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Abstract

Exploration remains a critical issue in deep re-
inforcement learning for an agent to attain high
returns in unknown environments. Although the
prevailing exploration Random Network Distil-
lation (RND) algorithm has been demonstrated
to be effective in numerous environments, it of-
ten needs more discriminative power in bonus
allocation. This paper highlights the “bonus in-
consistency” issue within RND, pinpointing its
primary limitation. To address this issue, we intro-
duce the Distributional RND (DRND), a deriva-
tive of the RND. DRND enhances the exploration
process by distilling a distribution of random net-
works and implicitly incorporating pseudo counts
to improve the precision of bonus allocation. This
refinement encourages agents to engage in more
extensive exploration. Our method effectively mit-
igates the inconsistency issue without introducing
significant computational overhead. Both theoreti-
cal analysis and experimental results demonstrate
the superiority of our approach over the original
RND algorithm. Our method excels in challeng-
ing online exploration scenarios and effectively
serves as an anti-exploration mechanism in D4RL
offline tasks. Our code is publicly available at
https://github.com/yk7333/DRND.

1. Introduction

Exploration is a pivotal consideration in reinforcement learn-
ing, especially when dealing with environments that offer
sparse or intricate reward information. Several methods
have been proposed to promote deep exploration (Osband
et al., 2016), including count-based and curiosity-driven
approaches. Count-based techniques in environments with
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constrained state spaces rely on recording state visitation fre-
quencies to allocate exploration bonuses (Strehl & Littman,
2008; Azar et al., 2017). However, this method encounters
challenges in massive or continuous state spaces. In expan-
sive state spaces, “pseudo counts” have been introduced as
an alternative (Bellemare et al., 2016; Lobel et al., 2023;
Ostrovski et al., 2017; Machado et al., 2020). However,
establishing a correlation between counts and probability
density requires rigorous criteria (Ostrovski et al., 2017),
complicating the implementation of density-based pseudo
counts resulting in a significant dependency on network
design and hyperparameters.

Curiosity-driven methods motivate agents to explore and
learn by leveraging intrinsic motivation. This inherent moti-
vation, often called “curiosity”, pushes the agent to explore
unfamiliar states or actions. Certain approaches derive in-
trinsic rewards from the prediction loss of environmental
dynamics (Achiam & Sastry, 2017; Burda et al., 2018a;
Pathak et al., 2017). As states and actions become more
familiar, these methods become more efficient. However,
these methods can face difficulties when essential informa-
tion is missing or the target function is inherently stochastic,
as highlighted by the “noisy-TV” problem (Pathak et al.,
2017). The Random Network Distillation (RND) method
uses the matching loss of two networks for a particular
state to be the intrinsic motivation (Burda et al., 2018a). It
leverages a randomly initialized target network to generate a
fixed value for specific states and trains a prediction network
to match this output. RND has demonstrated remarkable
results in exploration-demanding environments with sparse
rewards, such as Montezuma’s Revenge. However, RND
has its limitations. While its reliance on network loss for
intrinsic rewards lacks a robust mathematical foundation, its
interpretability should be more evident compared to count-
based techniques. Moreover, the RND method grapples with
the issue of bonus inconsistency, which becomes appar-
ent during the initial stages of training when no states have
been encountered, leading to bonuses that exhibit consider-
able deviations from a random distribution. RND struggles
to precisely represent the dataset’s distribution as training
progresses, resulting in indistinguishable bonuses.

We introduce the Distributional Random Network Distil-
lation (DRND) approach to tackle the challenge of bonus
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inconsistency in RND. In contrast to the RND method, our
approach employs a predictor network to distill multiple
random target networks. Our findings demonstrate that
the DRND predictor effectively operates as a pseudo-count
model. This unique characteristic allows DRND to seam-
lessly merge the advantages of count-based techniques with
the RND method, thereby enhancing performance without
incurring additional computational and spatial overheads, as
the target networks remain fixed and do not require updates.
The curiosity-driven RND method and the pseudo-count
Coin Flip Network (CFN, (Lobel et al., 2023)) method are
special cases of our DRND method. Through theoretical
analysis and an initial experiment (see Section 5.1), we vali-
date that, compared to RND, DRND demonstrates improved
resilience to variations in initial state values, provides a more
accurate estimate of state transition frequencies, and bet-
ter discriminates dataset distributions. As a result, DRND
outperforms RND by providing better intrinsic rewards.

In online experiments, we combine the DRND method
with Proximal Policy Optimization (PPO, (Schulman et al.,
2017)). On the image-based exploration benchmark envi-
ronments Montezuma’s Revenge, Gravitar, and Venture,
DRND outperforms baseline PPO, RND, pseudo-count
method CFN, and curiosity-driven method ICM (Pathak
et al., 2017). In continuous-control gym-robotics environ-
ments, our method also outperforms existing approaches.
Furthermore, we demonstrate that DRND can also serve as
a good anti-exploration penalty term in the offline setting,
confirming its ability to provide a better bonus based on the
dataset distribution. We follow the setting of SAC-RND
(Nikulin et al., 2023) and propose a novel offline RL al-
gorithm, SAC-DRND. We run experiments in D4RL (Fu
et al., 2020) offline tasks and find that SAC-DRND outper-
forms many recent strong baselines across various D4RL
locomotion and Antmaze datasets.

