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ABSTRACT

Sequential data often originates from diverse environments. Across them ex-
ist both shared regularities and environment specifics. To learn robust cross-
environment descriptions of sequences we introduce disentangled state space
models (DSSM). In the latent space of DSSM environment-invariant state dynam-
ics is explicitly disentangled from environment-specific information governing
that dynamics. We empirically show that such separation enables robust predic-
tion, sequence manipulation and environment characterization. We also propose
an unsupervised VAE-based training procedure to learn DSSM as Bayesian fil-
ters. In our experiments, we demonstrate state-of-the-art performance in con-
trolled generation and prediction of bouncing ball video sequences across varying
gravitational influences.

1 INTRODUCTION

Learning dynamics and models from sequential data is a central task in various domains of sci-
ence (Durbin & Koopman, 2012). This includes managing input of diverse complexity e.g. natural
language (Graves, 2013), videos (Srivastava et al., 2015) or financial time-series (Øksendal, 2003).
It is also crucial for building interactive agents which use reinforcement and control algorithms on
top (Finn & Levine, 2017). Traditional choice in engineering are state space models (SSM) (Koller
et al., 2009), typically found in form of Kalman filters (Gelb, 1974) where well-crafted, relatively
simple state representations and (normally linear) functional forms are used. To improve flexibil-
ity, new solutions rather learn model-free SSM "from scratch". Due to their non-autoregressive
architecture they make an attractive alternative to recurrent neural networks.

Several recent works have already recognized the benefits of introducing additional structure into
SSM: the requirement of separating confounders from actions, observations and rewards (Lu et al.,
2018) or content from dynamics (Yingzhen & Mandt, 2018; Fraccaro et al., 2017), especially for
transfer learning and extrapolation (Kansky et al., 2017). Complementary to these approaches,
we focus on learning structured SSM to decouple system dynamics into its generic (enviroment-
invariant) and environment-specific components. Some examples of sequential data which naturally
admit this structure are given in figure 1. Dynamics of these are defined by some constant external
factors which we jointly refer to as environment.

More concretely, we explore a panel data setting in which we are given multiple sequences describ-
ing the same time-evolving phenomena, one or more per environment e. We would like to learn a
robust non-parametric SSM to represent the dynamics of that phenomena across these environments,
and robustly extrapolate to the unseen ones. To do so, we explicitly model e as a learnable static
element of the latent space. Our idea is based on the assumption that one can decouple sequence
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dynamics to:(i) the generic part which isinvariant across environments; and(ii) the environment-
speci�c part. In other words, truee integrates all unobserved environment-speci�c in�uences which
bias generic system dynamics. Our hypothesis is that consideringdisentangled, implicitly causal
structure of SSM enhances predictive robustness, domain adaptation, and allows for environment
characterization and reasoning under interventions e.g. counterfactual inference.

Figure 1: Sequential systems across environments.Examples include, from left to right:(i)
Michaelis-Menten model for enzyme kinetics, governed by reaction rate constants~k; (ii) bouncing
ball kinematics, determined by ball weight and playground characteristics;(iii) ODE dynamics,
governed by model parameters;(iv) bat swinging motion, in�uenced by the person performing it. In
each example, environments are de�ned differently, depending on what governs sequence dynamics.

OUR KEY CONTRIBUTIONS

DSSM. We introduce a class of non-parametric SSM tailored to exploit invariance from sequential
data originating from heterogeneous environments.Disentangled state space models (DSSM)(see
�gure 2d) form a joint environment model while explicitly decoupling what is generic in sequence
dynamics from what is environment-speci�c. This enhances robustness and the ability to extrapolate
knowledge to unseen environments.

Bayesian �ltering. We extend on recent advances in amortized variational inference to design an
unsupervised training procedure and implement DSSM in form of Bayesian �lters. In the spirit
of (Karl et al., 2016), well-established reparameterization trick is applied such that the gradient
propagates through time. While VAE heuristic provides no convergence guarantees, it is fast, robust
and allows end-to-end training.

Video prediction and manipulation. We analyze video sequences of a bouncing ball, in�uenced
by varying gravity (environment). Weoutperform state-of-the-artK-VAE (Fraccaro et al., 2017)
in predictions, and alsodo interventionsby "swapping environments" i.e. we enforce a speci�c
dynamic behaviour by using an environment from another sequence which exhibits the desired be-
haviour. Example videos are available at:https://sites.google.com/view/dssm .

2 RELATED WORK

Closely related to our proposal are approaches which consider structured and disentangled represen-
tation of videos, separating the pose from the content (Denton et al., 2017; Tulyakov et al., 2017;

Figure 2:DSSM and related architectures. (a)Traditional SSM architecture was used e.g. in (Karl
et al., 2016).(b) Disentangled sequential autoencoder (DSA) (Yingzhen & Mandt, 2018) decouples
time-invariantcontentfrom the time-varying features.(c) Kalman-VAE (Fraccaro et al., 2017) sep-
arates object (content) representation from its dynamics (we did not depict control input here).(d)
DSSM introduce environmentsE to model environment-speci�c effects on sequencedynamics.
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