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ABSTRACT

Learning causal relationships in high-dimensional data (images, videos) is a hard
task, as they are often defined on low-dimensional manifolds and must be ex-
tracted from complex signals dominated by appearance, lighting, textures and also
spurious correlations in the data. We present a method for learning counterfactual
reasoning of physical processes in pixel space, which requires the prediction of
the impact of interventions on initial conditions. Going beyond the identification
of structural relationships, we deal with the challenging problem of forecasting
raw video over long horizons. Our method does not require the knowledge or su-
pervision of any ground truth positions or other object or scene properties. Our
model learns and acts on a suitable hybrid latent representation based on a combi-
nation of dense features, sets of 2D keypoints and an additional latent vector per
keypoint. We show that this better captures the dynamics of physical processes
than purely dense or sparse representations. We introduce a new challenging and
carefully designed counterfactual benchmark for predictions in pixel space and
outperform strong baselines in physics-inspired ML and video prediction.

1 INTRODUCTION

Reasoning on complex, multi-modal and high-dimensional data is a natural ability of humans and
other intelligent agents (Martin-Ordas et al., 2008), and one of the most important and difficult chal-
lenges of AI. While machine learning is well suited for capturing regularities in high-dimensional
signals, in particular by using high-capacity deep networks, some applications also require an ac-
curate modeling of causal relationships. This is particularly relevant in physics, where causation is
considered as a fundamental axiom. In the context of machine learning, correctly capturing or mod-
eling causal relationships can also lead to more robust predictions, in particular better generalization
to out-of-distribution samples, indicating that a model has overcome the exploitation of biases and
shortcuts in the training data. In recent literature on physics-inspired machine learning, causality
has often been forced through the addition of prior knowledge about the physical laws that govern
the studied phenomena, e.g. (Yin et al., 2021). A similar idea lies behind structured causal models,
widely used in the causal inference community, where domain experts model these relationships
directly in a graphical notation. This particular line of work allows to perform predictions beyond
statistical forecasting, for instance by predicting unobserved counterfactuals, the impact of unob-
served interventions (Balke & Pearl, 1994) — “What alternative outcome would have happened, if
the observed event X had been replaced with an event Y (after an intervention)”. Counterfactuals are
interesting, as causality intervenes through the effective modification of an outcome. As an exam-
ple, taken from (Schölkopf et al., 2021), an agent can identify the direction of a causal relationship
between an umbrella and rain from the fact that removing an umbrella will not affect the weather.

We focus on counterfactual reasoning on high-dimensional signals, in particular videos of complex
physical processes. Learning such causal interactions from data is a challenging task, as spurious
correlations are naturally and easily picked up by trained models. Previous work in this direction
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was restricted to discrete outcomes, as in CLEVRER (Yi et al., 2020), or to the prediction of 3D
trajectories, as in CoPhy (Baradel et al., 2020), which also requires supervision of object positions.
In this work, we address the hard problem of predicting the alternative (counterfactual) outcomes
of physical processes in pixel space, i.e. we forecast sequences of 2D projective views of the 3D
scene, requiring the prediction over long horizons (150 frames corresponding to ∼ 6 seconds). We
conjecture that causal relationships can be modeled on a low dimensional manifold of the data,
and propose a suitable latent representation for the causal model, in particular for the estimation of
the confounders and the dynamic model itself. Similar to V-CDN (Kulkarni et al., 2019; Li et al.,
2020), our latent representation is based on the unsupervised discovery of keypoints, complemented
by additional information in our case. Indeed, while keypoint-based representations can easily be
encoded from visual input, as stable mappings from images to points arise naturally, we claim that
they are not the most suitable representation for dynamic models. We identified and addressed
two principal problems: (i) the individual points of a given set are discriminated through their 2D
positions only, therefore shape, geometry and relationships between multiple moving objects need to
be encoded through the relative positions of points to each other, and (ii) the optimal representation
for a physical dynamic model is not necessarily a 2D keypoint space, where the underlying object
dynamics has also been subject to the imaging process (projective geometry).

We propose a new counterfactual model, which learns a sparse representation of visual input in the
form of 2D keypoints coupled with a (small) set of coefficients per point modeling complementary
shape and appearance information. Confounders (object masses and initial velocities) in the studied
problem are extracted from this representation, and a learned dynamic model forecasts the entire
trajectory of these keypoints from a single (counterfactual) observation. Building on recent work in
data-driven analysis of dynamic systems (Janny et al., 2021; Peralez & Nadri, 2021), the dynamic
model is presented in a higher-dimensional state space, where dynamics are less complex. We
show, that these design choices are key to the performance of our model, and that they significantly
improve the capability to perform long-term predictions. Our proposed model outperforms strong
baselines for physics-informed learning of video prediction.

We introduce a new challenging dataset for this problem, which builds on CoPhy, a recent coun-
terfactual physics benchmark (Baradel et al., 2020). We go beyond the prediction of sequences of
3D positions and propose a counterfactual task for predictions in pixel space after interventions on
initial conditions (displacing, re-orienting or removing objects). In contrast to the literature, our
benchmark also better controls for the identifiability of causal relationships and counterfactual vari-
ables and provides more accurate physics simulation.

2 RELATED WORK

Counterfactual (CF) reasoning — and learning of causal relationships in ML was made popular
by works of J. Pearl, e.g. (Pearl, 2000), which motivate and introduce mathematical tools detailing
the principles of do-calculus, i.e. study of unobserved interventions on data. A more recent survey
links these concepts to the literature in ML (Schölkopf et al., 2021). The last years have seen the
emergence of several benchmarks for CF reasoning in physics. CLEVRER (Yi et al., 2020) is a vi-
sual question answering dataset, where an agent is required to answer a CF question after observing
a video showing 3D objects moving and colliding. Li et al. (2020) introduce a CF benchmark with
two tasks: a scenario where balls interact with each other according to unknown interaction laws
(such as gravity or elasticity), and a scenario where clothes are folded by the wind. The agent needs
to identify CF variables and causal relationships between objects, and to predict future frames. Co-
Phy (Baradel et al., 2020) clearly dissociates the observed experiment from the CF one, and contains
three complex 3D scenarios involving rigid body dynamics. However, the proposed method relies
on the supervision of 3D object positions, while our work does not require any meta data.

Physics-inspired ML — and learning visual dynamics has been dealt early on with recurrent mod-
els (Srivastava et al., 2015; Finn et al., 2016; Lu et al., 2017), or GANs (Vondrick et al., 2016;
Mathieu et al., 2016). Kwon & Park (2019) adopt a Cycle-GAN with two discriminator heads, in
charge of identifying false images and false sequences in order to improve the temporal consistency
of the model in long term prediction. Nonetheless, the integration of causal reasoning and prior
knowledge in these models is not straightforward. Typical work in physics-informed models relies
on disentanglement between physics-informed features and residual features (Villegas et al., 2017a;
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Denton & Birodkar, 2017) and may incorporate additional information based on the available priors
on the scene (Villegas et al., 2017b; Walker et al., 2017). PhyDNet Le Guen & Thome (2020) ex-
plicitly disentangles visual features from dynamical features, which are supposed to follow a PDE.
It achieves SOTA performance on Human3.6M (Ionescu et al., 2014) and Sea Surface Temperature
(de Bezenac et al., 2018), but we show that it fails on our challenging benchmark.

Keypoint detection — is a well researched problem in vision with widely used handcrafted base-
lines (Lowe, 1999). New unsupervised variants emerged recently and have been shown to provide a
suitable object-centric representation, close to attention models, which simplify the use of physical
and/or geometric priors (Locatello et al., 2020; Veerapaneni et al., 2020). They are of interest in
robotics and reinforcement learning, where a physical agent has to interact with objects (Kulkarni
et al., 2019; Manuelli et al., 2020; 2019). KeypointsNet (Suwajanakorn et al., 2018) is a geometric
reasoning framework, which discovers meaningful keypoints in 3D through spatial coherence be-
tween viewpoints. Close to our work, (Minderer et al., 2019) proposes to learn a keypoints-based
stochastic dynamic model. However, the model is not suited for CF reasoning in physics and may
suffer from inconsistency in the prediction of dynamics over long horizons.

3 THE FILTERED-COPHY BENCHMARK

We build on CoPhy (Baradel et al., 2020), retaining its strengths, but explicitly focusing on a coun-
terfactual scenario in pixel space and eliminating the ill-posedness of tasks we identified in the
existing work. Each data sample is called an experiment, represented as a pair of trajectories: an
observed one with initial conditionX0 = A and outcomeXt=1..T = B (a sequence), and a counter-
factual one X̄0 = C and X̄t=1..T = D (a sequence). Throughout this paper we will use the letters
A,B,C and D to distinguish the different parts of each experiment. The initial conditions A and C
are linked through a do-operator do(X0 = C), which modifies the initial condition (Pearl, 2018).
Experiments are parameterized by a set of intrinsic physical parameters z which are not observable
from a single initial image A. We refer to these as confounders. As in CoPhy, in our benchmark the
do-operator is observed during training, but confounders are not — they have been used to generate
the data, but are not used during training or testing. Following (Pearl, 2018), the counterfactual
task consists in inferring the counterfactual outcome D given the observed trajectory AB and the
counterfactual initial state C, following a three-step process:

À Abduction: use the observed data AB to compute the counterfactual variables, i.e. physi-
cal parameters, which are not affected by the do-operation.

Á Action: update the causal model; keep the same identified confounders and apply the do-
operator, i.e. replace the initial state A by C.

Â Prediction : Compute the counterfactual outcome D using the causal graph.

The benchmark contains three scenarios involving rigid body dynamics. BlocktowerCF studies
stable and unstable 3D cube towers, the confounders are masses. BallsCF focuses on 2D collisions
between moving spheres (confounders are masses and initial velocities). CollisionCF is about
collisions between a sphere and a cylinder (confounders are masses and initial velocities) (Fig. 1).

Unlike CoPhy, our benchmark involves predictions in RGB pixel space only. The do-operation
consists in visually observable interventions on A, such as moving or removing an object. The
confounders cannot be identified from the single-frame observation A, identification requires the
analysis of the entire AB trajectory.

Identifiability of confounders — For an experiment (AB,CD, z) to be well-posed, the con-
founders z must be retrievable from AB. For example, since the masses of a stable cube tower
cannot be identified generally in all situations, it can be impossible to predict the counterfactual
outcome of an unstable tower, as collisions are not resolvable without known masses. In contrast
to CoPhy, we ensure that each experiment ψ : (X0, z) 7→ Xt=1..T , given initial condition X0 and
confounders z, is well posed and satisfies the following constraints:

Definition 1 (Identifiability, (Pearl, 2018)) The experiment (AB,CD, z) is identifiable if, for any
set of confounders z′:

ψ(A, z) = ψ(A, z′)⇒ ψ(C, z) = ψ(C, z′). (1)

3



Published as a conference paper at ICLR 2022

B<latexit sha1_base64="g8zmY/PKtEqN6WYrn1+t4AhNBBY="></latexit>

A<latexit sha1_base64="PVpU1WHDNOy5BvA1UaMw3QA8hOY="></latexit>

C
<latexit sha1_base64="dVM/5Tbr0Dl41oCCaqnH0+Zg55o="></latexit>

D<latexit sha1_base64="r+txWyvKiAB+FzMaAfcOIUpKQqo="></latexit>

(a) BlocktowerCF (BT-CF)

A<latexit sha1_base64="PVpU1WHDNOy5BvA1UaMw3QA8hOY="></latexit> B<latexit sha1_base64="g8zmY/PKtEqN6WYrn1+t4AhNBBY="></latexit>

C
<latexit sha1_base64="dVM/5Tbr0Dl41oCCaqnH0+Zg55o="></latexit> D<latexit sha1_base64="r+txWyvKiAB+FzMaAfcOIUpKQqo="></latexit>

(b) CollisionCF (C-CF)

A<latexit sha1_base64="PVpU1WHDNOy5BvA1UaMw3QA8hOY="></latexit> B<latexit sha1_base64="g8zmY/PKtEqN6WYrn1+t4AhNBBY="></latexit>

C
<latexit sha1_base64="dVM/5Tbr0Dl41oCCaqnH0+Zg55o="></latexit> D<latexit sha1_base64="r+txWyvKiAB+FzMaAfcOIUpKQqo="></latexit>

(c) BallsCF (B-CF)

Figure 1: The Filtered-CoPhy benchmark suite contains three challenging scenarios involving 2D or
3D rigid body dynamics with complex interactions, including collision and resting contact. Initial
conditions A are modified to C by an intervention. Initial motion is indicated through arrows.

In an identifiable experiment there is no pair (z, z′) that gives the same trajectory AB but different
counterfactual outcomes CD. Details on implementation and impact are in appendix A.1.

Figure 2: Impact of temporal fre-
quency on dynamics, 3D trajecto-
ries of each cube are shown. Black
dots are sampled at 5 FPS, col-
ored dots at 25 FPS. Collisions be-
tween the red cube and the ground
are not well described by the black
dots, making it hard to infer physi-
cal laws from regularities in data.

Counterfactuality — We enforce sufficient difficulty of the
problem through the meaningfulness of confounders. We re-
move initial situations where the choice of confounder values
has no significant impact on the final outcome:

Definition 2 (Counterfactuality). Let zk be the set of con-
founders z, where the kth value has been modified. The ex-
periment (AB,CD, z) is counterfactual if and only if:

∃k : ψ(C, zk) 6= ψ(C, z). (2)

In other words, we impose the existence of an object of the
scene for which the (unobserved) physical properties have a
determining effect on the trajectory. Details on how this con-
straint was enforced are given in appendix A.2.

Temporal resolution — the physical laws we target involve
highly non-linear phenomena, in particular collision and rest-
ing contacts. Collisions are difficult to learn because their ac-
tions are both intense, brief, and highly non-linear, depend-
ing on the geometry of the objects in 3D space. The temporal
resolution of physical simulations is of prime importance. A
parallel can be made with Nyquist-Shannon frequency, as a
trajectory sampled with too low frequency cannot be reconstructed with precision. We simulate and
record trajectories at 25 FPS, compared to 5 FPS chosen in CoPhy, justified with two experiments.
Firstly, Fig. 2 shows the trajectories of the center of masses of cubes in BlocktowerCF, colored
dots are shown at 25 FPS and black dots at 5 FPS. We can see that collisions with the ground fall
below the sampling rate of 5 FPS, making it hard to infer physical laws from regularities in data at
this frequency. A second experiment involves learning a prediction model at different frequencies,
confirming the choice 25 FPS — details are given in appendix A.3.