2. Related Work

Count-based exploration. Count-based exploration is a
strategy in RL where an agent uses count information to
guide its exploration of unknown environments. By keep-
ing track of counts for different states or actions, the agent
can estimate the level of unknowns associated with each
state or action, prioritizing exploration of those with high
unknowns (Bellemare et al., 2016; Machado et al., 2020;
Martin et al., 2017; Tang et al., 2017). These approaches
use ry = N(st)’% orry = N(sq, at)’%, aiming to balance
exploration and exploitation in stochastic MDPs (Strehl &
Littman, 2008). Various methods, including CTS (Belle-
mare et al., 2016), PixelCNN (Ostrovski et al., 2017), Suc-
cessor Counts (Machado et al., 2020), and CFN (Lobel et al.,
2023), have explored calculating pseudocounts in large state
spaces to approximate N (s;). Furthermore, count-based

techniques (Kim & Oh, 2023; Hong et al., 2022) are em-
ployed in offline RL to do anti-exploration. While effective
in finite state spaces, these methods heavily rely on the net-
work’s ability to approximate probability density functions
in large state spaces. Accurately estimating density requires
a significant number of samples, which limits the effective-
ness of counting methods in situations with small sample
sizes or regions of low probability density.

Curiosity-driven exploration. In curiosity-driven methods,
the agent’s motivation stems from intrinsic curiosity, often
quantified using information-theoretic or novelty-based met-
rics. One widely used metric involves employing a dynamic
model to predict the difference between the expected and
actual states, serving as the intrinsic reward (Stadie et al.,
2015; Achiam & Sastry, 2017; Pathak et al., 2017), which
helps identify unfamiliar patterns, encouraging exploration
in less familiar areas. Alternatively, some approaches use in-
formation gain as an intrinsic reward (Still & Precup, 2012;
Houthooft et al., 2016). Still, they demand computationally
intensive network fitting and can struggle in highly stochas-
tic environments due to the “noise TV” problem (Burda
et al., 2018b).

Another curiosity-driven method is RND (Burda et al.,
2018b), which is a prominent RL exploration baseline. RND
employs two neural networks: a static prior and a train-
able predictor. Both networks map states to embeddings,
with state novelty assessed based on their prediction error,
which serves as an exploration bonus. This simplicity has
bolstered RND’s popularity in exploration algorithms and
demonstrated its potential in supervised settings, even sug-
gesting its use as an ensemble alternative for estimating
epistemic uncertainty (Ciosek et al., 2019; Kuznetsov et al.,
2020). However, common practices, such as using identi-
cal architectures for both networks and estimating novelty
solely from states, can result in substantial inconsistencies
in reward bonuses.

Anti-Exploration in Model-free Offline RL Offline RL ad-
dresses the problem of learning policies from a logged static
dataset. Model-free offline algorithms do not require an esti-
mated model and focus on correcting the extrapolation error
(Fujimoto et al., 2019) in the off-policy algorithms. The
first category emphasizes regularizing the learned policy to
align with the behavior policy (Kostrikov et al., 2021; Wang
et al., 2018; 2020; Wu et al., 2019; Xie et al., 2021; Fuji-
moto & Gu, 2021). The second category aims to prevent the
OOD actions by modifying the value function (Kumar et al.,
2020; Lyu et al., 2023; 2022b; An et al., 2021; Ghasemipour
et al., 2022; Yang et al., 2022). These methods employ dual
penalization techniques in actor-critic algorithms to facili-
tate effective offline RL policy learning. These approaches
can be further categorized into ensemble-free methods and
ensemble-based methods. The ensemble-based methods
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Figure 1. Bonus Heatmap of dataset distribution and RND bonus. The left image illustrates the dataset distribution, the middle image
represents the RND bonus before training, and the right image represents the RND bonus after training. A more detailed change process is
in Appendix E.9. Ideally, we aim for a uniform bonus distribution before any training and without exposure to the dataset. After extensive
training, the expected bonus should inversely correlate with the dataset distribution. The bonus distribution of RND is inconsistent with
the desired distribution, indicating a problem with bonus inconsistency. The details of the experiment settings can be found in Appendix C

quantify the uncertainty with ensemble techniques to obtain
a robust value function, such as SAC-N (An et al., 2021)
and RORL (Yang et al., 2022). The ensemble-free meth-
ods adapt conservatism to a value function instead of many
value functions (Kumar et al., 2020; Lyu et al., 2022b; Reza-
eifar et al., 2022). These methods require punishment for
states and actions outside of the dataset distribution, which
is called an “anti-exploration” bonus (Rezaeifar et al., 2022)
for the agent. Unlike online RL, where novelty bonuses
incentivize exploration, offline RL leans towards conser-
vatism, aiming to reduce rewards in uncharted scenarios.
In this work, we introduce a distributional random network
distillation approach to serve as a novel anti-exploration
method, demonstrating the efficacy of SAC-DRND across
various offline RL datasets.

3. Preliminaries

MDP. We base our framework on the conventional Markov
Decision Process (MDP) formulation as described in (Sut-
ton et al., 1998). In this setting, an agent perceives an
observation o € O and executes an action a € A. The tran-
sition probability function, denoted by P(s’|s, a), governs
the progression from the current state s to the subsequent
state s’ upon the agent’s action a. Concurrently, the agent
is awarded a reward r, determined by the reward function
r : Ax S — R. The agent’s objective is to ascertain
a policy 7(ajo) that optimizes the anticipated cumulative
discounted returns, represented as E [ ;2 v'r (s¢, ar)),
where y € [0, 1) serves as the discount factor.

