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Abstract

Deep reinforcement learning (DRL) agents are
often sensitive to visual changes that were unseen
in their training environments. To address this
problem, we leverage the sequential nature of RL
to learn robust representations that encode only
task-relevant information from observations based
on the unsupervised multi-view setting. Specif-
ically, we introduce a novel contrastive version
of the Multi-View Information Bottleneck (MIB)
objective for temporal data. We train RL agents
from pixels with this auxiliary objective to learn
robust representations that can compress away
task-irrelevant information and are predictive of
task-relevant dynamics. This approach enables us
to train high-performance policies that are robust
to visual distractions and can generalize well to
unseen environments. We demonstrate that our
approach can achieve SOTA performance on a di-
verse set of visual control tasks in the DeepMind
Control Suite when the background is replaced
with natural videos. In addition, we show that
our approach outperforms well-established base-
lines for generalization to unseen environments
on the Procgen benchmark. Our code is open-
sourced and available at https://github.
com/BU-DEPEND-Lab/DRIBO.

1. Introduction

Deep reinforcement learning (DRL)has been shown to be
successful in learning high-quality controllers directly from
raw images in an end-to-end fashion (Mnih et al., 2015;
Levine et al., 2016; Bojarski et al., 2016). However, it has
been observed that DRL agents perform poorly in environ-
ments different from those where the agents were trained on,
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even when these environments contain semantically equiv-
alent information relevant to the control task (Farebrother
et al., 2018; Cobbe et al., 2019; Zhang et al., 2018b;a; Yu
et al., 2019). By contrast, humans routinely adapt to new,
unseen environments. For example, while visual scenes
can be drastically different when driving in different cities,
human drivers can quickly adjust to driving in a new city
which they have never visited. We argue that this ability to
adapt stems from the fact that driving skills are invariant to
many visual details that are actually not relevant to driving.
Conversely, DRL agents without this ability are hindered
from understanding the temporal structure of task-relevant
dynamics. As a result, they can be easily distracted by
task-irrelevant visual details (Jonschkowski & Brock, 2015;
Zhang et al., 2021; Agarwal et al., 2021; Lee et al., 2020b) .

Viewing from a representation-learning perspective, a de-
sired latent state representation for RL should facilitate the
prediction of future states, beyond expected rewards, on
potential actions (Lee et al., 2020b; Agarwal et al., 2021;
Mazoure et al., 2020) and exclude excessive, task-irrelevant
information in the visual observations (Zhang et al., 2021;
Fu et al., 2021). An RL agent that learns from such repre-
sentations has the advantage of being more robust to visual
distractions. The resulting policy is also more likely to
generalize to unseen environments if the task-relevant infor-
mation in the new environment remains similar to that in the
training environments. Prior works (Hafner et al., 2019; Lee
et al., 2020a) rely on a reconstruction loss to learn latent rep-
resentations and dynamics jointly in a latent space. While
these approaches learn representations that retain informa-
tion in the visual observations, they do nothing to discard
the irrelevant information (Zhang et al., 2021; Tomar et al.,
2021).

We tackle this problem by considering latent state repre-
sentations for RL that are robust under the multi-view set-
ting (Li et al., 2018; Federici et al., 2020; Fischer, 2020),
where each view is assumed to provide the same amount
of task-relevant information while all the information not
shared by them is deemed task-irrelevant. Data augmen-
tation can be easily leveraged to generate such multi-view
observations without requiring additional new data. Data
augmentation in RL has delivered promising results for vi-
sual control tasks (Laskin et al., 2020a; Lange et al., 2012;
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Figure 1: RobusDeepReinforcement Learning via Multi-ViewnfomrationBOttleneck (DRIBO) learns robust representa-
tions for RL agents by incorporating temporal information in the RL problems and multi-view observations. We consider
sequential multi-view observations (generated by stochastic data augmentmﬁana))do(f)T , of original observations

01.7 to share the samask-relevantnformation. Thus, any information not shared by them are considastdirrelevant

For example, the natural videos playing in the background are irrelevant to the foreground task in this gure. DRIBO uses a
multi-view information bottleneck loss to maximize the task-relevant information shared between representations of the

multi-view observations(ll:)T ands(f:)T , while reducing the task-irrelevant information encoded in the representations.

Laskin et al., 2020b). However, these methods rarely exploi2. Related Work

the sequential aspect of RL (Agarwal et al., 2021; Mazoure

et al., 2020) which requires an ideal state representatioﬁeconStrUCt'qn'baSEd Representation LearnlngEarIy_

to be predictive of future states given actions, i.e. given 4/0'ks rst trained autoencoders to learn representations
sequence of actions from the current (latent) state, the pr{eQ _recgnfstructhravlv obse(;vatlons. Thep, theLRL agené\_/vzs
dicted future states according to the evolution of the Iaten[r"‘_‘l'lne 2rom.t € leamne Iregreséentatmns( anr?e & Ried-
model should match, in a distributional sense, the latent™" " 010; Lange et al., _01 ). However, t ere Is no

mappings obtained from the subsequent observations. jguarantee that the agent will capture useful information

fact, the sequential nature of RL provides an additional temf-or control. To address this problem, learning encoder

poral dimension for identifyingask-irrelevaninformation ~ 2nd dynamics jointly has been proved effective in learn-

especially when such information is independent of the add task-oriented and predictive representations (Wetitstr

tions taken by the agent. Instead of learning representation%t al., 2015; Watter et al., 2015). More recently, Hafner

from individual visual observations (Laskin et al., 2020b),et al. (2019; 2020; 2021) and Lee et al. (2020a) lean a

we propose to learn a predictive model that captures th@tent dynamics mod_el and train RL agents with predic-
temporal evolution of representations from a sequence dive latent representations. Howe_ver, these qpp_roaches suf-
observations and actions. Concretelg, introduce a new €' rom the problem of embedding all details into repre-
multi-view information bottleneck (MIB) objective that Sentations even when they are task-irrelevant. The reason
maximizes the mutual information between sequences of 'S that improving reconstruction quality from representa-
observations and sequences of representations while relions to visual observations forces the representations to
ducing the task-irrelevant information identi ed through ~ "€tain more details. Despite success on many benchmarks,
the multi-view observationsWe incorporate this MIB ob- task-irrelevant visual changes can affect performance sig-
jective into RL by using it as an auxiliary learning objective. M cantly (Zhang etal., 2018a). Experimentally, we show

We illustrate our approach in Figure 1. Our con'[ributionst,hat our non-reconstrgctwg approach, DRIBO, IS substan-
are summarized below. tially more robust against visual changes than prior works.

We also compare DRIBO with another non-reconstructive
We propose DRIBO, a novel technique to learn robust repmethod, DBC (Zhang et al., 2021), which uses bisimula-
resentations in RL by compressing awagk-irrelevant  tion metrics to learn representations in RL that contain only
information in the representations based on MIB. task-relevant information.

We leverage the sequential nature of RL to learn reprecontrastive Representations Learning.Contrastive rep-
sentations better suited for RL with a non-reconstructionyesentation learning methods train an encoder that obeys
based, DRIBO loss that maximizes the mutual informasimjlarity constraints in a dataset typically organized by
tion between sequences of observations and representgmilar and dissimilar pairs. The similar examples are typi-
tions while disregardingask-irrelevaninformation. cally obtained from nearby image patches (Oord et al., 2018;
Empirically, we show that our approach can (i) lead toHenaff et al., 2020) or through data augmentation (Chen
better robustness against task-irrelevant distractors on thet al., 2020). A scoring function that lower-bounds mu-
DeepMind Control Suite and (ii) signi cantly improve tual information is one of the typical objects to be maxi-
generalization on the Procgen benchmarks compared t@ized (Belghazi et al., 2018; Oord et al., 2018; Hjelm et al.,
current state-of-the-arts.
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2019; Poole et al., 2019). A number of works have apcorresponding random variables. We denote a policy on
plied the above ideas to RL settings to extract predictiveM as . The agent's goal is to learn a policy that
signals. EMI (Kim et al., 2019) applies a Jensen-Shannomaximizes the cumulative rewards. We de B8e RY as
divergence-based lower bound on mutual information acrosthe state-representation space. The visual observations
subsequent frames as an exploration bonus. DRIML (Maareo20 , where we denote multi-view observations from
zoure et al., 2020) uses an auxiliary contrastive objective tdhe viewpointi aso). O stands for the random variable
maximize concordance between representations to increasd the observation. We introduce a multi-view trajectory
predictive properties of the representations conditioned onM =[s;; 0(1” “aiiiiST] o(T‘) :ar] whereT is the length.
actions. CURL (Laskin et al., 2020b) incorporates conknowing that the trajectory density is de ned over joint
trastive learning into RL algorithms to maximize similarity observations, states, and actions, we write:

between augmented versions of the same observation. How- M~ . (i), () ) _

ever, solely maximizing the lower-bound of mutual infor- P ( )= (arst)Pgy(or jsT)P(stisT 1;ar 1)
mation retains all the information including those that are (aljsl)P(()L)s(O(l')jsl)Po(Sl) 1)

task-irrelevant (Federici et al., 2020; Fischer, 2020). ) ] o o )
with P being the initial state distributior being the

