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ABSTRACT

It is vital to learn a generalizable policy in visual reinforcement
learning (RL). Many algorithms are proposed to handle this problem
while none of them theoretically show what affects the general-
ization gap and why their methods work. In this paper, we bridge
this issue by theoretically answering the key factors that contribute
to the generalization gap when the testing environment has dis-
tractors. Our theories indicate that minimizing the representation
distance between training and testing environments is the most crit-
ical. Our theoretical results are supported by the empirical evidence
in the DMControl Generalization Benchmark.

KEYWORDS

Visual reinforcement learning; Generalization gap; RL theory

ACM Reference Format:

Jiafei Lyu!, Le Wan, Xiu Li, and Zongging Lu. 2024. Towards Understand-
ing How to Reduce Generalization Gap in Visual Reinforcement Learn-
ing: Extended Abstract. In Proc. of the 23rd International Conference on
Autonomous Agents and Multiagent Systems (AAMAS 2024), Auckland, New
Zealand, May 6 — 10, 2024, IFAAMAS, 3 pages.

1 INTRODUCTION

It is critical for visual RL algorithms to be able to generalize to
unseen scenarios. Unfortunately, it is challenging as the difference
between the (possibly) clean training environment and the unseen
environments is not predictable. Existing methods remedy such mis-
match by leveraging data augmentation [6, 9, 10, 12, 16, 19, 20, 24],
domain randomization [2, 4, 21-23, 27, 34], self-supervision [1, 8,
10, 28, 30, 35], pre-trained image encoders [5, 33], normalization
[17], etc. Despite their success, none of them explain why their meth-
ods work in practice from a theoretical perspective. In this paper, we
aim at bridging this gap. We focus on the following generalization
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setting: the algorithm is trained in a clean environment with visual
input, while deployed in an unseen environment where the color
or the background of the agent changes. Since the policy keeps
evolving during training, we resort to reparameterization trick to
decouple the randomness in the environment from the policy, the
transition dynamics, and the initial state distribution. Under some
mild assumptions, we establish concrete theoretical bounds on the
generalization gap when deploying the policies in testing environ-
ments with distractors. Our results suggest that the most crucial
factor that influences the test performance is the representation
deviation before and after adding the distractor. We examine the
theoretical conclusions by conducting experiments of different al-
gorithms in DMControl Generalization Benchmark (DMC-GB) [10].
The empirical evidence is consistent with the theoretical insights.

2 REPARAMETERIZABLE VISUAL RL

We consider episodic MDPs with a finite horizon. Denote the tra-
jectory 7 with length T + 1 as 7 = {sg, s1, . . ., s7 }. Denote the joint
distribution of the trajectories in an episode as Dy, p p,, which is
jointly determined by the transition probability p, initial state dis-
tribution pg, and the learned policy 7. We assume p and py are fixed
and the policy is deterministic. Then, Dy p p, becomes D,. Our
goal is maxzent Ee~p,, [J(130)] = Brwp, [ X1 v'r(se, w(st))]. We
define the generalization gap as: ||E,. D, J(n)] - % "7 (rl-)||§,
where D, is the state sequence distribution in the testing environ-
ment, 7 = arg MaX e r,e D, % >, J(zi), where n is the number
of training episodes, and II is the policy class. It is difficult to quan-
tify this gap since the underlying sample distribution in the training
environment D changes as the policy evolves.

In visual RL, we denote the observation as s and the encoder as
¢(-). The reward gives r(s, 7(¢(s))) and the policy is 7 (¢p(s)) : & —
A, where @ is the representation space. During testing, we assume
there exists the distractor f(-) that transforms the vanilla image s
into a new image. We name f'(-) as the transpose function, which can
take an arbitrary form. We assume that both the transition dynamics
and the state initialization process can be reparameterized, then by
using the reparameterization trick [3, 7, 11, 13-15, 18, 25, 26, 29, 31],
we can rewrite the objective function as follows:

Erep, [J(¢(1)] = Egq(g) [J(9(2(&7m9)))], 1)
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where g(&) is the distribution of the random variable &. This ob-
jective no longer depends on D, and x. That is, we isolate the
randomness of the policy 7 from the expected return. We denote
T (s, m(s)) = p(s, n(s),s’) as the state transition probability, and
I : E — § is the initialization function, where E is the space of
the random variable &s. We present the pseudo code of reparame-
terizable visual RL in Algorithm 1, where we reparameterize the
transition dynamics of the system.

