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ABSTRACT

While the basic laws of Newtonian mechanics are well understood, explaining a physical scenario
still requires manually modeling the problem with suitable equations and estimating the associated
parameters. In order to be able to leverage the approximation capabilities of artificial intelligence
techniques in such physics related contexts, researchers have handcrafted relevant states, and then used
neural networks to learn the state transitions using simulation runs as training data. Unfortunately,
such approaches are unsuited for modeling complex real-world scenarios, where manually authoring
relevant state spaces tend to be tedious and challenging. In this work, we investigate if neural networks
can implicitly learn physical states of real-world mechanical processes only based on visual data
while internally modeling non-homogeneous environment and in the process enable long-term physical
extrapolation. We develop a recurrent neural network architecture for this task and also characterize
resultant uncertainties in the form of evolving variance estimates. We evaluate our setup, both on
synthetic and real data, to extrapolate motion of rolling ball(s) on bowls of varying shape and orientation,
and on arbitrary heightfields using only images as input. We report significant improvements over
existing image-based methods both in terms of accuracy of predictions and complexity of scenarios;
and report competitive performance with approaches that, unlike us, assume access to internal physical
states.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Animals can make remarkably accurate and fast predictions
of physical phenomena in order to perform activities such as
navigate, prey, or burrow. However, the nature of the mental
models used to perform such predictions remains unclear and is
still actively researched [Hamrick et al.| (2016).

In contrast, science has developed an excellent formal under-
standing of physics; for example, mechanics is nearly perfectly
described by Newtonian physics. However, while the constituent
laws are simple and accurate, applying them to the description
of a physical scenario is anything but trivial. First, the scenario
needs to be abstracted (e.g., by segmenting the scene into rigid
objects, deciding which equations to apply, and estimating phys-
ical parameters such as mass, linear and angular velocity, etc.).
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Then, prediction still requires the numerical integration of com-
plex systems of equations. It is unlikely that this is the process
of mental modeling followed by natural intelligences.

In an effort to develop models of physics that are more suitable
for artificial intelligence, in this work, we ask whether a represen-
tation of the physical state of a mechanical system can be learned
implicitly by a neural network, and whether this can be used to
perform accurate predictions efficiently (i.e., extrapolating to
predict future events). To this end, we propose a new learnable
representation with several important properties. First, the rep-
resentation is not handcrafted, but rather automatically induced
from visual observations using supervision from known physical
quantities such as positions and angular velocities. Second, the
representation is distributed and can model physical interactions
of objects with complex surrounding, such as irregularly-shaped
ground. Third, despite its distributed nature, the representation
can model a number of interacting discrete objects such as col-
liding balls, without the need of ad-hoc components such as col-
lision detection subnetworks. Fourth, since physical predictions
integrate errors over time and are thus inherently ambiguous, the



representation produces robust probabilistic predictions which
model such ambiguity explicitly. Finally, through extensive eval-
uation, we show that the representation performs well for both
extrapolation and interpolation of mechanical phenomena.

Our paper is not the first that looks at learning to predict
mechanical phenomena using deep networks. In particular, in-
ducing a physical representation automatically from visual data
and handling object interactions were explored in (Fragkiadaki
et al.| 2016} Watters et al, 2017). However, in this paper we
propose a method that combines these benefits, with the main
technical novelty of a distributed tensor representation for the
physical state. The latter enables us to consider more complex
environments.

Earlier, the recent Neural Physics Engine (NPE) of |Chang
et al. (2017) uses a neural network to learn the state transition
function of mechanical systems. Differently from ours, their
state is handcrafted and includes physical parameters such as
positions, velocities, and masses of rigid bodies. While NPE
works well, it still requires to abstract the physical system man-
ually, by identifying the objects and their physical parameters,
and by explicitly integrating such parameters. In practice, this
requires an extensive knowledge of the environment that, in turn,
can bring in more estimation errors (Yu et al.,[2016). In contrast,
our abstractions are entirely induced from external observations
of object motions. Hence, our system implicitly discovers any
hidden variable or state required to perform tasks such as long-
term physical extrapolation in an optimal manner. Furthermore,
the integration of physical parameters over time is also implicit
and performed by a recurrent neural network architecture. This
is needed since the nature of the internal state is undetermined;
it also has a major practical benefit as, as we show empirically,
the system can be trained to not only extrapolate physical trajec-
tories, but also to interpolate them. Remarkably, interpolation
is still obtained by computing the trajectory in a feed-forward
manner, from the first to the last time step, using the recurrent
model.