4 UNSUPERVISED LEARNING OF COUNTERFACTUAL PHYSICS

We introduce a new model for counterfactual learning of physical processes capable of predicting
visual sequences D in the image space over long horizons. The method does not require any super-
vision other than videos of observed and counterfactual experiences. The code is publicly available
online at https://filteredcophy.github.io. The model consists of three parts, learning the
latent representation and its (counterfactual) dynamics:

• The encoder (De-Rendering module) learns a hybrid representation of an image in the form of a
(i) dense feature map and (ii) 2D keypoints combined with (iii) a low-dimensional vector of coef-
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dynamics

<latexit sha1_base64="br3grPl3n8NADB8782iahWzTCdM=">AAACE3icbVC7TsMwFHV4lvIKMLJEVEgVQ5V0AMZKZWAsEn1IbVQ5zk1r1XEi20FEUf+BhV9hYQAhVhY2/ganjRC0XMnS8Tn3XPseL2ZUKtv+MlZW19Y3Nktb5e2d3b198+CwI6NEEGiTiEWi52EJjHJoK6oY9GIBOPQYdL1JM9e7dyAkjfitSmNwQzziNKAEK00NzbOBByPKMwJcgZiWBwrulRdkzegq1Tfg/o80NCt2zZ6VtQycAlRQUa2h+TnwI5KE2k8YlrLv2LFyMywUJQz09ERCjMkEj6CvIcchSDeb7TS1TjXjW0Ek9OHKmrG/HRkOpUxDT3eGWI3lopaT/2n9RAWXbkZ5nCjgZP5QkDBLRVYekOVTAUSxVANMBNV/tcgYC0x0CDIPwVlceRl06jXnvFa/qVca1SKOEjpGJ6iKHHSBGugatVAbEfSAntALejUejWfjzXift64YhecI/Snj4xupmp6O</latexit>

CoDy

<latexit sha1_base64="3GzDvZurdPxBKdxeDIGosntvvbM=">AAACCnicbVDLSsNAFJ3UV42vqEs30SJ0VZIu1GXBjcsK9gFNKJPJTTt0MgkzE6GErt34K25cKOLWL3Dn3zhpg2jrgYHDOfdw554gZVQqx/kyKmvrG5tb1W1zZ3dv/8A6POrKJBMEOiRhiegHWAKjHDqKKgb9VACOAwa9YHJd+L17EJIm/E5NU/BjPOI0ogQrLQ2tUy+AEeU5Aa5AzEwFUpke8PBHGVo1p+HMYa8StyQ1VKI9tD69MCFZrPOEYSkHrpMqP8dCUcJgZnqZhBSTCR7BQFOOY5B+Pj9lZp9rJbSjROjHlT1XfydyHEs5jQM9GWM1lsteIf7nDTIVXfk55WmmgJPFoihjtkrsohc7pAKIYlNNMBFU/9UmYyww0SXIogR3+eRV0m023ItG87ZZa9XLOqroBJ2hOnLRJWqhG9RGHUTQA3pCL+jVeDSejTfjfTFaMcrMMfoD4+MbbxqapA==</latexit>

test

<latexit sha1_base64="0bPwfA3v6EK6uBQ7Oy9bsfa3SyY=">AAACC3icbVDLSsNAFJ3UV42vqEs3oUXoqiRdqMuCG5cV7AOaUCaTm3boZBJmJkIJ3bvxV9y4UMStP+DOv3HSBtHWAwOHc+7hzj1ByqhUjvNlVDY2t7Z3qrvm3v7B4ZF1fNKTSSYIdEnCEjEIsARGOXQVVQwGqQAcBwz6wfS68Pv3ICRN+J2apeDHeMxpRAlWWhpZNS+AMeU5Aa5AzE0lMOWmBzz8kUZW3Wk6C9jrxC1JHZXojKxPL0xIFus8YVjKoeukys+xUJQwmJteJiHFZIrHMNSU4xikny9umdvnWgntKBH6cWUv1N+JHMdSzuJAT8ZYTeSqV4j/ecNMRVd+TnmaKeBkuSjKmK0SuyjGDqkAothME0wE1X+1yQQLTHQJsijBXT15nfRaTfei2bpt1duNso4qOkM11EAuukRtdIM6qIsIekBP6AW9Go/Gs/FmvC9HK0aZOUV/YHx8Ay+kmww=</latexit>

train

<latexit sha1_base64="2194DdG5/8bRXRO0lRS2SUgokE8=">AAACCXicdZDLSgMxFIYz9VbrbdSlm2ARuirTItrZFURwI1S0F+iUkklP29BMZkgyQhm6deOruHGhiFvfwJ1vY6Yt9YL+EPj5zjmcnN+POFPacT6szNLyyupadj23sbm1vWPv7jVUGEsKdRryULZ8ooAzAXXNNIdWJIEEPoemPzpL681bkIqF4kaPI+gEZCBYn1GiDera2PNhwERCQWiQk9zl9XnOA9FbgK6dd4qu61bcMi4VnanwjBx/kTyaq9a1371eSOPAzFNOlGqXnEh3EiI1oxwmOS9WEBE6IgNoGytIAKqTTC+Z4CNDergfSvOExlP6fSIhgVLjwDedAdFD9buWwr9q7Vj3K52EiSjWIOhsUT/mWIc4jQX3mASq+dgYQiUzf8V0SCShJgSVhrC4/X/TKBdLJ8XyVTlfLczjyKIDdIgKqIROURVdoBqqI4ru0AN6Qs/WvfVovVivs9aMNZ/ZRz9kvX0Cag2aFw==</latexit>

MSE

<latexit sha1_base64="6R3Mri7PYTSnRZSyQWyao2eQFoQ=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqVCUdgLHAwlgk+pDaqHKcm9aq40S2g6ii/gILv8LCAEKsbGz8DW4bIWg5kqWjc+6xfY+fcKa043xZhZXVtfWN4mZpa3tnd8/eP2ipOJUUmjTmsez4RAFnApqaaQ6dRAKJfA5tf3Q19dt3IBWLxa0eJ+BFZCBYyCjRRurblZ4PAyYyCkKDnJR6Gu61H2YXl4aDCH6Mvl12qs4MeJm4OSmjHI2+/dkLYppGJk85UarrOon2MiI1oxzM7amChNARGUDXUEEiUF4222iCT4wS4DCW5giNZ+rvREYipcaRbyYjoodq0ZuK/3ndVIfnXsZEkmoQdP5QmHKsYzytBwdMAtV8bAihkpm/YjokklBTgpqW4C6uvExatap7Wq3d1Mr1Sl5HER2hY1RBLjpDdXSNGqiJKHpAT+gFvVqP1rP1Zr3PRwtWnjlEf2B9fAPXGp2O</latexit>

AB

<latexit sha1_base64="LQ1VmGeF/VhWqd7uuIq+2B7cKOE=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFipC2OR6ENqq8pxblqrjhPZDqKK+gks/AoLAwixMrLxNzhthKDlSJaOzrnH9j1ezJnSjvNlFdbWNza3itulnd29/QP78KitokRSaNGIR7LrEQWcCWhppjl0Ywkk9Dh0vEkj8zt3IBWLxK2exjAIyUiwgFGijTS0z/sejJhIKQgNclbqa7jXXpA2DAXh/+hDu+xUnTnwKnFzUkY5mkP7s+9HNAlNnnKiVM91Yj1IidSMcjC3JwpiQidkBD1DBQlBDdL5QjN8ZhQfB5E0R2g8V38nUhIqNQ09MxkSPVbLXib+5/USHVwNUibiRIOgi4eChGMd4awd7DMJVPOpIYRKZv6K6ZhIQk0JKivBXV55lbRrVfeiWrupleuVvI4iOkGnqIJcdInq6Bo1UQtR9ICe0At6tR6tZ+vNel+MFqw8c4z+wPr4BkOCnUQ=</latexit>

C

<latexit sha1_base64="cq4NG81Kyap3DwEKDNltOdfsGlQ=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFgJBsYi0YfUVpXj3LRWHSeyHUQV9RNY+BUWBhBiZWTjb3DaCEHLkSwdnXOP7Xu8mDOlHefLKqysrq1vFDdLW9s7u3v2/kFLRYmk0KQRj2THIwo4E9DUTHPoxBJI6HFoe+PLzG/fgVQsErd6EkM/JEPBAkaJNtLAPu15MGQipSA0yGmpp+Fee0F6ZSgI/0cf2GWn6syAl4mbkzLK0RjYnz0/oklo8pQTpbquE+t+SqRmlIO5PVEQEzomQ+gaKkgIqp/OFpriE6P4OIikOULjmfo7kZJQqUnomcmQ6JFa9DLxP6+b6OCinzIRJxoEnT8UJBzrCGftYJ9JoJpPDCFUMvNXTEdEEmpKUFkJ7uLKy6RVq7pn1dpNrVyv5HUU0RE6RhXkonNUR9eogZqIogf0hF7Qq/VoPVtv1vt8tGDlmUP0B9bHN0UVnUU=</latexit>

D

<latexit sha1_base64="cq4NG81Kyap3DwEKDNltOdfsGlQ=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFgJBsYi0YfUVpXj3LRWHSeyHUQV9RNY+BUWBhBiZWTjb3DaCEHLkSwdnXOP7Xu8mDOlHefLKqysrq1vFDdLW9s7u3v2/kFLRYmk0KQRj2THIwo4E9DUTHPoxBJI6HFoe+PLzG/fgVQsErd6EkM/JEPBAkaJNtLAPu15MGQipSA0yGmpp+Fee0F6ZSgI/0cf2GWn6syAl4mbkzLK0RjYnz0/oklo8pQTpbquE+t+SqRmlIO5PVEQEzomQ+gaKkgIqp/OFpriE6P4OIikOULjmfo7kZJQqUnomcmQ6JFa9DLxP6+b6OCinzIRJxoEnT8UJBzrCGftYJ9JoJpPDCFUMvNXTEdEEmpKUFkJ7uLKy6RVq7pn1dpNrVyv5HUU0RE6RhXkonNUR9eogZqIogf0hF7Qq/VoPVtv1vt8tGDlmUP0B9bHN0UVnUU=</latexit>

D

<latexit sha1_base64="RTAuI0/lGHg/ovhK8kP52smBKPs=">AAACFHicbVDLSsNAFJ3UV42vqEs3wSIUhJJ0oS4LblxWsA9oQplMbtqhk0mYmQgl9CPc+CtuXCji1oU7/8ZJG0RbDwwczrmHO/cEKaNSOc6XUVlb39jcqm6bO7t7+wfW4VFXJpkg0CEJS0Q/wBIY5dBRVDHopwJwHDDoBZPrwu/dg5A04XdqmoIf4xGnESVYaWlonXsBjCjPCXAFYmYKIAmXSmSk8E0PePjjDa2a03DmsFeJW5IaKtEeWp9emJAs1nnCsJQD10mVn2OhKGEwM71MQorJBI9goCnHMUg/nx81s8+0EtpRIvTjyp6rvxM5jqWcxoGejLEay2WvEP/zBpmKrvyc8jRTwMliUZQxWyV20ZAdUl2CYlNNMBFU/9UmYyww0SXIogR3+eRV0m023ItG87ZZa9XLOqroBJ2iOnLRJWqhG9RGHUTQA3pCL+jVeDSejTfjfTFaMcrMMfoD4+Mb81qfSg==</latexit>

reconstruction

<latexit sha1_base64="zyDwLF1Zzh8supV97s76j7Juw8s=">AAACGXicbVDLSgMxFM34rPU16tJNsAhdlZku1GWhG5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xvSBaOuBwOGcc5PcEyRSGPS8L2dtfWNzazu3k9/d2z84dI+OGyZONYc6j2WsWwEzIIWCOgqU0Eo0sCiQ0AxG1anfvANtRKxucZxAN2IDJULBGVqp53qdAAZCZRwUgp7kQ2CYajC0g3CPQZhVJ/kOqP5PoOcWvJI3A10l/oIUyAK1nvvR6cc8jew8l8yYtu8l2M2YRsEl2NtTAwnjIzaAtqWKRWC62WyzCT23Sp+GsbZHIZ2pvycyFhkzjgKbjBgOzbI3Ff/z2imGV91MqCRFUHz+UJhKijGd1kT7QgNHObaEcS3sXykfMs24LcFMS/CXV14ljXLJvyiVb8qFSnFRR46ckjNSJD65JBVyTWqkTjh5IE/khbw6j86z8+a8z6NrzmLmhPyB8/kNeEahHQ==</latexit>

features C<latexit sha1_base64="zyDwLF1Zzh8supV97s76j7Juw8s=">AAACGXicbVDLSgMxFM34rPU16tJNsAhdlZku1GWhG5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xvSBaOuBwOGcc5PcEyRSGPS8L2dtfWNzazu3k9/d2z84dI+OGyZONYc6j2WsWwEzIIWCOgqU0Eo0sCiQ0AxG1anfvANtRKxucZxAN2IDJULBGVqp53qdAAZCZRwUgp7kQ2CYajC0g3CPQZhVJ/kOqP5PoOcWvJI3A10l/oIUyAK1nvvR6cc8jew8l8yYtu8l2M2YRsEl2NtTAwnjIzaAtqWKRWC62WyzCT23Sp+GsbZHIZ2pvycyFhkzjgKbjBgOzbI3Ff/z2imGV91MqCRFUHz+UJhKijGd1kT7QgNHObaEcS3sXykfMs24LcFMS/CXV14ljXLJvyiVb8qFSnFRR46ckjNSJD65JBVyTWqkTjh5IE/khbw6j86z8+a8z6NrzmLmhPyB8/kNeEahHQ==</latexit>

features C

<latexit sha1_base64="XwH2KonjIsArLOelrX/d1a6hDzE=">AAACGnicbVDLSgMxFM3UV62vqks3wSJ0VWa6UJdVNy4r2Ae0pWTSO21oJjMkd8Qy9Dvc+CtuXCjiTtz4N6YPRFsPBA7nnJvkHj+WwqDrfjmZldW19Y3sZm5re2d3L79/UDdRojnUeCQj3fSZASkU1FCghGasgYW+hIY/vJr4jTvQRkTqFkcxdELWVyIQnKGVunmv7UNfqJSDQtDjXAAMEw2GthHu0Q/Si8txrg2q95Po5gtuyZ2CLhNvTgpkjmo3/9HuRTwJ7TyXzJiW58bYSZlGwSXY2xMDMeND1oeWpYqFYDrpdLUxPbFKjwaRtkchnaq/J1IWGjMKfZsMGQ7MojcR//NaCQbnnVSoOEFQfPZQkEiKEZ30RHtCA0c5soRxLexfKR8wzbgtwUxK8BZXXib1csk7LZVvyoVKcV5HlhyRY1IkHjkjFXJNqqRGOHkgT+SFvDqPzrPz5rzPohlnPnNI/sD5/AYPfqFn</latexit>

