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Abstract

The reward signal plays a central role in defining the de-
sired behaviors of agents in reinforcement learning (RL). Re-
wards collected from realistic environments could be per-
turbed, corrupted, or noisy due to an adversary, sensor er-
ror, or because they come from subjective human feedback.
Thus, it is important to construct agents that can learn un-
der such rewards. Existing methodologies for this problem
make strong assumptions, including that the perturbation is
known in advance, clean rewards are accessible, or that the
perturbation preserves the optimal policy. We study a new,
more general, class of unknown perturbations, and introduce
a distributional reward critic framework for estimating re-
ward distributions and perturbations during training. Our pro-
posed methods are compatible with any RL algorithm. De-
spite their increased generality, we show that they achieve
comparable or better rewards than existing methods in a vari-
ety of environments, including those with clean rewards. Un-
der the challenging and generalized perturbations we study,
we win/tie the highest return in 44/48 tested settings (com-
pared to 11/48 for the best baseline). Our results broaden and
deepen our ability to perform RL in reward-perturbed en-
vironments. If necessary, please check the full paper (https:
/arxiv.org/abs/2401.05710), including the Appendix.

Code — https://github.com/cx441000319/DRC

1 Introduction

The use of reward as an objective is a central feature of
reinforcement learning (RL) that has been hypothesized to
constitute a path to general intelligence (Silver et al. 2021).
The reward is also the cause of a substantial amount of hu-
man effort associated with RL, from engineering to reduce
difficulties caused by sparse, delayed, or misspecified re-
wards (Ng, Harada, and Russell 1999; Hadfield-Menell et al.
2017; Qian, Weng, and Tan 2023) to gathering large volumes
of human-labeled rewards used for tuning large language
models (LLMs) (Ouyang et al. 2022; Bai et al. 2022). Thus,
the ability of RL algorithms to tolerate noisy, perturbed, or
corrupted rewards is of general interest (Romoff et al. 2018;
Wang, Liu, and Li 2020; Everitt et al. 2017; Moreno et al.
2006; Corazza, Gavran, and Neider 2022; Zheng, Liu, and
Ni 2014).

Copyright © 2025, Association for the Advancement of Artificial
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Required Info Reward Estimator Perturbation
Method B n Reward | Discrete Leverages Rec.luces Optimal—P'olicy—
Range |Rewards (s,a,s/) Variance Changing

Standard | x x X X

SR-W v

SR X v

RE X X X X v v

DRC | x X v v v
GDRC | x x X X v v v

Table 1: The methods proposed in this paper (in bold) have
key advantages relative to past methods, which are limited
by the amount of Required Info about the perturbation that is
needed, the structural properties of the environment such as
discrete rewards, and assumptions on the effect of the pertur-
bation on the optimal policy. Leveraging (s, a, s") for reward
estimation and variance reduction (of the estimated reward
vs. true reward) are advantages of methods that construct ex-
plicit perturbation models. Blue is an advantage, and orange
is a limitation.

Different reward correction methods have been proposed
to enhance the performance of RL algorithms under reward
perturbations by estimating the expectation of perturbed re-
wards (Romoff et al. 2018) or learning the perturbation
model (Wang, Liu, and Li 2020). However, these existing
approaches rely on strong assumptions. For instance, the
Reward Estimation (RE) method (Romoff et al. 2018) as-
sumes that the perturbation does not impact the optimal pol-
icy, a condition satisfied in limited cases, such as when the
reward undergoes a positive affine transformation. On the
other hand, the Surrogate Reward (SR) method (Wang, Liu,
and Li 2020) can handle perturbations beyond affine trans-
formations, but it presupposes that there are a finite number
of possible reward values and a specific perturbation struc-
ture (see Section 2 for a more detailed discussion). Thus, the
methods are individually limited in where they can be ap-
plied, and no method exists for certain problem-perturbation
combinations (i.e., continuous reward environments where



the optimal policy is altered). Indeed, it is not clear that such
a method can be constructed due to the structural difference
between perturbations on a discrete-valued reward (e.g., bi-
nary success/failure) and those on a continuous-valued re-
ward (e.g., velocity).

