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Abstract
Rigid body systems are among the most impor-
tant subjects of study in physics and are widely
applied in both simulated and real-world applica-
tions. As suggested by theory of classical mechan-
ics, the motion of a rigid body system is strongly
governed by its geometric constraints, i.e. how
different rigid components are connected and al-
lowed to move with respect to each other. Ex-
tracting these information from observations and
applying them to the system’s dynamics model-
ing are important steps towards a deeper and more
structured understanding of the physical world. In
this work, we propose a computational framework
that both extracts the geometric constraints and
models the forward dynamics of rigid body sys-
tems starting from raw pixel observations. Our
model first extracts a hierarchical representation,
facilitated by keypoints and their groupings, for
describing the system’s constraints from visual ob-
servations in an unsupervised fashion. Then, a dy-
namics model aware of these constraints is applied
to predict the forward dynamics of the state rep-
resentation. Finally, a reconstruction network re-
covers the visual frames from the predicted states.
Experiment results on classic rigid body control
environments show our model is able to accu-
rately infer the constraints, and geometry-aware
dynamics modeling leads to more accurate and
physically sensible future predictions.

1. Introduction
Building machines that are able to understand the physical
world from visual observations has been a long-standing
goal in artificial intelligence. Many recent research works
focus on studying forward prediction models that operate
on the physical states, aiming for making future predictions
of the states and perform reasoning based on the outcome
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(Chen et al., 1990; Battaglia et al., 2013; 2016). These mod-
els, while achieving remarkable success on a number of
domains in prediction quality, often do not reveal or rely
on structured domain knowledge of physics. To better un-
derstand the physical world, a desired computational model
should be able to both predict the motion and abstract the
domain knowledge of the system.

While recent work has studied how dynamical properties
are governed by the explicit physical parameters such as
gravity and elasticity (Wu et al., 2015; Li et al., 2020), one
very important property missing from discussions is the
geometric constraints of systems. The geometric constraints
define how different parts of a complex system connect and
interact with each other, thereby generating a wide range of
motion patterns. For example, the rich and complex motions
that our arms are able to perform can be associated with
two constraints: our hands always remain at a fixed distance
to our elbows, and our elbows always remain at a fixed
distance to our shoulders. These two simple constraints
define the physics of our arms and therefore determine the
way we control them.

In this work, we focus on the physics of rigid body systems
which not only represent one of the most important subjects
in physics for machines to understand, but also widely ap-
pear in real world applications such as robotic control. We
further identify the following three challenges associated
with geometric constraints for physical modeling on these
systems. First, how to represent geometric constraints on
rigid body? Unlike physical parameters such as gravity,
which are often naturally represented as scalars, represent-
ing the geometry of a system involves extracting information
from all its components and therefore requires a distributed
representation. We adopt a hierarchical geometry-aware
representation based on keypoints as the physical state rep-
resentation of the system. As we will see in section 3.2,
keypoints provide a natural way to enforce the geometric
constraints via grouping. Second, how to ground the state
representation on visual observations? We apply a novel
self-supervised keypoint extraction network that learns to
extract temporal-consistent keypoints from raw pixel obser-
vations without ground-truth annotations. The perception
module also comes with a visual decoder for reconstruct-
ing the frames. Third, how to make use of the geomet-
ric constraints in the dynamics modeling of the system?
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We explore various options for dynamics modeling on the
geometry-aware representation. We also introduce a novel
body-centric model which treats each rigid body as the basic
unit for dynamics modeling, enabling constraint-preserving
motion updates.

Our framework is able to correctly infer the geometric con-
straints on several rigid body environments from the Deep-
Mind Control Suite (Tassa et al., 2018). Experimental eval-
uations also show that dynamics modeling on geometry-
aware representations enables accurate and physically sensi-
ble long-term future predictions of both the physical states
and visual observations.