Another significant difference with NPE is in the fact that
our system uses visual observations to perform its predictions.
In this sense, the work closest to ours is the Visual Interaction
Networks (VIN) of [Watters et al.|(2017), which also use visual
input for prediction. However, our system is significantly more
advanced as it can model the interaction of objects with complex
and irregular terrain. We show empirically that VIN is not very
competitive in our more complex experimental setting.

There are also several aspects that we address for the first
time in this paper. Empirically, we push our model by consid-
ering scenarios beyond the ‘flat’ ones tackled by most recent
papers, such as objects sliding and colliding on planes, and look
for the first time at the case of ball(s) rolling on non-trivial 3D
shapes (e.g., bowls of varying shape and orientation, or terrains
modeled as arbitrary heightfields), where both linear and an-
gular momenta are tightly coupled. Our method is evaluated
on both synthetic and real data using the Roll4Real dataset of
Ehrhardt et al.| (2018). We also increased the complexity of the
task by training models that simultaneously estimate positions
and angular velocity. Furthermore, since physical extrapolation
is inherently ambiguous, we allow the model to explicitly esti-

2

mate its prediction uncertainty by estimating the variance of a
Gaussian observation model. We show that this modification
further improves the quality of long-term predictions. While our
work builds on previous research of [Ehrhardt et al.|(2017a) and
Ehrhardt et al.| (2017b)), in this paper we propose a much more
complex set of experiments including the irregularly shaped
heightfield and multiple balls experiment as well as stronger
baselines that highlight the performances of our models. Fur-
thermore, a more careful study of the various results presented
has been conducted and exhaustively discussed.

The rest of the paper is organized as follows. The relation
of our work to the literature is discussed in section 2l The
detailed structure of the proposed neural networks is given and
motivated in section [3] These networks are tested on a large
dataset of simulated physical experiments described in section
and extensively evaluated and contrasted against related works
in section[5] We conclude by discussing current limitations and
directions for future investigation in section 6}

2. Related Work

We address the problem of training deep neural networks that
can perform long-term predictions of mechanical phenomena
while learning the required physical laws implicitly, via em-
pirical and visual observation of the motion of objects. This
research is thus related to a number of recent works in various
machine learning sub-areas, discussed next.

Learning intuitive physics. Battaglia et al.|(2013) are one of the
first to consider ‘intuitive’ physical reasoning; their aim is to
answer simple qualitative questions related to rigid body pro-
cesses, such as determining whether a certain tower of blocks
is likely to fall or not. They approach the problem by using
a sophisticated physics engine that incorporates all required
knowledge about Newtonian physics a-priori. More recently,
Mottaghi et al.| (2016)) used static images and a graphics render-
ing engine (Blender) to predict motion and forces from a single
RGB image. Motivated by the recent success of deep learning
for image analysis (e.g., [Krizhevsky et al.|(2012)), they trained
a convolutional neural network to predict such quantities and
used it to produce a “most likely motion,” rendering it using a
traditional computer graphics pipeline. With a similar motiva-
tion, Lerer et al.[(2016) and L1 et al.| (2017} also applied deep
networks to predict the stability of towers of blocks purely from
images. These approaches demonstrated that such networks
can not only predict instability, but also pinpoint the source of
such instability, if any. Other approaches such as /Agrawal et al.
(2016) or Denil et al.| (2016) have attempted to learn intuitive
physics of objects through manipulation; however, their models
did not aim to capture the underlying dynamics of the systems.