We show that an adaptive reward modeling approach, with
appropriate design choices, can be used to unify the two sce-
narios, creating a universal framework for learning under
perturbed rewards. We propose a family of distributional re-
ward critic methods that redefine the problem of reward es-
timation as a classification task and infer the unknown per-
turbation structures without prior knowledge. Our contribu-
tions (Table 1) are summarized in three parts as follows.

The Distributional Reward Critic (DRC) Framework
To recover from a changing optimal policy on the perturbed
rewards, we begin by turning the reward regression into a
classification problem using ordinal cross-entropy for es-
timating the reward distribution under the assumption of
knowing the structure of the perturbation, which we call
Generalized Confusion Matrix (GCM) perturbations. GCM
perturbations generalize past reward perturbation distribu-
tions studied in the literature and allow for perturbations on
both discrete- and continuous-valued rewards that alter the
optimal policy, and, in addition, can approximate any distri-
bution. However, DRC is limited by its assumed foreknowl-
edge of the structural properties of the GCM perturbation.

General Distributional Reward Critic (GDRC) We de-
vise a General Distributional Reward Critic (GDRC) method
to simultaneously estimate the structure of the GCM during
training. GDRC works by training an ensemble of DRCs
and using the metrics from the training process to intelli-
gently select the most credible DRC. We show in simulation
that GDRC is effective at inferring the structure of unknown
GCM perturbations.

Experimental Evaluation Using an array of tasks and
reward perturbation distributions, we compare DRC and
GDRC to state-of-the-art methods for perturbed reward re-
inforcement learning. Under GCM perturbations, we win/tie
(95% of the winner) the highest return in 44/48 sets (com-
pared to 11/48 for the best baseline). Even under continuous
perturbations with strict assumptions, we find that our meth-
ods are on par with existing ones that leverage strong as-
sumptions about perturbations. Together, our results imply
that GDRC is a strong tool for learning under broad per-
turbations. Moreover, we set up a series of studies to verify
every decision we make when developing our methods.

2 Related Work

Reward perturbations in RL have been extensively stud-
ied (Romoff et al. 2018; Wang, Liu, and Li 2020; Rakhsha
et al. 2020; Pattanaik et al. 2017; Pinto et al. 2017; Choro-
manski et al. 2020; Zhong, Wu, and Si 2023; Corazza,
Gavran, and Neider 2022; Zhuang and Sui 2021; Hu et al.
2022; Ring and Orseau 2011; Hutter 2005; Amodei et al.
2016). We describe two of the most related approaches (Ro-
moff et al. 2018; Wang, Liu, and Li 2020) in detail.
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Reward Prediction By The Reward Estimation (RE)
Method (Romoff et al. 2018) focus on variance reduction
in the case of continuous perturbations that increase reward
variance but do not change the optimal policy. This occurs,
for example, when the reward perturbation applies a positive
affine transformation, i.e., E[R(s,a)] = woR(s, a) +wy and
wp > 0. In this setting, the perturbations can slow down the
training and even destroy it when the critic is not trained with
enough samples. They propose the Reward Estimation (RE)
method by introducing a reward critic to predict rewards

R(s,a) that aims to reduce the variance.

Perturbation Modeling By The Surrogate Reward (SR)
Method (Wang, Liu, and Li 2020) study the setting where
the rewards are discrete and perturbed by a confusion ma-
trix C, where C(4, j) represents the probability that reward
R; is perturbed into R;. Wang et al. propose the Surro-
gate Reward (SR) method by inverting the confusion matrix
R=C"1. R, where vectorized R and R represent clean and
predicted rewards, replacing each observed reward R; with
an unbiased estimate of the true reward RZ As their method
assumes C' to be estimated separately, they cannot leverage
the structure of the reward signal in state-action-state space
(i.e., that similar state-action pairs may have similar rewards.

In brief, our method addresses the limitations of both RE
and SR, by handling a broader class of perturbations without
assuming foreknowledge of its structure.

Distributional RL.  Our approaches are inspired by distri-
butional RL (Dabney et al. 2018b; Bellemare, Dabney, and
Munos 2017; Dabney et al. 2018a; Rowland et al. 2018),
where the value function is modeled distributionally. We find
that fixed-width regression (Bellemare, Dabney, and Munos
2017) is more appropriate than fixed-ratio for reward mod-
eling for technical reasons. However, unlike standard fixed-
width methods, we control the size and location of the fixed-
width bins adaptively (which are standardly treated as hy-
perparameters in distributional RL). The result is a generic
method that does not require tuning hyperparameters across
tasks or perturbations, which is commonly a weakness of
fixed-width compared to fixed-ratio methods.