Multi-View Information Bottleneck (MIB). MVRL (Li ~ yangition model an@ ). being the unknown observation

etal., 2019) uses the multi-view setting to tackle partially,,oqel for viewi. DF\;)It_)Sagents learn from visual obser-

observable Markov decision processes with more than ong,isns py treating consecutive observations as states to

observation model. For.clgs_,si cation tasks_, Federici et a'implicitly capture the predictive property. However, rich
(2020) uses MIB by maximizing the mutual information be- yetaiis in observations can easily distract the agent. An ideal

tyveen Fhe_ representations _Of the two yiews Wh”e ‘,"‘t thg S""mF‘epresentation should contain no task-irrelevant information
time ell_ml_natlng the Ia_bel-lrre_levant information |_dent| ed and satisfy some underlying MDP which determines the
by multi-view obs_grvatlons. Fischer (2020) describes a Varigistribution of the multi-view trajectory in Eq. (1). Thus,
ant of the Conditional Entropy Bottleneck (CEB) which jnq1044 of mapping a single-step observation to a representa-
is mathematically equivalent to MIB. However, MIB/CEB i, \ve consider learning a predictive model that correlates

cannot be directly used in RL settings due to the Sequemiaéequential observations and representations.
nature of decision making problems. PI-SAC (Lee et al.,

2020b) uses a contrastive version of CEB to model Pre-ét O1.1 andA,.; be random variables with joint distri-
dictive Information (Bialek & Tishby, 1999) which is the butionp(os.7;a,.7) whereOy.7 is obtained by executing
mutual information between the past and the future to solvéhe action sequencd®;.1. LetA,.+ be theoptimalaction
RL problems. However, this approach does not scale to lon§equence foD;.t. We rst considersuf cient representa-
sequential data in RL and in practice only models shorttions that are discriminative enough to obtain at each
term Predictive Information. Task-relevant information in timestep. This property can be quanti ed by the amount
RL is relevant because they in uence not only current conof mutual information betwee®;.t andA;.; and mutual
trol decision and reward but also states and rewards weinformation betweei$,.t andA ..

into the future. Our work, DRIBO, learns robust repre-De nition 1. RepresentationS;.t of O;.1 aresuf cient
sentations with a predictive model to maximize the mutualfor RL iff | (Oy.7;A;.7)=1(S1.7;A 7).

information between sequences of representations and obser-

vations, while eliminating task-irrelevant information based RL agents that have access to a suf cient represent&on
on the information bottleneck principle. Learning a predic-at timesteft must be able to generafg as if it has access
tive model also adopts richer learning signals than thosé® the original observations. This can be better understood
provided by individual observation and reward alone. PhiloPy subdividingl (O1:1; Sy.7) into two components using
sophically and technically, our approach is different fromthe chain rule of mutual information:

PI-SAC which does not quantify task-irrelevant information | (.-, )= (Sy.1;OnrjAL)+ | (SetiALr) (2)
from multi-view observations and cannot capture long-term

dependencies. Another line of work, IDAAC (Raileanu & Conditional mutual informatioh (S:1; O1:7jA 1) quan-
Fergus, 2021), leverages an adversarial framework so th&teés the information in Si.v that is task-irrelevant
the learned representations yield features that are instandelS1:7;A;.7) quanti es task-relevantinformation that
independent and invariant to task-irrelevant changes.  is accessible fron8,.r to deriveA .. The last term
is independent of the representation as longSasis
suf cient for A; (see Denition 1). Thus, a repre-
sentation contains minimal task-irrelevant information
We denote a Markov decision proceSP) asM , with ~ whenever (O1.1;Sy:7jA 1) is minimized. Maximizing

states, actiona, and reward. S andA stand for the | (O1:71;Sy:7) learns a suf cient representation. With the in-
formation bottleneck principle (Tishby et al., 2000), we can

3. Preliminaries
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construct an objective to maximidgOy.1;Sy.1) while  bound ofl (S1.7; Or1jALT). | (St;0:jSt 1;A: 1) is de-
minimizing | (S1.7;O1.7jA;.1) to compress away task- ned with conditional probabilitiesp(s;; otjst 1;at 1),
irrelevant information. p(stjst 1;a¢ 1) andp(o¢jst 1;a; 1). This lower bound
models the dynamics and temporal structure of RL since
the rst conditional probability is the composition of tran-
sition probability and observation model and the second
conditional probability is the transition probability of the

settings where\,. are observed. One option is to use underlying MDP. Thus, the factorized mutual informa-

MIB which can compress away task-irrelevant information“on explicitly retains the predictive property of representa-

in the representations in unsupervised settings (Federi(ttﬁons' Even when the representatidsy are not suf cient,

et al., 2020). The problem, however, is that MIB in its maximizing the mutual information betwed and O

original form only considers a single observation and thu | (S 0dS: s At 1)) encourages encodl_ng more detailed
. eatures fromO; into S; and makes; suf cient.

does not guarantee that the learned representations retain

the important temporal structure of RL. In the next section,

we describe how we extend MIB to RL settings. 4.2. Multi-View Setting

However, estimating the mutual information between
long sequences is dif cult due to the high dimension-
ality of the problem. In addition, the minimization of
I (S1.1;O11jA;.7) can only be done directly in supervised

To learn sufcient representations with minimal task-
4. DRIBO irrelevant information, we consider a two-view setting to
_ o identify the task-irrelevant information without supervision.
DRIBO learns robL_Jst represe_ntatlons thgt are pred_lctlve Otonsideloﬁl) andogz) to be two visual images of the control
f_uture representations and dlgcard task-irrelevant informascenario from two different viewpoints. Under the multi-
tion. To learn such representations, we construct a new MIRjiew assumption, any representatigncontaining all in-

objective that (i) reduces the problem of maximizing theformation accessible from both views and is predictive of
mutual information between sequences of observations angyre representations would contain suf cient task-relevant

representations to maximizing the mutual information bejntormation. Furthermore, i§; captures only the details
tween them at each timestep and (i) quanti es the amoun ¢ are visible from both observations, it would eliminate

of task-irrelevant information in the representations in they,o view-speci ¢ details and reduce the sensitivity of the
multi-view setting. representation to view-changes.

A suf cient representation in RL retains all the information
) _ that is shared by mutually redundant observat'ﬁﬁ% and
To capture the temporal evolution of observations and reprebt(z) . We refer to Appendix A for the suf ciency condition

fneniﬁgocnosn?jli\t/iiz;n%jggqnigg:](:\g;i'(ge c'ocr)15|d.eAr me)mm%T representations and mutually redundancy condition (Fed-
g LT PLTALT erici et al., 2020) betweed™ andO® . Intuitively, with

which is a lower bound ofl (Oy.7;S1.7) (see Ap- . .
. . ‘ ‘ the mutual redundancy condition, any representation that
endix A.1). The observation3;.t are generated sequen- . : . ' ) .
b ) LT 9 9 contains all the information shared by both views is as task-

tially in the environment by executing the actiohs . The relevant as the ioint observation. By factorizing the mutual
conditional mutual information not only estimates the suf - elevant as the Jo o(ls)e a 0(1') y factorizing the mutua
15, andO;™ as in Eqg. (2), we can

ciency of the representations but also maintains the tempor&fiformation betwee _
structure of RL problems. identify two components:

To tackle the challenges of estimating the mutual inford (S ;0% js™ ;A 1)=1(S™ ;0P js® ;A; 1;09)
mation between sequences, we rst factorize the mutual Q. o)) .
information between two sequential data to the mutual in- O STIS A 1) “)

formation at each timestep. . _ Here,St(l)1 is a representation of visual observat'@ﬁ)l.
Theorem 1. Let Oy.7 be the sequential observations ob- gjnce we assume mutual redundancy between the two

tained by executing action sequemgr. If Syt IS a  jgys, the information shared betwedf ands® con-
sequence of suf cient representations @1, we have: ditioned onOt(Z) must be irrelevant to the task, which can
be quanti ed ad (St(l) ;Ot(l)jsfl)l;At 1 Ot(z)) (rstterm

in Eq. (4)). Then) (0¥ ;s s ; A, 1) has to be maxi-
mal if the representation is suf cient. A formal description
of the above statement can be found in Appendix A.

