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Abstract has seen very little data and thus has low quality represen-

Several self-supervised representation learning
methods have been proposed for reinforcement
learning (RL) with rich observations. For real
world applications of RL, recovering underly-
ing latent states is crucial, particularly when sen-
sory inputs contain irrelevant and exogenous in-
formation. In this work, we study how infor-
mation bottlenecks can be used to construct la-
tent states efficiently in the presence of task ir-
relevant information. We propose architectures
that utilize variational and discrete information
bottlenecks, coined as REPDIB, to learn struc-
tured factorized representations. Exploiting the
expressiveness bought by factorized representa-
tions, we introduce a simple, yet effective, bottle-
neck that can be integrated with any existing self
supervised objective for RL. We demonstrate this
across several online and offline RL benchmarks,
along with a real robot arm task, where we find
that compressed representations with REPDIB
can lead to strong performance improvements, as
the learnt bottlenecks help predict only the rele-
vant state, while ignoring irrelevant information.

1 Introduction

In the most general reinforcement learning (RL) setting, an
agent is tasked with discovering a policy that achieves high
long-term reward [56} 41]]. One of the key challenges of
the RL setting is that credit assignment, exploration, and
generalization [56]] must be addressed even when the agent
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tations [22, [11]. When the representations are low quality,
determining a desirable state to reach and finding a pol-
icy to reach that state are both difficult [17]]. Intuitively,
learning a compressed representation should help to ad-
dress these challenges. If extraneous information can be
removed, it should be easier to generalize to new samples
from the environment.

Approaches from the RL theory literature have shown ben-
efits from compressed representations in the discrete latent
state setting [40]], [LOl, [8], [63]. The HOMER algorithm
[40] explores by trying to reach the frontier of pairs of the
discrete latent states and actions with the lowest counts.
While these algorithms give strong theoretical guarantees
[9], planning and exploring with them does not scale be-
yond a small number of discrete states.

We explore the intersection between theoretically-
grounded representation learning in small tabular-MDPs
and representations for the deep reinforcement learning
setting. We seek to retain the expressiveness of fac-
torial representations while making the representation
compressed [33) [34]. In our proposed method (Figure
E]), Representations for RL with Discrete Information
Bottleneck (REPDIB), we make the representations
discrete and factorial, while also encouraging them to be
parsimonious through a gaussian variational information
bottleneck [2, 1314, [12]. These are expressive enough to
model complicated environments, yet avoid the unbounded
complexity of unstructured continuous representations.

This work studies the effectiveness of learning compressed
representations for reinforcement learning. We find that
by using an information bottleneck that induces a facto-
rial structure in the embedding space, REPDIB can learn
more robust representations. This improvement is espe-
cially pronounced in settings where the observation con-
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Figure 1:lllustration of the generic approach ofERDIB, where we learn representations with variational and discrete
factorial bottlenecks. We show that pre-training Representations with Discrete Information Bottlee®EK BR leads to
learning of robust representations, especially when observations consist of irrelevant and exogenous information

tains exogenous noise [10, 9], which is any informationfective approach for learning robust representatons in RL,
that is unrelated to the agent's actions. We propose ain presence of exogenous information. The information
easy to use approach effective for improving downstreanbottleneck principle [61, 58, 53, 57] advocates for learning
performance in settings with irrelevant background infor-minimal suf cient representations, i.e. those which contain
mation. Our work offers the the following contributions: only suf cient information for the downstream task. Op-
(a) Learning representations which more closely match théimal representations contain relevant information between
salient attributes of the environment, and improved robustX andY that is parsimonious to learn a task. Several ap-
ness by learning factorial representations that can ignorproaches have been proposed to design information bottle-
irrelevant information in a practical robot arm task (b) Im- necks in deep learning models, such as variational bottle-
proved sample ef ciency due to structured representationspecks [55, 2] and discrete representation bottlenecks [59].
for better generalization in continuous control (c) bottle- Most prominently, Alemi et al. [2] introduced a variational
neck representations that can improve robustness in of in@pproximation to a mutual information objective of the in-
RL in presence of exogenous distractors. Through rangérmation bottleneck and applied this to deep neural net-
of experiments, we show thatdRDIB learns compressed works.

representations, which helps in exploration and reward-fre
pre-training of representations to improve ef ciency and
robustness on downstream tasks.

fhformation Bottleneck for Exploration in Deep Rein-
forcement Learning. The exploration problem is inher-
ently coupled with the representation learning problem,
2  Related Work since discovering underlying latent structure of the world

ensures that the agent learns about the unseen frontiers in
Self Supervised Representation Learning in RLSeveral  observation space to reach. While several recent works
prior works have studied representation learning in contexhave studied representation learning in RL for improving
of RL, ranging from online to of ine settings$ [64, 26.143], downstream task performance [51, 52], the closest to our
while also studying the ability to recover underlying la- work is learning with prototypical representations [65],
tent states to capture environment dynamiics [28, 4]. Moswhich studies the coupled problem of representation learn-
of these works involve learning representations from highing and exploration. [13, 12] previously studied explo-
dimensional observations, which may contain irrelevantration based on identifying latent bottleneck states, but do
information. This is formalized as learning under irrel- not learn an explicit representation with a self-supervised
evant exogenous information [10} 9], by the theoreticalobjective. [24] studied bottlenecks for inducing explo-
RL community studying representation learning. In thisration in RL. On the theoretical side, [40] grounds rep-
work, we show effectiveness of information bottlenecksresentation learning and exploration with theoretical guar-
with REPDIB, when learning under exogenous informa- antees, but cannot scale to rich observation environments.
tion, and show that bottlenecks can lter out irrelevant Several prior works in exploration have been proposed,
information from observations. Empirically, prior works with large observation spaces, such as using pseudo-counts
studied regularized objectives, for learning robust represen46, 5], optimism-driven exploration [45], intrinsic moti-
tations [39] 211] while others have exploited empowermentation [47], random network distillation[6] and curiostiy
based objectives [42]. Self supervised objectives, whefpased exploration with prediction errors [48]. While these
used for pre-training representations have shown to achievalgorithms proposes exploration in complex high dimen-
tremendous performance improvements [29, 54, 51, 52Jsional tasks, they do not necessarily learn and exploit any
while when learning with ne-tuning representations, it form of structure in the representation space.

