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A BSTRACT
We present the Neural Physics Engine (NPE), an object-based neural network architecture for learning predictive models of intuitive physics. We propose a factorization of a physical scene into composable object-based representations and also
the NPE architecture whose compositional structure factorizes object dynamics
into pairwise interactions. Our approach draws on the strengths of both symbolic
and neural approaches: like a symbolic physics engine, the NPE is endowed with
generic notions of objects and their interactions, but as a neural network it can also
be trained via stochastic gradient descent to adapt to specific object properties and
dynamics of different worlds. We evaluate the efficacy of our approach on simple
rigid body dynamics in two-dimensional worlds. By comparing to less structured
architectures, we show that our model’s compositional representation of the structure in physical interactions improves its ability to predict movement, generalize
to different numbers of objects, and infer latent properties of objects such as mass.
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I NTRODUCTION

Physical reasoning is a crucial part of learning, perception, planning, inference, and understanding
in artificial intelligence, and can be leveraged to accelerate the learning of new tasks (Lake et al.,
2016). Accurately modeling a scene involves reasoning about the spatial properties, identities and
locations of objects (Eslami et al., 2016; Hinton et al., 2011; Jaderberg et al., 2015; Kulkarni et al.,
2015), but also their physical properties, future dynamics, and causal relationships. Such a sense
of intuitive physics can be seen as a program (Anderson, 1990; Goodman and Tenenbaum, 2016)
that takes input provided by a physical scene and the past states of objects, and outputs the future
states and physical properties of relevant objects. For example, humans have such programs that
can simulate into the future how a stack of dishes would fall if pushed or how a billiard ball would
bounce when colliding with others, and humans can also infer relative masses when observing how
a tennis ball bounces off a moving a truck. The program must be general enough to express various
arrangements and behavior in known worlds, and also flexible enough to adapt to unknown worlds
with new configurations. For example, if the program can model three balls bouncing in a box, it
should be able to apply the same model to four balls or eight balls. If the program can model balls
bouncing around in a particular obstacle arrangement, it should be able to model balls bouncing
around in a different obstacle arrangement without retraining. If the balls now have different mass,
the program should have assumptions that are general enough to learn these new dynamics. This
work presents a program that exhibits these desired properties.
At least two general approaches have emerged in the search for a program that captures commonsense physical reasoning. The top-down approach (Battaglia et al., 2013; Ullman et al., 2014; Wu
et al., 2015) formulates the problem as inference over the parameters of a symbolic physics engine,
while the bottom-up approach (Agrawal et al., 2016; Fragkiadaki et al., 2015; Lerer et al., 2016;
Li et al., 2016; Mottaghi et al., 2015; 2016; Sutskever et al., 2009) learns to directly map physical
observations to motion prediction or physical judgments. A program under the top-down approach
can generalize across any scenario supported by the entities and operators in its description language.
However, it may be brittle under scenarios not supported by its description language, and adapting
to these new scenarios requires modifying the code or generating new code for the physics engine
1