Intrinsic reward. To enhance exploration, a common ap-
proach involves augmenting the agent’s rewards in the envi-
ronment with intrinsic rewards as a bonus. These intrinsic
rewards, denoted as b;(s¢, at), incentivize agents to explore
unfamiliar states and take unfamiliar actions. In offline RL,
the intrinsic reward is an anti-exploration penalty term to

discourage OOD actions. Upon incorporating the intrin-
sic reward b(s¢, a;) into the original target of the Q value
function, the adjusted target can be expressed as follows:

(online)

_ ) + Ab (8¢, a¢) + ymaxy Qo (Sp41,a’)
K (offline)

e +YEar [Qor (St41,a") — Ab(s¢11,0a")]

where A is the scale of the bonus for the update of the value
network.

4. Method

The RND method utilizes two neural networks: a fixed,
randomly initialized target network f : O — RF, and a
predictor network f : O — RF trained on agent-collected
data, where O is the observation space. In this section, we
highlight RND’s primary issue and introduce our method,
Distributional Random Network Distillation (DRND).

4.1. Bonus Inconsistencies in Random Network
Distillation

The RND method faces challenges with bonus inconsisten-
cies, which can be categorized into initial and final bonus in-
consistencies. The initial bonus inconsistency relates to the
uneven distribution of bonuses among states at the beginning
of training. Addressing this issue is crucial to preventing
significant bonus value disparities among states. Conversely,
the final bonus inconsistency arises when the final bonuses
do not align with the dataset distribution, making it hard
for the agent to effectively distinguish between frequently
visited states and those encountered relatively fewer times.
This issue becomes particularly pronounced after substantial
updates to the predictor network, which hinders the agent’s
ability to engage in deep exploration. This issue is depicted
in Figure 1.

To tackle this, we introduce a method that distills a random
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Figure 2. Diagram of RND and DRND. Compared to the RND method that only distills a fixed target network, our method distills a
randomly distributed target network and utilizes statistical metrics to assign a bonus to each state.

distribution, enhancing performance with minimal compu-
tational overhead and addressing the bonus inconsistency
challenges.

4.2. Distill the target network of random distribution

Unlike RND, which only has one target network f , the
DRND algorithm has N target networks fi, fo, ..., fn,
which are from a random distribution with randomly ini-
tialized parameters and do not participate in training. In
DRND, we use s as input in the online setting and (s, a)
pair as input in the offline setting. For simplicity, we define
x = (s,a) (offline setting) or 2z = (s) (online setting). For
each state-action pair x, we construct a variable ¢(z) that
satisfies the distribution:

X | (@) flx) fn(z)
C(Jf) ~ 1 1 1
Pl L L L

For simplicity, we use some symbols to record the moments
of the distribution:

plx) = M

‘H
\'Mz
hi

1=

E[X?) = %Z @

=1

By(z) =

<.

Each time x occurs, ¢(z) is sampled from this distribution.
We use a predictive network fy () to learn the variable ¢(z),
although using a fixed network to learn a random variable is
impossible. We use the MSE loss function to force fy(z) to
align with ¢(z) and the loss is

L(0) = || fo(x) — c(a)]>. 3)

By minimizing the loss, the optimal f,(x) when the state-
action pair x appears n times is

fol@) = =3 eifa), 4

n
i=1

where ¢; () is defined as ¢(z) at the i-th occurrence of state
z. For RND, the more times the predictor network is trained

in the same state, the closer the output of the target network
is. Therefore, directly using loss as a bonus encourages
agents to explore new states. The bonus of our method is
not equal to the loss since the loss of random variable fitting
is unstable. The expected value of the prediction net is given
by

n

5 ci<x>] —u@), )

i=1

E[fo«(z)] = E

where n is the count of occurrences of x. After multiple
training iterations, this value approaches the mean of the
target network distribution. Hence, to measure the deviation
from this mean, the first bonus of DRND is defined as

bi(z) = [|fo(x) — u(z)]*. (©)

Compared to predicting the output of one target net, predict-
ing the mean of multiple networks is equivalent to passing
through a high-pass filter on the output of multiple networks,
which can avoid the problem of initial bonus inconsistency
due to extreme values in one network. Especially if the net-
work is linear, this bonus inconsistency can be quantitatively
calculated.
Lemma 4.1. Let 0 and 0;,i = 1,2,..., N be i.id. sam-
ples from p(0). Given the linear model fo(x) = 0Tz, the
expected mean squared error is
1 < 1\
_széi(x) = <1+N)1: Yz,
=1
@)

2
E;5

,01,...0N

where ¥ is the variance of p(6).

The complete proof can be seen in Appendix A.1 . Lemma
4.1 shows that if the predictor parameters and target parame-
ters are sampled from the same distribution, the expectation
of the first bonus is a function of input x.

Lemma 4.2. Under the assumptions of Lemma 4.1, let
r1,72 € RY, (0) N(u,0?). The bonus difference of x1

1+N
QNI (25 ]|2 — (|21 ]12).