leads to better exploratory objectives [65] Comparisons with Prior Related Works :  An infor-

Learning Minimal Representations with Information mation bottleneck aiming at minimal suf cient represen-
Bottleneck In this work, we argue that information bot- tations can be implemented in various ways, including a
tleneck based representations witi#®1B can be an ef-  variational approach (VIB) and architectural choices such
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as reducing the dimension of deeper layers, or by discretiz-

ing layers. Chenijia et al. [3]. directly apply the information

bottleneck to the dynamics of the system, whereas RepDIB

applies it for different downstream targets, such as DQN

targets or inverse model targets. RepDIB also combines

both kinds of bottlenecks, i.e. architectural (discrete bot-

tlenecks in particular) and variational ones. Previous work

in reinforcement learning which enforce bottlenecks have ) ) _

worked with either type independently. Dreamer-v2 andFigure 2: T-SNE analysiscomparing representation em-
similar variants have included discretization for pixel-level beddings.  We take the ProtoRL [65] setup for learn-
model-based learning. In this paper, we take a zoomed-olfd "épresentations in continuous control RL, where
perspective on the ef cacy of bottlenecks in learning repre_REPDIBbased information bottlenecks are applied on top

sentations for reinforcement learning. of the learnt representations from ProtoRleft. La-
tent representations from ProtoRL with discrete prototypes.
3 Discrete Factorial Information Right. Factorized latent representations with ProtoRL

REPDIB, that learns better structure in the representation
space, when we apply a variational (Gaussian) information
The goal of this work is to study the effectiveness of vari- bottleneck followed by discrete information bottlenecks.

qtional an_d discre_te informatio_n bottlenecks in representan discretization bottleneck, with different grouping
tion learning. While several prior works have studied rep-taciors. To apply discretization bottleneck, we quantize
resentation learning for RL, we show that especially whenyne output of the projector layer into group-based discrete
obsgrvatlons can contain irrelevant |nf_ormat|on,. addition|gtent embedding. Concretely, instead of assigning each
of simple bottlenecks can lead to learning effective robust.gntinuous embeddinge to a single one discrete vector,

representations for improving performance on downstreanye st divide each continuous state representation into
tasks. Through a range of experiments, as in section 4, Wg jifferent groups asze concafc:;Cy;  :CaG

show that RPDIBlearns a structured representation spaceinen we assign each segment P R® separately to a

via use of discrete information bottlenecks [34], that can bgjiscrete vectore P RE & using a nearest neighbour

Bottlenecks in Representation Learning

quite effective for downstream learning. In this section,wemok_up: eo. DISCRETIZEX G where o
bn_eydegt;]rl_b? our a_pprgacr for Ilfarnmg robust represen-argminj b ullC e|l, where L is the size
tations with information bottlenecks. of the discrete latent space (i.e., dn-way cate-
The RePDIB technique begins with a hidden representa-gorical variable).  After that, we concatenate all

tionz P R™ for a rich-observatiox. Thisz could be the Segments to obtain the discrete embedding

output of a convolutional neural network, a recurrent neuralCONCATENATEIDISCRETIZEC1G  ; DISCRETIZEXcQq
network, transformer, or any other expressive neural modeil his process results in compositionality of latent represen-
We induce a compositional structure in the learnt represerfation with an information bottleneck.

tation space by using a vector quantization discretizatiorgepp|B Implementation Details. We provide techni-
bottIenecK [60Q]. This s achievgd by using a discretization.5| details of how our approach can be implemented on
module withG factors each with. codes. Thus the to- 5y existing self-supervised reinforcement learning objec-
tal number of discrete states that we can expreds®is e (Figure 1). To enable factorial structure in the rep-
We can learn embeddings using multiple G factors and capgsentation space, we can integrate a vector quantization
concatenate them into a single embedding Eqwith  giscretization bottleneck on top of any encoder that learns
:R™ N R™. Thus the discretization bottleneckpre- 5 |atent state representation. Given an encoder that maps
serves the size of the hidden representation. observations to latent representationp q we rst use

While the compositional structure can solely be achieved® variational information bottleneck (VIB) based on repa-
through the discretization bottleneck, we additionally rameterization, with a uniform Gaussian prior. We then
add a gaussian information bottleneck [2]. This is addediuantize the continuous representation from an informa-
direcﬂy before the discretization function encourage tion bottleneck into discrete latent Variables, generalizing
more parsimonious discrete representations. Adding aMector quantization in VQ-VAE.

information bottleneck to captqre suf cient represer_1t_at|0n_54 Experiments : Representations with
means that the we can achieve better compositionality .

by usingfewerdiscrete codes. Figure 3 shows the learnt Information Bottleneck

compositional structure in the latent embedding spac&Ve seek to understand the effectiveness of informa-
extracted by RPDIB, while no apparent structure exists tion compression in representations. We emphasize that
in the latent space for a baseline without any bottleneckRerDIB can be applied as a plug-in approach, on top of

Following the learnt embeddings, we then apply theany existing framework that learns representations with a
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