputs, P uncertainty estimation inputs, ®monocular depth inputs,
optical expansion that upgrades 2D optical flow to 3D, and ® our rigid motion
segmentation network. URemoving rigidity cost-maps leads to a slight drop of
accuracy on KITTI, and a significant drop on Sintel (84.63% to 76.81%). This
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indicates the cost map features are crucial for Sintel, possibly due to complex camera
and object motion configurations, in which cases explicit geometric priors are helpful.
(2)Removing uncertainty inputs leads to a noticeable drop of performance on KITTI
(88.66% to 85.09%). We posit uncertainty estimation contains rich information about
motion distribution, and is therefore useful for segmentation. (¥Further removing
monocular depth inputs leads to an accuracy drop on all metrics, especially on KITTT,
which shows the importance of using depth cues to deal with collinear motions in
autonomous driving scenes. (Y After further removing optical expansion, our method
degrades to MoA-Net [21]. The performance drops noticeably on KITTI rigid instance
segmentation metric (84.46% to 81.28%), which indicates optical expansion is useful
for segmenting foreground objects. ®Lastly, if we directly apply the rigidity cost
maps with manually-tuned thresholds to decide the background region without the
neural architecture and learning, the method becomes worse in all metrics due to the

loss of robustness to noisy inputs and degenerate motion.

8.5 Conclusion

We investigate the problem of two-frame rigid body motion segmentation in an
open environment. We analyze the degenerate cases in geometric motion segmentation
and introduce novel criteria and inputs to resolve such ambiguities. We further
propose a modular neural architecture that is robust to noisy observations as well
as different motion types, which demonstrates state-of-the-art performance on rigid

motion segmentation, depth and scene flow estimation tasks.
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Part V

Conclusion and Future works
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In this thesis, we explore building 4D models of generic deformable objects and
dynamic scenes from monocular videos. We start by reconstructing deformable objects
from a single video and gradually move to multiple videos, different instances, and
dynamic scenes. Finally, we show that offline-reconstructed 4D models can be distilled
into efficient neural architectures for real-time inference. Beyond what we have shown,
more work needs to be done to improve the quality, robustness, and efficiency. We

summarize the lessons we learned and point out potential future directions.

1. Rotation registration. In the works we have discussed, the most common
cause of optimization instability is object rotation (a.k.a. viewpoint) errors. This
coincides with the classic analysis of shape and motion ambiguities [3, 245], which
is magnified in the nonrigid case. Even with a carefully designed optimization
routine, we find it is important to properly initialize the camera rotation (e.g.,
less than 60 degrees of error) to ensure convergence. In practice, we train
viewpoint estimators to initialize rotation for humans and quadruped animals
and use sparse manual annotation for the other categories. Although this works
well for common cases, it would be interesting to develop a method to register
arbitrary objects with as few manual annotations as possible. One approach
is to train a generic viewpoint estimator [323] to initiate the camera rotations.
Another approach is to improve the modeling such that the optimization is

robust to rotation errors.

2. Fine-level reconstruction. Our method reaches state-of-the-art reconstruc-
tion quality for cats, dogs, and humans in terms of mid-level reconstruction,
but fine details are still missing, such as face and hands. This is expected as for
one, we use low-resolution (256x256) images of color, flow, and features etc. to
keep storage manageable; and second, although important for social interaction,
those body parts only account for a small portion of the input pixels, which
might not contain enough information to recover the details. Besides scaling
up the input resolution, one thought is to leverage existing models trained
for specific parts [104]. A seemingly more scalable approach is to fine-tune
a pre-trained full-body model with domain-specific data, such as imagery of

hands and faces.

3. Scaling up. We have shown the possibility of distilling offline-optimized 4D
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models into efficient feed-forward architectures. Compared with our optimization-
based methods, feed-forward models are hundreds of times faster but less accu-
rate. To improve the quality of feedforward models, one approach is to perform
test-time optimization [119], which finds a middle ground between the two
paradigms. Another approach is to scale up the training data, which urges a

better design of the optimization pipeline and requires more system efforts.

4. Unified models. We have shown the results of reconstructing individual
categories of humans, cats, dogs, and cars. However, there are outliers instances
that appear on the semantic boundary of different categories. For instance, a
human wearing a cat costume could be classified as a cat or a human. This
argues for a unified representation where the model could interpolate attributes
of different categories to borrow shared structures, which would potentially

improve robustness at test time.

5. Physical models. In PPR [310], we couple differentiable rendering with differ-
entiable physics simulation and build a pipeline to estimate physics quantities
from monocular videos. Our choice of the physical model (e.g., rigid body
dynamics and contact) allows for efficient forward simulation, but at the same
time, limits our methods to specific scenarios (terrestrial creatures making
contact with the ground). Although it seems promising to apply PPR to other
scenarios (e.g., soft bodies, marine animals) by replacing the forward physics
model, it remains an open problem how to extend the forward simulation to
handle generic dynamics and contact, as they are governed by different types of

physics equations.