4.1. Mutual Information Maximization

X
I (S11;O017jALT) 1 (S; 0SS 1A 1) (3)

t=1

The proof is included in Appendix A.1l. Theo-
rem 1 shows that the sum of mutual information The less the two views have in common, the less task-
I (St;01)St 1; At 1) over multiple timesteps is a lower irrelevant information can be encoded into the represen-
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tations without violating suf ciency, and consequently, the Algorithm 1 DRIBO Loss

less sensitive the resulting representation is to task-irrelevanfpyt : Batch B storingN sequential observations and
1)

nuisances. In the extrems,” is the underlying states actions with lengthl from replay buffer.
of MDP if ofl) and OEZ) share only task-relevant infor- 1: Apply random augmentation transformations®ito
mation. With Eq. (3) and 4, we hauel) to maximize obtain multi-view batcheB™ andB® .

L@ @) . - .
the mutual information between representations and ob2: for i; (0% ;0% ;a17) in enumerat¢B® ; B@) do
servations and compress away task-irrelevant information3:  fort =11toT do

1 (02 ;s®jsM ;A; 1) based on the information bottle- 4 st pstjor”istVsia 1)

neck principle. 1 is a Lagrange multiplier. This loss also  5: SEZ) p (ng)jot(z) ; 852)1; ar 1)

retains the temporally evolving information of the underly- ¢: (sWHrT(i D g@itrT(i 1) (sgl) ;ng))
ing dynamics. 7:  end for

8 L =2 L Dox(p (s™iip (s?))
9: end for

X
1 1 1)l 2
L = (s 0Pjs;; A 1;09) P
t 10: return [ (F(sWi;s@i)glL Ny + N iN:1 LiSKL

11 (09 ;8Mjs A 1)) (5)

. 2 .
Symmetrically, we de ne ansts,(B) for representations and  propapility density ofS™ and S using the encoder.
observations from view: The mutual information between the two representations

L = X (1 (s?;02js? A, 1;00) 1 (8;8?js, 1;A; 1) can be maximized by using
¢ any sample-based differentiable mutual information lower
N (o(l)'SI(Z)jSI(Z)l'At D) ©6) bound!" (sgl);s?)), where represents the learnable pa-
t 1 ’

rameters. We use InfoNCE (Oord et al., 2018) to estimate
The above losses extend MIB to RL and minimizing it learnsmutual information since the multi-view setting provides a
representations that are robust to task-irrelevant distractotarge number of negative examples. The positive pairs are
and predictive of the future. The multi-view observationsthe representatiors\” ; s ) of the multi-view observa-
can be easily obtained with random data augmentation tecions generated from the same observation. The remaining

niques so that each view is augmented differently. pairs of representations within the same batch are used as
negative pairs. The full derivation of the DRIBO loss func-
4.3. DRIBO Loss Function tion can be found in Appendix B.

By re-parameterizing the Lagrangian multipliers (details in

4.4. Encoder Architecture
Appendix B), the average of two loss functioh%) and

Ll(é) at timestegt can be upper bounded as follows: We implement the encoder as a recurrent space model
(RSSM (Hafner et al., 2019)) which leverages recurrent
Le(; )=1 (S™:sPjs 1A )+ (7)  neural networks to perform accurate long-term predictions.

. . . More details can be found in Appendix D.1. Training an
DM . @ . 2:~,@..@ .
D si(p (stjor” si7arar )iip (S7J07:8i"1iat 1)) RsSM encoder with DRIBO enables the representations to

where  denotes the parameters of an encodeP€ predictive of future states.

P (stjor;st 1;ar 1), Dsku represents the symmetrized \ye simultaneously train our representation learning models

KL divergelncelobtailned by averagigg thze exgected values ofnd the RL agent by addingpriso (Algorithm 1) as an
D (p (s jo” ;5P ar 1)jip (5Pjoi ;5P ;ar 1)), auxiliary objective during training. The multi-view obser-

Drc(p (5P o :s? ra; viip (sMjo®;s® ;a, 1)), vations can be easily obtained using the same experience
and the coefcient represents the trade-off between replay of RL agents through data augmentation. We demon-
suf ciency and sensitivity to task-irrelevant information. ~ strate the effectiveness of DRIBO by building the agents
is a hyper-parameter. on top of SAC (Haarnoja et al., 2018), an off-policy RL

. ) _algorithm, and PPO (Schulman et al., 2017), an on-policy
To generalize the above loss tO_ sequential data "RL algorithm, in Section 5.1 and Section 5.2 respectively.
RL, we f‘@pl%’ Theorem 1 to obtain the DRIBO 0SS: 416 etails can be found in Appendix D.
LoriBO=F =1 Lt(; ). We summarize the batch-
based computation of the loss function in Algorithm 1.

We samplesﬁl) and s§2’ from p (sEl)joﬁl) ;sEl)l;at 1) >. Experiments

and p (s§2)jo§2) ; sfz)l; a; 1) respectively. The sym- We experimentally evaluate DRIBO on a variety of visual

metrized KL divergence term can be computed from thecontrol tasks. We designed the experiments to compare



DRIBO: Robust Deep Reinforcement Learning via Multi-View Information Bottleneck

Figure 2: Left: DMC observations without visual distractors.
Middle: Observations with natural videos as backgrounds.
Right: Spatial attention maps of encoders for the images in
the middle.

DRIBO to the current best methods in the literature on: (i)

the effectiveness of solving visual control tasks, (ii) their

robustness against task-irrelevant distractors, and (iii) the

ability to generalize to unseen environments. For effectiveFigure 3: Results for DMC over 5 seeds with one standard
ness and robustness, we demonstrate DRIBO's performanegror shaded in the natural video setting.

on DeepMind Control Suite (DMC (Tassa et al., 2018)) with

task-irrelevant visual distractors in backgrounds. The back-

grounds are replaced with natural videos from the Kinetics . .
dataset (Kay et al., 2017) (middle column in Figure 2) |n"econstruction loss. The second is DreamerV2 (Hafner et al.,

Appedix C.1, we also show comparison between DRIBOZOZl), a recent method that learns a discrete state represen-

and SOTAs on DMC environments without the backgroundtations using RSSM model, bu_t they need a reconstruction
distractors (left column in Figure 2). For generalization,loSS to learn Igtent _re_prese_ntanons_and use model_—based RL
we present results on Procgen (Cobbe et al., 2020) whicWe'{hOd to tra_un poI|C|e§. Itis a Iegdmg reprgsentaﬂon learn-
provides different levels of the same game to test how wel|"9 me_thqd in RL settmgs for visual continuous control.
agents generalize to unseen levels. We use single-step obs lp_e third is RAD (Laskin et al., 2_OZQa), arecent ”?e.th"d
vations to train DRIBO without assuming that observation athat uses augmented data to train pixel-based policies on
each timestep provides full observability of the underlying
dynamics. By contrast, current SOTA approaches requir
the use of consecutive observatidrs capture predictive

properties of the underlying states.

DMC benchmarks. The fourth is CURL (Laskin et al.,
g020b), an approach that leverages contrastive learning to
maximize the mutual information between representations
of augmented versions of the same observation but does not
distinguish between relevant and irrelevant features. The
We also conduct careful ablations analysis to show that thefth is DBC (Zhang et al., 2021) which shares a similar
bene t of DRIBO is due primarily to learning from the goal with DRIBO. DBC learns an invariant representation
temporal structure of RL and the DRIBO loss. based on bisimulation metrics without requiring reconstruc-

For the DMC suite, all agents are built on top of sac tion. Finally, we compare with PI-SAC (Lee et al., 2020b)

For the Procgen suite, we augment PPO, a RL baselin‘é(hiCh leverages the Predictive Information to compress
for Procgen, with DRIBO. Implementation details are in V&Y task-irrelevant information with CEB. We appan-
Appendix D. dom cropto obtain the augmented data for RAD and CURL
which achieve the best performance. For DRIBO, we ap-
. ply random cropto obtain augmented data and multi-view
5.1. Effectiveness and Robustness on DMC observations.
We compare DRIBO against several SOTA methods. Th
rst is SLAC (Lee et al., 2020a), a SOTA representation

learning method for RL that learns a dynamic model using

Natural Video Setting. To investigate the effectiveness and
robustness of RL agents in DMC environments, we intro-
YHuce high-dimensional visual distractors by using natural
1All other methods compared in this paper use stack frames o¥ideos from the Kinetics dataset (Kay et al., 2017) as back-
3 consecutive observations except DreamerV2 and DRIBO. grounds (Zhang et al., 2018a) (Figure 2: middle column).
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We use the class of “arranging owers” videos to replace theinformation and maps observations with similar robot con-
background in training. During testing, we use the test setgurations to the neighborhoods of one another. The color
from the Kinetics dataset to replace the background, whicltode represents value of the reward for each representation.
contains videos from various different classes. Note thatThe rewards can be viewed as task-relevant signals provided
a single run of the DMC task may haweultiple videos by the environments. DRIBO learns representations that are
playing sequentiallyn the background. See Appendix C.4 close in the latent space with similar reward values.

for snapshots under the natural video setting.