features AB

<latexit sha1_base64="maLvmXGlyY5vqEh0Mp2cx+bAmjY=">AAACGXicbVDLSgMxFM34rPVVdekmWISuykwX6rKgC5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xkxbRFsPBA7nnJvkHj+WwqDrfjkrq2vrG5u5rfz2zu7efuHgsGGiRHOo80hGuuUzA1IoqKNACa1YAwt9CU1/dJn5zTvQRkTqFscxdEM2UCIQnKGVegW348NAqJSDQtCTfAAMEw2GdhDu0Q/Sq0m+A6r/E+gVim7ZnYIuE29OimSOWq/w0elHPAntPJfMmLbnxthNmUbBJdjbEwMx4yM2gLalioVguul0swk9tUqfBpG2RyGdqr8nUhYaMw59mwwZDs2il4n/ee0Eg4tuKlScICg+eyhIJMWIZjXRvtDAUY4tYVwL+1fKh0wzbkswWQne4srLpFEpe2flyk2lWC3N68iRY3JCSsQj56RKrkmN1AknD+SJvJBX59F5dt6c91l0xZnPHJE/cD6/AXnZoR4=</latexit>

features D

<latexit sha1_base64="L7asew2wQQa5o+amE+sbX9aAEgU=">AAACCnicbVDLSsNAFJ3UV42vqEs30SJ0VZIu1GXBjcsK9gFNKJPJTTt0MgkzE6GErt34K25cKOLWL3Dn3zhpg2jrgYHDOfdw554gZVQqx/kyKmvrG5tb1W1zZ3dv/8A6POrKJBMEOiRhiegHWAKjHDqKKgb9VACOAwa9YHJd+L17EJIm/E5NU/BjPOI0ogQrLQ2tUy+AEeU5Aa5AzEyWSGl6wMMfZWjVnIYzh71K3JLUUIn20Pr0woRksc4ThqUcuE6q/BwLRQmDmellElJMJngEA005jkH6+fyUmX2uldCOEqEfV/Zc/Z3IcSzlNA70ZIzVWC57hfifN8hUdOXnlKeZAk4Wi6KM2Sqxi17skAogik01wURQ/VebjLHARJcgixLc5ZNXSbfZcC8azdtmrVUv66iiE3SG6shFl6iFblAbdRBBD+gJvaBX49F4Nt6M98VoxSgzx+gPjI9vcKiapQ==</latexit>

loss
<latexit sha1_base64="uQJl1HkK/GSm3eRQevwtYYn9juM=">AAACIHicbVDLSgMxFM3UVx1fVZdugkXoqsx0YV0W3LisYB/QDiWTudOGZpIhyQhl6Ke48VfcuFBEd/o1pg9EWw8EDuecy809YcqZNp736RQ2Nre2d4q77t7+weFR6fikrWWmKLSo5FJ1Q6KBMwEtwwyHbqqAJCGHTji+nvmde1CaSXFnJikECRkKFjNKjJUGpXo/hCETOQVhQE3dMUxSyYTRmIgIUwmxzTJrarcPIvrJDUplr+rNgdeJvyRltERzUProR5JmiZ2nnGjd873UBDlRhlEOU7efaUgJHZMh9CwVJAEd5PMDp/jCKhGOpbJPGDxXf0/kJNF6koQ2mRAz0qveTPzP62UmvgpyJtLMgKCLRXHGsZF41haOmAJq+MQSQhWzf8V0RBShtgQ9K8FfPXmdtGtV/7Jau62VG5VlHUV0hs5RBfmojhroBjVRC1H0gJ7QC3p1Hp1n5815X0QLznLmFP2B8/UND5ikCw==</latexit>

keypoints and coe�cients

<latexit sha1_base64="Hpf/zL23FA8DOGK0Itkxwy81mnk=">AAACGHicbVDLSgMxFM3UVx1foy7dBIvQVZ3pQsVVwY3LCrYVOkPJZO60oZnMkGSEMvQz3Pgrblwo4rY7/8b0gWjrgcDhnHuS3BNmnCntul9WaW19Y3OrvG3v7O7tHziHR22V5pJCi6Y8lQ8hUcCZgJZmmsNDJoEkIYdOOLyZ+p1HkIql4l6PMggS0hcsZpRoI/Wccz+EPhMFBaFBju35xZhkGRBJBIVr2wcR/fg9p+LW3BnwKvEWpIIWaPaciR+lNE9MnnKiVNdzMx0URGpGOYxtP1eQETokfegaKkgCKihmi43xmVEiHKfSHKHxTP2dKEii1CgJzWRC9EAte1PxP6+b6/gqKJjIcg2Czh+Kc451iqct4YhJoJqPDCFUMvNXTAemEGpKUNMSvOWVV0m7XvMuavW7eqVRXdRRRifoFFWRhy5RA92iJmohip7QC3pD79az9Wp9WJ/z0ZK1yByjP7Am3z3noGs=</latexit>

source appearance:

<latexit sha1_base64="tRKMOOH8EMjRMIulKRUKumYtkb8=">AAACDXicbVDLSsNAFJ34rPEVdekmWIWuStKFiquCG5cV7APaUCaTm3ToZBJmJkIJ/QE3/oobF4q4de/Ov3HSBtHWAwOHc+7hzj1+yqhUjvNlrKyurW9sVrbM7Z3dvX3r4LAjk0wQaJOEJaLnYwmMcmgrqhj0UgE49hl0/fF14XfvQUia8Ds1ScGLccRpSAlWWhpapwMfIspzAlyBmJoKiwjUlTkAHvyIQ6vq1J0Z7GXilqSKSrSG1ucgSEgW6zxhWMq+66TKy7FQlDCYmoNMQorJGEfQ15TjGKSXz66Z2mdaCewwEfpxZc/U34kcx1JOYl9PxliN5KJXiP95/UyFl15OeZop4GS+KMyYrRK7qMYOqACi2EQTTATVf7XJCAtMdAmyKMFdPHmZdBp197zeuG1Um7Wyjgo6Rieohlx0gZroBrVQGxH0gJ7QC3o1Ho1n4814n4+uGGXmCP2B8fENioSbww==</latexit>

target:

<latexit sha1_base64="+aeiwbn8kJg8LWYtvouWc47+GTA=">AAACHXicbVDLSgMxFM3UV62vUZduBovQVZkpoi4LdeGygn1Ip5RM5k4bmkmGJCOWoT/ixl9x40IRF27EvzF9INp6IHA4515uzgkSRpV23S8rt7K6tr6R3yxsbe/s7tn7B00lUkmgQQQTsh1gBYxyaGiqGbQTCTgOGLSCYW3it+5AKir4jR4l0I1xn9OIEqyN1LNP/QD6lGcEuAY5Lvga7nUQZTVxeTv2/QJwIkKQBR94+DPUs4tu2Z3CWSbenBTRHPWe/eGHgqSx2ScMK9Xx3ER3Myw1JQzM1VRBgskQ96FjKMcxqG42TTd2TowSOpGQ5nHtTNXfGxmOlRrFgZmMsR6oRW8i/ud1Uh1ddDPKk1SbmLNDUcocLZxJVU5IJRDNRoZgIqn5q0MGWGJiSlCTErzFyMukWSl7Z+XKdaVYLc3ryKMjdIxKyEPnqIquUB01EEEP6Am9oFfr0Xq23qz32WjOmu8coj+wPr8BH3aidA==</latexit>

CoDY
encoder

<latexit sha1_base64="j+zk/qYHBOzhDjjdTzhO8D4S6Xc=">AAACHXicbVDLSgMxFM3UV62vUZduBovQVZkpoi4LdeGygn1Ip5RM5k4bmkmGJCOWoT/ixl9x40IRF27EvzF9INp6IHA451xu7gkSRpV23S8rt7K6tr6R3yxsbe/s7tn7B00lUkmgQQQTsh1gBYxyaGiqGbQTCTgOGLSCYW3it+5AKir4jR4l0I1xn9OIEqyN1LNP/QD6lGcEuAY5Lvga7nUQZTVxeTv2/UIIRIQgCz7w8CfUs4tu2Z3CWSbenBTRHPWe/eGHgqSxmScMK9Xx3ER3Myw1JQzM1lRBgskQ96FjKMcxqG42vW7snBgldCIhzePamaq/JzIcKzWKA5OMsR6oRW8i/ud1Uh1ddDPKk1QDJ7NFUcocLZxJVU5IJRDNRoZgIqn5q0MGWGJiSlCTErzFk5dJs1L2zsqV60qxWprXkUdH6BiVkIfOURVdoTpqIIIe0BN6Qa/Wo/VsvVnvs2jOms8coj+wPr8BD4+iag==</latexit>

CoDY
decoder

⇥
<latexit sha1_base64="PcNBZ+k3dnNGojhYt75BSmjl47k="></latexit>

<latexit sha1_base64="dzJMrr7Qp1HTfhONc4LWxWuc564=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BIvQU0l6UI8FLx4r2A9oQ9lsJu3SzSbsTool9J948aCIV/+JN/+N2zYHbX0w8Hhvhpl5QSq4Rtf9tkpb2zu7e+X9ysHh0fGJfXrW0UmmGLRZIhLVC6gGwSW0kaOAXqqAxoGAbjC5W/jdKSjNE/mIsxT8mI4kjzijaKShbQ8QnjCI8hBYEoKaD+2qW3eXcDaJV5AqKdAa2l+DMGFZDBKZoFr3PTdFP6cKORMwrwwyDSllEzqCvqGSxqD9fHn53LkySuhEiTIl0VmqvydyGms9iwPTGVMc63VvIf7n9TOMbv2cyzRDkGy1KMqEg4mziMEJuQKGYmYIZYqbWx02pooyNGFVTAje+subpNOoe9f1xkOj2qwVcZTJBbkkNeKRG9Ik96RF2oSRKXkmr+TNyq0X6936WLWWrGLmnPyB9fkDLDqT7Q==</latexit>

decoder

C
<latexit sha1_base64="5quqgpaO6fbEC2su/WcpYM1UN0w="></latexit>
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Figure 3: We de-render visual input into a latent space composed of a dense feature map F modeling
static information, a set of keypoints k, and associated coefficients c. We here show the training
configuration taking as input pairs (Xsource,Xtarget) of images. Without any supervision, a tracking
strategy emerges naturally through the unsupervised objective: we optimize reconstruction of Xtarget,
given features from Xsource and keypoints+coefficients from Xtarget.

ficients, see Fig. 3. Without any state supervision we show that the model learns a representation
which encodes positions in keypoints and appearance and orientation in the coefficients.

• The Counterfactual Dynamic (CoDy) model based on recurrent graph networks, in the lines of
(Baradel et al., 2020). It estimates a latent representation of the confounders z from the keypoint
+ coefficient trajectories of AB provided by the encoder, and then predicts D in this same space.

• The decoder that uses the predicted keypoints to generate a pixel-space representation of D.

4.1 DISENTANGLING VISUAL INFORMATION FROM DYNAMICS

The encoder takes an input image X and predicts a representation with three streams, sharing a
common conv. backbone, as shown in Fig. 3. We propose an unsupervised training objective, which
favors the emergence of a latent representation disentangling static and dynamic information.

1. A dense feature map F = F(X), which contains static information, such as the background.

2. A set of 2D keypoints k = K(X), which carry positional information from moving objects.

3. A set of corresponding coefficients c = C(X), one vector ck of size C per keypoint k, which
encodes orientation and appearance information.

The unsupervised objective is formulated on pairs of images (Xsource,Xtarget) randomly sampled
from same D sequences (see appendix D.1 for details on sampling). Exploiting an assumption
on the absence of camera motion1, the goal is to favor the emergence of disentangling static and
dynamic information. To this end, both images are encoded, and the reconstruction of the target
image is predicted with a decoder D fusing the source dense feature map and the target keypoints
and coefficients. This formulation requires the decoder to aggregate dense information from the
source and sparse values from the target, naturally leading to motion being predicted by the latter.

On the decoderD side, we add inductive bias, which favors the usage of the 2D keypoint information
in a spatial way. The 2D coordinates kk for each keypoint k are encoded as Gaussian heatmaps
G(kk), i.e. 2D Gaussian functions centered on the keypoint position. The additional coefficient
information, carrying appearance information, is then used to deform the Gaussian mapping into an
anisotropic shape using a fixed filter bank H, as follows:

D(F,k, c) = R
(
F,G1

1, ...,G
C
1 ,G

1
2, ...,G

C
K

)
, Gi

k = cC+1
k cik (G(kk) ∗Hi) , (3)

where R(...) is a refinement network performing trained upsampling with transposed convolutions,
whose inputs are stacked channelwise. Gi

k are Gaussian mappings produced from keypoint positions
k, deformed by filters from bank H and weighted by coefficients cik. The filters Hi are defined as
fixed horizontal, vertical and diagonal convolution kernels. This choice is discussed in section 5.
The joint encoding and decoding pipeline is illustrated in Fig. 3.

1If this assumption is not satisfied, global camera motion could be compensated after estimation.
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The model is trained to minimize the mean squared error (MSE) reconstruction loss, regularized
with a loss on spatial gradients∇X weighted by hyper-parameters γ1, γ2 ∈ R:

Lderen = γ1

∣∣∣∣∣∣Xtarget − X̂target

∣∣∣∣∣∣2
2

+ γ2

∣∣∣∣∣∣∇Xtarget −∇X̂target

∣∣∣∣∣∣2
2
, (4)

where X̂target=D(F(Xsource),K(Xtarget), C(Xtarget)) is the reconstructed image, γ1, γ2 are weights.