Outlook. Beyond geometry and motion, there are higher-order quantities that govern
the generation process of the world we observe every day, such as forces, the intent
of agents, and even neural activities. Building models that faithfully represent the
structures and dynamics of the world is a grand goal that would revolutionize the way
we live and work. Although solving these latent structures is challenging due to their
high-dimensional and unobservable nature, analysis-by-synthesis with differentiable
engines and data-driven priors seems a promising way to constrain the problem, which
leverages large scale less-structured data and a deep understanding of their internal

mechanism.
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Appendix A

Notations

A.1 Notations for Chapter. 2

A summary of the notations is listed in Tab. A.1.

A.2 Notations for Chapter. 4

We refer readers to a list of notations in Tab. A.2 and a list of learnable parameters
in Tab. A.3.
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A. Notations

Table A.1: Table of notations used in this work.

Symbol Description
Measurements Y*
I; Input RGB image at time ¢
S; Input or measured object silhouette image at time ¢
uf Input or measured forward optical flow map from time ¢ to ¢+ 1
u; Input or measured backward optical flow map from time ¢ to t — 1
Renderings Y

I, Rendered color image of the object at time ¢
S, Rendered object silhouette image at time ¢
af Rendered forward optical flow map of the object from time 7 to ¢ + 1
a, Rendered backward optical flow map of the object from time f to r — 1

Variables
fi Focal length of the camera at time ¢
K Intrinsic matrix of a simple pinhole camera (with zero skew and square pixel) at time ¢
Rot Object root body rotation matrix € SO(3) at time ¢
Tot Object root body translation vector at time ¢
Got Object root body transformation at time 7, Gog = ([c|c]Ro To) ¢
R; Bt Bone rotations from the rest pose to time ¢
Ti. Bt Bone rotations from the rest pose to time ¢
Gi. Bt DBone transformations from the rest pose to time 7, Giy = ([c|c]R; T)¢.i € {1...,B}
Dy Union of camera and bone transformations {Gog, ..., Gt}
Py Projection matrix of the camera at time 7, Py = K(Go
AVy Vertex motion from the rest shape to time ¢

Parameters X

(px,py) Principal point of the camera
V; Position of the i-th vertex of the mesh in the rest pose (or mean shape)
C; Color of the i-th vertex of the mesh
S Union of all mesh parameters, S = {V, C, F}
Jb Position of the center of the b-th bone (or Gaussian component)
Q Precision matrix of b-th bone (or Gaussian component)
W Skinning weights matrix, W={J, Q}
Ow Weights of the convolutional camera and pose network
n* Normal vector of the symmetry plane in the canonical frame

Constants
T Number of frames in the input video
M Number of faces in the mesh
N Number of vertices in the mesh
B Number of bones for LBS
F Faces of the mesh
B Weights between the losses
H Householder transformation matrix describing reflection about the y-z plane
ny Unit vector towards to the x axis

Others

SO0 Training stage 0: optimize for {¢, (fi, Goy), px, py,n*, V, C}
S1-3 Training stage 1 to 3: optimize for {¢,,(f;, Go.Bt), Px, Py. 0", V,C,J,Q}
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A. Notations

Table A.2: Table of notations.

Symbol Description
Index
t Frame index, t € {1,...,T}
b Bone index b € {1, ..., B} in neural blend skinning
i Point index b € {1,...,N} in volume rendering
Points
X Pixel coordinate x = (x,y)
X! 3D point locations in the frame ¢ camera coordinate
X* 3D point locations in the canonical coordinate
X* Matched canonical 3D point locations via canonical embedding
Property of 3D points
ceR? Color of a 3D point
oceR Density of a 3D point
Y e RIS Canonical embedding of a 3D point
W e R5 Skinning weights of assigning a 3D point to B bones
Functions on 3D points
W-—(X") Backward warping function from X’ to X*
W = (X*) Forward warping function from X* to X'
S(X,wp)  Skinning function that computes skinning weights of X under body pose wy
Rendered and Observed Images
c/c Rendered/observed RGB image
o/s Rendered /observed object silhouette image
F|F Rendered/observed optical flow image
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A. Notations

Table A.3: Table of learnable parameters.

Symbol Description

Canonical Model Parameters
MLP, Color MLP
MLPspr  Shape MLP
MLP, Canonical embedding MLP

Deformation Model Parameters
A" e R¥3  Scale of the bones in the zero-configuration (diagonal matrix).
V0 e R¥3  Orientation of the bones in the zero-configuration.
CleR? Center of the bones in the zero-configuration.
MLP, Delta skinning weight MLP
MLP¢ Root pose MLP
MLP; Body pose MLP
Learnable Codes

w) € R!?8  Body pose code for the rest pose
w) € R!?®  Body pose code for frame ¢
w! € R Root pose code for frame ¢
w!, € R%  Environment lighting code for frame ¢, shared across frames of the same video

Other Learnable Parameters
U CNN pixel embedding initialized from DensePose CSE
a; Temperature scalar for canonical feature matching
B Scale parameter that controls the solidness of the object surface
IT € R*3  Intrinsic matrix of the pinhole camera model
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