In Figure 2, spatial attention maps (Zagoruyko & KO_5.2. Generalization Performance on Procgen

modakis, 2017) of the trained DRIBO encoder show thatrhe natural video setting of DMC is suitable for bench-
DRIBO trains agents that focus on the robot's body andmarking robustness to high-dimensional visual distractors.
ignore irrelevant scene details in the background. Figure $owever, the task-relevant information and the task dif -
shows that DRIBO performs better than reconstructionculties are unchanged. Thus, we use the ProcGen suite to
based methods, SLAC and DreamerV2, which do not disnvestigate the generalization capabilities of DRIBO. For
card any task-irrelevant information for reconstruction pureach game, agents are trained on the rst 200 levels, and
poses. For RAD and CURL, which do not rely on a reconevaluated w.r.t. their zero-shot performance averaged over
struction loss, since they also do not discard task-irrelevanginseen levels during testing. Unseen levels typically have
information explicitly when learning the latent representagifferent backgrounds or layouts, which are relatively easy

tions, their performance is inferior to DRIBO's. Compared for humans to adapt to but challenging for RL agents.

to PI-SAC and DBC which are recent state-of-art methods

aimed at learning representations invariant to task-irrelevan{/é compare DRIBO with recent methods that incorporate

information, DRIBO outperforms them consistently. Over-data augmentation. In addition to comparing with RAD, we
all, DRIBO achieves on averag®%and at the maximum Ccompare DRIBO with DrAC (Raileanu et al., 2020) which

519% higher returns at 88e4 steps compared to the secorfrlies two regularization terms for policy and value func-
best performing method. tion using augmented data. UCB-DrAC is built on top of

DrAC, which automatically selects the best type of data
Visualization of Representations. We visualize the augmentation for DrAC. For RAD and DrAC, we use the
representations learned by DRIBO and CURL with t-hest reported augmentation types for different environments.
SNE (Van der Maaten & Hinton, 2008). DRIBO differs DRIBO selects the same augmentation types except for a
from CURL from mainly two aspects and these two dif-few games. The details can be found in Appendix D. We
ferences are the main contributions of DRIBO. The rst also compare the Procgen results with DAAC (Raileanu &
is that the learning objectives are different (InfoMax vs.Fergus, 2021) and IDAAC (Raileanu & Fergus, 2021), two
DRIBO loss). Second, DRIBO is trained with sequential state-of-art methods on the Procgen suite that do not apply
data whereas CURL is trained from single-step observajata augmentation. DAAC decouples the learning of the
tions. Figure 4 shows that even when the background lookpolicy and value function in RL to improve the generaliza-
drastically different, DRIBO learns to disregard irrelevanttion of RL. IDAAC is built on top of DAAC by adding an

auxiliary loss based on an adversarial framework.

Table 1 shows that DRIBO achieves higher averaged
testing returns compared to the PPO baseline and other
augmentation-based methods. In addition, DRIBO out-
performs DAAC inl1l of the 16 gamesIDAAC is built

on top of DAAC and achieves better performance than

DAAC. IDAAC uses an adversarial framework to reduce

Figure 4: t-SNE of latent spaces learned with DRIBO (leﬂtask-irrelevant information i_n the representations. C_om-
t-SNE) and CURL (right t-SNE). We color-code the embeol_pared to IDAAC, DRIBO achieves better performanc®in
ded points with reward values (higher value yellow, IowerOf the 16 games

value green). Each pair of solid lines indicates the correDRIBO explicitly leverages the temporal structures of RL to
sponding embedded points for observations with an identicatompress away task-irrelevant information. IDAAC treats
foreground but different backgrounds. DRIBO learns repsuch temporal structures as instance-dependent features for
resentations that are neighboring in the embedding spaaeseci c levels in the Procgen games. For example, represen-
with similar reward values. This property holds even if thetations learned by DRIBO would carry information about
backgrounds are drastically different (see middle imagesjhe number of remaining steps in the training levels whereas
By contrast, CURL maps the same image pairs to points falDAAC compresses away such information via an adver-
away from each other in the embedding space. sarial framework. DRIBO outperforms IDAAC on games
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Table 1: Procgen returns on test levels after training on 25M environment steps. The mean and standard deviation are
computed over 10 seeds.

Env | PPO | RAD DrAC  UCB-DrAC | DAAC IDAAC | DRIBO

BigFish 40 12|99 17 87 14 97 10 |178 14 185 112|109 16
StarPilot | 24.7 3.4|334 51 295 54 302 28 |364 28 370 23|365 3.0
FruitBot | 26.7 08| 273 18 282 08 283 09 |286 06 279 05|308 038
BossFight| 7.7 1.0 | 79 06 75 0.8 8.3 0.8 96 05 98 06 |120 05
Ninja 59 07|69 08 7.0 04 6.9 0.6 68 04 6.8 04| 9.7 0.7
Plunder | 50 05| 85 12 95 1.0 89 10 |20.7 33 233 14| 58 10
CaveFlyer| 51 09 | 51 06 6.3 0.8 53 09 | 46 02 50 06| 75 10
CoinRun | 85 05| 90 08 88 02 8.5 0.6 92 02 94 01| 92 0.7
Jumper | 58 05| 65 06 6.6 04 6.4 0.6 65 04 63 02| 84 16
Chaser | 5.0 08 | 59 1.0 57 06 6.7 0.6 66 12 6.8 1.0 | 48 0.8
Climber 57 08|69 08 71 07 6.5 0.8 78 02 83 04|81 16
DodgeBall| 11.7 03| 28 0.7 43 08 47 0.7 33 05 33 03] 38 09
Heist 24 05| 41 10 40 08 40 0.7 33 02 35 02| 77 16
Leaper 49 07| 43 10 53 11 5.0 03 73 11 77 10| 53 15
Maze 57 06| 61 10 6.6 08 6.3 0.6 55 02 56 03| 85 16
Miner 85 05| 94 12 098 06 9.7 0.7 86 09 95 04| 98 09

where the lengths of episodes are similar across levels.

The few environments, in which our approach does not
outperform the other augmentation-based methods, share
the commonality that task-relevant layouts remain static
throughout the same run of the game. Since the current
version of DRIBO only considers the mutual information
between the complete input and the encoder output (global
MI (Hjelm et al., 2019)), it may fail to capture local features.
The representations for a sequence of observations within
the same run of the game are treated as globally negative
pairs in DRIBO but they may be locally positive pairs. Thus,
the performance of DRIBO can be further improved by con-
sidering local features (e.g. positions of the layouts) shared
between representations as positive pairs in the mutual in-
formation estimation. In addition, for certain augmentations
like “rotate' that do not remove task-irrelevant information,
DRIBO is expected to be less effective. We leave this inves-
tigation to future work.

5.3. Ablations

Temporal Structure of RL. To investigate whether DRIBO

captures the temporal structure of RL, we conducted further

experiments on DRIBO agents trained using sequences dfigure 5: DRIBO achieves better performance by capturing
different lengths under the natural video setting. Longeithe temporal structure of RL from longer training sequences.
sequences carry more temporal information for DRIBO toCompressing away task-irrelevant information using the
learn. By default, we train DRIBO with sequences of lengthSKL term in DRIBO loss improves performance when the
32. In this ablation study, we present results of DRIBOarchitecture choice and training con gurations are the same.
trained using sequences of lengths 3, 6 and 16 respectiveWe perform 5 runs for each method under the natural video
in Figure 5. Using sequences of length 3 is similar to stacksetting. More results can be found in Appendix C.2.

ing 3 consecutive frames which is a common choice for

training in DMC. Using sequences of length 6 is similar performance changes as the length of the sequences in-
to the design choice made in PI-SAC (3 steps for the pasfreases. Theoretically, the DRIBO loss provides a lower
and 3 steps for the future). We also include results on usingound on the mutual information between sequences of ob-
16-step sequential observations to investigate how DRIBO'servations and sequences of latent state representations with
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to learning from shorter sequences.

Learning Objective. In the DRIBO loss, we use the
SKL term (second term in Eq. (7)) to compress away task-
irrelevant information. Figure 5 studies the effect of remov-
ing the SKL term in the DRIBO loss (annotated as DRIBO-
no-skl). The objective without the SKL term is equivalent
to the InfoMax objective. We use identical training con-
gurations (e.g. sequence length of 32) for DRIBO-no-skI
and DRIBO. The only difference is whether the SKL term
is included in the learning objective. Figure 5 shows that
DRIBO outperforms DRIBO-no-skl substantially in the nat-
ural video setting, demonstrating better robustness of the
learned policy against unseen visual distractors.