Proof Sketch. When p(6)
is a constant o2

and x5 is

~ N (u,0?), the variance of p(f)
. The right side of Equation (7) can be
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Figure 3. Distribution of DRND bonus. The dataset distribution is the same as Figure 1. These illustrations depict the distribution of
the DRND bonus, including the first bonus and the second bonus. The first bonus is predominant before training, and the second bonus

becomes more prominent after training.

rewritten as (1 + =) o2||z||%. So the bonus difference of
zy and 22 is (1+ %) o2([|z2]|? — [|lz1[?). O

Lemma 4.2 suggests that when the input « is confined to
a bounded interval, and when Equation (6) is utilized to
calculate the initial bonus, the expected maximal difference
is modulated by the number of target networks. Impor-
tantly, this anticipated discrepancy tends to decrease as N
increases. This observation substantiates that our DRND
method, equipped with N target networks, exhibits lower
bonus inconsistency under a uniform distribution than the
RND method, which uses only a single target network.

However, it is essential to note that the network fitting loss
determines this bonus. Consequently, it cannot distinguish
between states visited multiple times, which stands in con-
trast to count-based and pseudo-count methods, which do
not address the issue of final bonus inconsistency.

4.3. The DRND predictor is secretly a pseudo-count
model

It is essential to track data occurrence frequencies to ad-
dress inconsistent final bonuses. Traditional count-based
methods use large tables to record state visitations, while
pseudo-count strategies use neural networks for estimation,
providing a scalable insight into state visits. However, these
methods introduce computational and storage complexities,
particularly when dealing with high-dimensional inputs. We
constructed a statistic that indirectly estimates state occur-
rences without extra auxiliary functions.

Lemma 4.3. Let f.(x) be the optimal function which satisfy
Equation (4), the statistic

[f+ ()] — [u(=)]?

V) = )~ ul) ®

is an unbiased estimator of 1 /n with consistency.

The complete proof can be found in Appendix A.2. Lemma
4.3 shows that when n is large, this statistic can effectively
recover the number of occurrences of the state n, thus im-
plicitly recording the number of occurrences of the state like
the pseudo-count method. By minimizing Equation (3) can
make fp(x) and f.(x) infinitely close, so we replace f,(x)
in y(x) with fy(x) and approximately assume that they are
equal. The DRND predictor potentially stores in its weights
how much of each state vector is present in the dataset. To
correspond to 4/1/n of the count-based method, the second
bonus of the DRND agent is

_ [e@E -
b"’("””)‘\/ Ba() — [ul)]

=
—

8
o=
[\

; ®

which is the estimation of 1/1/n.

4.4. Bonus of the DRND agent

The total bonus that combines Equations (6) and (9) gives
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Table 1. Comparison of the bonus distributions of RND and DRND against (a) the uniform distribution U, (b) the distribution of 1/1/n.

P denotes the distribution of RND bonus or DRND bonus.

Metrics RND DRND
D1 (P||U) (Before training) ~ 0.037740.0248  0.0070-:0.0063
Dicr.(P||1/+/n) (After training) ~ 0.0946+0.0409  0.0476--0.0389

Table 2. KL-divergence comparison of the distributions of overall bonus b, individual bonus terms b1, b2 against (a) the uniform distribution
U, (b) the distribution of 1/ \/ﬁ P represents the bonus distribution of b, b or bs.

Metrics b1 bo
Dk (P||U) (Before training) 0.0067+£0.0035 0.0070+0.0038  0.010440.0055
Dk (P||1/4/n) (After training)  0.052440.0248  0.0703+0.0404  0.0396+0.0209

b(x) = al| fo(x) — p()||* + (1 - a)\/ [Zﬁ];—_[%])f ’

(10)

where a represents the scaling factor for the two bonus
terms. Figure 2 shows the diagram of our method and the
RND method. For smaller values of n, the variance of
the second bonus estimate is substantial, rendering the first
bonus b; a more dependable measure for states with infre-
quent occurrences. Conversely, as n increases, the variance
of the second bonus by approaches zero, enhancing its re-
liability. From the experiments, we found that during the
initial training phase, the magnitudes of the two bonuses,
denoted as by and bo, are nearly the same. However, as train-
ing progresses, the rate at which the first bonus b; decreases
is much faster than that of the second bonus by. Eventu-
ally, the magnitude of b; becomes approximately two orders
of magnitude lower than bs. Therefore, if we want b; to
dominate during the early stages of training and have by
dominate during the later stages, we do not need to set a
dynamic coefficient to achieve this functionality. Instead,
we can simply set it as a fixed constant «. The distribution
of various bonuses as well as the total bonus of the DRND
method before and after training can be seen in Figure 3.

The aforementioned heatmap serves as a qualitative illustra-
tion. We now provide quantitative experimental results to
demonstrate that DRND offers superior bonuses compared
to RND. In count-based exploration methods, it is common
to assess the rationality of the bonus distribution by com-
paring it with the 1/1/n distribution, where n represents the
state visitation count. We evaluate the discrepancy between
the intrinsic reward distribution and the uniform distribution
U before training, and the distribution of 1//n after train-
ing using KL divergence. We randomly select 100 initial
dataset distributions and report the mean and variance of the

KL divergence. This assessment is denoted as Dy 1 (P||U)
and Dy (P||1/y/n), where P represents the distribution
of RND bonus or DRND bonus. The results obtained are
presented in Table 1. It is evident that the KL divergence be-
tween the bonuses of DRND and the uniform distribution is
smaller during the initial training stages, effectively promot-
ing uniform exploration by the agent. In the later stages of
training, DRND better aligns with the distribution of 1/y/n,
thereby facilitating deeper exploration by the agent.

To validate that b; gives better and more uniform bonuses
during the early stages of training, while bs better captures
the state visitation count n later on, we similarly measure
the KL divergence between each bonus term by, bo, the
overall bonus b and (a) the uniform distribution U before
training; (b) the distribution of 1/+/n after training. The
results are presented in Table 2.