3 Problem Statement

In Section 3.1, we describe the standard extension of MDPs
to perturbed rewards. In Section 3.2, we introduce general-
ized confusion matrix (GCM) perturbations and show their
significance and universality.

3.1 Perturbed Reward MDP

Let (S,A,R,P,~,53) be a Markov Decision Process
(MDP) (Puterman 2014), where S is the state space, A is
the action space, R : S x A x S — R is the reward function,
P : S x A— AS is the transition function, 5 € AS is the
initial state distribution, and y € [0, 1] is the discount factor.
We denote the state at timestep ¢ as s;, the action as a;, and
the reward as r; = R(s¢, at, St41)-

We define a perturbed reward MDP of the form

<S,A,R,R, P,'y,d0>. The agent perceives perturbed re-
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Figure 1: An example of GCM perturbation.

wards from R instead of true rewards from R. Following
the prior work (Romoff et al. 2018; Wang, Liu, and Li
2020), we assume that the perturbed reward is random and
that its distribution depends on the true reward, i.e., 7y ~
R(R(st,at,8t+1))- The objective is the same as in a stan-
dard MDP: we seek a policy 7 : S — AA that maximizes
the return, i.e., 7" € argmax, Ex[>",~ v R(s¢, at, ss41)),
but we only receive perturbed rewards.

3.2 Generalized Confusion Matrix (GCM)
Perturbations

To effectively handle perturbed rewards, we rely on an ap-
propriate model to capture the perturbations. The Surrogate
Reward (SR) method (Wang, Liu, and Li 2020) models the
reward perturbation by perturbing discrete rewards with a
confusion matrix C', where C'(4, j) represents the probabil-
ity that reward R; is perturbed into ;. We develop a per-
turbation model that preserves the continuous nature of the
reward space. Specifically, we propose a generalized confu-
sion matrix (GCM) perturbation model and provide a mo-
tivating example in Fig. 1. The parameters of a GCM are
the reward interval length ¢,. = (Tax — "'min) /7> the min-
imum and maximum rewards 7y, and rmax, and the asso-
ciated confusion matrix C. To sample from a GCM with
input reward r;, we convert r; into its reward label y, with
Yyt = | (rt—"min)/l-|. Then, we use the probability distribu-
tion C'(y;, ) to sample perturbed label g; and shift r; by the
signed distance between y; and gy, i.e., 7 = ¢+ 4. (Gt — Yt )-

We study GCM perturbations for three reasons. First,
GCM perturbations naturally handle continuous rewards
without sparsifying the perturbed rewards (i.e., the perturbed
rewards are themselves continuous). Second, GCM can rep-
resent perturbations that can change the optimal policy, i.e.,
the optimal policy for the perturbed rewards is different than
the optimal policy for the clean rewards. This expressivity
comes from their ability to represent perturbations with ar-
bitrary probability density functions (PDF) for each reward
interval—each row is a perturbation PDF. Third, GCMs can
approximate any continuous perturbation with a bounded er-
ror that diminishes as reward interval number n,. as shown
in Proposition 1, whose proof is in the Appendix.
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Proposition 1. Consider continuous perturbations that for
each reward v € [Fmin, "max), it can be perturbed to ¥ €

[T'min, Tmax )- Our GCM represents T with T that satisfies |7 —
,’7| < Tmax —Tmin
< r—

We now turn our attention to developing a method that
can learn effectively under a GCM-perturbed reward signal.

4 The Distributional Reward Critic
Architecture

We begin in Sec. 4.1 with the simpler case where the GCM
interval length, number of intervals, and minimum and max-
imum are all known (i.e., all the GCM parameters except for
the confusion matrix C). Then, we study the more general
case where these parameters must be inferred during train-
ing in Sec. 4.2.

4.1 Distributional Reward Critic (DRC)

To learn effectively under a GCM perturbation, we want
to introduce a network to model the reward distribution
for each state-action-state. We view the reward estima-
tion as a classification problem by turning the reward
range [Fmin, "max] into m,. intervals. Therefore, the prob-
lem we want to resolve could be expressed as: given in-
put (s, a, s¢11,7+¢), predict the distribution of label g; =
floor( (7 — Tmin) /¢r) Where £, = (Fmax — Tmin) /T is the
reward interval length. We do so by training a classification
model Ry : Sx Ax S — AY where Y = 0,1,...,n,.—1).