Under review as a conference paper at ICLR 2017

itself. In contrast, gradient-based bottom-up approaches can apply the same model architecture and
learning algorithm to specific scenarios without requiring the physical dynamics of the scenario to
be pre-specified. This often comes at the cost of reduced generality: transferring knowledge to new
scenes may require extensive retraining, even in cases that seem trivial to human reasoning.
This paper takes a step toward bridging this gap between expressivity and adaptability by proposing
the Neural Physics Engine (NPE), a differentiable physics program that combines rough symbolic
structure with gradient-based learning for physical inference. This hybrid approach exhibits several
strong inductive biases that are explicitly present in symbolic physics engines, such as a notion of
objects-specific properties and object interactions. It is also end-to-end differentiable, and thus is
able to flexibly tailor itself to the specific object properties and dynamics of a given world through
training. It makes two strong, but natural, assumptions about a physical environment: 1) there
exist objects and 2) these objects interact with each other in a factorized manner. By design, it can
extrapolate to variable number of objects and variable scene configurations with only spatially and
temporally local computation.
This paper’s contribution links two levels of factorization and composition in learning physical dynamics. On the level of the physical scene, we factorize the scene into object-based representations
(Sec. 2.1), and compose smaller building blocks to form larger objects (Sec. 3.5). This framework of
representation adapts to complex scenes and configurations with variable number of objects. On the
level of the physics program, the NPE architecture (Sec. 2.2) explicitly reflects a causal structure in
object interactions by factorizing object dynamics into pairwise interactions. As a predictive model
of physical dynamics, the NPE models the future state of a single object as a function composition
of the pairwise interactions between itself and other neighboring objects in the scene. This structure
serves to guide learning towards object-based reasoning as (Hinton et al., 2011) does, and is designed
to scale to large numbers of objects anywhere in the scene with only local computation. This design
allows physical knowledge to transfer across variable number of objects and for object properties
to be explicitly inferred. This approach – starting with a general sketch of a program and filling in
the specifics – is similar to ideas presented by Solar-Lezama (2008); Tenenbaum et al. (2011). The
NPE’s general sketch is its architectural structure, and it extends and enriches this sketch to model
the specifics of a particular scene by training on observed trajectories from that scene.
While previous bottom-up approaches (Sec. 4) have coupled learning vision and learning physical
dynamics, we take a different approach, and for two reasons. First, we see that disentangling the
visual properties of an object from its physical dynamics is a step toward achieving the generality of
a physics engine. A program that learns to evolve objects through time can potentially be reused as a
subprogram that can be composed under a modular framework with other programs for applications
in areas such as model-based planning and model-based reinforcement learning. This is not to say
that vision and dynamics should not be combined; both are necessary, but we believe that keeping
these functionalities separate is important for common-sense generalization that is robust to cases
where the visual appearance changes but the dynamics remain the same. Second, we are optimistic
that those two components indeed can be decoupled, that a vision model can map visual input to an
intermediate state space, and a dynamics model can evolve objects in that state space through time.
For example, there is much work in object detection and segmentation for extracting position and
velocity, as well as work for extracting latent object properties (Wu et al., 2015). Therefore this paper
focuses on learning dynamics in that state space, taking a small step toward emulating a generalpurpose physics engine (Lake et al., 2016), with the eventual goal of building a system that exhibits
the compositionality, modularity, and generality of physics engine whose internal components can
be learned through observation.
We investigate variations on two-dimensional worlds of balls and obstacles from the matter-js
physics engine (Brummitt, http://brm.io/matter-js/) as a testbed for exploring the NPE’s
capabilities for modeling simple rigid body dynamics under our state space representation (Sec. 3).
While these worlds are generated from a simplified physics engine, we believe that learning to model
such simple physics under the NPE’s framework is a first and necessary step towards emulating the
full capacity of a general physics engine, while maintaining a differentiability that can allow it to
eventually learn complex real-world physical phenomena (see Sec. 4) that would be challenging to
engineer into these physics engines. This paper establishes that important step.
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Figure 1: Physics Programs: We consider the space of physics programs over object-based representations under physical laws that are Markovian and translation-invariant. We consider each
object in turn and predict its future state conditioned on the past states of itself and other context
objects.

2
2.1

A PPROACH
S TATE S PACE

We make two observations (Fig. 1) in our factorization of the scene. The first regards spatially
local computation. Because physics does not change across inertial frames, it suffices to separately
predict the future state of each object conditioned on the past states of itself and the other objects
in its neighborhood, similar to Fragkiadaki et al. (2015). Sec. 3.5 describes using such local computation to achieve invariance to scene configuration by composing smaller objects to represent
larger structures. The second regards temporally local computation. Because physics is Markovian,
this prediction need only be for the immediate next timestep. Therefore it is natural to choose an
object-based state representation. A state vector comprises extrinsic properties (position, velocity,
orientation, angular velocity), intrinsic properties (mass, object type, object size), and global properties (gravitational, frictional, and pairwise forces) at a given time instance.
2.2

