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Abstract
Robots operating in human environments need to perform a variety of dexterous

manipulation tasks on object arrangements that have complex physical support rela-
tionships, e.g. procuring utensils from a large pile of dishes, grabbing a bottle from
a stuffed fridge, or fetching a book from a loaded shelf. The cost of a misjudged
extraction in these situations can be very high (e.g., other objects falling) and there-
fore robots must be careful not to disturb other objects when executing manipulation
skills. This requires robots to reason about the effect of their manipulation choices
by accounting for the support relationships among objects in the scene. Humans do
this in part by visually assessing the scene and using physics intuition to infer how
likely it is that a particular object can be safely moved. Inspired by this human ca-
pability, we explore how robots can emulate similar vision-based physics intuition
using deep learning based data-driven models.

We formulate our research problem as a scene understanding task for visually
assessing the feasibility of extraction from an arrangement of objects. We focus
on data-driven approaches that assess possible object interactions with only a few
glimpses of the scene. Ongoing work has shown that deep convolutional neural net-
works can learn intuitive physics over images generated in simulation and determine
the stability of an arrangement of objects in the real world. We extend these physics
intuition models to the task of assessing safe object extraction by conditioning the
visual images on speci�c objects in the scene using object masks. Our method iden-
ti�es which objects can be safely extracted, from which direction to extract them,
and the potential impact such extraction will have on nearby objects. Our results,
in both simulation and real-world settings, show that physics intuition models using
our proposed method can successfully inform a robot's actions during object ex-
traction. We compare the performance of our method against simulation-based and
geometry-based assessment methods and highlight their pros and cons for their ap-
plication to the task of assessing safe object-extraction. Furthermore, we show that
using aggregation techniques to combine multiple views, we can obtain a uni�ed
visual assessment that improves the model's predictive performance.
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Chapter 1

Introduction

1.1 Motivation

Robots operating in human environments need to perform a variety of dexterous manipulation
tasks on object arrangements that have complex support relationships, e.g. procuring utensils
from a large pile of dishes, grabbing a bottle from a stuffed fridge, and fetching a book from a
loaded shelf. Such arrangements are common occurrences in human spaces and can be either
accidental (Figure 1.1a) or deliberate (Figure 1.1b). The cost of a misjudged extraction in these
situations can be very high as it may lead to the other objects falling and being damaged. There-
fore, robots must be capable of assessing whether an object can be extracted without changing
the con�guration of adjacent objects.

Humans are pro�cient at safe manipulation in part because they can visually assess their
surroundings and use physics intuition to judge how likely it is that a particular object can be
manipulated safely, i.e., without causing disruption to the con�guration of other objects in the
scene. This allows humans to make ef�cient, yet safe judgment calls. For example, instead of
clearing the entire stack of cans in Figure 1.1b to get to a desired lower level can, humans can
infer the likelihood of success for directly extracting the target can, thereby enabling a cost-
bene�t assessment on different approaches. Similarly, in the presence of a multitude of options
around which can to extract, humans can selectively avoid cans that are critical to supporting the
arrangement. We may be hopeless at explaining our exact reasoning as to how the center of mass
of the pile shifts after the extraction, but we can make remarkably accurate judgments with just
a few glances at a scene.

(a) Accidental arrangements of objects [6]. (b) Deliberate arrangements of objects [4, 5].

Figure 1.1: Can robotsvisually assesswhich objects from these common object arrangements
can besafely extracted, i.e., without disturbing the con�guration of the remaining scene?
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Existing research in psychology explores this phenomenon and points towards an intuitive
physics engine that each human implicitly develops over time as we experience and understand
interactions in the world [11]. Human intuitions are initially imperfect but signi�cantly improve
with experience and acquired knowledge [21]. While this is largely subjective, our daily inter-
actions with the real world help us develop a basic physics intuition that makes us remarkably
ef�cient at common manipulation tasks. In particular, this human generalized physics model of
the world helps us in quickly �ltering out unsafe and dangerous manipulation choices, particu-
larly for assessing the stability of a scene. The game of Jenga [7] is a classic example where
we witness a playful display of this skill as human players carefully pick only a few potentially
safe candidate blocks to extract. This model, in turn, makes humans smart responders by making
their actions more targeted, yet safe at the same time.