When we train a classification model like Rg, the most
common loss is cross-entropy (CE). However, CE discards
information about the order of reward labels. This is espe-
cially critical in RL because, as the reward distribution shifts
during training, it is critical to be able to quickly identify that
certain rare reward values are superior to those seen thus far.

When CE is used as a loss function, ]{’9 tends to classify un-
seen samples as belonging to the most common class that is
seen thus far (as the loss incurred by predicting any incorrect
class is equivalent). We thus propose ordinal cross-entropy
(OCE) instead':

|9 — il

1 ) 'H(ﬂt,Re(St,at,StH)),

OCE =) (1+

t

(D

where §j; = arg maxyEYRG(Stv g, Se41)

Using OCE as the loss function, the order among rewards
is preserved naturally when we are in the discrete label
space. In addition, when the observed reward label ¥, is far
from the predicted reward label g, the cross-entropy term
H (G, Ro(s¢, ay, s¢41)) will be assigned more weight based
on their distance. Therefore, misclassified rare samples can
receive a large weight during training if the distance is large.

We propose our Distributional Reward Critic (DRC)
method in Fig. 2. DRC estimates the reward distribution on-
line during RL training using OCE as the loss. The rewards
that are received by the RL algorithm are replaced with the
current predictions of the reward critic after they are updated
based on the rewards observed for the current epoch. In ex-
periments, we see that DRC is an effective approach across



Algorithm 1 Distributional Reward Critic

Reward Perturbation
Recovery /'~~~ 777 y Notation: ryin/rmax: the minimum and maximum
DRC/GDRC reward; n,: the number of reward intervals; (;: the
Initialization length of each interval {, = (rmax — r'min)/1r; Ro:

the distributional reward critic

|

: , ~
DRC/GDRC] ! Input: samples {(s¢. az, S¢+1.7¢)}

)

h

SRR A

Reward . N
Perturbation Training Output: predicted rewards {7}
1 Initialize the distributional reward critic /7y with
DRC/GDRC the input as (s, ar, s¢+1) and the output as the
Prediction probability of reward labels from 0 to n, — 1
‘| 2 Augment each sample with a discrete label y; =

ﬂOOl‘( (ry — 7'mm) //'")

Train Ry to minimize the ordinal cross en-

w

) Value Go— | A .

! Fitting tropy' Y,(1 + L) s« H(Gi, Ry(sr. ar. s11)),

i . L 1 O = argmax Ry(sy, az, s41)
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! Polic 114 For each sample, predict discrete reward label 7y,
' Y v and compute predicted reward value 7 = 74 +
d Improvement " (,‘(’[H _ F//) !

General RL Learning _/'5 Return predicted rewards 7

Figure 2: The pipeline of the whole process and the pseu-
docode of distributional reward methods.

environments and that the use of OCE rather than CE is a
critical choice.

However, DRC will only be practically applicable in en-
vironments with a known structure of GCM. Next, we study
the simultaneous estimation of all GCM parameters.

4.2 General Distributional Reward
Critic (GDRC)

In this section, we first study the influence of the discretiza-
tion parameter n, of DRC on the reward prediction error,
an unobservable metric termed Reconstruction Error, which
provides insights into what n,, is preferred. Then, we study
how to use the observable ordinary cross-entropy loss to
guide the selection of n,. At last, we show how to estimate
the reward range online while allowing for reward distribu-
tion shifts during training.

Impact Of n, On Reconstruction Error For DRC De-
pending on the number of bins n,, used in the reward critic,
it may be impossible to recover the true reward even in
the infinite sample case. We define Reconstruction Error as
ERROR, (Ry) = ﬁ > ter [Tt — 7¢|, where T represents the
number of samples. Reconstruction Error prevents exact re-
covery of the reward when n, # a - n,.(a € Z*) as there is
now an irreducible source of error caused by the misalign-
ment of the intervals in the reward critic compared to the
perturbation.