Related work – our unsupervised objective is somewhat related to Transporter (Kulkarni et al.,
2019), which, as our model, computes visual feature vectors Fsource and Ftarget as well as 2D key-
points Ksource and Ktarget, modeled as a 2D vector via Gaussian mapping. It leverages a handcrafted
transport equation: Ψ̂target=Fsource × (1−Ksource)×(1−Ktarget) + Ftarget×Ktarget. As in our case, the
target image is reconstructed through a refiner network X̂target = R(Ψ̂target). The transporter suffers
from a major drawback when used for video prediction, as it requires parts of the target image to
reconstruct the target image — the model was originally proposed in the context of RL and control,
where reconstruction is not an objective. It also does not use shape coefficients, requiring shapes
to be encoded by several keypoints, or abusively be carried through the dense features Ftarget. This
typically leads to complex dynamics non representative of the dynamical objects. We conducted an
in-depth comparison between the Transporter and our representation in appendix C.2.

4.2 DYNAMIC MODEL AND CONFOUNDER ESTIMATION

Our counterfactual dynamic model (CoDy) leverages multiple graph network (GN) based modules
(Battaglia et al., 2016) that join forces to solve the counterfactual forecasting tasks of Filtered-
CoPhy. Each one of these networks is a classical GN, abbreviated as GN (xk), which contextu-
alizes input node embeddings xk through incoming edge interactions eik, providing output node
embeddings x̂k (parameters are not shared over the instances):

GN (xk) = x̂k, such that x̂k = g

(
xk,
∑
i

eik

)
with eij = f (xi,xj) , (5)

where f is a message-passing function and g is an aggregation function.

We define the state of frame Xt at time t as a stacked vector composed of keypoints and coefficients
computed by the encoder (the de-rendering module), i.e. s(t) = [s1(t) ... sk(t)] where sk(t) =

[kk c1k ...cC+1
k ](t). In the lines of (Baradel et al., 2020), given the original initial condition and

outcome AB, CoDy estimates an unsupervised representation uk of the latent confounder variables
per keypoint k through the counterfactual estimator (CF estimator in Fig. 4). It first contextualizes
the sequence sAB(t) through a graph network GN

(
sAB(t)

)
= hAB(t) = [h1(t) ... hK(t)]. We

then model the temporal evolution of this representation with a gated recurrent unit (Cho et al., 2014)
per keypoint, sharing parameters over keypoints, taking as input the sequence hk. Its last hidden
vector is taken as the confounder estimate uk.

Recent works on the Koopman Operator (Lusch et al., 2018) and Kazantzis-Kravaris-Luenberger
Observer (Janny et al., 2021; Peralez & Nadri, 2021) have theoretically shown that, under mild
assumptions, there exists a latent space of higher dimension, where a dynamical system given as
an EDP can have a simpler dynamics. Inspired by this idea, we used an encoder-decoder structure
within CoDy, which projects our dynamic system into a higher-dimensional state space, performs
forecasting of the dynamics in this latent space, and then projects predictions back to the original
keypoint space. Note that this dynamics encoder/decoder is different from the encoder/decoder of
the de-rendering/rendering modules discussed in section 4.1. The state encoder E(s(t)) = σ(t) is
modeled as a graph network GN , whose aggregation function projects into an output embedding
space σ(t) of dimension 256. The decoder ∆(σ(t)) = s(t) temporally processes the individual
contextualized states σ(t) with a GRU, followed by new contextualization with a graph network
GN . Details on the full architecture are provided in appendix D.2.

The dynamic model CoDy performs forecasting in the higher-dimensional space σ(t), computing
a displacement vector δ(t + 1) such that σ(t + 1) = σ(t) + δ(t + 1). It takes the projected
state embeddings σCD

k (t) per keypoint k concatenated with the confounder representation uk and
contextualizes them with a graph network, resulting in embeddings hCD

k (t) = GN ([σCD
k (t),uk]),

which are processed temporally by a GRU. We compute the displacement vector at time t + 1
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<latexit sha1_base64="LQ1VmGeF/VhWqd7uuIq+2B7cKOE=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFipC2OR6ENqq8pxblqrjhPZDqKK+gks/AoLAwixMrLxNzhthKDlSJaOzrnH9j1ezJnSjvNlFdbWNza3itulnd29/QP78KitokRSaNGIR7LrEQWcCWhppjl0Ywkk9Dh0vEkj8zt3IBWLxK2exjAIyUiwgFGijTS0z/sejJhIKQgNclbqa7jXXpA2DAXh/+hDu+xUnTnwKnFzUkY5mkP7s+9HNAlNnnKiVM91Yj1IidSMcjC3JwpiQidkBD1DBQlBDdL5QjN8ZhQfB5E0R2g8V38nUhIqNQ09MxkSPVbLXib+5/USHVwNUibiRIOgi4eChGMd4awd7DMJVPOpIYRKZv6K6ZhIQk0JKivBXV55lbRrVfeiWrupleuVvI4iOkGnqIJcdInq6Bo1UQtR9ICe0At6tR6tZ+vNel+MFqw8c4z+wPr4BkOCnUQ=</latexit>

C

<latexit sha1_base64="cq4NG81Kyap3DwEKDNltOdfsGlQ=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFgJBsYi0YfUVpXj3LRWHSeyHUQV9RNY+BUWBhBiZWTjb3DaCEHLkSwdnXOP7Xu8mDOlHefLKqysrq1vFDdLW9s7u3v2/kFLRYmk0KQRj2THIwo4E9DUTHPoxBJI6HFoe+PLzG/fgVQsErd6EkM/JEPBAkaJNtLAPu15MGQipSA0yGmpp+Fee0F6ZSgI/0cf2GWn6syAl4mbkzLK0RjYnz0/oklo8pQTpbquE+t+SqRmlIO5PVEQEzomQ+gaKkgIqp/OFpriE6P4OIikOULjmfo7kZJQqUnomcmQ6JFa9DLxP6+b6OCinzIRJxoEnT8UJBzrCGftYJ9JoJpPDCFUMvNXTEdEEmpKUFkJ7uLKy6RVq7pn1dpNrVyv5HUU0RE6RhXkonNUR9eogZqIogf0hF7Qq/VoPVtv1vt8tGDlmUP0B9bHN0UVnUU=</latexit>

D

<latexit sha1_base64="K5x681+1SSQCD1CiUVLXGsCnMTk=">AAACEnicbVDLSsNAFJ3UV42vqEs3g0Wom5J0oS4LBXFZwT6gDWUyuWmHTiZhZiKU0G9w46+4caGIW1fu/BunD0RbDwwczrmHufcEKWdKu+6XVVhb39jcKm7bO7t7+wfO4VFLJZmk0KQJT2QnIAo4E9DUTHPopBJIHHBoB6P61G/fg1QsEXd6nIIfk4FgEaNEG6nvnPcCGDCRUxAa5MSuX2NQmsVEJ9LugQh/nL5TcivuDHiVeAtSQgs0+s5nL0xoFps85USpruem2s+J1IxymNi9TEFK6IgMoGuoIDEoP5+dNMFnRglxlEjzhMYz9XciJ7FS4zgwk2bXoVr2puJ/XjfT0ZWfM5FmGgSdfxRlHOsET/vBIZNANR8bQqhkZldMh0QSakpQ0xK85ZNXSata8S4q1dtqqVZe1FFEJ+gUlZGHLlEN3aAGaiKKHtATekGv1qP1bL1Z7/PRgrXIHKM/sD6+AS9anbU=</latexit>

CF estimator

<latexit sha1_base64="ASsVVHKCaJPs5TVCfA4HZIcyxDw=">AAACDnicbVDLSsNAFJ3UV62vqEs3wVLoqiRdqMuCG5cV7AOaUCaTm3boZBJmJkII/QI3/oobF4q4de3Ov3HSBtHWAwOHc+7hzj1+wqhUtv1lVDY2t7Z3qru1vf2DwyPz+KQv41QQ6JGYxWLoYwmMcugpqhgMEwE48hkM/Nl14Q/uQUga8zuVJeBFeMJpSAlWWhqbDdeHCeU5Aa5AzGtBxnFEiay5wIMfdWzW7Za9gLVOnJLUUYnu2Px0g5ikkc4ThqUcOXaivBwLRQmDec1NJSSYzPAERprqnSC9fHHO3GpoJbDCWOjHlbVQfydyHEmZRb6ejLCaylWvEP/zRqkKr7yc8iRVwMlyUZgyS8VW0Y0VUAFEsUwTTATVf7XIFAtMdAmyKMFZPXmd9Nst56LVvm3XO82yjio6Q+eoiRx0iTroBnVRDxH0gJ7QC3o1Ho1n4814X45WjDJziv7A+PgGpb6cZA==</latexit>

dynamics

<latexit sha1_base64="br3grPl3n8NADB8782iahWzTCdM=">AAACE3icbVC7TsMwFHV4lvIKMLJEVEgVQ5V0AMZKZWAsEn1IbVQ5zk1r1XEi20FEUf+BhV9hYQAhVhY2/ganjRC0XMnS8Tn3XPseL2ZUKtv+MlZW19Y3Nktb5e2d3b198+CwI6NEEGiTiEWi52EJjHJoK6oY9GIBOPQYdL1JM9e7dyAkjfitSmNwQzziNKAEK00NzbOBByPKMwJcgZiWBwrulRdkzegq1Tfg/o80NCt2zZ6VtQycAlRQUa2h+TnwI5KE2k8YlrLv2LFyMywUJQz09ERCjMkEj6CvIcchSDeb7TS1TjXjW0Ek9OHKmrG/HRkOpUxDT3eGWI3lopaT/2n9RAWXbkZ5nCjgZP5QkDBLRVYekOVTAUSxVANMBNV/tcgYC0x0CDIPwVlceRl06jXnvFa/qVca1SKOEjpGJ6iKHHSBGugatVAbEfSAntALejUejWfjzXift64YhecI/Snj4xupmp6O</latexit>

CoDy

<latexit sha1_base64="3GzDvZurdPxBKdxeDIGosntvvbM=">AAACCnicbVDLSsNAFJ3UV42vqEs30SJ0VZIu1GXBjcsK9gFNKJPJTTt0MgkzE6GErt34K25cKOLWL3Dn3zhpg2jrgYHDOfdw554gZVQqx/kyKmvrG5tb1W1zZ3dv/8A6POrKJBMEOiRhiegHWAKjHDqKKgb9VACOAwa9YHJd+L17EJIm/E5NU/BjPOI0ogQrLQ2tUy+AEeU5Aa5AzEwFUpke8PBHGVo1p+HMYa8StyQ1VKI9tD69MCFZrPOEYSkHrpMqP8dCUcJgZnqZhBSTCR7BQFOOY5B+Pj9lZp9rJbSjROjHlT1XfydyHEs5jQM9GWM1lsteIf7nDTIVXfk55WmmgJPFoihjtkrsohc7pAKIYlNNMBFU/9UmYyww0SXIogR3+eRV0m023ItG87ZZa9XLOqroBJ2hOnLRJWqhG9RGHUTQA3pCL+jVeDSejTfjfTFaMcrMMfoD4+MbbxqapA==</latexit>

test

<latexit sha1_base64="0bPwfA3v6EK6uBQ7Oy9bsfa3SyY=">AAACC3icbVDLSsNAFJ3UV42vqEs3oUXoqiRdqMuCG5cV7AOaUCaTm3boZBJmJkIJ3bvxV9y4UMStP+DOv3HSBtHWAwOHc+7hzj1ByqhUjvNlVDY2t7Z3qrvm3v7B4ZF1fNKTSSYIdEnCEjEIsARGOXQVVQwGqQAcBwz6wfS68Pv3ICRN+J2apeDHeMxpRAlWWhpZNS+AMeU5Aa5AzE0lMOWmBzz8kUZW3Wk6C9jrxC1JHZXojKxPL0xIFus8YVjKoeukys+xUJQwmJteJiHFZIrHMNSU4xikny9umdvnWgntKBH6cWUv1N+JHMdSzuJAT8ZYTeSqV4j/ecNMRVd+TnmaKeBkuSjKmK0SuyjGDqkAothME0wE1X+1yQQLTHQJsijBXT15nfRaTfei2bpt1duNso4qOkM11EAuukRtdIM6qIsIekBP6AW9Go/Gs/FmvC9HK0aZOUV/YHx8Ay+kmww=</latexit>

train

<latexit sha1_base64="2194DdG5/8bRXRO0lRS2SUgokE8=">AAACCXicdZDLSgMxFIYz9VbrbdSlm2ARuirTItrZFURwI1S0F+iUkklP29BMZkgyQhm6deOruHGhiFvfwJ1vY6Yt9YL+EPj5zjmcnN+POFPacT6szNLyyupadj23sbm1vWPv7jVUGEsKdRryULZ8ooAzAXXNNIdWJIEEPoemPzpL681bkIqF4kaPI+gEZCBYn1GiDera2PNhwERCQWiQk9zl9XnOA9FbgK6dd4qu61bcMi4VnanwjBx/kTyaq9a1371eSOPAzFNOlGqXnEh3EiI1oxwmOS9WEBE6IgNoGytIAKqTTC+Z4CNDergfSvOExlP6fSIhgVLjwDedAdFD9buWwr9q7Vj3K52EiSjWIOhsUT/mWIc4jQX3mASq+dgYQiUzf8V0SCShJgSVhrC4/X/TKBdLJ8XyVTlfLczjyKIDdIgKqIROURVdoBqqI4ru0AN6Qs/WvfVovVivs9aMNZ/ZRz9kvX0Cag2aFw==</latexit>

MSE

<latexit sha1_base64="6R3Mri7PYTSnRZSyQWyao2eQFoQ=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqVCUdgLHAwlgk+pDaqHKcm9aq40S2g6ii/gILv8LCAEKsbGz8DW4bIWg5kqWjc+6xfY+fcKa043xZhZXVtfWN4mZpa3tnd8/eP2ipOJUUmjTmsez4RAFnApqaaQ6dRAKJfA5tf3Q19dt3IBWLxa0eJ+BFZCBYyCjRRurblZ4PAyYyCkKDnJR6Gu61H2YXl4aDCH6Mvl12qs4MeJm4OSmjHI2+/dkLYppGJk85UarrOon2MiI1oxzM7amChNARGUDXUEEiUF4222iCT4wS4DCW5giNZ+rvREYipcaRbyYjoodq0ZuK/3ndVIfnXsZEkmoQdP5QmHKsYzytBwdMAtV8bAihkpm/YjokklBTgpqW4C6uvExatap7Wq3d1Mr1Sl5HER2hY1RBLjpDdXSNGqiJKHpAT+gFvVqP1rP1Zr3PRwtWnjlEf2B9fAPXGp2O</latexit>