N EURAL P HYSICS E NGINE

Pairwise Factorization Letting a particular object be the focus object f and all other ob[t+1]
jects in the scene be context objects c, the NPE models the focus object’s velocity vf
as a
composition of the pairwise interactions between itself and other neighboring context objects in
the scene during time t
1 and t. This input is represented as pairs of object state vectors
{(of , oc1 )[t 1,t] , (of , oc2 )[t 1,t] , ...}. As shown in Fig. 2b, the NPE composes an encoder function
and a decoder function. The encoder function fenc summarizes the interaction of a single object pair.
The sum of encodings of all pairs is then concatenated with the focus object’s past state as input to
[t+1]
the decoder function. The decoder function then predicts the focus object’s velocity vf . In practice, the NPE predicts the change v between t and t+1 to compute v [t+1] = v [t] + v, and updates
position using the velocity as a first-order approximation1 . We choose to predict velocity rather than
position because predicting velocity helps the network avoid memorizing the environment, whereas
training the network to predict position conditions the network on the worlds in the training domain,
making it more difficult to transfer knowledge across environments. We do not include acceleration
in the state representation because position and velocity fully parametrize an object’s state. Thus
acceleration (e.g. collisions) can be learned by observing velocity for two consecutive timesteps,
hence our choice for two input timesteps. We explored longer input durations as well and found no
additional benefit.
Neighborhood Mask Each (of , oc ) pair is selected to be in the set of neighbors of f by the neighborhood masking function [||pc pf )|| < N (of )], which takes value 1 if the Euclidean distance
1
The NPE as currently implemented also predicts angular velocity along with velocity, but for the experiments in this paper we always set angular velocity, as well as gravity, friction, and pairwise forces, to zero. We
included these parameters in the implementation because in future work we are planning to test situations and
scenarios in which angular velocity is important, such as block towers, magnetism. However, in the current
work they are vestigial and set to zero and do not appear in the evaluation.
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Figure 2: Scenario and Models: This figure compares the NPE, the NP and the LSTM architectures
in predicting the velocity of object 3 for an example scenario [a] of two heavy balls (cyan) and two
light balls (yellow-green). Objects 2 and 4 are in object 3’s neighborhood, so object 1 is ignored.
[b]: The NPE encoder comprises a pairwise layer (yellow) and a feedforward network (red) and its
decoder (blue) is also a feedforward network. The input to the decoder is the concatenation of the
summed pairwise encodings and the state of object 3. [c]: The NP encoder is the same as the NPE
encoder, but without the pairwise layer. The NP decoder is the same as the NPE decoder. The input
to the decoder is the concatenation of the summed context encodings and the encoding of object 3.
[d]: We shuffle the context objects inputted into the LSTM and use a binary flag to indicate whether
an object is a context or focus object.
between the positions pf and pc of the focus and context object respectively at time t is less the
neighborhood threshold N (of ). Many physics engines use a collision detection scheme with two
phases. Broad phase is used for computational efficiency and use a neighborhood threshold to select objects that might, but not necessarily will, collide an object. The actual collision detection is
done with narrow phase on that smaller subset of objects, which also resolves the collisions for the
objects that do collide. Analogously, our neighborhood mask implements broad phase, and the NPE
implements narrow phase. The mask only constrains the search space of context objects, and the
network figures out how to detect and resolve collisions. In fact, one can view the mask as a specific
case of a more general attention mechanism to select contextual elements of a scene.
Function Composition Symbolic physics engines evolve objects through time based on dynamics
that dictate their independent behavior (e.g. friction, gravity, inertia) and their behavior with other
objects (e.g. collision, support, attraction, repulsion). Notably, in a particular object’s reference
frame, the forces it feels from other objects are additive. The NPE architecture incorporates several
inductive biases that reflect this recipe. fenc and fdec induce a causal structure on pairs of objects that
can be composed when reasoning about how the object behaves. We provide a loose interpretation of
the encoder output ec,f as the effect of object c on object f , and require that these effects are additive
as forces are. By design, this allows the NPE to scale naturally to different numbers of neighboring
context objects. These inductive biases have the effect of strongly constraining the space of possible
programs of predictive models that the NPE can learn, focusing on compositional programs that
reflect pairwise causal structure in object interactions.
2.3