Learning physics. The work by Wu et al.|(2015) and its ex-
tension [Wu et al.| (2016 propose methods to learn physical
properties of scenes and objects. Wu et al.|(2015) use an MCMC-
sampling based approach that assumes complete knowledge of
the physical equations necessary to estimate physical parameters.
In|Wu et al.|(2016), a deep learning based approach was used
instead of MCMC, albeit still explicitly encoding physics in a
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simulator. Physical laws were also explicitly incorporated in theknowledge about physiespriori into the network, which dif-
model by Stewart and Ermon (2017) to predict the movement ofers from our goal of learning any required physical knowledge
a pillow from unlabelled data. Their method was, however, onlyfrom empirical observations.
applied to a xed small number of future frames. Work of Yu
et al. (2016) proposing a high delity dataset for planar pushingl-€arning dynamics Physical extrapolation can be performed
reveals that what might be thought of as a simple task, to pusfithout integrating physical equations explicitly. For example,
an unknown object to a desired position, remains a challengingSTMs Hochreiter and Schmidhuber (1997) were used to make
task in robotics, and is generally better explained by stochastigccurate long-term predictions in human pose estimation Ville-
models than by estimating and modelling the physical world. 9as etal. (2017) and in simulated environments Oh et al. (2015);
The research performed by Battaglia et al. (2016) and Changhiappa et al. (2017). Propagation can also be done using sim-
et al. (2017) focused on dynamics and attempted to partiall?'er convolutional operators; Xue et al. (2016), in particular,
substitute the physics engine with a neural network that capturéésed these to generate possible future frames given a single
a selection of relevant physical laws. Both approaches werglatic image and De Brabandere et al. (2016) applied it to the
able to use such networks to accurately predict updates for ti80vVing MNIST dataset for long-term prediction. The work
physical state of the world. Although results are plausible an®y Ondruska and Posner (2016) and Ehrhardt et al. (2017a) also
promising, Chang et al. (2017) suggest that long-term predicshowed that an internal representation of dynamics can be prop-
tions remain di cult. Furthermore, in both approaches, theiragated through time using a simple deep recurrent architecture.
neural networks only predict instantaneous updates of physic&e etal. (2017) demonstrated that information about dynam-
parameters that are then explicitly integrated. In contrast, if¢S can be used to eciently cluster di erent observed shapes.
this work propagation is implicit and applies a recurrent neurafPur work builds on their success, and propagates a tensor-based
network architecture to an implicit representation of the world.State representation instead of a vector-based one. Using spatial
Closer to our approach, Fragkiadaki et al. (2016) andonvolutional operators allows for knowledge to be stored and
Watters et al. (2017attempted to learn an internal representaropagated locallyv. r. t. the object locations in the images.
tion of the physical world from images. In addition to observing
images, it is also possible generatehem as Fragkiadaki etal. 3. Method
(2016) learn to perform long-term extrapolation more success-
fully. The work of Fragkiadaki et al. (2016) particularly dirs In this section, we propose a novel neural network model
from ours in this last point and the nature of its internal repreto make predictions about the evolution of a mechanical sys-
sentation (vector representation in their wesktensor in ours) tem from visual observations of its initial state. In particular,
which, as demonstrated in 5.2, is essential for our method. Simihis network, summarized in Fig. 1, can predict the motion of
larly Wu et al. (2017) also used a physics engine and a render@ne or more rolling objects accounting for variations in the 3D
to make future predictions. In both cases, image generation cggeometry of the environment.
be seen as a constraint that avoids the over time degenerationFormally, lety; be a vector of physical quantities that we
of the internal representation of dynamics. However, these apould like to predict at time, such as the position of one or more
proaches need exhaustive and exact knowledge of every obje@pjects. Physical systems satisfy a Markov condition, in the
and the environment, information generally not accessible isense that there exists a state vebtauch that (i) measurements
real life scenarios. The work of Watters et al. (2017) extends th& = g(h;) are a function of the state and (ii) the state at the next
Interaction Network by Battaglia et al. (2016) to propagate arfime steph.; = f(h) depends only on the current value of the
implicit representation of the dynamics of objects, obtaining sstateh,. Uncertainty in the model can be encoded by means
Visual Interaction Network (VIN). While their approach is the of observationp(y;jh;) and transitionp(h.1jh;) probabilities,
closest to ours, it has various limitations including not modelingresulting in a hidden Markov model.
the interaction with complex environments and the relatively State-only methods, such as the Neural Physics Engine (NPE)
small size of the input images. The Predictron by David et aby Chang et al. (2017) start from an handcrafted de nition of
(2016) also propagates a tensor state, buessifrom the same the staté. For instance, in order to model a scenario with two
drawbacks. Ehrhardt et al. (2017b) showed, how long-ternpalls colliding, one may choosdg to contain the position and
extrapolation models can be trained for one object moving owelocity of each ball. In this case, the observation function
smooth analytic surfaces, such as ellipsoids. may be as simple as extracting the position components from
the state vector. It is then possible to use a neural netwaok
Approximating physics for plausible simulatio®everal authors approximate the transition functidn In particular, Chang et al.
focused on learning to perform plausible physical predictiong2017) suggest that it is often easier for a network to predict a
for example to generate realistic future frames in a video Tomprate of change ; = (h;) for some of the physical parameters
son et al. (2016); Ladicky et al. (2015), or to infer rigid body (e.g, the balls' velocities), which can be used to update the state
collision parameters from monocular videos Monszpart et alising a hand-crafted integratag, = f(h; ).
(2016). In these approaches, physics-based losses are used t@Vhile this approach works well, there are several limitations.
learn plausible yet not necessarily accurate results, which may derst, even if the transition function is learned, the states
appropriate for tasks such as rendering and animation. Battagl@de ned by hand. Even in the simple case of the colliding balls,
et al. (2016) also use a loss that captures the concept of enerthe choice of state is ambiguous; for example, one could in-
conservation. The latter can be seen as a way to incorporatdude in the state not only the position and velocity of the balls,
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Inputimageg = 0:::3