To quantify the amount of task-irrelevant information re-

_ _ . tained in the representations, we compare the SKL term
Figure 6: Ablations to DRIBO measured by their Procgen, ;i ,es between DRIBO and DRIBO-no-ski during training

performance when training with observation sequences gf, Figure 7. The gap between the SKL values explains the

different lengths. performance gap between the two approaches (as shown
in Figure 5). The models trained with DRIBO take advan-
tage of the information bottleneck to map observations from
different views close to each other in the latent space. Fig-
ure 7 shows that minimizing the DRIBO loss consistently
reduces the KL divergence between latent states from dif-
ferent views. On the other hand, the models trained with
DRIBO-no-skl fail to discard the task-irrelevant information
contained in observations from different views even though
the RSSM model helps to learn representations that are pre-
dictive. For DRIBO-no-skl, the KL divergence between
latent states from different views is consistently larger than
the one learned by DRIBO.

6. Conclusion

We introduce a novel robust representation learning ap-
proach based on the multi-view information bottleneck prin-
ciple for RL problems. Our experimental results show that
(1) DRIBO learns representations that are robust against
task-irrelevant distractions and boosts the RL agent's per-
formance even when complex visual distractors are intro-
duced, and (2) DRIBO improves generalization performance
compared to well-established baselines on the large-scale
Figure 7: Average SKL values during training in DMC Procgen benchmarks. We plan to explore the direction of
environments with natural videos as background. incorporating knowledge about locality in the observations
into DRIBO in the future. In addition, our latent dynamics
RSSM model was only used for training our encoder. We
the same length. It can be observed that DRIBO performglan to augment model-based RL algorithms with DRIBO

signi cantly better when training with longer sequences,learned RSSM model to train RL agents.
suggesting that the representations that are predictive im-

prove the robustness and performance of the learned po"%cknowledgements
We conduct a similar ablation study of DRIBO on Procgen
regarding learning the temporal structure of RL. Figure 6/V€ gratefully acknowledge the support from ONR grant

shows that learning from longer sequences (default lengtiN00014-19-1-2496. We also thank F. Fu, P. Kiourti, K.
32) with DRIBO achieves better generalization compared/ardega and W. Zhou for insightful discussions.
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Appendix
A. Theorems and Proofs

In this section, we rst list properties of the mutual information we use in our proof. For any random vaap¥esindZ .

(P.1) Positivity:
I(X;Y) Ol (X;Yjz) O

(P.2) Chainrule:

(XY ;Z)=1(Y;Z2)+ 1 (X;ZjY)
(P.3) Chain rule (Multivariate Mutual Information):

(X;Y:Z2)=1(Y;Z2) 1(Y;ZjX)

(P.4) Entropy and Mutual Information:
LX5Y)=H(X) H(X]jY)

(P.5) Chain rule for Entropy:
X

H(X1;X2;::5; Xn)= H(XijXi 1;::5X1)
i=1
(P.6) The mutual information among three variables is bounded by:
minf 1 (X;YJjZ);1(X;ZjY);1(Y;ZjX)g  1(X;Y;Z2) minfl(X;Y);1(X;2);1(Y;Z)g
A.1l. Theorem 1
We rst show thatl (Sy.1;O1.7jA1.7) is a lower bound of (Sy.7; O1.7).
1 (S1r;OnrjALT) V1 (00r;Sur)  1(Ser;OrriAn)

SinceS;.t are representations @f;.t, we have (S;.1;A1.1]01.7) = 0. With (P.1)and(P.6), we have that:

I (Sp7;0n7;ALT) O
Thus, we have:

1 (Or7;S1T)  1(SeT;On1jALT)

Furthermore, since(S1.1; O1.1; A1.7) is lower bounded, maximizing(S;.t; O1.7jA1.7) also maximizes$ (O1.1; S1:7).

Theorem A.1. LetO;.7 be the observation sequence obtained by executing action seqegncef S;.1 is a sequence of
suf cient representations foD;.1, then we have:

X
1 (Sp7m;OuTjALT) 1(St;01jSt ;A 1) 8)
t=1
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Proof. We indicate the property we use for each step of the derivation below.
I (Su.7;OwTjALT)
% (suriAuT)  H(SuTiOwT;ALT)
€9 (H(SjA1T:S1t 1) H(StjAnT;017:S1t 1))

X
G (St;O017jALT St 1)

X
€& (H(Ow71jALT:S1t 1) H(Own7iSt;Ant:Sit 1))

X X
=2 (H(O jA17;S1t 1;01: 1)

t
H(O jSt;;ArT;S1t 1;01 1))

X
) 1(St;0 jA1T:S1t 1501 1)

t
PyX )
I (St; OtjA1T;S1t 1,01t 1)

= 1(St; OSt 1, AL 1)
t
Here, we provide a formal proof for the last step of the derivation above. teppresentis.1;S1:t 1;01:¢ 1. We have
I (St; OtjArT; Sttt 1; O
(% thle 1t 1,01t 1)

- p(st;0¢ja1T;S1t 1;01t 1)
= St; 0 lo - -
st o PC)p(si; 01 )log p(stjarT;Sut 1;01:t 1)P(OtjarT;S1t 1,01t 1)

dStdOtd
With the density of multi-view trajectories Eq. (1), we can observe thatand s; are generated by

p(otjst)p(Stjst 1;at 1) = P(St;0tjSt 1;at 1). Thus, we have:

p(St;0tja1T;S1:t 1,01t 1) = P(St;0tjSt 1581 1)
p(stja1:T;S1t 1501t 1) = P(StjSt 1;at 1)
p(otjasT;S1t 1,01t 1) = P(OtjSt 1;at 1)

This in turn implies that:

[(St;OtjA1T;S1t 1,011 1) = 1(St;04jSt 1A 1)

As a result, we have a lower boundlqisf)T ; Oﬂ)TjAl;T):

X
1) . 1) . 1) . 1) .1 . 3 2 2) . 1) . (1) .
1S5 ;08 jALT) (1(8";0 8P Ac 1;09)+1(0P ;s s ;A 1)
t

With the information bottleneck principle, we have losses in Eg. (5) and Eq. (6) to compress away task-irrelevant information
in representations while maximizing the mutual information between representations and observations.

A.2. Suf cient Representations in RL

In this section, we rst present the suf ciency condition for sequential data. Then, we prove that if the suf ciency condition

on the sequential data holds, then the suf ciency condition on each corresponding individual representation and observation
holds as well.
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Theorem A.2. LetO;.t andA,.; be random variables with joint distributign(o.7; a,.1 ). LetSs.t be the representation
of O1.1, thenSy.7 is suf cient forA,.; ifand only ifl (O1.1; A1) = 1 (Sw.1; A7) Also,S; is a suf cient representation
of O; sincel (O; A;jSt; St 1;At 1) =0.

Hypothesis:

(H.1) S;.7 is a sequence of suf cient representations @ :

1 (On1;AL7iS1T) =0

Proof.

I (Ov1;ALT)SLT)
(P.3) . . .
=1 (Orr;ALT)  1(Ont;ALT;S1T)
) (0uriALr) 1(ApriSiT) 1(AyriSiTiOut)

With S;.1 as a representation .1, we have (Sy.1; A;.+]O1.7)=0. The reason is th&d;.7 shares the same level of
information asA ;. andSy.t. Then,

(0115 ALTiS1T) =1 (On1iALr)  T(Apt:SuT) )

So the suf ciency condition (O1.1;A.+jS1.1) =0 holds if and only ifl (O1.1;A.7) = 1 (A1 SwuT).

We factorize the mutual information between sequential observations and optimal actions

l (Olit;A]_;’[)
(P.2) . . .
=1 (O A4jO1t 1)+ 1(O1t 1,A1)
() (Ot;A14jO1t 1)+ 1(S1t 1:A1y)

I (Swt;AL)
(P.2) . . .
=1 (S AL S 1)+ (St 1:AL)
(L) (St;A14JS1t 1)+ 1(Ownt 1;A1)

Then we obtain the following relation:

1(Ot;A14jO1:t 1) = 1(St;A14S1t 1) (10)



DRIBO: Robust Deep Reinforcement Learning via Multi-View Information Bottleneck

We also have
1 (Or;A14JO1t 1)
(B:2) (Out;A1) 1(Owt 1;A14)

©2) (Ot 1,A14jO1) + 1 (O;ALy)
(Ot 1;ALy)

(H.1) A .