BASELINES

The purpose of contrasting the NPE with the following two baselines is to illustrate the benefit
of pairwise factorization and function composition, which are the key architectural features of the
NPE. As the architectures for both baselines have been shown to work well in similar tasks, it is
not immediately clear whether the NPE’s assumptions are useful or necessary, so these are good
4
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baselines to compare with. Viewed in another way, comparing with these baselines is a lesion study
on the NPE because each baseline lacks an aspect of the NPE structure.
No-Pairwise The No-Pairwise (NP) baseline is summarized by Fig. 2c. The NP is very similar to
the NPE but has the pairwise layer removed; otherwise the NP’s encoder and decoder are the same
as the NPE. Therefore the NP most directly highlights the value of the NPE’s pairwise factorization.
The NP is also a Markovian variant of the Social LSTM (Alahi et al., 2016); it sums the encodings
of context objects after encoding each object independently, similar to the Social LSTM’s “social
pooling.” Information for modeling how objects interact would only be present after the encoding
step. Thus one interpretation for how such a structure could predict dynamics is if the encoder’s
object encoding comprises an abstract object representation and a force field created by that object.
Therefore the NP decoder could apply the sum of the force fields of all context objects to the focus
object’s abstract object representation to predict the focus object’s velocity. As Alahi et al. (2016)
has demonstrated the Social LSTM’s performance in modeling human trajectories, it is interesting
to see how the same architectural assumptions performs for the physics of moving objects.
LSTM Long Short-Term Memory (LSTM) networks (Hochreiter and Schmidhuber, 1997) have
been shown to sequentially attend to objects (Eslami et al., 2016), so it is interesting to test whether
a LSTM is well-suited for modeling object interactions, when the object states are explicitly given
as input. From a cognitive science viewpoint, an LSTM can be interpreted as a serial mechanism
in object tracking (Pylyshyn and Annan, 2006). Our LSTM architecture (Fig. 2d) accepts the state
of each context object until the last step, at which it takes in the focus object’s state and predicts
its velocity. Because the LSTM moves through the object space sequentially, its lack of factorized
compositional structure highlights the value of the NPE’s function composition of the independent
interactions between an object and its neighbors. Our notion of compositionality treats each object
and pairwise interaction as independently encapsulated in a separate computational entity that can
be reused and rearranged; the NPE encoder is a function that is applied to each (of , oc ) pair. This
function encapsulates this computation and can be repeatedly applied for all neighboring context objects equally, such that the NPE composes this repeated encoding function with the decoder function
to predict velocity. Therefore the LSTM does not exhibit this notion of compositionality because it
is not designed to take advantage of the factorized structure of the scene. Unlike the NPE and NP,
the LSTM’s structure does not differentiate between focus and context object, so we add a flag to
the state representation to indicate to whether an object is a context or focus object. We shuffle the
order of the context objects to account for an ordering bias.
2.4

I MPLEMENTATION

We trained all models using the rmsprop (Tieleman and Hinton, 2012) backpropagation algorithm
with a Euclidean loss for 1,200,000 iterations with a learning rate of 0.0003 and a learning rate decay
of 0.99 every 2,500 training iterations, beginning at iteration 50,000. We used minibatches of size
50 and used a 70-15-15 split for training, validation, and test data.
All models are implemented using the neural network libraries built by Collobert et al. (2011);
Léonard et al. (2015). The NPE encoder consists of a pairwise layer of 25 hidden units and a 5-layer
feedforward network of 50 hidden units per layer each with rectified linear activations. Because we
use a binary mask to zero out non-neighboring objects, we implement the encoder layers without
bias such that non-neighboring objects do not contribute to the network activations. The encoding
parameters are shared across all object pairs. The decoder is a five-layer network with 50 hidden
units per layer and ReLU activations after all but the last layer. The NP encoder architecture is the
same as the NPE encoder, but without the pairwise layer. The NP decoder architecture is the same
as the NPE decoder. The LSTM has three layers of 100 hidden units and a linear layer after the last
layer. It has rectified linear activations after each layer of the LSTM.
We informally explored several hyperparameters, varying the number of layers from 2 to 5, the
hidden dimension from 50 to 100, and learning rates in {10 5 , 3 ⇥ 10 5 , 10 4 , 3 ⇥ 10 4 , 10 3 , 3 ⇥
10 3 }. Though this is far from an exhaustive search, we found that the above hyperparameter
settings work well.
5
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3