As robots encounter dynamic object arrangements in human spaces and are increasingly ex-
pected to be capable of common-sense physics reasoning during their decision making, their
ability to assess a scene, reason about which parts of the scene can be safely manipulated using
current skills, and communicate this assessment to a human becomes an important part of their
autonomy. In this work, we develop and show that vision-based physics intuition improves robot
attempts to safely extract objects using only a few initial glimpses of a scene.

1.2 Problem Description

Object extraction has been explored in great depth in the robotics community [16, 25, 49]. Inter-
estingly, a common assumption made in many of these works is that the state of the environment
can be changed or even ignored while extracting the target object; i.e., obstacles in the path of a
robot to the target object can be cleared or disregarded as static obstacles. This is because ma-
nipulation tasks here assume either objects are present in physical isolation or lying on a planar
surface where there is no need to prevent objects from falling. As discussed in the previous sec-
tion, this assumption does not necessarily hold when operating in human spaces and disrupting
the scene arbitrarily is not always ef�cient or safe. Hence we seek to answer the question: “How
can robots safely perform ef�cient manipulation skills on object arrangements displaying com-
plex support relationships?” We particularly seek to �nd solutions that are generalizable across
a range of manipulation tasks and can be easily adopted by existing robots.

In the domain of safe manipulation, there exists research that uses specialized policies learned
by robots equipped with multiple sensors to actively evaluate the stability of the scene for such
non-disruptive object extraction. Early work [36, 65] uses force sensors and cameras to register
large motions in a Jenga tower and evaluate if applying a pulling action on a random block is
disruptive. Fazeli et al. [19] takes this idea one step further and learns over these visual and
tactile measurements in the real world to identify which blocks are hard or easy to move while
performing the block extraction. While these approaches show remarkable pro�ciency at object
extraction, the interactive policy used is very speci�c to the robot and sensors and not easily
transferable to other robots and tasks. It would be extremely useful if these robots could still
assess a scenario using commonsense physics reasoning irrespective of their existing capabilities
and across different tasks. As RGB-D cameras are one of the most common sensors available in
most robotic systems, we seek methods that can use RGB-D images to assess the stability of an
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arrangement of objects to provide a judgment about questions like:“Will the scene remain stable
upon extracting this object?”, “In which direction should we extract the object?”, and“Which
objects will move if I extract the object?”. We refer to the act of making these judgments as
“Visual Assessment”.

We assume a risk-averse and conservative safe object extraction setting where a robot has
two objectives: (1) procuring an object and (2) not disturbing the con�guration of other objects
in the environment. An interesting approach is to separate the models for each of these objec-
tives, independently assessing the primary objective of procuring an object and the secondary
objective of adhering to environmentally imposed safety constraints. [10]. While the primary
objective can be carried out in multiple ways depending on the capabilities of the robot, it is the
role of these independent models to guide the robot in selecting a way that also adheres to the
secondary objective of safety. We refer to these independent models that capture the inherent
physics constraints of the system as “Physics Intuition (PI)” models. This is in contrast to the
previously described approaches that incorporate the safety constraint directly in their learned
policy.

Figure 1.2: Visual assessment can be represented as a sequence of steps (boxes): (a) perceive the
sensor data, (b) obtain the geometric information of the objects, (c) simulate the extraction and
(d) make the assessment. Approaches towards creating physics intuition models can be classi�ed
on the basis of the subsequence of steps (arrows) explicitly carried out in the pipeline.