=71 (Set 15A14J0) + 1(O;ALy)
[ (St 15A1)

(B:2) (OtS1t 1;A1)  1(Sut 1:AL)
(22) (Ot AriStt 1)

Eq. (10 .

o 1(St;A1:t]Sl:t 1)

692)
F(Ot;AA L 135St 1)+ (O Ay 10S1e 1)
=1(St;AJAL 1St 1)+ (S Ay 10S1t 1)
Eél- (10)
F(O;ALAL 1St 1)=1(StAAL 13S0t 1)
Bq- ©)
I (O; ALjSt; S1t 15A14 1) =0
With the above derivation and Markov property, we ha{@;; A, jSt; St 1; At 1) = 0. We can generalizd, ; to any

A: 1 by assumin@\, as the optimal action for sta whose last timestep state-action pai($ 1;A: 1). Thus, we
haveS; is a suf cient representation faD; if and only if S;.1 is a suf cient representation @;.1 . O

A.3. Multi-View Redundancy and Suf ciency

Proposition A.1. O(ll)T is a redundant view with respect@ﬁ)T to obtainA,.; if only if | (O%)T ; Al:TjOf)T) =0. Any
representatiol&;ﬂ)T of Ogl)T that is suf cient forof)T is also suf cient forA, .1 .

Proof. See proof of Proposition B.3 in the MIB paper (Federici et al., 2020). O

Corollary A.1. Let oﬁ and Of)T be two mutually redundant views foh,;. Let Sgl)T be a representa-
tion of ogl; If Sﬁ is sufcient for 0(12)T St(l) can deriveA; as the joint observation of the two views
(I (Ot(l) Ot(z) VALTSE 1A )= (St(l) JALJS 1, At 1)), whereS; 1 is any suf cient representation at timestep 1.

Proof. For the sequential data, see proof of Corollary B.2.1 in the MIB paper (Federici et al., 2020) to prove
2
I (Oglzl' ngzl' ; A1:T ): I (Sﬁl‘)r ; Al:T)

According to Theorem A.2, i8{"). is a suf cient representation @\ , S is a suf cient representation @ . Similar
to proof on sequential data, we can use Corollary B.2.1 in the MIB paper (Federici et al., 2020) to show that

1 (O 0P ;A S 1AL 1)= 1(SP;AS 1AL 1)

O

Theorem A.3. Let the two viewso(ll:)T and 0(12:)T of observationoi.t are obtained by data augmentation trans-
formation sequence 1)T and t(lz)T respectively Q(llz)T:t(llz)T(olzT) and o(lzz)T:t(f)T (01:7)). We abuse the notation

for simplicity to represent(ll:)T(Ol;T) and t(lZ:)T(Ol;T) as random variables for augmented observations. Whenever
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LD (011) Apr)=1 (12 (017); Apr)= 1 (01T A7), the two viewsO) and O must be mutually redundant
for A,. . Besides, the two viev@fl) andOt(z) must be mutually redundant féx, .

Proof. Lets;.t be a suf cient representation for both original and multi-view observations. We rst factorize the mutual
information and refer A.2 as Theorem A.2.

1 (t8) (01:4); A) = 1(O;AL)
P.2 .
2 0P ;ALOY D+1(0Y ;AL
22 0™  ApiSit 1)+ 1 (St 1:AL)

L (12 (O10); Ary) = 1(0AL)
(P.2) 2). -~ (2 2) .
=" (Ot( ) 1A1:tJO§:2 1)+ I (O(lzz 1’Al:t)
L2 (Ot(z) JALSEt 1) 1(Stt 1,AL)

1 (Ow:t; A1) = 1(Ont; Ary)
E2 (01 A0 1)+ 1 (01 13A1)
(00 ALiSe D)+ 1 (St 13A1)
Then, we have the following equality
1O ; ALiStt 1)=1 (0P AriSit 1)=1(0tAgiSt 1)
Similar as derivation in Theorem A.2
1 (O ;Ar4jSix 1)
(0 AdAL 1St )+ 1O AL 1iSix 1)
SN (O AAL 1St )+ 1(SiAL 1S 1)
We apply the same derivation fof?) ando, we have the following with Markov property
Lt (0 AS 1A 1)

=1(t2 (00); AiSt 13 A 1)
=1 (O AJSt 1;A 1)

We show that the condition on sequential data can be expressed at each timestep with the similar form. See proof of

Proposition B.4 in the MIB paper (Federici et al., 2020) for mutual redundancy between sequential views and individual
pairs of views. O

Theorem A.4. Suppose the mutually redundant condition holds, Ia(ll)T (O17);AL7) = | (t(lz;)T(ol:T);Al;T) =
[ (Ovn7;ALT). If Sil)T is a suf cient representation fdr(lzz)T(OlzT)thenl(Ot;Atht 1;Af 1) = I(St(l);Atht 1; At 1).

Proof. Sincet(ll:)T(Ol;T) is redundant fot(lz:)T(Ol;T) (Theorem A.3), any representati@ﬁl) of t(llz)T(Ol;T) that is suf-
cient for t(lz)T (O1:1) must also be suf cient foA; (Theorem A.2 and Proposition A.1). Using Theorem A.2 we have
LSTAGS BAC D= 1P (O ASe 1A 1) With (1Y (00); A jSt 1:A¢ 1) = 1(OGAJSE 1AL 1), we con-
cludel (O A St 1A 1) = (S5 AGS 1A 1), O

We nally show the proposition for the Multi-Information Bottleneck principle in RL with the generalization of suf ciency
and mutually redundancy condition from sequential data to each individual pairs of data.
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Proposition A.2. Let Ot(l) andot(z) be mutually redundant views féx, that share only optimal action information. Then a
suf cient representation o$t(l) of O} for Ot(z) that is minimal forOt(Z) is also a minimal representation fAg .

Proof. See proof of Proposition E.1 in the MIB paper (Federici et al., 2020). O

B. DRIBO Loss Computation

We consider the average of the information bottleneck losses from the two views.

Lz 11
10 isiAl 10071+ 18P0 i uA 10)
2
(8750718 AC )+ o1 (87501 P A ) (12)
2

Considersgl) andsgz) on the same domais | (St(l) ;Ot(l)jSt(l)l; At 1; Ot(z)) can be expressed as:

(s 00 s A 1;09)

#
1). (1). 1) .
e g P Gi0 s a 1)
= 9= 0. @..0 .
L P (sjo s A 1) "
1). (1). 1) . 2). (2). .2 .
_E Iogp(SpJOE),SE ‘a1 p (sPjo? ;5P ra 1)
2): (2). (2 . 1. (2)..012Q) .
D(SPJOE),SE )1,at 1)p(s§)10§),s§)1,at 1)
. @), 1) . . 2): (2.2 .
=Di(p (sVjol” ;8P sac 1)jip (sPjol? ;5P a 1)
). (.. @1 . 2). (2). @
Dic(p (s jo®;sM 1 ar 1)iip (sPjo? ;P :ar 1))
). D). . @1 . 2). (2). @
D (p (s™jo™ ;M sar 1iip (50?5 ar 1) (13)

Note that equality holds if the two distributions coincide. Analogouls@t(z) ; sz)jst(z)l; At 1; Ot(l)) is upper bounded by
Dic(p (5?0 ;5P ar wiip (st jof? ;s;ar 1)).

AssumeS; ; is a suf cient representation dd; ;. Then,St(l)l provides task-relevant information no more than the
suf cient representatiofs; ;. | (St(l) ; ofz’jsfl’l;At 1) can be thus re-expressed as:

18”50 s i A 1)
(S0t 1A 1)
P sPoPis sac ) 1(8P:i8Pi0P s 1A )
=1(st”: 8P 0Pjs: 11A: 1)
=1(8;8?js 1AC )+ 1800 s 1A 1)
18 sPise 1A 1) (14)

Where follows from 81(2) being the representation 6)}(2) . The bound is tight Whenevéifz) is suf cient from St(l)
(I (St(l);ot(z)jst(z);st 1;A¢ 1)=0). This happens whenevefz) contains all the information regardir@fl). Once

again, we can havle(St(z) ;o{l)js§2)1;At 1) | (St(l) ; St(z)jS[ 1;A¢ 1). Therefore, the averaged loss functions can be
upper-bounded by
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+ .
Lz 1TZ|(S§”;S§2’JS[ 1AL 1) (15)

). 1. Q) . . 2): (2). .2 .
+Dsi(p (sMjol” ;s sar 1)iip (sPjo? ;5P sar 1)

Lastly, by re-parametrizing the objective, we obtain:

LCs )= 1 (sPis?ise 1A ) (16)
1). (1) ..@1) . " 2): (2)..(2) .
+ D salp (s jofY st ar 1iip (sPjol? 5P ar 1))
In Algorithm 1, we usesfl) p (sfl)jogl) ;sgl)l; ar 1) andsgz) p (sfz)jofz) ;sfz)l; a; 1) to obtain representations

for multi-view observations. We argue that the substitution does not affect the effectiveness of the averaged objective.
With the multi-view assumption, we have that representa@é’r)@ andsgz)1 do not share any task-irrelevant information.