AB

<latexit sha1_base64="LQ1VmGeF/VhWqd7uuIq+2B7cKOE=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFipC2OR6ENqq8pxblqrjhPZDqKK+gks/AoLAwixMrLxNzhthKDlSJaOzrnH9j1ezJnSjvNlFdbWNza3itulnd29/QP78KitokRSaNGIR7LrEQWcCWhppjl0Ywkk9Dh0vEkj8zt3IBWLxK2exjAIyUiwgFGijTS0z/sejJhIKQgNclbqa7jXXpA2DAXh/+hDu+xUnTnwKnFzUkY5mkP7s+9HNAlNnnKiVM91Yj1IidSMcjC3JwpiQidkBD1DBQlBDdL5QjN8ZhQfB5E0R2g8V38nUhIqNQ09MxkSPVbLXib+5/USHVwNUibiRIOgi4eChGMd4awd7DMJVPOpIYRKZv6K6ZhIQk0JKivBXV55lbRrVfeiWrupleuVvI4iOkGnqIJcdInq6Bo1UQtR9ICe0At6tR6tZ+vNel+MFqw8c4z+wPr4BkOCnUQ=</latexit>

C

<latexit sha1_base64="cq4NG81Kyap3DwEKDNltOdfsGlQ=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFgJBsYi0YfUVpXj3LRWHSeyHUQV9RNY+BUWBhBiZWTjb3DaCEHLkSwdnXOP7Xu8mDOlHefLKqysrq1vFDdLW9s7u3v2/kFLRYmk0KQRj2THIwo4E9DUTHPoxBJI6HFoe+PLzG/fgVQsErd6EkM/JEPBAkaJNtLAPu15MGQipSA0yGmpp+Fee0F6ZSgI/0cf2GWn6syAl4mbkzLK0RjYnz0/oklo8pQTpbquE+t+SqRmlIO5PVEQEzomQ+gaKkgIqp/OFpriE6P4OIikOULjmfo7kZJQqUnomcmQ6JFa9DLxP6+b6OCinzIRJxoEnT8UJBzrCGftYJ9JoJpPDCFUMvNXTEdEEmpKUFkJ7uLKy6RVq7pn1dpNrVyv5HUU0RE6RhXkonNUR9eogZqIogf0hF7Qq/VoPVtv1vt8tGDlmUP0B9bHN0UVnUU=</latexit>

D

<latexit sha1_base64="cq4NG81Kyap3DwEKDNltOdfsGlQ=">AAACEHicbVC7TsMwFHXKq5RXgJHFokJ0qpIOwFgJBsYi0YfUVpXj3LRWHSeyHUQV9RNY+BUWBhBiZWTjb3DaCEHLkSwdnXOP7Xu8mDOlHefLKqysrq1vFDdLW9s7u3v2/kFLRYmk0KQRj2THIwo4E9DUTHPoxBJI6HFoe+PLzG/fgVQsErd6EkM/JEPBAkaJNtLAPu15MGQipSA0yGmpp+Fee0F6ZSgI/0cf2GWn6syAl4mbkzLK0RjYnz0/oklo8pQTpbquE+t+SqRmlIO5PVEQEzomQ+gaKkgIqp/OFpriE6P4OIikOULjmfo7kZJQqUnomcmQ6JFa9DLxP6+b6OCinzIRJxoEnT8UJBzrCGftYJ9JoJpPDCFUMvNXTEdEEmpKUFkJ7uLKy6RVq7pn1dpNrVyv5HUU0RE6RhXkonNUR9eogZqIogf0hF7Qq/VoPVtv1vt8tGDlmUP0B9bHN0UVnUU=</latexit>

D

<latexit sha1_base64="RTAuI0/lGHg/ovhK8kP52smBKPs=">AAACFHicbVDLSsNAFJ3UV42vqEs3wSIUhJJ0oS4LblxWsA9oQplMbtqhk0mYmQgl9CPc+CtuXCji1oU7/8ZJG0RbDwwczrmHO/cEKaNSOc6XUVlb39jcqm6bO7t7+wfW4VFXJpkg0CEJS0Q/wBIY5dBRVDHopwJwHDDoBZPrwu/dg5A04XdqmoIf4xGnESVYaWlonXsBjCjPCXAFYmYKIAmXSmSk8E0PePjjDa2a03DmsFeJW5IaKtEeWp9emJAs1nnCsJQD10mVn2OhKGEwM71MQorJBI9goCnHMUg/nx81s8+0EtpRIvTjyp6rvxM5jqWcxoGejLEay2WvEP/zBpmKrvyc8jRTwMliUZQxWyV20ZAdUl2CYlNNMBFU/9UmYyww0SXIogR3+eRV0m023ItG87ZZa9XLOqroBJ2iOnLRJWqhG9RGHUTQA3pCL+jVeDSejTfjfTFaMcrMMfoD4+Mb81qfSg==</latexit>

reconstruction

<latexit sha1_base64="zyDwLF1Zzh8supV97s76j7Juw8s=">AAACGXicbVDLSgMxFM34rPU16tJNsAhdlZku1GWhG5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xvSBaOuBwOGcc5PcEyRSGPS8L2dtfWNzazu3k9/d2z84dI+OGyZONYc6j2WsWwEzIIWCOgqU0Eo0sCiQ0AxG1anfvANtRKxucZxAN2IDJULBGVqp53qdAAZCZRwUgp7kQ2CYajC0g3CPQZhVJ/kOqP5PoOcWvJI3A10l/oIUyAK1nvvR6cc8jew8l8yYtu8l2M2YRsEl2NtTAwnjIzaAtqWKRWC62WyzCT23Sp+GsbZHIZ2pvycyFhkzjgKbjBgOzbI3Ff/z2imGV91MqCRFUHz+UJhKijGd1kT7QgNHObaEcS3sXykfMs24LcFMS/CXV14ljXLJvyiVb8qFSnFRR46ckjNSJD65JBVyTWqkTjh5IE/khbw6j86z8+a8z6NrzmLmhPyB8/kNeEahHQ==</latexit>

features C<latexit sha1_base64="zyDwLF1Zzh8supV97s76j7Juw8s=">AAACGXicbVDLSgMxFM34rPU16tJNsAhdlZku1GWhG5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xvSBaOuBwOGcc5PcEyRSGPS8L2dtfWNzazu3k9/d2z84dI+OGyZONYc6j2WsWwEzIIWCOgqU0Eo0sCiQ0AxG1anfvANtRKxucZxAN2IDJULBGVqp53qdAAZCZRwUgp7kQ2CYajC0g3CPQZhVJ/kOqP5PoOcWvJI3A10l/oIUyAK1nvvR6cc8jew8l8yYtu8l2M2YRsEl2NtTAwnjIzaAtqWKRWC62WyzCT23Sp+GsbZHIZ2pvycyFhkzjgKbjBgOzbI3Ff/z2imGV91MqCRFUHz+UJhKijGd1kT7QgNHObaEcS3sXykfMs24LcFMS/CXV14ljXLJvyiVb8qFSnFRR46ckjNSJD65JBVyTWqkTjh5IE/khbw6j86z8+a8z6NrzmLmhPyB8/kNeEahHQ==</latexit>

features C

<latexit sha1_base64="XwH2KonjIsArLOelrX/d1a6hDzE=">AAACGnicbVDLSgMxFM3UV62vqks3wSJ0VWa6UJdVNy4r2Ae0pWTSO21oJjMkd8Qy9Dvc+CtuXCjiTtz4N6YPRFsPBA7nnJvkHj+WwqDrfjmZldW19Y3sZm5re2d3L79/UDdRojnUeCQj3fSZASkU1FCghGasgYW+hIY/vJr4jTvQRkTqFkcxdELWVyIQnKGVunmv7UNfqJSDQtDjXAAMEw2GthHu0Q/Si8txrg2q95Po5gtuyZ2CLhNvTgpkjmo3/9HuRTwJ7TyXzJiW58bYSZlGwSXY2xMDMeND1oeWpYqFYDrpdLUxPbFKjwaRtkchnaq/J1IWGjMKfZsMGQ7MojcR//NaCQbnnVSoOEFQfPZQkEiKEZ30RHtCA0c5soRxLexfKR8wzbgtwUxK8BZXXib1csk7LZVvyoVKcV5HlhyRY1IkHjkjFXJNqqRGOHkgT+SFvDqPzrPz5rzPohlnPnNI/sD5/AYPfqFn</latexit>

features AB

<latexit sha1_base64="maLvmXGlyY5vqEh0Mp2cx+bAmjY=">AAACGXicbVDLSgMxFM34rPVVdekmWISuykwX6rKgC5cV7APaUjLpnTY0kxmSO2IZ+htu/BU3LhRxqSv/xkxbRFsPBA7nnJvkHj+WwqDrfjkrq2vrG5u5rfz2zu7efuHgsGGiRHOo80hGuuUzA1IoqKNACa1YAwt9CU1/dJn5zTvQRkTqFscxdEM2UCIQnKGVegW348NAqJSDQtCTfAAMEw2GdhDu0Q/Sq0m+A6r/E+gVim7ZnYIuE29OimSOWq/w0elHPAntPJfMmLbnxthNmUbBJdjbEwMx4yM2gLalioVguul0swk9tUqfBpG2RyGdqr8nUhYaMw59mwwZDs2il4n/ee0Eg4tuKlScICg+eyhIJMWIZjXRvtDAUY4tYVwL+1fKh0wzbkswWQne4srLpFEpe2flyk2lWC3N68iRY3JCSsQj56RKrkmN1AknD+SJvJBX59F5dt6c91l0xZnPHJE/cD6/AXnZoR4=</latexit>

features D

<latexit sha1_base64="L7asew2wQQa5o+amE+sbX9aAEgU=">AAACCnicbVDLSsNAFJ3UV42vqEs30SJ0VZIu1GXBjcsK9gFNKJPJTTt0MgkzE6GErt34K25cKOLWL3Dn3zhpg2jrgYHDOfdw554gZVQqx/kyKmvrG5tb1W1zZ3dv/8A6POrKJBMEOiRhiegHWAKjHDqKKgb9VACOAwa9YHJd+L17EJIm/E5NU/BjPOI0ogQrLQ2tUy+AEeU5Aa5AzEyWSGl6wMMfZWjVnIYzh71K3JLUUIn20Pr0woRksc4ThqUcuE6q/BwLRQmDmellElJMJngEA005jkH6+fyUmX2uldCOEqEfV/Zc/Z3IcSzlNA70ZIzVWC57hfifN8hUdOXnlKeZAk4Wi6KM2Sqxi17skAogik01wURQ/VebjLHARJcgixLc5ZNXSbfZcC8azdtmrVUv66iiE3SG6shFl6iFblAbdRBBD+gJvaBX49F4Nt6M98VoxSgzx+gPjI9vcKiapQ==</latexit>

loss
<latexit sha1_base64="uQJl1HkK/GSm3eRQevwtYYn9juM=">AAACIHicbVDLSgMxFM3UVx1fVZdugkXoqsx0YV0W3LisYB/QDiWTudOGZpIhyQhl6Ke48VfcuFBEd/o1pg9EWw8EDuecy809YcqZNp736RQ2Nre2d4q77t7+weFR6fikrWWmKLSo5FJ1Q6KBMwEtwwyHbqqAJCGHTji+nvmde1CaSXFnJikECRkKFjNKjJUGpXo/hCETOQVhQE3dMUxSyYTRmIgIUwmxzTJrarcPIvrJDUplr+rNgdeJvyRltERzUProR5JmiZ2nnGjd873UBDlRhlEOU7efaUgJHZMh9CwVJAEd5PMDp/jCKhGOpbJPGDxXf0/kJNF6koQ2mRAz0qveTPzP62UmvgpyJtLMgKCLRXHGsZF41haOmAJq+MQSQhWzf8V0RBShtgQ9K8FfPXmdtGtV/7Jau62VG5VlHUV0hs5RBfmojhroBjVRC1H0gJ7QC3p1Hp1n5815X0QLznLmFP2B8/UND5ikCw==</latexit>

keypoints and coe�cients

<latexit sha1_base64="Hpf/zL23FA8DOGK0Itkxwy81mnk=">AAACGHicbVDLSgMxFM3UVx1foy7dBIvQVZ3pQsVVwY3LCrYVOkPJZO60oZnMkGSEMvQz3Pgrblwo4rY7/8b0gWjrgcDhnHuS3BNmnCntul9WaW19Y3OrvG3v7O7tHziHR22V5pJCi6Y8lQ8hUcCZgJZmmsNDJoEkIYdOOLyZ+p1HkIql4l6PMggS0hcsZpRoI/Wccz+EPhMFBaFBju35xZhkGRBJBIVr2wcR/fg9p+LW3BnwKvEWpIIWaPaciR+lNE9MnnKiVNdzMx0URGpGOYxtP1eQETokfegaKkgCKihmi43xmVEiHKfSHKHxTP2dKEii1CgJzWRC9EAte1PxP6+b6/gqKJjIcg2Czh+Kc451iqct4YhJoJqPDCFUMvNXTAemEGpKUNMSvOWVV0m7XvMuavW7eqVRXdRRRifoFFWRhy5RA92iJmohip7QC3pD79az9Wp9WJ/z0ZK1yByjP7Am3z3noGs=</latexit>

source appearance:

<latexit sha1_base64="tRKMOOH8EMjRMIulKRUKumYtkb8=">AAACDXicbVDLSsNAFJ34rPEVdekmWIWuStKFiquCG5cV7APaUCaTm3ToZBJmJkIJ/QE3/oobF4q4de/Ov3HSBtHWAwOHc+7hzj1+yqhUjvNlrKyurW9sVrbM7Z3dvX3r4LAjk0wQaJOEJaLnYwmMcmgrqhj0UgE49hl0/fF14XfvQUia8Ds1ScGLccRpSAlWWhpapwMfIspzAlyBmJoKiwjUlTkAHvyIQ6vq1J0Z7GXilqSKSrSG1ucgSEgW6zxhWMq+66TKy7FQlDCYmoNMQorJGEfQ15TjGKSXz66Z2mdaCewwEfpxZc/U34kcx1JOYl9PxliN5KJXiP95/UyFl15OeZop4GS+KMyYrRK7qMYOqACi2EQTTATVf7XJCAtMdAmyKMFdPHmZdBp197zeuG1Um7Wyjgo6Rieohlx0gZroBrVQGxH0gJ7QC3o1Ho1n4814n4+uGGXmCP2B8fENioSbww==</latexit>

target:
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encoder
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decoder

⇥
<latexit sha1_base64="PcNBZ+k3dnNGojhYt75BSmjl47k="></latexit>
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decoder
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encoder
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CNN K
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CNN

F
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C
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K
<latexit sha1_base64="SfiPy99ecpVKC/2nKPcBUIO6hnA="></latexit>

D<latexit sha1_base64="UyKrPxuiQxfO3AmecNLyZ+GyUn8="></latexit>

E
<latexit sha1_base64="3kNOWTAFvBUVsIVywMumQR8pU80="></latexit>

�
<latexit sha1_base64="z9DMvvhNeK7HTsX+YTC7OdTorFQ="></latexit>
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MSE

G
<latexit sha1_base64="jJ8/U6+2lPSTKQoDUC9TAEpF0Z8="></latexit>

R
<latexit sha1_base64="dlNprzJQqhs6DvIH0UgfEIimoQg="></latexit>

H<latexit sha1_base64="dK8x0xNcQwIOPzuXgCh9zy+W0EQ="></latexit>

features F<latexit sha1_base64="T4/tPEtvPPaGO50ibg+Xny4mHGM="></latexit>

keypoints kk
<latexit sha1_base64="Ucvztct7NPzWSOoEs+sexuGniIE="></latexit>

⇤<latexit sha1_base64="cUNqWkioiZKjoifx/1yOQeG3wyY="></latexit>
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k<latexit sha1_base64="oBbqLZ1o7Q7gzY4DftZY+PkvZSU="></latexit>

Xsource
<latexit sha1_base64="3BdEPFXv6Q8Qbp93tPQ29T9zwL8="></latexit>
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reconstructed
target
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Gaussian map.
<latexit sha1_base64="o2YT39aSkhSPjkONs8AvOZYSaxQ="></latexit>
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source appearance
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stop grad
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stop grad

Figure 4: During training, we disconnect the dynamic prediction module (CoDy) from the rendering
module (decoder). On test time, we reconnect the two modules. CoDy forecasts the counterfactual
outcome D from the sparse keypoints representation of AB and C. The confounders are discovered
in an unsupervised manner and provided to the dynamical model.