Since the evolution of the staligcannot be learned by observ-
ing measurementg in isolation, the system is supervised using

gous to a Hidden Markov Model (HMM), which is often learned
by maximizing the likelihood of the observation sequences af-
ter marginalizing the hidden stateAs an alternative learning
formulation, we propose instead to consider the problem of long-
enc term predictions starting from an initial set of observations. Not
only this is more directly related to applications, but it has the
important bene t that predictions can be performed equally well
from initial observations of the physical quantitigsor of some
other sensor reading, such as images.
3 3 N Our system is thus based on learning three modules: ghan
coderfunction that estimates the stdie=  endX(t T1,;9) from the
To most recent sensor readings (alternatively  endY¢ To:17)
can use thd, most recent physical observations); (iiyran-
sition functionhy; =  yandht) that evolves the state through
time; and (iii) adecoderfunction that maps the statg to a
physical observatiog; = 4edh), and in some case an uncer-
dec tainty associated. The rest of the section discusses the three
modules, encoder, transition, and decoder maps, as well as the
loss function used for training. Further technical details can be
found in section 5.

trans

3.1. Encoder Map: from images to state

The goal of the encoder map is to takgconsecutive video
frames observing the initial part of the object motion and to

Fig. 1: Overview of our proposed pipeline.The rstfour images of a sequence produce an estimatiy = endX( T507) Of the initial state of

rst pass through a partially pre-trained feature encoder network to build thdN€ phySi(?al Sy'Stem- In order to build this encoder, we fol-
concept of physical state. It then recursively passes through a transition layé@w Fragkiadaki et al. (2016and concatenate the RGB chan-

to produce long-term predictions about the future states of the objects. It ife|s of theT, images in a singléd;, W, 3T, tensor. The

then decoded to produce state estimates. WhilebispNetandPosNetmodels ; ; ;
are trained to regress the next states,Rr@bNetmodel trained with the log- latter is passed to a convolutional neural netwagk: outputting