So, the representations at timestegpnditioned on them do not share any task-irrelevant information. Maximizing the
mutual information betweesﬁl) andsgz) (rstterm in Eq. (16)) will encourage the representations to share maximal
task-relevant information. Similar argument also works for the second term in Eq. (16).s§ﬁ3czmds§2)1 do not share

any task-irrelevant information, any task-irrelevant information introduced from the conditional probability will be also
identi ed as task-irrelevant information by KL divergence, which will be reduced through minimizing the DRIBO loss.

C. Additional Results
C.1. Additional DMC Results

For clean setting, the pixel observations have simple backgrounds as shown in Figure 2 (left column). Figure 8 shows that
RAD, SLAC, CURL and PI-SAC generally perform the best, whereas DRIBO consistently outperforms DBC and matches
SOTA.

For natural video setting, Figure 9 shows that DRIBO performs substantially better than RAD, SLAC and CURL which do
not discard task-irrelevant information explicitly. Compared to PI-SAC and DBC, recent state-of-art methods that aim at
learning representations that are invariant to task-irrelevant information, DRIBO outperforms them consistently.
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Figure 8: Average returns on DMC tasks over 5 seeds with mean and one standard error shaded in the clean setting.

Figure 9: Average returns on DMC tasks over 5 seeds with mean and one standard error shaded in the natural video setting.
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C.2. DRIBO Loss vs. InfoMax
C.2.1. GQEAN SETTING

We provide additional results on comparing DRIBO with DRIBO-no-skl under the clean setting Figure 10 and Figure 11.
It can be observed that DRIBO and DRIBO-no-skl perform similarly in terms of average returns. Recall our earlier plot
on comparing DRIBO with DRIBO-no-skl under the natural video setting Figure 5 which shows DRIBO substantially
outperforms DRIBO-no-skl (in other words, the performance of DRIBO-no-skl drops when the setting is changed from
clean to natural video). Similar results can be seen in Figure 8 and Figure 9, where the performance of approaches like
RAD, SLAC, CURL and PI-SAC signi cantly degrades when the backgrounds of the environments are changed to different
natural videos during training and testing.

Figure 10: Average returns of DRIBO and DRIBO-no-skl on DMC tasks over 5 seeds with mean and one standard error
shaded in the clean setting.

Figure 11: Average SKL values during training in DMC environments in the clean setting.
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Figure 12: Training and testing performance of RAD and DRIBO.

Figure 13: Training and testing performance of CURL and DRIBO.

Figure 14: Training and testing performance of PI-SAC and DRIBO.
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C.3. Training and testing performance in DMC under the natural video setting

We further compare DRIBO with RAD, CURL and PI-SAC on the DMC environments under the natural video setting. We
observe that RAD, CURL and PI-SAC could achieve high scores during training but failed to achieve the same high scores
(with a substantial gap) during testing.

C.4. Additional Visualization

Figure 15 are the snapshots of training environments of DMC under the natural video setting. The background videos are
randomly sampled from the class of "arranging ower” which are drastically different from backgrounds used during testing
(Figure 16).

Figure 15:Training environments of DMC under the natural video setting: The background videos are sampled from
arranging ower class in Kinetics dataset.

In Figure 16, we show sequential observations in test environments of DMC under the natural video setting. The backgrounds
videos are randomly sampled from the test data of Kinetic dataset which contain various classes of videos. Note that a single
run of the DMC task may haveultiple videos playing sequentialily the background.

Figure 16 also visualizes the corresponding spatial attention maps of DRIBO trained encoders. For different tasks, DRIBO
encoders' activations concentrate on entire edges of the body, providing a more complete and robust representation of the
visual observations.

In addition to Figure 2, we also show spatial attention maps for each convolutional layers in Figure 17. We can observe that
DRIBO trained encoders Iter the complex distractors in the backgrounds gradually layer by layer.

To further compare DRIBO with frame-stacked CURL, we visualize the learned representations using t-SNE plots in Fig-
ure 18. We see that even when the backgrounds are drastically different, our encoder learns to map observations with similar
robot con gurations near each other, whereas CURL's encoder maps similar robot con gurations far away from each other.
This shows that CURL does not discard as many irrelevant features in the background as DRIBO does despite leveraging
data augmentations and backpropagating RL objectives to the encoder.
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Figure 16:Test environments of DMC under the natural video setting:We show the sequential observations with natural
videos as background in DMC and their corresponding spatial attention maps of the DRIBO trained encoder.
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Figure 17: Spatial attention maps for each convolutional layers of the DRIBO trained encoders. The observations are the
same as ones in Figure 2 from the snapshots during testing.

Figure 18: t-SNE of latent spaces learned with DRIBO (left) and CURL (right). They are the same as t-SNE in Figure 4.
But we color-code the embedded points corresponding to their backgrounds. The observations are from the same trajectory
but with different background natural videos (the same as in Figure Figure 4). Points from different backgrounds are close
to each other in the embedding space learned by DRIBO, whereas no such structure is seen in the embedding space learned
by CURL.
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D. Implementation Details
D.1. RSSM

We split the representation St into a stochastic part ¢ and a deterministic part he, where S¢ = (Z¢; h¢). The generative and
inference models of RSSM are defined as:

Deterministic state transition: he = f(he 1;2z¢ 1;a¢ 1)
Stochastic state transition: z¢  p(Z¢jh¢; O¢)
Transition predictor: 2y  p(2¢jht)

where f(h¢ 1;Z¢ 1;a¢ 1) is implemented as a recurrent neural network (RNN) that carries the dependency on the
stochastic and deternt'glistic parts at the previous timestep. Then, we obtain the representation with the encoder
p (S1:TjorT;a1T)= P (Stjor; he), where hy retains information from S¢ 1 = (Z¢ 1;h¢ 1) and @¢ 1. Transition
predictor model predicts the prior state 2¢ without access to the current observation. It is used to encourage learning an
accurate to regularize the posterior learning with KL balancing in Algorithm 5.

D.2. DRIBO + SAC

We first show how we train SAC agent given the representations of DRIBO. Let (0) =s p (sjo;s’;a’) denote the
encoder, where s! and @’ as the representation and action at last timestep.

Algorithm 2 SAC + DRIBO Encoder

input RL batch By, = f( (0j); aj; ri; (O?))gi(ll DN with (T 1) N pairs of representation, action, reward and next

representation.
Get value: V. = minj=1., Qi("(0"))  log (aj"(0"))

1:

2: Train critics: J(Qi; ) =(Qi( (0)) r V)?

3: Train actor: J( )= log (aj (0)) minij=12 Qi( (0))
4: Train alpha: J( ) = log (aj (0)) H(aj (0))

5: Update target critics: Qj = Qi+ (1 Q)Qi

6: Update target encoder: " +( )

Then we incorporate the above SAC algorithm into minimizing DRIBO loss in Algorithm 3

Algorithm 3 DRIBO + SAC

input Replay buffer D storing sequential observations and actions with length T. The batch size is N. The number of total
training step is K. The number of total episodes is E.

2:  Sample sequential observations and actions from the environment and append new samples to D.
3: foreachstepk =1;:::;K do
4: Sample a sequential batch B D.
5: Compute the representations batch Bgy which has the shape (T; N) using the encoder p (S1.7jO1.7;81:7)
6: Train SAC agent: Eg,, [J( ;Q; )] fAlgorithm 29
7: Update and to minimize Lpr;go using B fAlgorithm 1g.
8:  end for
9: end for
D.3. DRIBO + PPO

The main difference between SAC and PPO is that PPO is an on-policy RL algorithm while SAC is an off-policy RL
algorithm. With the update of the encoder, representations may not be consistent within each training step which breaks
the on-policy sampling assumption. To address this issue, instead of obtaining S propagating from the initial observation

of the observation sequence, we store the representations as Sgi¢ while sampling from the on-policy batch. Then, we use
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(0) =s p (sjo;s”¢; @’ to denote the representation from the encoder. Here, s°¢ and &' are the representation and
action at the previous timestep. By treating the encoding process as a part of the policy and value function, the on-polic

p p. By g gp P policy policy
requirement is satisfied since the new action/value at timestep t depends only on (0¢; S¢'%; a¢ 1).

Algorithm 4 DRIBO + PPO

input : Replay buffer D and on-policy replay buffer Dppo storing sequential observations and actions with length T. The
batch size is N. The minibatch size for PPO is M. The number of total episodes is E.