Ours UV-CDN PhyD Pred
N 2N N 2N NET RNN

BT-CF PSNR 23.48 24.69 21.07 21.99 16.49 22.04
L-PSNR 25.51 26.79 22.36 23.64 23.03 24.97

B-CF PSNR 21.19 21.33 19.51 19.54 18.56 22.31
L-PSNR 23.88 24.12 22.35 22.38 22.55 22.63

C-CF PSNR 24.09 24.09 23.73 23.83 19.69 24.70
L-PSNR 26.07 26.55 26.08 26.34 24.61 26.39

Table 1: Comparison with the state-of-the-art models in
physics-inspired machine learning of video signals, report-
ing reconstruction error (PSNR and introduced L-PSNR).

Copy B Copy C Ours

BT-CF 43.2 20.0 9.58
B-CF 44.3 92.3 36.12
C-CF 7.6 40.3 5.14

Copy B: assumes absence of intervention
(always outputs sequence B).

Copy C: assumes that the tower is stable
(always outputs input C).

Table 2: Comparison with copying
baselines. We report MSE×10−3 on
prediction of keypoints + coefficients.

as a linear transformation from the hidden state of the GRU. We apply the dynamic model in an
auto-regressive way to forecast long-term trajectories in the projected space σk, and apply the state
decoder to obtain a prediction ŝCD(t).

The dynamic model is trained with a loss in keypoint space,

Lphysics =
∑
t

‖sCD(t)− ŝCD(t)‖22 + γ3‖sCD(t)−∆(E(sCD(t)))‖22. (6)

The first term enforces the model to learn to predict the outcomes and the second term favors correct
reconstruction of the state in keypoint space. The terms are weighted with a scalar parameter γ3.

4.3 TRAINING

End-to-end training of all three modules jointly is challenging, as the same pipeline controls both the
keypoint-based state representation and the dynamic module (CoDy), involving two adversarial ob-
jectives: optimizing reconstruction pushes the keypoint encoding to be as representative as possible,
but learning the dynamics favors a simple representation. Faced with these two contradictory tasks,
the model is numerically unstable and rapidly converges to regression to the mean. As described
above, we separately train the encoder+decoder pair without dynamic information on reconstruction
only, c.f. Equation (4). Then we freeze the parameters of the keypoint detector and train CoDy to
forecast the keypoints from D minimizing the loss in Equation (6).

5 EXPERIMENTS

We compare the proposed model to three strong baselines for physics-inspired video prediction.

• PhyDNet (Le Guen & Thome, 2020) is a non-counterfactual video prediction model that forecasts
future frames using a decomposition between (a) a feature vector that temporally evolves via an
LSTM and (b) a dynamic state that follows a PDE learned through specifically designed cells.
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R
<latexit sha1_base64="dlNprzJQqhs6DvIH0UgfEIimoQg="></latexit>{Gi

k}i=1..C
k=1..K

Figure 5: Network R learns
a distortion from multiple ori-
ented ellipses to target shapes.

# Coefficients: 3 7

# Keypoints: N 2N 4N N 2N 4N

BT-CF PSNR 23.48 24.69 23.54 22.71 23.28 23.17
L-PSNR 21.75 23.03 21.80 21.18 21.86 21.70

B-CF PSNR 21.19 21.33 21.37 20.49 21.09 20.97
L-PSNR 27.88 27.16 27.07 26.33 27.07 26.73

C-CF PSNR 24.09 24.09 24.26 23.84 23.66 24.06
L-PSNR 23.32 23.46 23.44 22.58 22.81 23.45

Table 3: Impact of having additional orientation/shape co-
efficients (3) compared to the keypoint-only solution (7),
for different numbers of keypoints: equal to number of ob-
jects (= N ), 2N and 4N .

• V-CDN (Li et al., 2020) is a counterfactual model based on keypoints, close to our work. It
identifies confounders from the beginning of a sequence and learns a keypoint predictor through
auto-encoding using the Transporter equation (see discussion in Sect. 4.1). As it is, it cannot
be used for video prediction and is incomparable with our work, see details in appendix C. We
therefore replace the Transporter by our own de-rendering/rendering modules, from which we
remove the additional coefficients. We refer to this model as UV-CDN (for Unsupervised V-CDN).

• PredRNN (Wang et al., 2017) is a ConvLSTM-based video prediction model that leverages spatial
and temporal memories a through a spatiotemporal LSTM cell.

All models have been implemented in PyTorch, architectures are described in appendix D. For the
baselines PhyDNet, UV-CDN and PredRNN, we used the official source code provided by the au-
thors. We evaluate on each scenario of Filtered-CoPhy on the counterfactual video prediction task.
For the two counterfactual models (Ours and UV-CDN), we evaluate on the tasks as intended: we
provide the observed sequence AB and the CF initial condition C, and forecast the sequence D.
The non-CF baselines are required to predict the entire video from a single frame, in order to prevent
them from leveraging shortcuts in a part of the video and bypass the need for physical reasoning.

We measure performance with time-averaged peak signal-to noise ratio (PSNR) that directly mea-
sures reconstruction quality. However, this metric is mainly dominated by error on the static back-
ground, which is not our main interest. We also introduce Localized PSNR (L-PSNR), which mea-
sures area error on the important regions near moving objects, computed on masked images. We
compute the masks using classical background subtraction techniques.

Comparison to the SOTA — We compare our model against UV-CDN, PhyDNet and PredRNN
in Table 1, consistently and significantly outperforming the baselines. The gap with UV-CDN is
particularly interesting, as it confirms the choice of additional coefficients to model the dynamics of
moving objects. PredRNN shows competitive performances, especially on collisionCF. How-
ever, our localized PSNR tends to indicates that the baseline does not reconstruct accurately the
foreground, favoring the reconstruction of the background to the detriment of the dynamics of the
scene. Fig. 6 visualizes the prediction on a single example, more can be found in appendix G. We
also compare to trivial copying baselines in Table 2, namely Copy B, which assumes no intervention
and outputs the B sequence, and Copy C, which assumes a stable tower. We evaluate these models
in keypoints space measuring MSE on keypoints and coefficients averaged over time, as copying
baselines are unbeatable in the regions of static background, making the PSNR metrics unusable.

We provide additional empirical results by comparing the models using Multi-object Tracking met-
rics and studies on the impact of the do-operations on PSNR in appendix E. We also compute an
upper bound of our model using CoPhyNet baseline as described in Baradel et al. (2020).

Performance on real-world data — is reported in appendix F, showing experiments on 516 videos
of real wooden blocks introduced in (Lerer et al., 2016).

Impact of appearance coefficients — are reported in Table 3, comparing to the baseline using
a keypoint-only representation. The coefficients have a significant impact: even increasing the
number of keypoints to compensate for the loss of information cannot overcome the advantage
of disentangling positions and shapes, as done in our model. We provide a deeper analysis of the
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Figure 6: Visualization of the counterfactual video prediction quality, comparing our proposed
model (Filtered CoPhy) with the two baselines, PhyDNet and UV-CDN, over different timestamps.

State auto-encoder: 3 7

BT-CF 9.58 11.10
B-CF 36.12 36.88
C-CF 5.14 16.16

Table 4: Impact of the dynamic CoDy encoder
(3) against the baseline operating in the keypoint
+ coefficient space (7). We report MSE×10−3

on prediction of keypoints + coefficients (4 pts).

Filter bank: Fixed Learned

BT-CF 34.40 32.04
B-CF 37.76 31.25
C-CF 34.09 33.88

Table 5: Learning the filter bank H from scratch
has a mild negative effect on the reconstruction
task. We report the PSNR on static reconstruc-
tion performance without the dynamic model.

de-rendering/rendering modules in appendix B, which includes visualizations of the navigation of
the latent shape space in B.2.

Learning filters — does not have a positive impact on reconstruction performance compared to the
choice of the handcrafted bank, as can be seen in table 5. We conjecture that the additional degrees of
freedom are redundant with parts of the filter kernels in the refinement module R: this corresponds
to jointly learning a multi-channel representation {Gik}i=1..C

k=1..K for shapes as well as the mapping
which geometrically distorts them into the target object shapes. Fixing the latent representation
does not constrain the system, as the mappingR can adjust to it — see Fig. 5.

Impact of the high-dimensional dynamic space — We evaluate the impact of modeling object
dynamics in high-dimensional space through the CoDy encoder in Table 4, comparing projection to
256 dimensions to the baseline reasoning directly in keypoint + coefficient space. The experiment
confirms this choice of KKL-like encoder (Janny et al., 2021).

6 CONCLUSION

We introduced a new benchmark for counterfactual reasoning in physical processes requiring to per-
form video prediction, i.e. predicting raw pixel observations over a long horizon. The benchmark
has been carefully designed and generated imposing constraints on identifiability and counterfac-
tuality. We also propose a new method for counterfactual reasoning, which is based on a hybrid
latent representation combining 2D keypoints and additional latent vectors encoding appearance
and shape. We introduce an unsupervised learning algorithm for this representation, which does not
require any supervision on confounders or other object properties and processes raw video. Coun-
terfactual prediction of video frames remains a challenging task, and Filtered CoPhy still exhibits
failures in maintaining rigid structures of objects over long prediction time-scales. We hope that our
benchmark will inspire further breakthroughs in this domain.
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Appendix
A FURTHER DETAILS ON DATASET GENERATION

Confounders in our setup are masses, which we discretize in {1, 10}. For BallsCF and
CollisionCF, we can also consider the continuous initial velocities of each object as confounders
variables, since they have to be identified in AB to forecast CD.

We simulate all trajectories associated with the various possible combinations of masses from the
same initial condition.

Do-interventions, however, depend on the task. For BlocktowerCF and BallsCF, do-
interventions consist in (a) removing the top cube or a ball, or (b) shifting a cube/ball on the hori-
zontal plane. In this case, for BlocktowerCF, we make sure that the cube does not move too far
from the tower, in order to maintain contact. For CollisionCF, the do-interventions are restricted
to shifting operations, since there are only two objects (a ball and a cylinder). It can consist of either
a switch of the cylinder’s orientation between vertical or horizontal, or a shift of the position of the
moving object relative to the resting one in one of the three canonical directions x, y and z.

A.1 ENFORCING THE IDENTIFIABILTY CONSTRAINT

The identifiabilty and counterfactuality constraints described in section 3 are imposed numerically,
i.e. we first sample and simulate trajectories with random parameters and then reject those that
violate these constraints.

As stated in section 3, an identifiable experiment guarantees that there is no pair (z, z′) that gives
the same trajectory AB but a different counterfactual outcome CD. Otherwise, there will be no
way to choose between z and z′ only from looking at AB, thus no way to correctly forecast the
counterfactual experiment. By enforcing this constraint, we make sure that there exists at least a
set {z, z′, ...} of confounders that give at the same time similar observed outcomes AB and similar
counterfactual outcomes CD.

In practice, there exists a finite set of possible variables zi, corresponding to every combination of
masses for each object in the scene (masses take their value in {1, 10}). During generation, we
submit each candidate experiment (AB,CD, z) to a test ensuring that the candidate is identifiable.
Let ψ(X0, z) be the function that gives the trajectory of a system with initial condition X0 and
confounders z. We simulate all possible trajectories ψ(A, zi) and ψ(C, zi) for every possible zi.
If there exists z′ 6= z such that the experiment is not identifiable, the candidate is rejected. This
constraint requires to simulate the trajectory of each experiment several times by modifying physical
properties of the objects.

Equalities in Definition 1 are relaxed by thresholding distances between trajectories. We reject a
candidate experiment if there exists a z′ such that

T∑
t=0

‖ψ(A, z)− ψ(A, z′)‖2 < ε and
T∑
t=0

‖ψ(C, z)− ψ(C, z′)‖2 > ε. (7)

The choice of the threshold value ε is critical, in particular for the identifiability constraint:

• If the threshold is too high, all AB trajectories will be considered as equal, which results
in acceptance of unidentifiable experiments.

• If the threshold is too low, all trajectories CD are considered equal. Again, this leads to
mistakenly accepting unidentifiable experiments.