Exploring independent physics intuition models for assessing safe manipulation is currently
an active avenue of robotics research. We can organize existing approaches into three broad

3



sequential categories, as depicted in Figure 1.2.
1. Simulation-Based Physics Intuition: A number of methods use physics simulators. A

physics simulator is a computer algorithm to solve dynamic equations and predict the fu-
ture states of objects by performing the computations on discretized real-world quantities
[18]. at test time to model the interaction and transition of states among objects. By
performing a roll-out of their intended manipulation skill, robots can infer the cost asso-
ciated with its execution. While these methods are highly accurate, they rely on having
a robust perception pipeline to gain full geometric information of a scene (6-D poses of
objects from a �xed frame of reference) and further require access to physics simulators to
perform repeated roll-outs during test time.

2. Geometry-Based Physics Intuition: Instead of performing roll-outs using a physics simu-
lator, some methods perform a static analysis of the perceived arrangement of objects using
geometric reasoning. These geometric rules are de�ned by hand and are often speci�c to
the characteristics of the objects in the scene. Similar to simulation-based assessment,
these methods rely on having full geometric scene information. In contrast, these methods
do not need to perform a test-time simulation.

3. Learning-Based Physics Intuition: Contrary to the previous assessments, learning-based
methods are data-driven and try to directly map observations to predictions around stability
or spatial relationships. Although these methods often require manually labeled datasets
and/or hand-crafted features from a perception pipeline to obtain a suf�cient level of accu-
racy and generalizability, they show great potential to provide the quick and robust infer-
ence that is necessary for real-world assessment. This is primarily because these methods
are capable of operating without any explicit physical simulation or precise geometric in-
formation of all of the objects in the scene at test time.

In this work, we explore a learning-based approach for creating physics intuition models
using deep neural networks trained in simulation. More recently, due to the emergence of re-
alistic physics engines and simulators, generating labeled synthetic training data has become
increasingly convenient. Simultaneously, due to the rising effectiveness of deep neural networks,
learning robust representations of physical scenes that bolster higher-level understanding of ob-
ject relationships has become an active area of research. In the last few years, researchers have
employed deep neural networks to approximate physics simulators and reason about the stability
of a scene directly from visual inputs [23, 37, 38]. These data-driven approaches greatly alleviate
the need for explicit object modeling by using the richness of simulated passive observations to
approximate the physical properties of complex scenes. In particular, [23, 38] showed that the
learned physics intuition models went beyond a passive assessment of stacked towers as stable
or unstable. Their approach was actively able to guide stacking tasks and even derive meaningful
affordances, such asstackabilityof individual blocks. In contrast, we build deep learning-based
physics intuition models that can visually assess complex object arrangements from multiple
views and provide a physics intuition around safe object extraction (orextractability of each
object).

4



1.3 Contributions

The key contributions of our work are:
1. We introduce a pipeline to implement learning-based physics intuition models for non-

disruptive object extraction by adding a target conditioning variable in the form of an
object mask while training the models.

2. We speci�cally explore performing visual assessment around: (i) Which blocks can be
safely extracted? (ii) In which direction can they each be extracted? and (iii) Which
blocks will be affected if we extract a particular block?

3. We demonstrate the effectiveness of our method in both simulation and real-world settings
on a curated multi-view dataset of table-top block scenes consisting of homogeneous rigid
cuboid blocks of known mass and dimensions.

4. We compare the performance of our method against simulation-based and geometry-based
methods for application to the task of assessing safe object-extraction.

5. We further analyze various aggregation techniques to combine physics intuitions over mul-
tiple views to obtain a uni�ed visual assessment.

1.4 Outline

The rest of this thesis is structured as follows: Chapter 2 presents an overview of previous work
on physics intuition models using simulation-based, geometry-based, and learning-based tech-
niques. We especially focus on deep learning based methods that operate directly on simulator
generated images. In Chapter 3, we formalize our scene understanding problem and sequentially
walk through the design of our physics intuition models for performing skill-agnostic (“Which
blocks can be safely extracted?”) and skill-speci�c (“In which direction can they be extracted?”)
visual assessment from multi-views of a scene. We brie�y talk about our effect-mask prediction
model that provides an intuition around “Which blocks will be affected if we extract a particu-
lar block?”. In Chapter 4 we dive deep into the methodology around curating our datasets and
training our models and in Chapter 5 we present our experimental results evaluating the afore-
mentioned methods and describe the baselines and metrics used. Finally, in Chapter 6 we discuss
the limitations of our methods and discuss future work to address them.
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Chapter 2