=

Algorithm 1 Reparameterizable Visual RL

: Sample é'/(), §1, ey fT

: Get sg = 7 (&) and initialize R = 0
: Set encoder ¢ (), policy 7(+)

: fort=0to T do

R=R+y'r(se, n(p(s1)))

st+1 =T (st, w(P(st)), &)

end for

T N B S

Note that the random variables &, &1, . . ., é7 can be drawn from
some distributions before the episode starts, hence isolating the ran-
domness of the policy. The above formulation also applies when the
policy evolves during training, since the trajectory can be decided
deterministically by executing 7 (s;, 7(¢(s:)), &) repeatedly.

3 THEORETICAL ANALYSIS ON THE
GENERALIZATION ERROR

Under Lipschitz assumptions on the transition dynamics, the pol-
icy, the encoder, and the reward function, and assume ||#(f(s)) —
#(s)|| < p,Vs, the discrepancies of transition dynamics and the
initialization function between training and testing environments
gives at most { and €, we present the generalization gap bound
below (check the full version in Arxiv for details).

THEOREM 1. Under some mild assumptions, we have with proba-
bility at least 1 — 8, the generalization error gives,

Vt—
V-

B [0 (F (e (Em T 1)) - = D I@(eEn m))”
i=1
T T
SAQVZ)/ 1+A€Zytvt+Lr2L—mQ(l_yT+l)
=0 ! =0 -y

+0 (L]K\/E) +0 (rmax\/M),
n n

where A, v, Ly,, Lz,, Ly, K are constants, m is the dimension of the
policy parameter, 7, I’ are the transition dynamics and initializa-
tion function in the testing environment.
Remark: We summarize a key insight based on the above bound,
the generalization gap can only be small if the representation distance
between the training and testing environments is small, since o is the
only factor that one can control in the bound. This is somewhat
consistent with a human’s intuition: the representations before
and after involving distractors are similar and hence the policy can
retrieve good behaviors it learned in the training environment.

4 EXPERIMENTAL SUPPORT

We examine whether our theory applies to existing algorithms and
explains why they work in practice. We choose DrQ [32], SVEA
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[9], and PIE-G [33]. PIE-G and SVEA exhibit better generaliza-
tion performance than DrQ [33]. We expect that the representa-
tion deviation ||¢(f(s)) — ¢(s)|| (as well as the policy deviation
[|(p(f(s))) — m(¢(s))||) of PIE-G and SVEA are smaller than DrQ.
We verify this by conducting experiments on two environments
from DMC-GB, walker-walk and finger-spin. We run these al-
gorithms under their default hyperparameters on the clean training
environment first and then replace the background with playing
videos (i.e., video-easy setting). Our experimental setting is, the tra-
jectory remains the same, and only backgrounds are changed. This
generally meets our formulation. We evaluate the representation
deviation using the learned encoder and the policy deviation with
the policy network of each algorithm on the clean training trajec-
tory and the testing trajectories with distractors for 100 episodes
and 5 different random seeds. We summarize the results in Figure
1, where the empirical results are unanimously in line with our
expectations. Hence, we believe our theory explains in part why
these algorithms work in practice.
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Figure 1: Comparison of representation deviation and pol-
icy deviation of SVEA, PIE-G, and DrQ on video-easy setting
of walker-walk and finger-spin tasks from DMC-GB. The re-
sults are averaged over 5 varied random seeds.

5 CONCLUSIONS

Despite there are many practical algorithms for enhancing the gen-
eralization capability of visual RL policies, a clear and instructive
theoretical analysis on the generalization gap, and how to mini-
mize the generalization gap are absent. Our work aim to provide
a theoretical bound on the generalization gap in visual RL when
there exist distractors in the testing environment, and explain why
previous methods work. However, directly analyzing the generaliza-
tion gap is difficult since the policy keeps evolving. We isolate the
randomness from the policy by resorting to the reparameterization
trick. Our bound indicates that the key to reducing the generaliza-
tion gap is to minimize the representation deviation between the
training and testing environments. We further provide empirical
evidence, which we find is consistent with the theoretical results.
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