E XPERIMENTS

Using the matter-js physics engine, we evaluate the NPE on worlds of balls and obstacles. These
worlds exhibit self-evident dynamics and support a wide set of scenarios that reflect everyday
physics. Bouncing balls have also been of interest in cognitive science to study causality and counterfactual reasoning, as in Gerstenberg et al. (2012). We trained on 3-timestep windows in trajectories of 60 timesteps (10 timesteps ⇡ 1 second). For a world of k objects, we generate 50,000 such
trajectories. For experiments where we train on multiple worlds together, we shuffle the examples
across all training worlds and train without a curriculum schedule. All worlds have a vertical dimension of 600 pixels and a horizontal dimension of 800 pixels, and we constrain the maximum velocity
of an object to be 60 pixels/second. We normalize positions to [0, 1] by dividing by the horizontal
dimension, and we normalize velocities to [ 1, 1] by dividing by the maximum velocity.
Like Battaglia et al. (2016) our predictions can be effective for a large number of time steps even
though we only train to predict the immediate next time step. Plots show results over three independent runs averaged over held-out test data with different random seeds. Randomly selected simulation videos are at https://drive.google.com/drive/folders/0BxCJLi4FnT_
6QW4tcF94d1doLWs?usp=sharing. As can be seen by the graphs in Fig. 3 (top two rows)
and Fig.5, both the NPE and the NP/LSTM’s predicted trajectories diverge from the ground truth,
but for different reasons. As can be seen by the videos, while the NP/LSTM fail to predict plausible
physical movement entirely, the NPE’s predictions initially adhere closely to the ground truth, then
slowly diverge due to the accumulation of subtle errors, just as the human perceptual system also
accumulates errors (Smith and Vul, 2013). However, the NPE preserves the general intuitive physical dynamics that may roughly be consistent with people’s intuitive expectations. Quantitative error
analysis is in Fig. 6.
3.1

P REDICTION

First we consider simple worlds of four balls of uniform mass (Fig. 3a). To measure performance
in simulation, we visualize the cosine similarity between the predicted velocity and the ground truth
velocity as well as the relative error in magnitude between the predicted velocity and the ground
truth velocity over 50 timesteps of simulation (about 5 seconds). The models take timesteps 1 and 2
as initial input, and then use previous predictions as input to future predictions. To measure progress
through training, we also display the Mean Squared Error (MSE) on the normalized velocity.
3.2

G ENERALIZATION AND K NOWLEDGE T RANSFER

We test whether learned knowledge of these simple physics concepts can be transferred and extrapolated to worlds with a number of objects previously unseen (Fig. 3b). The unseen worlds (6, 7, 8
balls) in the test data are combinatorially more complex and varied than the observed worlds (3, 4, 5
balls) in the training data. All objects have equal mass. The NPE’s predictions are more consistent,
whereas the NP and LSTM’s prediction begin to diverge wildly towards the end of 50 timesteps of
simulation (Fig. 3b, middle row). The NPE’s performance on this extrapolation task suggests that its
architectural inductive biases are useful for generalizing knowledge learned in Markovian domains
with causal structure in object interactions.
3.3

N EIGHBORHOOD M ASK

In Fig. 3d we vary the NPE’s neighborhood threshold N (of ) and evaluate performance on the
constant-mass prediction task. N (of ) = 2 means that a context object is only detected if it is
exactly touching the focus object. Because ball radii are 60 pixels and the maximum velocity is
60 pixels per timestep, the maximum distance two balls can initially be before touching at the next
timestep is 4 ball radii. Given that velocities were sampled uniformly, it makes sense that the NPE
performs well in and is robust2 to the range N (of ) 2 [3, 5], but performance drops off with smaller
and larger N (of ). It is important to note that different N (of ) may work better for different domains
and object geometries.
2
The results reported in this paper were with N (of ) = 3.5 ball radii, which we found initially with a coarser
search than the results in Fig. 3d, although any threshold in the range N (of ) 2 [3, 5] performs similarly.
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Figure 3: Quantitative evaluation (balls): [a,b]: Prediction and generalization tasks. Top two rows:
The cosine similarity and the relative error in magnitude. Bottom row: The MSE of velocity on the
test set over the course of training. Because these worlds are chaotic systems, it is not surprising that
all predictions diverge from the ground truth with time, but NPE consistently outperforms the other
two baselines on all fronts, especially when testing on 6, 7, and 8 objects in the generalization task.
The NPE’s performance continues to improve with training while the NPE-NN (an NPE without a
neighborhood mask, see Sec. 3.3), NP and LSTM quickly plateau. We hypothesize that the NPE’s
structured factorization of the state space guides it from wasting time exploring suboptimal programs. [c]: The NPE’s accuracy is significantly greater than the baseline models’ in mass inference.
Notably, the NPE performs just as well in worlds with greater number of objects it has trained on
similarly well whether in a world it has seen before or in a world with a number of objects it hasn’t
trained on, further showcasing its strong generalization capabilities. The LSTM performs poorest,
reaching just above random guessing (33% accuracy). [d]: We analyze the effectiveness of different neighborhood thresholds for the NPE on the constant-mass prediction task. The neighborhood
threshold is quite robust from 3 to 5 ball radii.