There exists an optimal value for ε, which allows to correctly reject unidentifiable experiences.
To measure this optimal threshold, we generated a small instance of the BlocktowerCF dataset
without constraining the experiments, i.e. trajectories can be unidentifiable and non-counterfactual.
We then plot the percentage of rejected experiments in this unfiltered dataset against the threshold
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Figure 7: Experimental tuning of the threshold parameter. We generate an unconstrained subset of
BlocktowerCF and plot the percentage of identifiable experiments as function of the threshold ε.

without
constraint

with
constraint

Accuracy 56% 84%
Corrected Acc. 58% 91%

(a)

FPS 5 15 25 35 45

MSE
(×10−2) 4.58 3.97 3.74 3.82 3.93

(b)

Table 6: (a) Sanity check of the identifiability constraint in BlocktowerCF, which results in better
estimation of cube masses. The corrected accuracy only considers those cubes for which changes
in masses are consequential for the trajectory D. (b) MSE between ground truth 3D positions and
predicted positions after 1 second, depending on the sampling rate of the trajectory.

value (Fig. 7, left). We chose the threshold ε = 100 which optimizes discrimination and rejects the
highest number of “unidentifiable” trajectories.

To demonstrate importance of this, we train a recurrent graph network on BlocktowerCF to
predict the cube masses from ground-truth state trajectories AB, including pose and velocities, see
Fig. 8. It predicts each cube’s mass by solving a binary classification task. We train this model on
both BlocktowerCF and an alternative version of the scenario generated without the identifiability
constraint. The results are shown in Table 6a. We are not aiming 100% accuracy, and this problem
remains difficult in a sense that the identifiability constraint ensures the identifiability of a set of
confounder variables, while our sanity check tries to predict a unique z.

However, the addition of the identifiability constraint to the benchmark significantly improves the
model’s accuracy, which indicates that the property acts positively on the feasability of Filtered-
CoPhy. The corrected accuracy metric focuses solely on the critical cubes, i.e. those cubes whose
masses directly define the trajectory CD.

A.2 ENFORCING THE COUNTERFACTUALITY CONSTRAINT

Let (AB,CD, z) be a candidate experiment, and zk be a combination of masses identical to z
except for the kth value. The counterfactuality constraint consists in checking that there exists at
least one k such that ψ(C, z) 6= ψ(C, zk). To do so, we simulate ψ(C, zk) for all k and measure the
difference with the candidate trajectory ψ(C, z). Formally, we verify the existence of k such that:

T∑
t=0

‖ψ(C, zk)− ψ(C, z)‖2 < ε. (8)

A.3 ANALYZING TEMPORAL RESOLUTION

We analyzed the choice of temporal frequency for the benchmark with another sanity check. We
simulate a non-counterfactual dataset from BlocktowerCF where all cubes have equal masses. A
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Figure 8: Impact of the choice of temporal resolution. Left: We check the identifiability constraint
by training a model to predict the cube masses in BlocktowerCF from the observed trajectory
AB. The model is a graph neural network followed by a gated recurrent unit. Right: We check the
augmentation of the sampling rate by training an agent to forecast a 1 second-length trajectory from
the states of the previous second.

Figure 9: Visual examples of the impact of temporal resolution on dynamical information for each
task in Filtered-CoPhy. Black dots are sampled at 6 FPS while red dots are sampled at 25 FPS.

recurrent graph network takes as input cube trajectories (poses and velocities) over a time interval of
one second and predicts the rest of the trajectory over the following second. We vary the sampling
frequency; for example, at 5 FPS, the model receives 5 measurements, and predicts the next 5 time
steps, which correspond to a one second rollout in the future. Finally, we compare the error in 3D
positions between the predictions and the GT on the last prediction. Results are shown in Table
6b. This check shows clearly that 25 FPS corresponds to the best trade-off between an accurate
representation of the collision and the amount of training data. Fig. 9 shows a practical example of
the effect of time resolution on dynamical information in a trajectory.

A.4 SIMULATION DETAILS

We used Pybullet as physics engine to simulate Filtered-CoPhy. Each experiment is designed to
respects the balance between good coverage of confounder combinations and counterfactuality and
identifiability constraints described above. We generate the trajectories iteratively:

1. We sample a combination of masses and other physical characteristics of the given experiment,
such as stability of the tower, or object motion in CollisionCF, or if the do-operation consists
in removing an object. This allows us to maintain a balance of confounder configurations.

2. Then we search for an initial configuration A. For BlocktowerCF, we make sure that this
configuration is unstable to ensure identifiability. Then we simulate the trajectory B.
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Figure 10: During the dataset generation process, we carefully balance combinations of masses, i.e.
the confounders. For BlocktowerCF, we also guarantee that the proportion of stable CD towers
is close to 50% for each confounder configuration.

3. We look for a valid do-operation such that identifiability and counterfactuality constraints are
satisfied. If no valid do-operation is found after a fixed number of trials, we reject this experiment.

4. If a valid pair (AB,CD) is found, we add the sample to the dataset.

The trajectories were simulated with a sample time of 0.04 seconds. The video resolution is
448 × 448 and represents 6 seconds for BlocktowerCF and BallsCF, and 3 seconds for
CollisionCF. We invite interested readers to look at our code for more details, such as do-
operation sampling, or intrinsic camera parameters. Fig. 10 shows the confounder distribution in
the three tasks.

B PERFORMANCE EVALUATION OF THE DE-RENDERING MODULE

B.1 IMAGE RECONSTRUCTION

# Keypoints N 2N 4N

BT-CF PSNR 34.40 35.41 34.92
MSE Grad 27.24 21.39 23.99

B-CF PSNR 37.76 37.06 36.98
MSE Grad 3.47 3.77 3.95

C-CF PSNR 32.00 35.41 34.42
MSE Grad 32.00 12.57 17.09

Table 7: PSNR (dB) on the task of reconstructing
the target from the source (both randomly sam-
pled from Filtered-CoPhy), using 5 coefficients
per keypoint. We vary the number of keypoints in
our model. Here N is the maximum number of
the objects in the scene.

We evaluate the reconstruction performance of
the de-rendering module in the reconstruction
task. Note that there is trade-off between the
reconstruction performance and the dynamic
forecasting accuracy: a higher number of key-
points may lead to better reconstruction, but can
hurt prediction performance, as the dynamic
model is more difficult to learn.

Reconstruction error – We first investigate the
impact of the number of keypoints in Table 7
by measuring the Peak Signal to Noise Ratio
(PSNR) between the target image and its re-
construction. We vary the number of keypoints
among multiples of N , the maximum number
of objects in the scene. Increasing the number
of keypoints increases reconstruction quality (PSNR) up to a certain point, but results in degradation
in forecasting performance. Furthermore, doubling the number of keypoints only slightly improves
reconstruction accuracy. This tends to indicate that our additional coefficients are already sufficient
to model finer-grained visual details. Table 3 in the main paper measures the impact of the number
of keypoints and the presence of the additional appearance coefficients on the full pipeline including
the dynamic model. Table 8 illustrates the impact of the number of keypoints and the additional
appearance coefficient on the reconstruction performance alone. As we can see, the addition of the
coefficient consistently improves PSNR for low numbers of keypoints (over 2 dB for N keypoints).
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Ground Truth Ours (N Keypoints) Ours (2N Keypoints) Ours (4N Keypoints) Without coefficient (N Kpts) Without coefficient (2N Kpts) Without coefficient (4N Kpts)

Figure 11: Reconstructions produced by the de-rendering module. Our model correctly marks each
object in the scene and achieves satisfactory reconstruction.

The improvement is less visible for larger numbers of keypoints, since 3D visual details could be
encoded via keypoints position, hence coefficients become less relevant. Visualizations are shown
in Fig. 11.

N 2N 4N
Coefficients 7 3 7 3 7 3

BT-CF PSNR 32.53 34.40 33.97 35.41 34.57 34.92
MSE Grad 41.86 27.24 35.24 21.39 28.06 23.99

B-CF PSNR 34.62 37.76 36.94 37.06 37.15 36.98
MSE Grad 6.22 3.47 4.16 3.77 4.07 3.95

C-CF PSNR 30.65 32.00 33.89 35.41 35.63 34.42
MSE Grad 12.78 32.00 20.59 12.57 11.72 17.09

Table 8: Impact of the number of keypoints and the presence of additional appearance coefficient
in the de-rendering module for pure image reconstruction (no dynamic model). We report PSNR
(dB) and MSE on the image gradient. N is the maximum number of the objects in the scene.
The coefficients significantly improve the reconstruction on low number of keypoints. This table is
related to table 3 in the main paper, which measures this impact on the full pipeline.

B.2 NAVIGATING THE LATENT COEFFICIENT MANIFOLD

We evaluate the influence of the additional appearance coefficients on our de-rendering model by
navigating its manifold. To do so, we sample a random pair (Xsource, Xtarget) from an experiment
in BlocktowerCF and compute the corresponding source features and target keypoints and co-
efficients. Then, we vary each component of the target keypoints and coefficients and observe the
reconstructed image (fig. 12). We observed that the keypoints accurately control the position of the
cube along both spatial axes. The rendering module does infer some hints on 3D shape information
from the vertical position of the cube, exploiting a shortcut in learning. On the other hand, while not
being supervised, the coefficients naturally learn to encode different orientations in space and dis-
tance from the camera. Interestingly, a form of disentanglement emerges. For example, coefficients
n◦ 1 and 2 control rotation around the z-axis, and coefficient n◦4 models rotation around the y-axis.
The last coefficient represents both the size of the cube and its presence in the image.
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Figure 12: Navigating the manifold of the latent coefficient representation. Each line corresponds
to variations of one keypoint coordinate or coefficient and shows the effect on a single cube.

C COMPARISON WITH THE TRANSPORTER BASELINE

C.1 COMPARISON WITH OUR DE-RENDERING MODEL

As described in section 4.1, the Transporter (Kulkarni et al., 2019) is a keypoint detection model
somewhat close to our de-rendering module. It leverages the transport equation to compute a recon-
struction vector:

Ψ̂target = Fsource × (1−Ksource)× (1−Ktarget) + Ftarget ×Ktarget. (9)

This equation allows to transmit information from the input by two means: the 2D position of
the keypoints (Ktarget) and the dense visual features of the target (Ftarget). In comparison, our de-
rendering solely relies on the keypoints from the target image and does not require a dense vector
to be computed on the target to reconstruct the target. This makes the Transporter incomparable
with our de-rendering module. We nevertheless compare the performances of the two models in
Table 13, and provide visual examples in Fig. 13. Even though the two models are not comparable,
as the Transporter uses additional information, our model still outperforms the Transporter for small
numbers of keypoints. Interestingly, for higher numbers of keypoints Transporter tends to discover
keypoints far from the object. We investigate this behavior in the following section, and show that
this is actually a critical problem for learning causal reasoning on the discovered keypoints.

C.2 ANALYSIS OF TRANSPORTER’S BEHAVIOR

The original version of the V-CDN model (Li et al., 2020) is based on Transporter (Kulkarni et al.,
2019). We have already highlighted the fact that this model is not comparable with our task, as it
requires not only the target keypoints Ktarget but also a dense feature map Ftarget, whose dynamics
can hardly be learned due to its high dimensionality. More precisely, the transport equation (Eq. 9)
allows to pass information from the target by two means: the 2D position of the keypoints (Ktarget)
and the dense feature map of the target (Ftarget). The number of keypoints therefore becomes a
highly sensible parameter, as the transporter can decide to preferably transfer information through
the target features rather than through the keypoint locations. When the number of keypoints is
low, they act as a bottleneck, and the model has to carefully discover them to reconstruct the image.
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Ours Transporter (not comparable)

# Keypoints 4 8 16 4 8 16

BT-CF 34.40 35.41 34.92 34.10 34.88 39.20
B-CF 37.76 37.06 36.98 34.75 34.78 35.13
C-CF 35.41 34.42 35.98 32.66 33.39 34.47

Table 9: PSNR (dB) on the task of reconstructing target from the source (both randomly sampled
from Filtered-CoPhy), using 5 coefficients per keypoint. We vary the number of keypoints in both
our model and the Transporter. Note that Transporter uses target features to reconstruct the image,
hence it is not comparable with our model.

Ground Truth Ours (4k) Ours (8k) Ours (16k) Learned (4k) Transporter (4k) Transporter (8k) Transporter (16k)

Ground Truth Ours (4k) Ours (8k) Ours (16k) Learned (4k) Transporter (4k) Transporter (8k) Transporter (16k)

Ground Truth Ours (4k) Ours (8k) Ours (16k) Learned (4k) Transporter (4k) Transporter (8k) Transporter (16k)

Figure 13: Example of reconstructed image by our-derendering module and the Transporter.

On the other hand, when we increase the number of keypoints, Transporter stops tracking objects
in the scene and transfers visual information through the dense feature map, making the predicted
keypoints unnecessary for image reconstruction, and therefore not representative of the dynamics.

To illustrate our hypothesis, we set up the following experiment. Starting from a trained Transporter
model, we fixed the source image to be X0 (the first frame from the trajectory) during the evaluation
step. Then, we compute features and keypoints on the target frameXt regularly sampled in time. We
reconstruct the target image using the transport equation, but without updating the target keypoints.
Practically, this consists in computing Ψ̂target with Eq. (9) substituting Ktarget for Ksource.

Results are shown in Fig. 14. There is no dynamic forecasting involved in this figure, and the Trans-
porter we used was trained in a regular way, we only change the transport equation on evaluation
time. Even though the keypoint positions have been fixed, the Transporter manages to reconstruct a
significant part of the images, which indicates that a part of the dynamics has been encoded in the
dense feature map.

In contrast, this issue does not arise from our de-rendering module, since our decoder solely relies
on the target keypoints to reconstruct the image. Note that this is absolutely not contradictory with
the claim in Li et al. (2020), since they do not evaluate V-CDN in pixel space. A rational choice of
the number of keypoints leads to satisfactory performance, allowing V-CDN to accurately forecast
the trajectory in keypoints space, and retrieve the hidden confounders on their dataset.

C.3 TEMPORAL INCONSISTENCY ISSUES

Increasing the number of keypoints of the Transporter may lead to temporal inconsistency during
the long-range reconstruction. For example, a keypoint that tracks the edge of a cube in the first
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Figure 14: We evaluate the Transporter with a varying number of keypoints to reconstruct images
regularly sampled in a trajectory while having the target keypoints fixed. Even if the keypoints
are not moving, the Transporter still manages to reconstruct a significant part of the image, which
indicates that the keypoints are not fully responsible for encoding the dynamics of the scene.

frame may target a face of this same cube in the future, since dynamics does not intervene in the
keypoint discovery process.