From the table, it can be observed that in the early stages
of training, b; performs better, providing a better solution
to the initial bonus inconsistency. Conversely, in the later
stages of training, by performs better, addressing the final
bonus inconsistency more effectively. Moreover, from the
KL divergence of the total bonus, it is evident that setting
a fixed value for «v achieves the desired effect of having b,
dominate during the early stages and b, dominate during
the later stages, without the need for dynamic adjustments.

The combination of b; and bs depends on the environment
and task at hand. In some environments, b; may be more cru-
cial, while in others, the contribution of by might be greater.
However, regardless of the specifics, properly integrating
both can lead to improved performance.

4.5. Connections between DRND and prior methods

The target network of the DRND method remains static
throughout the training process. Moreover, its loss and
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Figure 4. Inconsistency experiments mentioned in Section 5.1. We plot the intrinsic reward distribution of RND and DRND before and
after training on a mini-dataset. Left: the box plot of the difference between the maximum and minimum intrinsic rewards over 10
independent runs before training. Right: the intrinsic rewards for each data point after training.
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Figure 5. Mean episodic return of DRND method, RND method, and baseline PPO method on three Atari games. All curves are averaged

over 5 runs.

intrinsic reward computations do not entail additional back-
propagation steps, thereby maintaining computational effi-
ciency comparable to that of the RND algorithm. Specif-
ically, when the hyperparameters o and N are set to 1,
the expressions for the loss and intrinsic reward become
simplified to || fo(z) — f(z)| ?, which coincides with the
formulation utilized in the RND framework. In contrast
to count-based and pseudo-count methods, we forgo the
utilization of an additional network or table to track state oc-
currences. Instead, we estimate these occurrences using the
statistical information derived from the prediction network
itself. When « is set to 0 and ¢(z) follows the distribution

ﬁ, the expressions for the loss and

c(x) ~

P
intrinsic reward are simplified to || fo()||? and || fo(x)
which align with the pseudo-count approach CFN.

)

5. Experiment

In this section, we provide empirical evaluations of DRND.
Initially, we demonstrate that DRND offers a better bonus
than RND, both before and after training. Our online ex-
periments reveal that DRND surpasses numerous baselines,
achieving the best results in exploration-intensive environ-
ments. In the offline setting, we use DRND as an anti-

exploration penalty term and propose the SAC-DRND algo-
rithm, which beats strong baselines in many D4RL datasets.

5.1. Bonus prediction comparison

In this sub-section, we introduce our inconsistency exper-
iments to compare bonus predictions for both RND and
DRND. We created a mini-dataset resembling those used in
offline RL or online RL replay buffers in the experiments.
This small dataset contains M data categories labeled from
1 to m, with each data type occurring ¢ times proportional to
its label. Each data point is represented as a one-hot vector
with M dimensions, where M is set to 100. We train both
the RND and DRND networks on the dataset and record
both the initial intrinsic reward and the final intrinsic reward.

The left panel in Figure 4 illustrates the difference in initial
intrinsic rewards between RND and DRND, with the x-axis
representing the number of target networks. As IV increases,
the y-axis, representing the range of intrinsic rewards, be-
comes narrower, resulting in a more uniform distribution of
rewards. In the right panel of Figure 4, we display the intrin-
sic reward distribution trained on the mini-dataset, showing
that DRND’s rewards have a stronger correlation with sam-
ple count than RND, as indicated by the regression lines.
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Figure 6. Learning curves in the Adroit continuous control tasks. All curves are averaged over 5 runs.
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Figure 7. Results on the Fetch manipulation tasks. All curves are averaged over 5 runs.

5.2. Performance on Online experiments

Like many other exploration methods, we conduct our
DRND approach in Atari games, Adroit environments (Ra-
jeswaran et al., 2017), and fetch manipulation tasks (Plap-
pert et al., 2018), which need deep exploration to get a high
score. We integrate our method with the PPO (Schulman
et al., 2017) algorithm. We compare our approach with
the RND method, the pseudo-count method CFN (Lobel
et al., 2023), the curiosity-driven method ICM (Pathak et al.,
2017), and the baseline PPO method. The solid lines in the
figures represent the mean of multiple experiments, and the
shading represents the standard deviation interval.

Atari Games. We chose three Atari games — Montezuma’s
Revenge, Gravitar, and Venture — to evaluate our algo-
rithms. These games require deep exploration to achieve
high scores, making them ideal for assessing algorithmic ex-
ploratory capabilities. We benchmarked our method against
the RND and PPO algorithms, with results presented in Fig-
ure 5. Our DRND method converges faster and attains the
highest final scores in these environments.

Adroit Experiments. We further delve into the Adroit con-
tinuous control tasks. In these challenges, a robot must
skillfully manipulate a hand to perform various actions,
such as adjusting a pen’s orientation or unlocking a door.
Considering the complexity of the tasks and the robot’s high-
dimensional state space, it becomes imperative to explore
methods that can facilitate the robot’s learning. Figure 6
illustrates that our DRND method outperforms all the other
methods in exploration, especially in the challenging ‘Ham-
mer’ and ‘Relocate’ environments. However, in the ‘Pen’
environment, our method does not exhibit a significant im-

provement compared to other exploration algorithms. This
could be attributed to the relatively simpler nature of this
environment, which does not demand deep exploration.