Related Work

2.1 Geometry-Based Methods

Traditionally, researchers have used explicit geometry and kinematics-based techniques to infer
support-order among objects in the scene. Kartmann et al. [31] recreates real-world scenes in
simulation by �tting primitive objects onto 3D point clouds. Their approach computes support
relationships on the obtained primitive shape arrangements using rules de�ned by Static Equi-
librium Assessment (SEA), as proposed by Mojtahedzadeh et al. [41]. Along similar lines, there
exist other explicit, rule-based approaches for safe deconstruction of object piles [32, 46]. One
drawback of these methods is that the hand-crafted rules are often highly speci�c to a collec-
tion of objects, the range of their physical properties and the expected support relationships.
For example, Kartmann et al. [31] adds a rule-based support-polygon assessment on top of the
act relations [41] to account for top-down object support relationships. This makes them dif�-
cult to scale across different domains without explicitly changing the underlying rules manually.
Another obvious drawback of these methods is their reliance on the availability of complete geo-
metric information of the scene (6-D pose of each object) in order to provide accurate inferences.

2.2 Simulation-Based Methods

Another body of work uses on-board physics simulators to roll-out a scene in time to infer the
future state of objects after the target object has been manipulated. These methods often need to
trade accuracy for inference time [70] and require complete geometric information of the scene.
Battaglia et al. [11] use noisy approximate simulations and Bayesian modeling for doing fast
physical inference. Another work by Wagner et al. [64] deals with a question quite similar to
ours in that it tries to answer “what if” questions for physical scenes. They parse the questions
and generate answers using a data-driven model, although the inference of future states directly
uses an internal physics engine. Recent work Bejjani et al. [12] employs a physics simulator
for look-ahead planning in the image space for constrained manipulation of simple, isolated,
planar objects. Moll et al. [42] uses a physics engine to evaluate possible complex multi-body
dynamical interactions interactively during test time.
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2.3 Learning-Based Methods

2.3.1 Learning Spatial Relationships

Another line of research tries to �nd the support relationships among objects in a scene di-
rectly from images through supervised learning or non-monotonic reasoning over hand-crafted
features of individual objects, such as centroid distance, depth boundary, proximity, and con-
tainment [41, 47, 57]; 3-D planes [55]; base width, number of blocks, and presence of balanced
top [50]; and contact points [51]. Likewise, previous work [35] learns spatial preconditions for
manipulation skills by learning computational models using objects, parts and their interactions
(represented by their mean 3D position). Other work [24, 30, 53] builds physically plausible
scene representations by modeling the world as cuboids and reasoning about the support struc-
ture and occluded regions. In contrast to these approaches, we explore learning features directly
from simulator-generated images without assuming any intermediate predetermined form.

2.3.2 Image-Based Intuitive Physics

Early work by Lerer et al. [37] uses a feed-forward visual model to predict the stability and falling
trajectories for simple block towers from images. Some [23, 38] propose a similar model, but
with the purpose of guiding block stacking. Groth et al. [23] sample candidate positions on the
surface of an object and guides the construction of the tower by picking the candidate that leads
to the highest stability score over the “hallucinated” scene from their learned physics intuition
model. Similarly, [38] hallucinates sample candidate positions on the images themselves instead
of sampling candidate positions in simulation. This makes exploiting the physics intuition mod-
els in the real world much more viable. However, they perform the training as well as candidate
sampling on binary-valued foreground masks of the scene, which limits the generalizability of
the method to complex, real-world scenes.