To illustrate Reconstruction Error intuitively, we divide
the range [rmin, Tmax] iNto 1, intervals of length ¢,. Given an
observed reward 7 = r + £,.(§ — y) perturbed from r, we
compute its predicted reward 7 = 7 + £, (4, — ¥, ), Where
o = argmax,, cy, Ro(s,a,s'). Even if Ry is sufficiently
expressive and trained well, 7 is not a correct prediction of r
due to the misalignment between £,.(§ — y) and £, (G0 — ¥o)-

'With slight abuse of notation, H (i, R (s¢, ar, si11)) denotes
the cross entropy between 1:29 (st,at, st+1) and the distribution
with all zero probabilities except for the g:-th being 1 (i.e., the
one-hot vector version of ).

50.7
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505 |

\ N | —— Ordinal_CE
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1 5 10 15 20 12345678910
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© o0 o000 0o
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(a) The reconstruction error ini- (b) The minimum ordinal cross-
tially decreases as n, increases, entropy of the reward critic in-
reaches 0 at n, = n,, and then creases as n, increases until 1,
oscillates. reaches n...

Figure 3: Illustration of reconstruction error and cross en-
tropy as n,, varies in simulation environments where n,, = 5.

In general, when n, < n,, Reconstruction Error becomes
more pronounced as n,, decreases because of the large gran-
ularity of ¢,. When n, > n,, Reconstruction Error still ex-
ists except for the case that n, is a multiple of n,, but is
less significant. Fig. 3a shows the impact n,, on Reconstruc-
tion Error when a large number of samples are available for
training. A detailed discussion is in the Appendix.

With infinite samples, a large n,, is preferred to achieve a
small Reconstruction Error. Without this condition, there is
a tradeoff—a larger n,, leads to more overfitting because of
limited samples, but a small n, results in more Reconstruc-
tion Error. We aim to set n, = n, as it achieves zero Recon-
struction Error and requires the least samples, and we show
the ordinal cross-entropy is an accessible metric to help infer
it in the next part.

Leveraging The Ordinal Cross-Entropy To Select n,
During training, we can view the ordinal cross-entropy
(OCE) loss of the distributional reward critic. We turn our
attention to the dynamics of this loss as n,, changes, and we
will show that it can be used to estimate n,..

We begin with a motivating example of intuition. For sim-
plicity, we study the relation between cross-entropy (CE)
and n,, because the best prediction of the reward critic would
be the reward label distribution using CE, and that relation
also applies to OCE.

For example, n, = 3, [Fmin, "max) = [0, 3), and we have
many samples (s¢, as, S¢+1,7¢) whose true rewards are all
the same value r € [0,1). We define the probability of their
perturbed rewards 7 as P(7), where 7 = r+m, m € (0, 1, 2)
and P(7) = C(0,-). The probability of perturbed reward
labels discretized by n, intervals is denoted as g, where
gm = P(F = r + m). Then we use n, intervals to fit g,
whose reward label distribution is represented by p. Here,
the question turns into how the entropy H (p) changes as 7,
changes. There are two circumstances shown in Fig. 4:

* When n, < n,, more ¢, get combined together for
smaller n,, resulting in a smaller entropy H(p) =
— >"12, pr log pi. For instance, combing go, g1 > 0 to-
gether leads to a reduction as —(qo + ¢1) log(qo + ¢1) <
—(golog go + g1 log q1).
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Figure 4: Illustration of cross-entropy for different n,,.

e When n, > n,, there are n, dimensions with non-
zero probabilities and n, — n, dimensions with zero
probabilities. Hence, H(p) = — .2, pilogpy
— > | @m l0g ¢y, remains constant with respect to n,

The combination and the separation of impulses with CE
are also the case for OCE. Therefore, our intuition is that
OCE also increases first when n, < n, and then stays still
when n, > n,. We verify the intuition by running a simple
simulation test where we use a large number of samples to
predict the perturbed reward label distribution ¢ using OCE
in the cases n,, = 5 and w = 0.1. The result for each n, is
averaged over 20 trails with different perturbed reward label
distributions. As shown in Fig. 3b, the minimum OCE first
increases when n, < n, until it reaches n,., which verifies
our intuition above.

We run experiments using our Distributional Reward
Critic (DRC) method with different n, to confirm the re-
lation between OCE and n, experimentally. According to
the results in Fig. 7b, we can clearly tell with the same To-
talEnvinteracts (training steps), OCE first increases as n,
increases and then oscillates when n, > n,..