Fetch Manipulation Tasks. The Fetch manipulation tasks
involve various gym-robotics environments, challenging the
Fetch robot arm with complex tasks like reaching, push-
ing, sliding, and pick-and-place actions. Due to their com-
plexity, these tasks demand advanced exploration strategies.
Our evaluation of exploration algorithms in this context
highlights their effectiveness in handling intricate robotic
manipulations. As shown in Figure 7, our DRND ap-
proach excels in assisting the robot in these tasks. Our
DRND method effectively combines the strengths of these
approaches, outperforming results achievable with either
pseudo-count or curiosity-driven methods alone. Conse-
quently, our DRND algorithm performs significantly better
than the RND method and other exploration algorithms.

5.3. D4RL Offline experiments

We assessed our method using the D4RL (Fu et al., 2020) of-
fline datasets, integrating the DRND approach with the SAC
algorithm (Haarnoja et al., 2018). Considering all available
datasets in each domain, we tested SAC-DRND on Gym-
MuJoCo and the more intricate AntMaze D4RL tasks. Our
analysis compares against notable algorithms as detailed
in (Rezaeifar et al., 2022), including IQL (Kostrikov et al.,
2021), CQL (Kumar et al., 2020), and TD3+BC (Fujimoto
& Gu, 2021). It is worth noting that although our method
also has N target networks, they are fixed and not trained,
making it ensemble-free. Our SAC-DRND is ensemble-
free and only involves training double critics networks. We
compare our methods against recent strong model-free of-
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Dataset SAC  TD3+BC CQL IQL  SAC-RND ReBRAC SAC-DRND
hopper-random 99+£15 85+£06 53+0.6 10159 196+124 8.1+24 327+04
hopper-medium 0.8+£00 593+42 619+64 652+42 91.1+£10.1 102.0+£1.0 985+1.1
hopper-expert 0.7£00 107.8+7.0 106.5+9.1 108.8+3.1 109.7+0.5 100.1 £8.3 109.7 +0.3
hopper-medium-expert 0.7£00 98.0+94 969+15.1 855+£29.7 109.8+0.6 107.0+6.4 108.7+0.5
hopper-medium-replay 74+£05 609+18.8 86.3+73 89.6+13.2 972+£90 98.1+£53 1005+1.0
hopper-full-replay 41.1£17.9 97.9+175 101.9+£0.6 1044 +£10.8 1074+0.8 107.1+0.4 108.2+0.7
halfcheetah-random 297+14 11.0x1.1 31.1+£35 195+£0.8 276+21 295+15 30440
halfcheetah-medium 552+£27.8 483+03 469+04 500+£02 664+14 656+£1.0 68.3+0.2
halfcheetah-expert -0.8+£1.8 96.7+1.1 973+1.1 955+£2.1 102.6+42 1059+1.7 106.2 +£3.7
halfcheetah-medium-expert 28.4 +19.4 90.7+4.3 950+14 92.7+2.8 107.6+£2.8 101.1£52 108.5+1.1
halfcheetah-medium-replay 0.8+1.0 44.6+0.5 453+03 421+£3.6 51.2+32 51.0£0.8 521+438
halfcheetah-full-replay 86.8+1.0 750£25 769+09 750+£0.7 81.2+13 821+1.1 814+1.7
walker2d-random 09+£08 1.6+£1.7 5117 113+£70 187269 181+45 21.7+0.1
walker2d-medium -03£0.2 83.7£2.1 795+32 80.7+34 91.6+28 825+3.6 952+0.7
walker2d-expert 0.7+£03 110.2£0.3 109.3+£0.1 96.9+32.3 1045+£22.8 112.3+0.2 114.0+£0.5
walker2d-medium-expert 1.9+£39 110.1£0.5 109.1+£0.2 112.1£0.5 1046+11.2 111.6 £ 0.3 109.6+ 1.0
walker2d-medium-replay  -04+0.3 81.8+55 76.8+10.0 754+£93 88.7+77 773x79 91.0+£29
walker2d-full-replay 2794473 903+54 942+19 975+14 1053+3.2 1022+1.7 109.6 +0.7
average score 16.2 67.5 73.6 72.9 82.6 81.2 86.0
Dataset SAC TD3+BC CQL IQL SAC-RND ReBRAC SAC-DRND
antmaze-umaze 0.0 78.6 740 833+45 97.0+£15 97.8+10 958+24
antmaze-umaze-diverse 0.0 71.4 84.0 70.6+3.7 66.0+250 883+13.0 872+3.2
antmaze-medium-play 0.0 10.6 612 646+49 385+£294 840+42 86.2+54
antmaze-medium-diverse 0.0 3.0 537 61.7x6.1 747+10.7 763 +13.5 83.0+3.8
antmaze-large-play 0.0 0.2 15.8 425+6.5 43.9+£292 604 +26.1 532+4.1
antmaze-large-diverse 0.0 0.0 149 27.6+7.8 457+285 54.4+25.1 50.8+10.5
average score 0.0 27.3 50.6 58.3 60.9 76.8 76.0

Table 3. Average normalized scores of ensemble-free algorithms. The figure shows the scores at the final gradient step across 10 different
random seeds. We evaluate 10 episodes for MuJoCo tasks and 100 episodes for AntMaze tasks. SAC and TD3+BC scores are taken
from (An et al., 2021). CQL, IQL, SAC-RND, and ReBRAC scores are taken from (Tarasov et al., 2023). The highest score for each

experiment is bolded.

fline RL algorithms in Table 3. Additionally, we compare
SAC-DRND against strong ensemble-based algorithms like
SAC-N in Appendix E.1. Only the results of the ensemble-
free methods are shown in the main text. The results are
evaluated at the final gradient step over 10 different seeds.