Our work differs from [23, 38] in that we try to learn physics intuition models that capture
a notion of safe object extraction instead of stacking. Similar to [38], we try to sample candi-
date objects to remove by directly hallucinating object extractions in the images. However, our
approach accounts for the visual complexity of the cluttered scenes by adding a separate condi-
tioning variable in the form of a single object mask alongside the RGB images during training.
As with [23], we use multiple views of the scene to make predictions but perform a more com-
prehensive analysis of various methods to aggregate these predictions in a signi�cantly more
occlusion sensitive setting.

There exists a plethora of ongoing research that aims to accurately model the physics dynam-
ics of a scene by framing it as a future object state [14, 20, 66, 67], image frame [29, 69], or
object trajectory [13, 33, 43, 44] problem. Our work focuses on using passive observations in the
form of images with no access to previous frames. This approach excludes object supervision
beyond object masks, and makes object-level predictions of a high-level property (extractability)
of the system. Although it is worth noting that [44] also uses object masks to make predictions
about the trajectory of an object in the image space. We make predictions about the stability of
the remaining scene after removing the target object, rather than predicting the trajectory of the
object of interest.
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Chapter 3

Approach

3.1 Predicting Plausible Object Extractions

Learning physics intuition models is a supervised learning task. By changing the traditional
image class labels to stability labels, we learn a physics intuition model over a large number
of images of scenes (i.e., arrangements of objects). We obtain the stability labels (stableor
unstable) for these images by running simulations of an object extraction scenario in a physics
simulator. Formally put, the objective is to learn a mappingf that, given an imageI of the initial
con�guration of a sceneS (consisting ofn objects de�ned asf s1; s2: : : sng), can provide the
stability predictionP(S), which is a probability value between 0 (unstable) and 1 (stable).

f : I (S) ! P(S) (3.1)

3.1.1 Target Object Conditioning

We note that in the above formulation, the model is unable to naturally provide inferences about
individual objects in the scene, i.e., it is unable to answer “What is the stability of the scene after
removing objectsi ?”. One way to answer this question in the current setting is to remove the
corresponding object from the scene and get the inference from the same function mappingf .

f : I (S n si ) ! P(S n si ) (3.2)

ComputingI (Snsi ) at test time is non-trivial as it requires a robot to hallucinate the removal
of an object from an image. As a simple solution to resolve this issue and adapt the model for
object extraction tasks, we propose to generate only stable scenes to train our physics intuition
models and, in each scene, remove a block and obtain the stability label for the resulting con�g-
uration. The corresponding segmentation masks of objectsi in imageI are de�ned as� (si ). We
add these masks to the above mapping function, thereby conditioning the obtained probability
value on the object (i ) to which the mask corresponds, as depicted in Figure 3.1.

f : I (Sj� (si )) ! P(S n si ) (3.3)
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Figure 3.1: The binary mask of a target object is used as an another channel to the RGB-D input.
The output corresponds to whether or not the scene remains stable after removing the object.

A target object mask is the only external input passed as an additional channel alongside
the RGB-D image to the physics intuition model (making it RGB-DM). Due to the availability
of large datasets, high performance GPUs and modern deep learning approaches for instance
segmentation [27, 48], state-of-the-art models have become remarkably accurate and easily ac-
cessible [72]. In practice, we can obtain the segmentation masks over target objects in real time
by �ne-tuning existing models on our class of objects. However, in this work we obtain these
masks directly from the simulator during training and use Mask R-CNN [27] and color thresh-
olding [39] to aid annotating our real-world dataset in an of�ine manner.

3.1.2 Aggregation Over Multiple Views

We may obtain different predictions for the same scenario from different camera angles because
of occlusion from objects in the scene and the inability of a single 2D image to capture all relevant
3D information in the scene. For camera anglek,

f : I k(Sj� k(si )) ! Pk(S n si ) (3.4)

Therefore, it is important to account for multiple views of a scenario and obtain an accurate
assessment of the scene in order to generate a single prediction. A common choice for capturing
this mapping,f , has been deep convolutional neural networks [23, 37, 38], which consist of
a feature extractor module (multiple convolution layers, CNN) followed by a classi�er module
(multiple fully connected layers, FNN). We explore two ways of performing aggregation overK
views of a scenario in the context of these deep convolutional neural networks.