Based on our analysis, we conclude there is a significant
relation between OCE and n,: OCE first increases as n,, in-
creases and then oscillates when n, > n,. As we aim to set
n, to be n,. to achieve the smallest Reconstruction Error, we
propose our General Distributional Reward Critic (GDRC)

method, which trains an ensemble of reward critics {f%én”) }

with uniform perturbation discretizations n, € N, to iden-
tify n, by referring to ordinal cross-entropy. We use these
reward critics to vote on where the increasing rate of ordinal
cross-entropy starts increasing. We use the critic who has
received the most votes with a discount factor for reward
prediction in each epoch.

Handling The Unknown Reward Range For the case of
an unknown reward range and an unknown number of in-
tervals, we use the GDRC from the previous part plus an
addition that updates the intervals based on the observed re-
wards seen in the latest 20 epochs. We create variables 7emin
and 7emax to store the 1% percentile and 99% of the observed
rewards across the samples in the latest 20 epochs as the
minimum and maximum rewards, which excludes the possi-
ble influence of outlier perturbed rewards because of long-
tail perturbations. This choice turns out to be important—
keeping samples for too long slows training under reward
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distribution shift. We study the impact of this choice in
Sec. 5.5.
We provide pseudocode for GDRC in the Appendix.

S Experimental Results

In this section, we demonstrate that DRC and GDRC meth-
ods outperform existing approaches by attaining higher
clean rewards and exhibiting broader applicability. Sec. 5.1
introduces the setups first. In Sec. 5.2 and 5.6, we ex-
periment under Generalized Confusion Matrix (GCM) and
continuous perturbations. The influence of n, on Recon-
struction Error and ordinal cross-entropy is substantiated in
Sec. 5.3. In Sec. 5.4 and 5.5, we do ablation studies to the
critical decisions while developing DRC and GDRC. We in-
clude hyperparameters and training curves in the Appendix.

5.1 Experimental Setup

Algorithms The methods introduced for perturbed re-
wards in this paper and previous work can be applied to
any RL algorithm. Thus, we compare all methods as ap-
plied to some popular algorithms such as PPO (Schulman
et al. 2017), DDPG (Lillicrap et al. 2015), and DQN (Mnih
et al. 2013), covering on-policy and off-policy algorithms.
The baseline methods other than the original algorithms are
the Reward Estimation (RE) (Romoff et al. 2018) method
and Surrogate Reward (SR/SR_W) (Wang, Liu, and Li 2020)
methods (SR estimates the confusion matrix and SR_W re-
ceives the true confusion matrix as input). Our proposed
methods are Distributional Reward Critic (DRC) and Gen-
eral Distributional Reward Critic (GDRC).

Environments First, we consider complex Mujoco
environments: Hopper, HalfCheetah, Walker2d, and
Reacher (Todorov, Erez, and Tassa 2012) (the environments
tested by RE), where SR cannot be applied due to the
complexity of the state-action space, but our methods can,
demonstrating their broader applicability. Then we consider
two discrete control tasks, Pendulum and CartPole (the
environments tested by SR and SR_W), and show that our
performance is also dominant in these settings.

Perturbations We test two kinds of perturbations: Gener-
alized Confusion Matrix (GCM) and continuous perturba-
tions. For GCM perturbations, we vary two parameters: the
number of intervals n, and the perturbation ratio w. An w
proportion of samples in the interval containing the true re-
ward are perturbed into other intervals at random. For con-
tinuous perturbations, we test the same perturbation as (Ro-
moff et al. 2018). These are zero-mean additive Gaussian
noise, the “Uniform” perturbation where the reward is sam-
pled uniformly from [—1, 1] with a probability of w and is
unaltered otherwise, and the “Reward Uniform” perturba-
tion, adjusting the range of the uniform distribution to ry;,
and 7ax (the minimum and maximum reward achievable in
each environment). Each method has its episodic reward av-
eraged over 50 and 20 seeds under GCM and continuous
perturbations respectively, and +/- shows the standard error
in the Appendix.
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Figure 5: The results of Mujoco environments under GCM
perturbations. Solid line methods, which are of greater inter-
est, can be applied without any prior information. DRC and

sDRC are our methods. The z-axis represents perturbation
ratio w, and the y-axis represents performance.