We include analysis in the prediction and generalization tasks on an NPE without the neighborhood
mask, the NPE-NN (NN = No Neighborhood). The neighborhood mask gives the NPE about an
order of magnitude improvement in velocity prediction loss (Fig. 3a,b: bottom row and Fig. 6).
While the NPE loss continues to improve through training, the NPE-NN loss quickly plateaus. It
is interesting that the NPE-NN performs no better than both the NP and LSTM in predictive error,
but outperforms the LSTM in mass inference. These two observations suggest that computing the
interactions the focus object shares with each context object is more effective for inferring a property
of the focus object than disregarding these factorized effects. They also suggest that the additional
spatial structure from constraining the context space with the neighborhood mask prevents the NPE
from naively finding associations with objects that cannot influence the focus object.
In our experiments, the neighborhood mask has the additional practical benefit of reducing computational complexity from O(k) to O(1), where k is the number of objects in the scene, because
the number of context-focus object pairs the NPE considers is bounded above by the neighborhood
mask. Though beyond the scope of this work, to extend the functionality of such a mask to include
worlds that contain forces that act from a distance, future iterations of the NPE may investigate a
more general attention mechanism that can be learned jointly with the other model parameters.
7
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Figure 4: Visualizations: The NPE scales to complex dynamics and world configurations while
the NP and LSTM cannot. The masses are visualized as: cyan = 25, red = 5, yellow-green = 1.
[a] Consider the collision in the 7 balls world (circled). In the ground truth, the collision happens
between balls 1 and 2, and the NPE correctly predicts this. The NP predicts a slower movement for
ball 1, so ball 2 overlaps with ball 3. The LSTM predicts a slower movement and incorrect angle
off the world boundary, so ball 2 overlaps with ball 3. [b] At first glance, all models seem to handle
collisions well in the “O” world (diamond), but when there are internal obstacles (cloud), only the
NPE can successfully resolve collisions. This suggests that the NPE pairwise factorization handles
object interactions well, letting it generalize to different world configurations, whereas the NP and
LSTM have only memorized the geometry of the “O” world.

3.4

M ASS I NFERENCE

We now show that the NPE can infer latent properties such as mass. This proposal is motivated by
the experiments in Battaglia et al. (2013), which uses a probabilistic physics simulator to infer various properties of a scene configuration. Whereas the physical rules of their simulator were manually
pre-specified, the NPE learns these rules from observation. We train on the same worlds used in both
the prediction and generalization tasks, but we uniformly sampled the mass for each ball from the
log-spaced set {1, 5, 25}. We chose to use discrete-valued masses to simplify our qualitative understanding of the model’s capacity to infer. For future work we would like to investigate continuously
valued masses and evaluate with binary comparisons (e.g. ”Which is heavier?”).
As summarized by Fig. 3c and Fig. 4a, we select scenarios exhibiting collisions with the focus
object, fix the masses of all other objects, and score the NPE’s prediction under all possible mass
hypotheses for the focus object. The prediction is scored against the ground-truth under the same
MSE loss used in training. The hypothesis whose prediction yields the lowest error is the NPE’s
maximum likelihood estimate of the focus object’s mass. The NPE achieves about 90% accuracy,
meaning it has 90% probability of inferring the correct mass.
We see that a simulator with a more structured model of the world performs more accurate inferences, and that this simulation capability can be learned from observation. Though we adopted a
particular parametrization of an object, the NPE is not limited to the semantic meaning of the elements of its input, so we expect other latent object properties can be inferred this way. Because the
NPE is differentiable, we expect that it can also infer object properties by backpropagating prediction
error to its a randomly sampled input. This would be especially useful for inferring non-categorical
values, such as positions of “invisible” objects, whose effects are felt but whose position is unknown.
8
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Figure 5: Quantitative evalution (walls and obstacles): By design, our compositional state representation simplifies the physical prediction problem to be over a focus object and differently arranged context balls and obstacles, even when the wall geometries are more complex and varied on
a macroscopic scale. Therefore, it is not surprising that the models perform consistently across wall
geometries. Note that the NPE consistently outperforms the other models, and this gap in performance increases with more varied internal obstacles for the cosine similarity of the velocity angle.
This gap is more prominent in “L” and “U” geometries for relative error in magnitude.