- Pre-training: As �rst proposed in [58], we modify our model architecture during training
to compute the feature representations over all available views (regardless of their order)
and use view pooling to get an aggregated representation of the scene. This representation
is then passed on to the classi�er module to make a single prediction. See Figure 3.2.

f : f I 0(Sj� 0(si )) :::I K (Sj� k(si ))g ! P(S n si ) (3.5)
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Figure 3.2: Pre-training multi-view aggregation: A single inferencey is made on all views of the
scenario. View-pooling is an element-wise maximum operation across the views in the layer.

- Post-training: In contrast to pre-training, aggregation takes place on the image features;
the other alternative is to aggregate the individual predictions. We use a function mapping
g that combines the predictions obtained over multiple views from the existing modelf
(refer to eq. 3.4) using an aggregation method	 . In our case, we evaluate mean, median,
mode, maximum and minimum as potential candidates for this aggregation function. See
Figure 3.3.

g : 	( f P0(S n si ):::Pk(S n si )g) ! P(S n si ) (3.6)

Figure 3.3: Post-training multi-view aggregation: Inferences for each view are made on the
scenario and are aggregated to provide a single inferencey.
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3.2 Predicting the Extraction Direction

Up to this point, our formulation only accounts for predicting whether a particular object can
be safely removed from the scene and does not account for a robot's skill/capabilities; i.e., our
inference functionf is skill-agnostic. We propose to extend this assessment and enable our
physics intuition model to answer“How should the object be extracted from the scene?”. In
order to obtain thisskill-speci�c model, we account for the robot's skill during the generation of
the stability labels. We parameterize a robot's skill in an object-centric manner; that is, for object
extraction, we parameterize a robot's skill as a set of discrete extraction directions. We de�ne
5 discrete skills as[Extract Up (UP), Extract Forward (FW), Extract Backward (BK), Extract
Left (LF), Extract Right (RT)]with respect to the table in the scene. To avoid visual ambiguity,
we choose camera views from only one side of the table that uniquely identify each extraction
direction. For learning the skill-speci�c models, we reformulate our problem from a logistic
regression problem with a single label (in the skill-agnostic case) to a multi-variate regression
problem with �ve labels, as shown in Equation 3.7.

f : f I 0(Sj� 0(si )) :::I K (Sj� k(si ))g !

2

6
6
6
6
4

PUP (S n si )
PF W (S n si )
PBK (S n si )
PLF (S n si )
PRT (S n si )

3

7
7
7
7
5

(3.7)

In our simulation experiments, we move the target object (canceling out all forces) in each of
the aforementioned 5 directions to obtain the ground truth labels for each skill. The con�guration
of remaining objects in the scene at the end of simulated extraction will also depend on physical
properties of the objects that are not visually perceivable, such as mass and material friction. We
assume knowledge of the mass of the blocks and collect the stability labels for each scene using
3 different values of friction coef�cients. We then examine two cases: (1) where we assume
the knowledge of the friction coef�cient and use the ground-truth labels as binary variables, and
(2) where we assume a uniform prior over three sampled friction settings and use the ground-
truth labels as continuous values between 0 and 1 (Figure 3.4). For example, when evaluating
the probability of extracting a block in the forward direction, we obtain the continuous label, as
depicted in equation 3.8.

yF W (S n si ) =
X

f 2f low;medium;high g

yF W (S n si jF = f )P(F = f ) (3.8)

We expect this visual assessment will enable robots to select safe object extraction strategies
by re-orienting themselves with respect to the object arrangement or assessing if they are capable
of performing the extraction at all. For example, a robot like a Rethink Robotics Baxter may be
able to pick up objects robustly but have limited capability to horizontally manipulate objects. In
contrast, a Kinova arm may be robust at pushing and pulling objects horizontally but may not be
able to pick them effectively from the top of the tower.
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