5.2 Under GCM Perturbations

Mujoco Environments There are two kinds of methods
in Fig. 5, the methods (dashed lines) requiring prior infor-
mation about perturbations and the ones (solid lines) with-
out any prior knowledge, leading to two comparison groups:
DRC vs. PPO, RE, and SR_W, and GDRC vs. PPO and
RE. Overall, we can clearly see the outperformance of our
DRC and GDRC compared with their baseline methods.
To summarize, DRC wins/ties (95% of the winning per-
formance) the best performance in 44/48 sets (compared
to 11/48 for the best baseline RE), and GDRC wins/ties in
44/48 sets (compared to 12/44 for the best baseline RE), of
which the second comparison is our focus. Both DRC and
GDRC demonstrate comprehensive robustness across envi-
ronments, n,., and w.

All methods perform worse as we increase w. Other than
that, varying n, also influences their performance. There is
a structural reason for this: GCMs with smaller n,. have less
evenly distributed rewards outside the clean interval, making
it harder to denoise the signal.

SR_W performs well in Hopper and Reacher, but worse
than PPO in the HalfCheetah and Walker2d. This is perhaps
surprising as it has access to the ground truth reward pertur-
bation. We hypothesize two reasons why it can be beaten.
First, the estimate of reward it provides R=C"' Riscon-
ditioned only on the observed reward. This means it is not
able to do additional denoising using (s, a, s’). Second, they
introduce a hyperparameter rescaling the estimates, which
is not tunable and has a large impact on performance across
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Figure 6: The results of discrete control tasks. Solid line
methods, which are of greater interest, can be applied with-
out any prior information. DRC and GDRC are our meth-
ods. The z-axis represents perturbation ratio w and the y-
axis represents performance.

environments.

We find that RE’s performance is generally similar on av-
erage to PPO in these experiments. While RE can reduce
reward variance, it also has to learn the reward structure.
We hypothesize that the cost of learning the reward structure
is sometimes overcome by the benefit of variance reduction
and sometimes not.

Discrete Control Tasks We run experiments on two dis-
crete control tasks in Fig. 6. Following the settings in (Wang,
Liu, and Li 2020), the reward range [—17,0) is discretized
into n,, = 17 bins in Pendulum. In CartPole, apart from
+1 rewards, —1 rewards are introduced for perturbations by
(Wang, Liu, and Li 2020). As CartPole is an environment
with discrete rewards, DRC and SR can work without prior
knowledge. As depicted in Fig. 6, DRC is always the best
performing for all levels of perturbations, with GDRC as
the strongest performer among the methods without prior
knowledge in Pendulum across all w.

5.3 Impact of n, on Reconstruction Error And
Ordinal Cross-Entropy

In Fig. 7, we study the impact of n,, on Reconstruction Error
(reflected as performance) and ordinal cross-entropy (OCE),
experimentally verifying our propositions about the relation
between n,, and Reconstruction Error and OCE in Fig. 3a, 3b
and Sec. 4.2, and thus supporting our design choices for
GDRC.

Fig. 7a compares the performance of DRC as n,, varies in
Hopper when n,, = 9. As we analyze in Sec. 4.2, Recon-
struction Error turns zero when n, is a multiple of n... For
n, = a-n,.(a € Z") and any w, we can observe the peak per-
formance of DRC as circled. Fig. 7a supports our strategy of
aiming for n, = n, of GDRC using ordinal cross-entropy.

In Fig. 7b, we study the empirical impact of n, on ordi-
nal cross-entropy (OCE) throughout the training. If we read
Fig. 7b from the bottom to the top at a certain training step,
we can tell OCE increases rapidly for small n,, and stops in-
creasing around n, = n,., replicating the simulation results
in Fig. 3b in real experiments. This suggests that OCE is a
reliable metric for selecting n,, as discussed in Sec. 4.2.
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Figure 7: Performance and OCE as n,, varies in Hopper.