I: fore=1;:::;E do
2:  Sample sequential observations and actions from the environment foy.1;as.1;r1.1; s‘i‘:dT g?‘zl.
3:  Append new samples to D and update the on-policy replay buffer Dppg.
4. forj=1;:::;Mdo
bTxN ¢
5: T(” (0i); & ri)g; =Y Drro
6: Optimize PPO policy, value function and encoder using each sample (” (0j); @;; i) in the batch.
7: Sample a sequential batch B D.
8: Update and to minimize Lprigo using B fAlgorithm 1g.
9: end for
10: end for
D.4.DMC

We use an almost identical encoder architecture as the encoder in the RSSM paper (Hafner et al., 2019), with two minor
differences. Firstly, we deploy the encoder architecture in Tassa et al. (2018) as the observation embedder, with two more
convolutional layers to the CNN trunk. Secondly, we add layer normalization to process the output of CNN, deterministic
output and stochastic output. Deterministic part of the representation is a 200-dimensional vector. Stochastic part of the
representation is a 30-dimensional diagonal Gaussian with predicted mean and standard deviation. Thus, the representation
is a 230-dimensional vector. We implement Q-network and policy in SAC as MLPs with two fully connected layers of
size 1024 with ReL.U activations. We estimate the mutual information using a bi-linear inner product as the similarity
measure (Oord et al., 2018).

Pixel Preprocessing. We construct an observational input as a single frame, where each frame is a RGB rendering of size
100 100 from the Oth camera. We then divide each pixel by 255 to scale it down to [0; 1) range. For methods compared in
our experiments, an observation inputs contains an 3-stack of consecutive frames.

Augmentations of Visual Observations. For RAD, we use random crop+ grayscale to generate augmented data. For our
approach DRIBO and CURL, we use random crop to generate multi-view observations. We apply the implementation of
RAD to do the augmentation. For random crop, it extracts a random patch from the original observation. In DMC, we
render 100 100 pixel observations and crop randomly to 84 84 pixels. For random grayscale, it converts RGB images
to grayscale with a probability p = 0:3.

Hyperparameters. To facilitate the optimization, the hyperparameter in the DRIBO loss Algorithm 1 is slowly increased
during training.  value starts from a small value 1e 4 and increases to 1e 3 with an exponential scheduler. The same
procedure is also used in the MIB paper (Federici et al., 2020). We show other hyperparameters for DMC experiments in
Table 2.

KL Balancing. During training, we also incorporate KL balancing from a variant method described in DreamerV2 (Hafner
et al., 2021) to train RSSM. KL balancing encourages learning an accurate prior over increasing posterior entropy, so
that the prior better approximates the aggregate posterior. This help us to avoid regularizing the representations toward a
poorly trained prior. KL balancing is orthogonal to our MIB objective (DRIBO Loss). Note that DreamerV2 deploy KL
balancing based on a reconstruction loss. In our case, our results show that KL balancing can improve training of RSSM
with a contrastive-learning-based or mutual-information-maximization objective. We implement this technique as shown
in Algorithm 5.  shares the same value as the coefficient for SKL term in DRIBO Loss.
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Algorithm 5 DRIBO Loss + KL Balancing

1: Compute kl balancing term:

kl_balancing = 0:8 compute_kl(stop_grad(approx_posterior) + prior)
+ 0:2 compute_kl(approx_posterior + stop_grad(prior))

2: return DRIBO Loss +  kl_balancing

Table 2: Hyperparameters used for DMC experiments.

Hyperparameters Value

Observation size (100 100)

Cropped size (84 84)

Replay buffer size 1000000

Initial steps 1000

Stacked frames No

Action repeat 2 finger, spin; walker, walk;

8 cartpole swingup
4 otherwise

Evaluation episodes 8
Optimizer Adam
Learning rate encoder learning rate: le-5;

policy/Q network learning rate: le-5;
learning rate: le-4.

Batch size 8 32, where T =32

Target update Q network: 0.01
encoder: 0.05

Target update freq 2

Discount .99

Initial temperature 0.1

Total timesteps 88e4

scheduler start episode 10
scheduler end episode 60

D.5. Procgen

For Procgen suite, the implementation of DRIBO is almost the same as DMC experiments. Better design choice could be
found by validation. We use the same as the encoder architecture used in DMC experiments, except for the observation
embedder, which we use the network from IMPALA paper to take the visual observations. In addition, since the actions in
Procgen suite are discrete, we use an action embedder to embed discrete actions into continuous space. The action embedder
is implemented as a simple one hidden layer resblock with 64 neurons. It maps a one-hot action vector to a 4-dimensional
vector. The policy and value function share one hidden layer with 1024 neurons. The policy uses another fully connected
layer to generate a categorical distribution to select the discrete action. The value function uses another fully connected
layer to generate the value for an input representation. All activation functions are ReLU activations.

Augmentation of Visual Observations. We select augmentation types based on the best reported augmentation types for
each environment. DrAC (Raileanu et al., 2020) reported best augmentation types for RAD and DrAC in Table 4 and 5
of the DrAC paper. We list the augmentation types used in DRIBO in Table 3 and 4. We use the same settings for each
augmentation type as DrAC. Note that we only performed limited experiments to select the augmentations reported in the
tables due to time constraints. So, the tables do not show the best augmentation types in each environment for DRIBO.

Hyperparameters. We use the same scheduler as the DMC experiments. The starting value is 1 8 and the final
value is 1e 3. We show other hyperparameters for Procgen environments in Table 5.

Discussion. Here, we extend the discussion on why our method underperforms on some environments, whose screenshots
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Table 3: Augmentation type used for each game.

Env ‘ BigFish ‘ StarPilot ‘ FruitBot ‘ BossFight ‘ Ninja ‘ Plunder ‘ CaveFlyer ‘ CoinRun

Augmentation‘ crop ‘ cutout ‘ cutout ‘ cutout ‘random-conv‘ crop ‘random-conv ‘ random-conv

Table 4: Augmentation type used for each game.

Env | Jumper | Chaser | Climber | DodgeBall | Heist | Leaper | Maze | Miner

Augmentation | random-conv | crop | random-conv | cutout | crop | crop | crop | flip

Table 5: Hyperparameters used for Procgen experiments.

Hyperparameters Value

Observation size (64 64)

Replay bufter size 1000000

Num. of steps per rollout 256

Num. of epochs per rollout 3

Num. of minibatches per epoch 8

Stacked frames No

Evaluation episodes 10

Optimizer Adam

Learning rate encoder learning rate: le-4;

policy learning rate: Se-4;
learning rate: le-4.

Batch size 8 32,where T =32
Entropy bonus 0.01
PPO clip range 0.2
Discount .99
GAE parameter 0.95
Reward normalization yes
Num. of workers 1
Num. of environments per worker 64
Total timesteps 25M
scheduler start episode 10
scheduler end episode 110

are shown in Figure 19.

Our approach, DRIBO, only consider global MI (Hjelm et al., 2019) in the current implementation. As a result, local
structures can be easily ignored in the representation. More specifically, representations containing the same static local
features within a single execution but at different timesteps are treated as negative examples in the mutual information
maximization. Then, the information of these local features shared between representations is not maximized. Negative
pairs of representations sharing this type of local features are globally negative pairs but locally positive pairs.

For Plunder, the goal is to destroy moving enemy pirate ships by firing cannonballs. The enemy ships can be identified with
the color of the target in the bottom left corner. The background of the game maintains the same within a single execution.
Wooden obstacles capable of blocking the player’s cannonballs. In a single execution, critical features like the target label
and wooden obstacles remain unchanged. Failing to capture these local features results in poor performance of an agent.

For Chaser, the goal is to collect all green orbs as well as stars. A collision with an enemy that is not vulnerable (red) results
in the death of the player. The background remains the same across different executions. Walls in the environment are dense
and remain static during a single execution. Failing to capture walls’ positions in representations hinders the agent from
navigating to avoid enemies and collect orbs/stars. In Maze and Leaper, walls also remain static, but the backgrounds are
different across different executions. This difference reduces the influence introduced by globally negative pairs but locally
positive pairs. By contrast, walls in DodgeBall remain static but more critical since hitting at a wall ends the game.
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D.6. Compute Resources and License

Compute Resources. We used a desktop with a 12-core CPU and a single GTX 1080 Ti GPU for benchmarking. Each seed
for DMC benchmarks takes 3 days to finish. For Procgen suite, it takes 2 days to finish experiments on each seed.

License. DMC benchmarks are simulated in MuJoCo 2.0. We perform the experiments in this paper under an Academic
Lab License. We perform experiments in Procgen suite with its open source code under MIT License.

Figure 19: Screenshots of the three Procgen games where our approach DRIBO does not improve generalization performance
compared to the other methods. From left to right, they are Plunder, Chaser and DodgeBall.