2. Related Work
Our work is closely related to forward predictive models
for physics simulation. Deep neural networks have been
widely applied to learning physical dynamics on various sys-
tems (Grzeszczuk et al., 1998; Chen et al., 1990). Among
those (Battaglia et al., 2016) and (Chang et al., 2016) use
graph neural networks to capture the object- and relation-
based properties, leading to nice prediction accuracy and
generalizability on systems of massive particles. This ap-
proach is extended to a wide variety of physical domains,
including but not limited to rigid bodies, elastic materials
and fluids (Sanchez-Gonzalez et al., 2018; Li et al., 2019;
Sanchez-Gonzalez et al., 2020). However, these models
assume access to the ground-truth physical states, which are
very difficult to access in real world applications.

Other works have studied physical dynamics modeling from
raw pixels as well as the applications on video modeling and
control (Lerer et al., 2016; Xue et al., 2016; Finn and Levine,
2017; Babaeizadeh et al., 2017; Ha and Schmidhuber, 2018).
However, these models relying on latent representations lack
the capability of revealing deeper structured knowledge of
physics and making long term predictions. (Watters et al.,
2017; Wu et al., 2017; Li et al., 2020; Yi et al., 2020) study
dynamics modeling on physical states while grounding them
on visual observations. Extra supervision is needed for
visual grounding on these models.

In search of structured representations able to describe the
physical system’s constraints, we find keypoint a desirable
candidate, for its awareness of geometry and capability
of grounding on visual inputs with minimal supervisions
(Zhang et al., 2018b; Jakab et al., 2018; Suwajanakorn et al.,
2018). Recently, a number of works have studied unsuper-
vised keypoint learning on videos (Minderer et al., 2019;
Kulkarni et al., 2019; Jakab et al., 2020). Our work builds
on top of these efforts and use the keypoint as foundation for
representing structured physical properties and dynamics
modeling.
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Figure 1. Overview of our model architecture. At each timestep,
the perception module extracts keypoints from input visual obser-
vation. The keypoint grouping module groups the keypoints by
rigid body, and generates a hierarchical state representation. The
dynamics module predicts future states from past trajectories. The
reconstruction module generates future observations of the system
from the predicted states.

3. Method
In this work, we propose a framework to model the physics
of dynamic rigid body systems from raw pixel observations.
Our model infers a structured state representation that incor-
porates the geometric constraints of the system, and learns
a forward dynamics model. Our framework consists of four
parts as shown in Figure 1: a self-supervised perception
module that extracts keypoints from input visual observa-
tions (Fig. 1-I); a keypoint grouping module that computes
a hierarchical state representation by grouping the keypoints
according to the rigid body they belong to (Fig. 1-II); a dy-
namics module that predicts forward dynamics of the state
representation (Fig. 1-III); and a reconstruction module that
generates predicted video frames (Fig. 1-IV). Details of
model components and training are presented below.

3.1. Perception and Reconstruction Module

Our perception module learns to extract keypoints from
input visual observations through self-supervised training.
Given an input frame ot representing the visual observation
at time step t, our perception module maps the frame to a
set of keypoints pt = (xti, y

t
i)

N
i=1, where xti and yti are the

horizontal and vertical coordinates of the i-th keypoint. The
total number of keypoints N is a fixed parameter and the
keypoints are normalized within [−1, 1] on both directions.

To learn the keypoint extractor in a self-supervised manner,
we design the following conditional image generation pre-
text task. Given a sequence of input frames O = {ot}Tt=1,
we apply the keypoint extractor to each frame and output
a sequence of keypoints P = {pt}Tt=1. A feature encoder
is also applied to extract the visual feature f1 from the first
frame of the input sequence. Next, the keypoint coordi-
nates P are turned into a sequence of Gaussian heatmaps
H = {ht}Tt=1 centered at the keypoints, each of which is
then concatenated to the visual feature f1 to form a set of
latent representations {(f1, ht)}Tt=2. Finally, a reconstruc-
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Figure 2. Model architecture of our perception and reconstruction
modules. Our model uses a convolutional autoencoder with key-
point bottleneck to extract a structural representation.

tion network is used to generate visual frames Õ = {õt}Tt=2

from the latent representation at each time step. The per-
ception module, together with the reconstruction network,
is trained to minimize the mean squared error between the
predicted and ground truth frames L = MSE(O, Õ).