3.5

D IFFERENT S CENE C ONFIGURATIONS

We demonstrate representing large structures as a composition of smaller objects as building blocks.
This is important for testing the NPE’s invariance to scene configuration; the scene configuration
should not matter if the underlying physical laws remain the same. These worlds contain 2 balls
bouncing around in variations of 4 different wall geometries. “O” and “L” geometries have no
internal obstacles and are in the shape of a rectangle and “L” respectively. “U” and “I” have internal
obstacles. Obstacles in “U” are linearly attached to the wall like a protrusion, while obstacles in “I”
have no constraint in position. We randomly vary the position and orientation of the “L” concavity
and the “U” protrusion. We randomly sample the positions of the “I” internal obstacles.
We train on conceptually simpler “O” and “L” worlds and test on more complex “U” and “I” worlds.
Variations in wall geometries adds to the difficulty of this extrapolation task. However, our state
space representation was designed to be flexible to this variation, by representing walls as composed
of uniformly-sized obstacles, just as many real-world objects are composed of smaller components.
At most 12 context objects are present in the focus object’s neighborhood at a time. The “U”
geometries have 33 objects in the scene, the most out of all the wall geometries. As shown in Fig.
4b and 5, using such a compositional representation of the scene allows the NPE to scale to different
configurations, which would not be straightforward to do without such a representation.

4

R ELATION TO P REVIOUS W ORK

A recent set of top-down approaches investigate probabilistic (Battaglia et al., 2013; Bates et al.,
2015; Ullman et al., 2014) and deterministic (Wu et al., 2015) game physics engines as computational models for physical simulation in humans. However, inverting a physics engine, as the
Intuitive Physics Engine (IPE) (Battaglia et al., 2013) does, requires a full specification of the physical laws and object geometries. Inferring how physical laws compose and apply to a given scenario
is the IPE’s strength, but the nature of these physical laws are pre-defined rather than learned from
observation. To manually define, for example, the asymmetrical geometry of a hammer, the fluid
motion of a tape dispenser dispensing tape, or the multiple stages of opening a door by its door
handle, and in addition the geometry and physical behavior of every other object in a scene, requires
extensive hand engineering that is difficult to automate.
9
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Figure 6: Error analysis on velocity and position: We summarize the error in velocity and position for each train-test variant of each experiment. Normalized velocity MSE is shown in the gray
columns (multiplying these values by the maximum velocity of 60 would give the actual velocity in
pixels/timestep, where each timestep is about 0.1 seconds). The white columns show the error in Euclidean distance between the predicted position and the ground truth position of the ball. These have
been normalized by the radius of the ball (60 pixels), so multiplying these values by 60 would give
the actual Euclidean distance in pixels. The NPE consistently outperforms all baselines by 0.5 to 1
order of magnitude, and this is also reflected in the bottom row of Fig. 3a,b. Notice that experiments
with variable mass exhibit only slightly higher error than their constant-mass variants, even when
the variable mass experiments contain masses that differ by a factor of 25. For the experiments with
different scene configurations, we do not report error for NPE-NN; the unnecessary computational
complexity of operating on over 30 objects, and the degradation in performance without this mask,
evident from the other experiments, make the need for the neighborhood mask clear.