HWwWC H H
likelihood loss is also able to handle the notion of uncertainty thanks to it2 feature tensog 2 R , used as internal repregentathn
extended state space. Note here that only one object is considered, extension @ff the system's state. Note that this representation is spatially

multiple objects is discussed in section 3.4. distributed and diers from the concentrated vector representa-
tion of the VIN of Watters et al. (2017). In the experiments, we
will show the advantage of using a tensorial representation in
Learning the state as well has the signi cant bene t of makingrepresentation with a state vecar2 R", so that the state is
such choices automatic. Second, training a transition functiofhe pairhy, = (5; p,). In deterministic cases,= 2 andp; is the
requires knowledge of the state values, which may beedltto  2p projection of the object's location on the image plane. For

obtain except in the case of simulated data. Third, in order to usgyltiple objects (see section 3.4) this state is computed for each
such a system to perform predictions, one must know the initiahpject independently.

value of the statég of the system, whereas in many applications
one would like to start instead frosensory inputs; such as 3.2, Transition Map: evolving the state

images Fragkiadaki et al. (2016). The state, is evolved through time by learning the transition
We propose here an approach to address theseuties. We  function yans: hy 7! h1. Since the initial statéy is obtained

assume that the stalbeis ahidden variableto be determined as from the encoder map, the state at tilmean be written as,

part of the learning process. Since th&annot be observed, the h, = fand endX( To:01))-

transition functiorhy.; = f(h;) cannot be learned directly asin  More in detail, the distributed state componaris updated by

the NPE. Instead, state and transitions must be inferred jointlysing a convolutional network.; = ¢(s). The concentrated

as agood explanatiorof the observed physical measurements

Vt. Any integrator involved in the computation of the transition

function is implicitly movednside the networkwhich is a recur- ' Formaly, a Markov model is given byp(yoryihom) =

rent neural network architecture. In our experiments (section 5p(ho)P(Yoiho) * L P(hes1jhe) p(¥i+1iht+1); traditionally, p can be learned as the

we show that the added exibility of learning an internal stateMaXimizer of the log-likelihoodnax, Ey[log En[p(y; W]l where we dropped
the subscripts for compactness. Learning to interpateapolate can be done

representation and its eVOlUFion aUtomatiC?"y allows t_he SYSterBy considering subsejg y of the measurements as given and optimizing the
to scale well to the complexity of the physical scenario. likelihood of the conditional probability maxE,[log En[ p(y; hjy)]].
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componentp is updated incrementally g%.1 = pr+ (), enciS thus modi ed to output &= W NgpjectC tensor. It
where ,(s) is estimated using a single layer perceptron regreds then split along the third dimension to produde W C
sor from the distributed representation. Combined, the statensor for each of th&lypjects We order objectsv. r. t. their
update can be written as, color so that each feature is always responsible for the same
(S+1; Per1) = wrand S P = ( s(S);pet p(R): object identi ed by its color. We recall here that this extension
studies the ability of handling collisions of our model without
Inspired by the work of Watters et al. (2017), we also consideany explicit module. We aim in the future to build more object
an alternative architecture whepeis estimated directly from agnostic representation.
& rather than incrementally. In order to do so, the location ~ The input of the transition module is also modi ed to take
andy of each pixel is appended as feature chan@eisl and  into account the interaction between objects. Focusing on an
C + 2 of the distributed state tensey, obtaining an augmented objector with states”, the update is written as
tensoraug,(s). Then the object's positiop; is estimated by a
two-layer perceptrom; = p(aug,(s))- o _ &)f X oié
1= s ’ S
3.3. Decoder Map: from state to probabilistic predictions "
For deterministic models, the projected object positpn Where the second argument is the sum of the state subtensors for
is part of the neural network state, the decoder riap all otherobjects. Since the function is the same for all objects
ded S pr) = pr simply extracts and returns that part of the state©f. this ensures that object interactions are symmetric and com-
Training optimizes the averadg distance between ground truth Mutative. Note that, as opposed to methods such as Chang et al.
y: and predictedy positionss * g K YK (2017), no explicit collision detection module is implemented
In addition to this Simp|e Scheme, we also consider a mor@ere. |nstead, handling collisions is left to the discretion of the
robust variant based on probabilistic predictions. In fact, thé1etwork.
extrapolation error accumulates and increases over time, and the With this modi cation, the transition subnetwork is illustrated
L2-based loss may be dominated by outliers, unbalancing learif? Fig. 2. The rest of the pipeline is essentially the same as
ing. Hence, we modify the model to explicitly and dynamically before and is applied independently to each object. The same
express its own prediction uncertainty by outputting the meafetwork parameters are used for each application of a module
and variancg ; ;) of a bivariate Gaussian observation model.regardless of the speci c object.
Thed 2 loss is thus replaced with the negative log likelihood