Our de-rendering directly addresses this through the usage of additional appearance coefficients,
which allows us to limit the number of keypoints to the number of objects in the scene, effectively
alleviating the consistency issue. Fig. 15 illustrates this phenomenon by plotting the discovered
keypoint locations forward in time, as well as the 2D location of the center of mass of each object.
Note that the Transporter suffers from the temporal inconsistency issue with numbers of keypoints
as low as 4 (green cube). In contrast, our model manages to solve the problem and accurately tracks
the centers of mass, even though they were never supervised.

D DETAILS OF MODEL ARCHITECTURES

D.1 DE-RENDERING MODULE

We call a “block” a 2D convolutional layer followed by a 2D batch norm layer and ReLU activation.
The exact architecture of each part of the encoder is described in Table 10a. The decoder hyper-
parameters are described in Table 10b.

Dense feature map estimator F – We compute the feature vector from Xsource by applying a con-
volutional network F on the output of the common CNN of the encoder. This produces the source
feature vector Fsource of shape (batch, 16, 28, 28).

Keypoin detector K – The convolutional network K outputs a set of 2D heatmaps of shape
(batch,K, 28, 28), whereK is the desired number of keypoints. We apply a spatial softmax function
on the two last dimensions, then we extract a pair of coordinates on each heatmap by looking for the
location of the maximum, which gives us Ktarget of shape (batch,K, 2).
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Figure 15: Temporal inconsistency in long-range reconstruction. We show the keypoints discovered
on images taken from different time steps (black dots). We also compute the 2D location of the
center of mass of each object in the scene (white dots). Our de-rendering module accurately tracks
the centers of mass, which have never been supervised.

Coefficient estimator C – We obtain the coefficient by applying a third convolutional network
C to the output of the common encoder CNN, which again results in a set of 2D vectors of
shape (batch,K, 28, 28). These vectors are flattened channel-wise and provide a tensor of shape
(batch,K, 28 × 28)) fed to an MLP (see Table 10a for the exact architecture) that estimates the
coefficients Ctarget of shape (batch,K,C + 1).

Gaussian mapping G – The keypoint vector Ktarget is mapped to a 2D vector through a Gaussian
mapping process :

G(k)(x, y) = exp

(
− (x− kx)2 + (y − ky)2

σ2

)
, (10)

where G(k) ∈ R28×28 is the Gaussian mapping of the keypoint k = [kx ky]. We deform these
Gaussian mappings by applying convolutions with filters Hi controlled by the coefficients cik.

The filters from H are 5 × 5 kernels that elongate the Gaussian in a specific direction. Practically,
we obtain the filter Hi by drawing a line crossing the center of the kernel and with a slope angle of
i πC where C is the number of coefficients. We then apply a 2D convolution :

Gi
k = cC+1

k cik (G(kk) ∗Hi) . (11)

Note that we also compute a supplementary coefficient αC+1
k used as a gate on the keypoints. By set-

ting this coefficient to zero, the de-rendering module can de-activate a keypoint (which is redundant
with deactivating the full set of coefficients for this keypoint).

RefinerR – To reconstruct the target image, we channel-wise stack feature vectors from the source
with the constructed filters and feed them to the decoder CNNR (Table 10b).

We trained the de-rendering module on pairs of images (Xsource,Xtarget) randomly sampled from
sequences D. For a given sequence D, we take T − 25 first frames of the trajectory as a source
(where T is the number of frames in the video). The last 25 frames are used as a target. For
evaluation, we take the 25th frame as the source, and the 50th frame as the target. We use Adam
optimizer with a learning rate of 10−3, γ1 = 104 and γ2 = 10−1 to minimize equation 4.
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CNN
Module in ch. out ch. kernel stride pad.

1

Block

3 32 7 1 3
2 32 32 3 1 1
3 32 64 3 2 1
4 64 64 3 1 1
5 64 128 3 2 1

F()
1 Block 128 16 3 1 1

K()
1 Block 128 128 3 1 1
2 Conv2d 128 K 3 1 1
3 Softplus

C()
1 Block 128 K 3 1 1
2 Flatten

Module in out
3 Linear+ReLU 784 2048
4 Linear+ReLU 2048 1024
5 Linear+ReLU 1024 512
6 Linear+ReLU 512 C

7 Sigmoid

(a) Encoder architecture

R()
in ch. out ch. kernel stride pad.

1
Block

16+K × C 128 3 1 1
2 128 128 3 1 1
3 128 64 3 1 1
4 UpSamplingBilinear2d(2)
5

Block
64 64 3 1 1

6 64 32 3 1 1
7 UpSamplingBilinear2d(2)
8

Block
32 32 3 1 1

9 32 32 7 1 1
10 Conv2d 32 3 1 1 1
11 TanH

(b) Decoder architecture

Table 10: Architectural details of the de-rendering module.

D.2 CODY

We describe the architectural choices made in CoDy. Let

s(t) = [kk c1k ... c
C+1
k k̇k ċ1k ... ċ

C+1
k ]k=1..K (12)

be the state representation of an image Xt, composed of the K keypoints 2D coordinates with their
C + 1 coefficients. The time derivative of each component of the state is computed via an implicit
Euler derivation scheme k̇(t) = k(t) − k(t − 1). We use a subscript notation to distinguish the
keypoints from AB and CD.

CF estimator – The latent representation of the confounders is discovered from sAB. The graph
neural network from this module implements the message passing function f() and the aggregation
function g() (see equation 5) by an MLP with 3 hidden layers of 64 neurons and ReLU activation
unit. The resulting nodes embeddings hAB(t) = GN (sAB(t)) belong to R128. We then apply
a gated recurrent unit with 2 layers and a hidden vector of size 32 to each node in hAB(t) (shar-
ing parameters between nodes). The last hidden vector is used as the latent representation of the
confounders uk.

State encoder-decoder – The state encoder is modeled as a GN where the message passing function
and the aggregation function are MLPs with one hidden layer of 32 units. The encoded state σCD =
E(sCD) lies in R256. We perform dynamical prediction in this σ space, and then project back the
forecasting in the keypoint space using a decoder. The decoder ∆(σ(t)) first applies a shared GRU
with one layer and a hidden vector size of 256 to each keypoint σk(t), followed by a graph neural
network with the same structure as the state encoder.

Dynamic system – Our dynamic system forecasts the future state σ̂(t + 1) from the current esti-
mation σ̂(t) and the confounders u = [u1 ... uK ]. It first applies a graph neural network to the
concatenated vector [σ̂(t) u]. The message passing function f and the aggregation function g are
MLPs with 3 hidden layers of 64 neurons and ReLU activation function. The resulting nodes em-
beddings GN ((σ)(t)) belong to R64 and are fed to a GRU sharing weights among each nodes with
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2 layers and a hidden vector of size 64. This GRU updates the hidden vector vCD(t) = [v1 ... vK ],
that is then used to compute a displacement vector with a linear transformation:

σ̂k(t+ 1) = σk(t) + Wvk(t) + b. (13)

CoDy is trained using Adam to minimize equation 6 (learning rate 10−4, γ3 = 1). We train
each CoDy instance by providing it with fixed keypoints states sAB(t) and the initial condition
sCD(t = 0) computed by our trained de-rendering module. CoDy first computes the latent con-
founder representation uk, and then projects the initial condition into the latent dynamic space
σ(t = 0) = E(sCD(t = 0)). We apply the dynamic model multiple times in order to recursively
forecast T time steps from CD. We then apply the decoder ∆(σ̂(t)) to compute the trajectory in
the keypoint space.

E ADDITIONAL QUANTITATIVE EVALUATION

E.1 MULTI-OBJECT TRACKING METRICS

When the number of keypoints matches the number of objects in the scene, the keypoint detector
naturally and in an unsupervised manner places keypoints near the center of mass of each object (see
Figure 15). Leveraging this emerged property, we provide additional empirical demonstration of the
accuracy of our model by computing classical Multi-Object Tracking (MOT) metrics. In particular,
we computed the Multi-Object Tracking Precision (MOTP) and the Multi-Object Tracking (MOTA)
as described in Bernardin & Stiefelhagen.

• MOTA requires to compute the number of missed objects (i.e. not tracked by a keypoints)
and the number of false positives (i.e. keypoints that do not represent an actual object).
MOTA takes values in [−1, 1], where 1 represents perfect tracking:

MOTA = 1−
∑
tmt + ft + st∑

t gt
, (14)

where mt is the number of missed objects at time t, ft is the number of false positives at
time t, st is the number of swaps at time t, and gt is the number of objects at time t.

• MOTP is a measurement of the distance between the keypoints and the ground-truth cen-
ters of mass conditioned on the pairing process:

MOTP =

∑
i,t d

i
t∑

t ct
, (15)

where ct is the number of accurately tracked objects at time t and dit is the distance between
the keypoint and the center of mass of the ith association {keypoints+center of mass}.

Note that these metrics are related: low MOTP indicates that the tracked objects are tracked pre-
cisely, and low MOTA indicates that many objects are missed. Thus, to be efficient, a model needs
to achieve both low MOTP and high MOTA.

We also reported the performances of CoPhyNet (Baradel et al., 2020) that predicts counterfactual
outcomes in euclidian space using the ground-truth 3D space. As it uses GT object positions during
training, it is not comparable and should be considered as a soft upper bound of our method. We
present our results in Table 11. This confirms the superiority of our method over UV-CDN in key-
point space. The upper bound CoPhyNet takes advantage of the non-ambiguous 3D representation
modeled by the ground-truth state of the object of the scene.

Our method also outperforms CoPhyNet on the ballsCF task, probably due to two phenomena.
First, ballsCF is the only 2D task of FilteredCoPhy. Thus, CoPhyNet does not have an advantage
of using ground-truth 3D positions. Second, the state-encoder in CoDy projects the 2D position of
each sphere in a space where the dynamics is easier to learn, probably by breaking the non-linearity
of collisions.
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Ours UV-CDN CoPhyNet (not comparable)

BT-CF MOTA ↑ 0.46 0.16 0.44
MOTP ↓ 3.34 4.51 0.72

B-CF MOTA ↑ -0.07 -0.73 -0.16
MOTP ↓ 4.64 5.83 5.10

C-CF MOTA ↑ -0.14 -0.19 0.21
MOTP ↓ 6.35 6.35 4.37

Table 11: MOT metrics for different methods. While not comparable, we report the CoPhyNet
performance as a soft upper bound. Our method and UV-CDN use one keypoint per object.
MOTA ↑: higher is better; MOTP ↓: lower is better;
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Figure 16: Effect of the do-operation on the quality of the forecasted video. (left) our method
generalizes well to a wide range of ”Move” operation amplitudes. (right) We observe a difference of
3dB in favor of the Move do-operation, which is unsurprising, as it is the least disturbing intervention

E.2 IMPACT OF THE DO-OPERATIONS

We also measure the impact of the do-operation types on the video forecasting. Fig. 16 (left) is
obtained by computing PSNR for each example of the training set and reporting the result on a
2D graph, depending on the amplitude of the displacement that characterizes the do-operation. We
applied the same method to obtain Fig.16 (right) that focuses on the type of do-operation, that is
moving, removing or rotating an object. These figures are computed using the 2N keypoints models.

Our method generalizes well across different do-operations, including both the type of the operation,
and the amplitude. A key to this success it the careful design of the dataset (balanced with respect to
the types of do-operations), and a reasonable representation (our set of keypoints and coefficients)
able to detect and model each do-operation from images.

F EXPERIMENTS ON REAL-WORLD DATA

Our contributions are focused on the discovery of causality in physics through counterfactual reason-
ing. We designed our model in order to solve the new benchmark and provided empirical evidence
that our method is well suited for modeling rigid-body physics and counterfactual reasoning. The
following section aims to demonstrate that our approach can also be extended to a real-world dataset.
We provide qualitative results obtained on a derivative of BlocktowerCF using real cubes tower
(Lerer et al., 2016).
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Figure 17: We evaluate our method on a real-world dataset Blocktower IRL. After fine-tuning, CoDy
manages to accurately forecast future frames from real videos.

We refer to this dataset as Blocktower IRL. It is composed of 516 videos of wooden blocks stacked
in a stable or unstable manner. The amount of cubes in a tower varies from 2 to 4. We aim to predict
the dynamics of the tower in pixel space. This is highly related with our task BlocktowerCF
(which inspired by the seminal work from (Lerer et al., 2016)) with three main differences: (1) the
dataset shows real cube towers, (2) the problem is not counterfactual, i.e. every cube has the same
mass and (3) the dataset contains only few videos.

To cope with the lack of data, we exploit our pre-trained models on BlocktowerCF and fine-tune
on Blocktower IRL. The adaptation of the de-rendering module is straightforward: we choose the
4 keypoints-5 coefficients configuration and train the module for image reconstruction after loading
the weights from previous training on our simulated task. CoDy, on the other hand, requires careful
tuning to preserve the learned regularities from BlocktowerCF and prevent over-fitting. Since
Blocktower IRL is not counterfactual, we de-activate the confounder estimator and set uk to vectors
of ones. We also freeze the weights of the last layers of the MLPs in the dynamic model.

To the best of our knowledge, we are the first to use this dataset for video prediction. (Lerer et al.,
2016) and Wu et al. (2017) leverage the video for stability prediction but actual trajectory forecasting
was not the main objective. To quantitatively evaluate our method, we predict 20 frames in the future
from a single image sampled in the trajectory. We measured an average PSNR of 26.27 dB, which is
of the same order of magnitude compared to the results obtained in simulation. Figure 17 provides
visual example of the output.
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G QUALITATIVE EVALUATION: MORE VISUAL EXAMPLES

More qualitative results produced by our model on different tasks from our datasets are given below.
G

ro
un

d
Tr

ut
h

t=0 t=21 t=42 t=63 t=85 t=106 t=127 t=149

Fi
lte

re
d

C
oP

hy
(8

kp
ts

)
Ph

yD
N

et
U

V
-C

D
N

(8
kp

ts
)

Pr
ed

R
N

N
G

ro
un

d
Tr

ut
h

t=0 t=21 t=42 t=63 t=85 t=106 t=127 t=149

Fi
lte

re
d

C
oP

hy
(8

kp
ts

)
Ph

yD
N

et
U

V
-C

D
N

(8
kp

ts
)

Pr
ed

R
N

N

Figure 18: Qualitative performance on the BlocktowerCF (BT-CF) benchmark.
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Figure 19: Qualitative performance on the BallsCF (B-CF) benchmark.
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Figure 20: Qualitative performance on the CollisionCF (C-CF) benchmark.
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