Adapting to a scene with a differentiable model such as a neural network offers a possible path to
automatically adapt a general architecture to the specific physical properties of a scene without prior
human specification. Thus, we view the NPE as a differentiable model that complements and builds
on top of the key structural assumptions in these top-down approaches.
Bottom-up approaches have mapped visual observations to physical judgments (Lerer et al., 2016;
Li et al., 2016; Mottaghi et al., 2015; 2016) or passive (Lerer et al., 2016; Srivastava et al., 2015;
Sutskever et al., 2009) and action-conditioned (Agrawal et al., 2016; Finn et al., 2016; Fragkiadaki
et al., 2015) motion prediction. With the exception of works as (Wu et al., 2015), the bottom-up
approaches mentioned above do not infer latent properties as our model does. Because the visual
and physical are not disentangled, knowledge transfer to conceptually similar worlds, such as those
with different numbers of objects, has been a challenge without retraining.
Our work brings a different perspective to recent work that have begun to address this problem.
Lerer et al. (2016) used a shared network for both predicting future frames and for making physical judgments. Similarly, our work presents a single model that makes physical judgments beyond
frame prediction. However, while their network used a specifically designed branch to predict tower
stability, our network is less task-specific and infers mass using the same architecture used for prediction. Translation invariance is an explicit assumption in our model that allows our model to
exhibit greater ability to extrapolate to larger numbers of objects.
This assumption is also core to Fragkiadaki et al. (2015), which conditions motion prediction on
individual objects rather than the entire scene. However, a key contrast between their and our work
is that the NPE’s representations operate over a more abstract symbolic state space while theirs
operate over visual attention windows. They argued that the combinatorial structure from a variable
number of objects with variable properties and nonlinear behavior such as collisions creates a depth
10
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in complexity across which it is difficult to define a single state space. We presented a factorization
in 2.1 that allows us to define such a state space.
If we compare the simulation videos in Fragkiadaki et al. (2015) to ours, we see some specific and
significant improvements evident in our approach. NPE preserves the intuitive physical dynamics
of colliding balls, while their balls exhibit less realistic behavior. For example, their model exhibits
random forces acting on the balls, causing the balls to sometimes magnetically attract each other.
During collisions, their balls rarely touch, but magnetically repel each other at a short distance. Their
balls appear attracted to the walls and appear to bounce along the walls even when no attractive force
should be present. The NPE does not exhibit these behaviors. In addition to these differences, we
show strong predictive performance on generalizing to eight balls, five more than the balls in their
videos. We also crucially show this performance under stronger generalization conditions, variable
mass, and more complex scene configurations.
Recently, in work we only learned about after implementing our approach, Battaglia et al. (2016)
in parallel and independently developed a similar architecture that they call Interaction Networks
for learning to model physical systems. They show how such architectures can apply to several
different kind of physical systems, including n-body gravitational interactions and a string falling
under gravity. Like their work, our model can simulate over many timesteps very effectively when
only trained for next-timestep prediction, and can generalize to different world configurations and
different numbers of objects.
Compared to Interaction Networks, a main difference in our architecture is that ours does not take
object relations as explicit input, but instead learns the nature of these relations by constraining
attention to a neighborhood set of objects. Another difference is in function reuse: we demonstrated
that a trained NPE model can automatically infer properties of its input such as mass without further
retraining. In contrast, they train an additional classifier on top of their model to do inference.
Our network produces output given inputs during prediction, but infers inputs given outputs during
inference. We view the similarities between their and our work as converging evidence for the utility
of object-based representations and factorized model architectures in learning to emulate generalpurpose physics engines.

5

D ISCUSSION

While this paper is not the first to explore predictive models of physics, here we take the opportunity
to highlight the value of this paper’s contributions. We hope these contributions can seed further
research that builds on themes of factorization and composition this paper proposes.
We have presented a factorization of a physical scene into composable object-based representations
and also a model architecture whose compositional structure factorizes object dynamics into pairwise interactions. The architecture is designed to generalize to variable object count and variable
scene configurations with only spatially and temporally local computation. It makes few but strong
assumptions about the nature of objects in a physical environment. These assumptions are inductive biases that not only give the NPE enough structure to help constrain it from naively exploring
suboptimal programs but also are general enough for the NPE to learn physical dynamics almost
exclusively from observation.
We applied the NPE to simple two-dimensional worlds of bouncing balls ranging in complexity.
We showed that NPE achieves low prediction error, extrapolates learned physical knowledge to
previously unseen number of objects and world configurations, and can infer latent properties such
as mass. Though we demonstrated the NPE in the balls environment with highly nonlinear dynamics
and complex scene configurations, the state representation and NPE architecture we propose are
quite general-purpose because they assumes little about the specific dynamics of a scene. Further
work includes generalizing beyond object count to new object types and physical laws, such as in
worlds with stacked block towers and liquids.
Our results invite questions on how much prior information and structure should and could be given
to bottom-up neural networks, and what can be learned without building in such structure. It will
be interesting to see whether similar model assumptions work for both objects and agents. This
paper works toward emulating a general purpose physics engine under a framework where visual
and physical aspects of a scene are disentangled. Future work also includes linking the NPE with
11
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perceptual programs that extract properties such as position and mass from visual input. We believe
the expressiveness of physics engines and the adaptability of neural networks are ingredients that
will become increasingly important for modeling larger and more complex physical systems. The
Neural Physics Engine proposes a possible path to link those two ingredients.
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