1" T1 P H
T =0 l0gN (¥ « 1) under this model. 4. Experimental Setup
In order to estimate the Gaussian parametgerand ¢,
we extend the state componemt = ( t; 1t; 21 ) to in- Experiments were conducted on both real and synthetic

clude both the mean as well as the eigenvalues and rotatiafatasets. In the synthetic experiments (Fig. 3), we consider two
of the covariance matrix; = R( ¢)! diag( 11; 20)R({). Inor-  physical scenarios: spheres rolling on a 3D surface, which can be
der to ensure numerical stability, eigenvalues are constraineglther a semi-ellipsoid with random parameters or a continuous
to be in the rangg0:01; 100] by setting them as the output randomized height eld. When the semi-ellipsoid is isotrojie. (
of a scaled and translated sigmoigt = . ( ix), where ahemisphere) we refer to it aldémispherical bow] and in the

. (9= =1 +exp 2)+ . Inthe following, we will refer more general case aBllipsoidal bowl (see Table 2), whereas
to this method aProbNet whereas the other method estimatedthe height eld scenario is referred to as "Height eld.
displacement without uncertainty will be referred tadzispNet
Table 1 summarize the dérent methods and their speci city. 4.1. Hemispherical bowl and Ellipsoidal bowl scenarios

The symbob = (py; py; P2) 2 R® denotes a point in 3D space

3.4. Extension to multiple objects or a vector (direction). The camera center is placed at location

We now consider how the model described above can b&;0;¢c;), ¢; > 0 and looks downward along vect(®; 0; 1)
extended to handle multiple interacting objects. This is more

challenging as it requires to handle complex object interactions *
such as collisions.
In order to do so, for each objeot i = 1;:::;Nopjects We
consider a separate copy of the distributed state tesistirence g 2,
the overall state is; = (§*;::: ;sf’N°bjE°‘s)). The encoder network .
s

Table 1:Neural network variants.

Name p; regression Pr1 output and loss

DispNet !ncremental Pt p(s) determ'.r!'syC Fig. 2: Multiple object extension. For each object (here object 2) we concate-
ProbNet mcrgmental Pt p(s) prObab.'“.St'.C nate the state of this object with the addition of the other objects features. We
PosNet direct () deterministic then give this tensor to the modulg to obtain our new state?, ,




using orthographic projection, such that the pding py; p,)
projects to pixel py; py) in the image.

0;1;1)

(0;0;¢z)

©:0:0) (a;0;1)

(@) (b) (©

Fig. 3: Problem setup.We consider the problem of understanding and extrapo-
lating mechanical phenomena with recurrent deep networks. (a) Experimental
setup: an orthographic camera looks at a ball rolling in a 3D bowl. (b) Example
of a 3D trajectory in the 3D bowl simulated using Blender 2.78's OpenGL ren-
derer. (c) An example of a rendered frame in tB#ipsoidal bow! experiment
that is fed to our model as input.
Fig. 4: Experimental setups. (a) ‘Ellipsoidal bowl experiment setup, depth

Thus. the EIIipsoidaI bowl is the bottom half of an eIIipsoid map on the top, network input with isocontours at the bottom. We create the
’ dataset by varying the ellipsoid's main axis ratio and orientation, and the starting

of equationx*=a® + y* + (z  1)* = 1 with its axes aligned  position and velocity of the balls. (b-c) “Height eld’ rendering setup. Each

to the xyz axes and its lowest point corresponding to the orequence is generated using a random translation and rotation of the xed

gin. For the EIIipsoidaI bowl scenario, the ellipsoid shape is height eld geometry. Walls ensure the au_tomatically gene.rgted sequences are