It can be seen that SAC-DRND excels in the majority of
MuJoCo tasks, attaining the best results among all ensemble-
free methods. On Antmaze tasks, DRND also reached a
level similar to SOTA. Compared to SAC-RND, which has
comparable computational and storage requirements as our
approach, SAC-DRND more effectively captures the dataset
distribution, as reflected in its superior average scores and
decreased variance. We also conducted experiments on
Adroit tasks (Appendix E.2), hyperparameters sensitivity
experiments (Appendix E.3) using Expected Online Perfor-
mance (EOP, (Kurenkov & Kolesnikov, 2022)) and offline-
to-online experiments (Appendix E.8).

6. Conclusion

Our research highlights the “bonus inconsistency” issue
inherent in RND, which hinders its capacity for deep ex-
ploration. We introduce DRND, which distills a random
target from a random distribution. Our approach efficiently
records state-action occurrences without substantial time
and space overhead by utilizing specially designed statistics
to extract pseudo-counts. Theoretical analysis and empirical
results show our method’s effectiveness in tackling bonus
inconsistency. We observe promising results across Atari
games, gym-robotics tasks, and offline D4RL datasets.
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A. Proof

In this section, we will provide all the proofs in the main text.

A.1. proof of lemma 4.1

;T ZZV151T$ ;T Efv1ész ’
Var<9 zN)<El0 asN]>
_ ;T valngx ;1 i
Var(@ T — N ) ( lﬂ N; ]) .

Since f and 6; (i = 1,2..., N) are i.i.d., E [(é L3 Gi)T:c} =E[(f — & 3N, 6:)]z = 0. So we have:
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A.2. proof pf lemma 4.3

For simplicity, we use some symbols to record the moments of the distribution of ¢(x):
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The statistic y(z) is:

and its expectation is:
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This indicates that the statistic y(z) is an unbiased estimator for the reciprocal of the frequency of x. The variance of y(x)
is:

Var|f;
Verlbe) = (g7 L ey
_ Elfi(a)] - B2[f2(x)]
(Ba(z) — (af))2
_ Ky Bu(x) + Koplw)Ba(x) + K3 B3 (x) + Kap(2) By(x) + Kspt'(x)
n?(Ba(x) — p?(x))?

where

Klzl, K2:47’L—47 K3:2n—3,

Ky =4n? —16n+12, Ks;= —5n°+ 10n — 6.
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When n tends to infinity, the variance of the statistic tends to zero, which reflects the stability or consistency of y(x).

14



Exploration and Anti-Exploration with Distributional Random Network Distillation

B. DRND Pseudo-code

Algorithm 1 PPO-DRND online pseudo-code

Require: Number of training steps M, number of update steps K, number of target networks N, scale of intrinsic reward A
1: Initialize policy parameters ¢
2: Initialize Q-function parameters ¢ and target Q-function parameters ¢’
3: Initialize predictor network parameters 6 and target networks parameters 61, 6o, ..., O
4: fori=1: N do
5: Initialize replay buffer D
6: d<0,t+0
7:  so = env.reset()
8:  while not d do
9 ay ~ 7(ag|st)

10: Rollout a; and get (s¢41,7¢,d)

11: Compute the mean x(s;, a;) and second moment By (s, a;)
12: Compute intrinsic reward b(s;41, a;) using Equation (10)
13: Add transition (s¢, ag, ¢, b(S¢41, at), S¢11) to D

14: t—t+1

15:  end while

16:  Normalize the intrinsic rewards contained in D

17:  Calculate returns R and advantages A; for intrinsic reward
18:  Calculate returns Ry and advantages R g for extrinsic reward
19:  Calculate combined advantages A = R; + Rp

20: Pold < ¢

21: forj=1:Kdo

22: Update ¢ with gradient ascent using

. s (als) . s (als)
Vm—[l)‘ > pmin (ﬂmzd(u‘s)A,chp < = ((‘1,\5)’1 -1+ e) A)

Téold

23: Update ¢ with gradient descent using

Vornr LplQp — 1t + Abg (st ar) +ymaxe Qpr (se41,a')]

24: Update 6 using Equation Equation (3)

25:  end for

26:  Update target networks with ' = (1 — p)¢’ + pp
27: end for

C. Implementation Details and Experimental Settings

Our experiments were performed by using the following hardware and software:

GPUs: NVIDIA GeForce RTX 3090

Python 3.10.8
e Numpy 1.23.4
¢ Gymnasium 0.28.1

¢ Gymnasium-robotics 1.2.2

Pytorch 1.13.0
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Algorithm 2 SAC-DRND offline pseudo-code
Require: Number of training steps M, number of DRND update steps K, number of target networks N, scale of intrinsic
reward Aacror, Acritic, dataset buffer D
: Initialize policy parameters ¢
: Initialize two Q-function parameters @1, o and target Q-function parameters ¢, 5
: Initialize predictor network parameters ¢ and target networks parameters 61, 65, ..., 0
:fori=1:Kdo
Sample minibatch (s, a,r, b, s") ~ D
Compute the mean p(s¢, a¢) and second moment Bo(s¢, a)
Update 6 using Equation Equation (3)
end for
:forj=1:Ndo
10:  Sample minibatch (s, a,r,b,s") ~ D
11:  Update ¢ with gradient ascent using