3.2. Keypoint Grouping

Given the keypoints inferred by the perception module, how
to obtain a representation that reflects the rigidity of the
underlying bodies? Our keypoint grouping module restores
the rigidity constraints by computing a grouping of the
keypoints according to the rigid body they belong to, based
on the assumption that each pair of keypoints on the same
rigid body should remain at the same distance throughout
the entire motion trajectory.

More formally, the problem of searching for rigid groupings
of keypoints can be converted to a search problem on an
undirected rigidity graph, where each node represents a key-
point and each edge connects a pair of keypoints that satisfy
the rigidity constraint of being at a fixed relative distance.
Note that since each pair of keypoints belonging to the same
rigid body is connected by an edge, each rigid body in the
system should correspond to a maximum clique. In our
framework, we apply the Bron-Kerbosch algorithm (Bron
and Kerbosch, 1973) to compute all maximum cliques of a
input graph and generate a grouping of the input keypoints
by rigid body. The output keypoint groupings are repre-
sented by sets of keypoint indices (G1,G2, ...GB), where B
is the number of rigid bodies and Gb is the set of keypoint
indices belonging to the b-th rigid body.

3.3. Dynamics Module

We apply body-centric dynamics modeling on the sequence
of keypoints (p1, p2, ...pT ) extracted frame-by-frame by the
perception module. The model treats each rigid body (i.e.
group of keypoints) as the basic unit for dynamics model-
ing instead of the keypoints themselves. As shown in Fig-
ure 3, our dynamics model adopts a sequence-to-sequence
architecture consisting of a recurrent encoder and decoder.
Details of the architecture is presented below.
Encoder. The encoder inputs a historical window of key-
point trajectories as the initial condition for dynamics pre-
diction. The encoder first generates two 1D thermometer
encoding vectors from the keypoint coordinates on both x
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Figure 3. Model architecture of our dynamics module. Our model
uses a recurrent network to encode input keypoint trajectories.
Then a recurrent decoder predicts the displacement and rotation
angle of each rigid body, followed by body-centric motion updates.

and y directions. Then these vectors are concatenated and
sent to a fully connected embedding layer to generate a flat-
tened embedding. A LSTM (Hochreiter and Schmidhuber,
1997) is used to gather the temporal information from the
keypoint embeddings at each input time step and output a
hidden state to the decoder.
Decoder. The decoder generates predictions of keypoint
coordinates in an auto-regressive procedure. It uses a LSTM
at its core, same as the one in the encoder, whose hidden
state is initialized by the output of the encoder. At each time
step, the keypoint from the previous step is embedded (in
the same way as the encoder) and then input to the decoder
LSTM. If the prediction task involves action, the input action
at the current step is also embedded by a fully-connected
layer and concatenated to the input. The output from the
LSTM is then sent to a body-centric motion update unit to
generate the predicted keypoint coordinates at the next time
step.
Motion update. The motion update unit is based on the
assumption that a rigid body’s motion can be decomposed
into the translation of its center and rotation with respect
to the center. Therefore for each rigid body (as indicated
by index b) in the system, the decoder LSTM predicts the
displacement of the body center ∆pbC and its rotation angle
∆θb at the current time step. To obtain the position of the
center, we use a set of learnable parameters w associated
with each rigid body and compute a weighted average of
the keypoints. The relative position of each keypoint with
respect to the center is denoted as p′, and

pbC =
∑
i∈Gb

wb
ip

b
i p′bi = pbi − pbC . (1)

Motion update applies to pC and p′ separately. For trans-
lation, the predicted displacement is directly added to the
center position. For rotation, the predicted angle defines a
rotation matrix applied the p′s of all keypoints. In summary:

p̃bc = pbC + ∆pC p̃′bi =

(
cos ∆θb − sin ∆θb

sin ∆θb cos ∆θb

)
p′bi .