further Varied py sampling 2.U[O:5; 1] for the @=1 fOr. IcohnzgI22;ggf:béhr:?]c:zxgk?osnloned area light presents additional generalization

the Hemispherical bowlscenario) and by rotating the resulting

shape randomly around thkeaxis. Both Hemispherical bowl

and Ellipsoidal bowl are rendered by mapping a checker boardare included in thebservationvectory, 1 .r,, these ar@ot part

pattern to their 3D surface (to make it visible to the network). of the stateh of the neural network, which is inferred automati-
The rolling object is a ball of radius 2 f0:04,0:225g The  cally. The network itself is tasked witbredictingpart of these

ball's center of mass at timeis denoted ag' = (qi;q;0%),  measurements, but their meaning is not hardcoded.

which, due to the orthographic projection, is imaged at pixel

(di:qy). The ball has a xed multi-color texture attached t0 gjmulation details

its surface, so it appears as a painted object. The texture is

used to observe the object rotation. We study the impact qJO

being able_to visuall_y obser\_/e rotation by re-rendering the Singl‘?ion sets are however completely independent). The simula-
ball experiments with a uniform white color (s&able 3. In tor runs at 120fps for accuracy, but the data is subsampled

the multi-object experiments, instead, each ball has aconsta% 40fps. We use Blender 2.78's OpenGL renderer and the
distinctive di use color (intensity 0.8) with Phong specular COM-pander Game Engine (relying on Bullet 2 as physics en-
ponent (intensity 0.5). We initially position the ball at angles

. ith t to the the bowl i h the elevati rgine). The ball is a textured sphere with unit mass. The
(’. )V\." respect to the the bowl center, where the elevaliorg; ., ation parameters were set asnax physics steps 5,
is uniformly sampled in the range2 U[ 9=10;, =2]and

. i e _ physics substeps 3, max logic steps: 5, fps= 120. Render-
thge_alz(l)rruth 3 li[ t', t]h. -Lh?l nzltr;:mgn:telev?ttlr?ngs SIetDto ing used white environment lighting (energy0.7) and no other
= 1Plo avold starting the bafl at tne bottom of the bowl. Due light source in theHemispherical bowlcase, environment en-
to friction, at the end of each experiment the ball rests at th%rgy: 0.2, and a spotlight at the location of the camera in
bottom of the bow. the Ellipsoidal bowl case. We used 70% the data for training,

The initial orientation of the ball (relevant for the multi- 15% for validation, and 15% for test, 12500 sequences in the

colored texture) is obtained by uniformly sampling its xyz EUIer‘Hemispherical bowiI" Ellipsoidal bowl experiments and 6400
anglesin ; ]. The ball's initial velocityv is obtained by rst

. i . , ) L in the "Height eld' case. During training, we start observation
samplingv; vy umfolrmly in the rangeJ[5; 10], assighing e"’.‘Ch at a random time while it is xed for test. The output images
of vi vy @ random sign ( 2B (0:5) . 1), and thenl by projecting were stored a256 256color JPEG les. For multiple objects
the vector(vy; vy; 0) to betangentialto the bowl's surface. In

th lti-obiect Ellinsoidal bowl 0. in order to achi in the ellipsoid experiment, we set the elasticity parameter of
€ multi-object Eflipsoldal bowl scenario, in oraer to achieve ynq a5 16 0.7 in order to get a couple of collisions before they
more interesting motion patterns, the magnitude of the initia

e . A . . ettle in the middle of the scene.

velocities is set uniformly in the rand#[10; 15]; if, after simula-
tion, a ball leaves the bowl due to a collision or excessive initial . .
velocity, the scene is discarded. Sequences are recorded until éﬂz Height eld scenario
objects stop moving. Short sequences (less than 250 frames) areAn important part of our experiments involve randomly gen-
discarded as well. The average angular velocity computed overrated continuous height elds. Long-term motion prediction
all "Bow!' scenes was 84 radiarfs. on random height elds represent a tougher challenge, since

Note that, while some physical parameters of the ball's statsolely observing the motion of the object at the beginning of

For e ciency, we extract multiple sub-sequen SryT)
rm a single longer simulation (training, test, and valida-
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