5.4 Ordinal Cross-Entropy Matters For DRC

In Table 2, we compare the performance of DRC using OCE
and DRC_CE using CE, which is the only difference be-
tween the two methods. The settings are the same as the ones
in Sec. 5.2. DRC always performs better than DRC_CE, and
the gap is especially large in HalfCheetah and Reacher. In
Hopper and Walker2d, the episode is cut when the current
state is unhealthy (for example, upside down), but this is not
the case in HalfCheetah and Reacher, where the episode al-
ways continues to the step limit. The result is that “good” re-
ward samples are very rare in early episodes of HalfCheetah
and Reacher. We hypothesize that CE overfits to the domi-
nant samples, but in OCE, the rare samples receive higher
weights and are thus predicted more accurately. The figure
in the Appendix confirms this in HalfCheetah. The domi-
nant reward bin y, = 2 is predicted well by both DRC and
DRC_CE. However, DRC_CE struggles to classify any other
samples correctly, whereas DRC quickly learns to distin-
guish y, = 1,2, 3, despite the low frequencies of y; = 1,3
initially.

5.5 The Reward Range Matters For GDRC

A key design choice for GDRC is how to estimate the re-
ward range. Perhaps the most intuitive choice is to store all
the perturbed rewards in a buffer and choose some statis-
tics of the buffer (e.g., percentiles) to estimate the range.
However, the challenge is the reward distribution can shift
dramatically across epochs, so perhaps old samples could
be detrimental by not allowing the range to shift up as the
policy improves. Our strategy is to store the samples in a
sliding window manner, meaning we only use the samples
collected in the latest 20 epochs to decide [Femin, Temaz)-
The performance of GDRC over 50 seeds in HalfCheetah

Method \Hopper HalfCheetah Walker2d Reacher

DRC.CE | 2198.8 851.5 1747.6 -12.2
DRC 2677.5 2127.3 2058.6 -7.8

Table 2: The average performance of DRC using OCE
and DRC_CE using CE over n, = 6,10,16 and w =
0.1,0.3,0.5,0.7

Perturbation | Method | Hopper HalfCheetah Walker2d Reacher

PPO | 2699.2 2736.3 2048.8 -10.1
Gaussian RE 2708.7 2871.6 2084.3 -17.0
GDRC | 2822.9 2798.9 2101.2 -10.9

PPO | 2743.9 2778.6 1955.0 =17
Uniform RE | 25753 2658.6 2211.3 -7.2
GDRC | 2736.8 2332.2 2274.5 -6.2

Reward PPO | 2648.6 2030.4 1929.2 -31.4
Range RE | 2571.6 2323.6 2235.3 -43.5
Uniform | GDRC | 2721.4 2387.7 2237.9 -8.4

Table 3: The performance under continuous perturbations.

Method | Hopper ~HalfCheetah Walker2d ~Reacher

PPO 2122.6 2621.2 2222.3 -4.9
RE 2689.2 2736.3 2237.2 -5.5
GDRC | 2753.7 2698.0 2128.8 -4.9

Table 4: The average performance in clean environments.

with clean reward of storing all samples vs. storing the latest
20 epochs of samples is 1667.9 and 2698.0. The dynamics of
the maximum of the reward range estimate in HalfCheetah
are shown in the Appendix. Early training generates a large
number of low-reward samples (as episodes always reach the
step limit). These low-reward samples must be discarded to
allow the estimated max reward to increase.

5.6 Under Continuous Perturbations

In Table 3, we compare GRDC to PPO and RE under con-
tinuous perturbations (SR-W and DRC cannot work out-
side GCM settings). We test o = 1.0, 1.5, 2.0 for Gaussian
perturbations and w = 0.1,0.2,0.3,0.4 for Uniform and
Reward Uniform perturbations. GRDC wins/ties in 10/12,
whereas RE wins/ties in 7/12 cases. Even under non-GCM
perturbations, GDRC has a small edge over RE, especially
targeting this kind of perturbation by making the stringent
assumption that E(7) = wp - r + w1 (wp > 0). We attribute
GDRC'’s advantage to its potential ability to decide the best
n, to differentiate the true rewards according to Lipschitz
for different continuous perturbations. We also notice that
the GDRC is more stable across perturbations and environ-
ments than baselines.

5.7 In Clean Environments

In Table 4, we compare GDRC with PPO and RE in clean
environments. All three methods perform comparably, with
PPO somewhat worse on Hopper and RE slighly worse on
Reacher. This shows that the reward signal can be learned in
a way that does not appear to interfere with policy learning.
In Hopper, a mild amount of reward noise appears to help
PPO explore—performance is better in Fig. 5 and Table 3
(this phenomena has been observed consistently by other re-
searchers including (Wang, Liu, and Li 2020)).
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