(2)
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Figure 4. Qualitative results of our model on Cartpole and Acrobot. Our model is able to correctly predict the keypoint motion that
satisfies all the geometry constraints of the system over a long period, and generate physically sensible frame reconstructions.

Dataset Model t = 5 t = 10 t = 15 t = 30 t = 50

Cartpole Ours 0.632 0.741 0.851 1.000 1.069
IN 0.614 0.870 1.066 1.314 1.375

Acrobot Ours 0.658 0.751 0.790 0.782 0.837
IN 0.805 0.907 0.958 1.030 0.981

Table 1. Mean squared error (MSE) on the predicted video frames.
The numbers shown are scaled up by 103.

Since rotation transformation preserves the relative dis-
tances between the keypoints, the rigidity constraint is im-
plicitly imposed by the above motion update rule.

4. Experiments
In this section, we present experimental evaluations of our
framework on two datasets that include a wide range of rigid
body motions and different numbers of rigid bodies. Both
datasets are generated from the DeepMind Control Suite
(Tassa et al., 2018), a set of simulated continuous control
environments. Details of the datasets, model and training
paradigms are described below.

Datasets We collect data from the “Cartpole" and “Ac-
robot" environments from DeepMind Control Suite with
random discrete actions sampled from {−1.0, 0, 1.0}. Each
action is repeated for 4 times, and we collected one output
frame rendered by the environment for every 4 steps of the
simulation. On each dataset we generate 5000 sequences
for training and 1000 sequences for testing, each containing
200 frames. We use 3 keypoints on Cartpole and 5 keypoints
on Acrobot for dynamics modeling.

Perception module. Our perception module applies the
same model architecture for its feature encoder, keypoint
encoder and decoder as in (Kulkarni et al., 2019) for feature
extraction and image reconstruction. The keypoint encoder
then uses a 1× 1 convolution layer for generating heatmaps
of the keypoint coordinates with resolution 64.

Dynamics module. The dynamics module uses a embed-
ding layer of size 128 for input keypoints and an embedding
of size 64 for the input actions. The core of both the encoder
and decoder is a bi-layer LSTM with hidden size 64. The
output from the decoder is passed into a MLP with a single

Dataset Model t = 5 t = 10 t = 15 t = 30 t = 50

Cartpole Ours 0.032 0.041 0.052 0.074 0.089
IN 0.031 0.049 0.074 0.131 0.163

Acrobot Ours 0.037 0.050 0.061 0.081 0.104
IN 0.075 0.114 0.140 0.161 0.148

Table 2. Perceptual loss (LPIPS) on the predicted video frames.
hidden layer of size 64. The dynamics module is trained
on keypoints extracted from a trained perception module.
The input length is 3 time steps and the decoder is asked to
predict the next 97 time steps.
Results. We show quantitative evaluations based on two
metrics: pixel mean squared error (MSE) and perceptual
loss (Zhang et al., 2018a) on the predicted frames from our
model. For comparison, We replace our dynamics module
by an interaction network (Battaglia et al., 2016) that treats
each keypoint as a node in its underlying graph representa-
tion. In other words, the interaction network is not aware of
the constraints. As shown in table 1 and 2, our model outper-
forms the baseline in both metrics, suggesting that structured
representation leads to more accurate physics modeling and
enables consistent long-term predictions. We also show
qualitative results in figure 4, which include predictions of
both future keypoints and reconstructed frames. Our model
makes predictions that preserve the rigidity constraints on
keypoints, and produces high quality reconstructed frames
for as many as 50 frames into the future.

5. Conclusion
In this work, we introduce a framework for modeling rigid
body physics from visual observations by disentangling
dynamics modeling from perception. Our model can ex-
tract temporally consistent keypoints of rigid body systems,
which facilitates a hierarchical state representation aware
of the geometrical constraints. This representation enables
body-centric dynamics modeling on the rigid bodies, lead-
ing to constraint-preserving state predictions over a long
time window. Our work takes a small step towards building
models with more structured understanding of the physical
world, and sheds light on potential applications in video
modeling, robotics and model-based control.
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