V¢ﬁ Yo p mini—1,2 Qy, (s,a4(s)) — Blogm (ag(s) | ) — Aactorbe (5, Gy (s))]

where a4(s) is a sample from 74(.|s) by using reparametrization trick
12:  Update each Q-function (),,, with gradient descent using

Vo, ﬁ > BlQe: = Tt + VEarn(fsis) [Qcp; (8141,0") — Blogmy(a’|s") — Aariticbo (S¢41,a")]]
where @’ ~ 7y (.]s")

13:  Update target networks with ¢ = (1 — p)¢} + pp;
14: end for

* MuJoCo-py 2.1.2.14

¢ MuJoCo 2.3.1

D4RL 1.1

Jax 0.4.13

The architecture of predictor networks in Figure 1 and Figure 3 is 3 linear layers, the input dim is 2, hidden dim and
output dim is 16, activate function is ReLU. Target networks’ architecture is 2 linear layers, the input dim is 2, hidden
dim and output dim is 16, activate function is ReLU. We set the state as 2-dimensional, with the state space defined as the
2-dimensional space [0,1]x[0,1]. The given distribution is regarded as the dataset distribution of the current agent passing
through states, and the dimensions can be arbitrary. Setting it as 2-dimensional is merely for visualization convenience.

In our experiments, for a fair comparison, all methods employed the same predictor and target networks. The fundamental
parameters of the base algorithm such as learning rate and batch size were kept identical across all methods. For the
hyperparameters of the utilized exploration algorithms, we utilized the author-recommended hyperparameters from respective
papers (e.g., CFN). Since the CFN method was originally proposed for off-policy strategies, it utilized a trick of importance
sampling for sampling from the replay buffer. However, in our PPO-based approach, there is no replay buffer, and we
consider the use of the importance sampling trick unfair compared to other methods. Therefore, we only employed the core

formula from the paper b(s) = |/ 3 || fo(s)|| as the intrinsic reward, where d represents the output dimension of the predictor
network.

In our D4RL experiments, all experiments use the dataset of the ‘v2’ version. We use specific hyperparameters for each
task due to varying anti-exploration penalties. Because most of the offline experiment time is spent on gradient calculation
of data, we use the faster Jax framework (Bradbury et al., 2018) than the Pytorch framework (Paszke et al., 2019) for the
experiments. In the online experiments, we still use the easier-to-read and more portable Pytorch framework instead of the
faster computing Jax framework because most of the online experiment time is spent interacting with the environment rather
than gradient computing.
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We employ the ‘NoFrameskip-v4’ version in our Atari game experiments to execute the environments. These experiments
encompass 128 parallel environments and adhere to the default configurations and network architecture as delineated in
(Burda et al., 2018b). For Adroit and Fetch manipulation tasks, we employ the ‘v0’ version for Adroit tasks and the ‘v2’
version for Fetch tasks. In the ‘Relocate’ task, we truncate the episode when the ball leaves the table. These tasks pose
a significant challenge for conventional methods to learn from, primarily due to the dataset consisting of limited human
demonstrations in a sparse-reward, complex, high-dimensional robotic manipulation task (Lyu et al., 2022a). We do not
include random state restarts, as they may undermine the necessity for exploration by the observations made by (Lobel et al.,
2022). To set the goal locations for the non-default versions of the tasks, we follow the setting of (Lobel et al., 2023).

In the context of the D4RL framework, we make specific architectural choices. Instead of simply concatenating the state and
action dimensions, we employ a bilinear structure in the first layer, as proposed by (Jayakumar et al., 2020). Additionally,
we apply FiILM (Feature-wise Linear Modulation) architecture on the penultimate layer before the nonlinearity. This
modification is effective for offline tasks, as indicated by (Nikulin et al., 2023).

D. Hyperparameters

The hyperparameters are shown in Table 6 in online experiments. We employ distinct parameters and networks for Atari
games and continuous control environments because Atari game observations are images, while observations for Adroit and
Fetch tasks consist of states. The hyperparameters we use in the D4RL offline experiment are shown in Table 4. In D4RL
offline datasets, we apply varying scales in each experiment due to the differing dataset qualities, as illustrated in Table 5.

Table 4. Hyperparameters of DARL offline experiments

Name Description ‘ Value

17 actor learning rate of the actor network le-3 (1e-4 on Antmaze)
17 critic learning rate of the critic network le-3 (1e-4 on Antmaze)
{7dmd learning rate of the DRND network le-6 (1e-5 on Antmaze)
optimizer type of optimizer Adam

target entropy | target entropy of the actor -action_dim

T soft update rate 0.005

0% discount return 0.99 (0.999 on Antmaze)
bs batch size of the dataset 1024

h number of hidden layer dimensions 256

e number of DRND output dimensions | 32

n number of hidden layers 4

f activation function ReLU

K number of DRND training epochs 100

M maximum iteration number of SAC 3000

I gradient updates per iteration 1000

N number of DRND target networks 10

o} the scale of two intrinsic reward items | 0.9

E. Additional Experimental Results
E.1. Comparing to Ensemble-based Methods

As described in (Osband et al., 2016), the ensemble method estimates the Q-posterior, leading to varied predictions and
imposing significant penalties in regions with limited data. We add the results of ensemble-based methods like SAC-N (An
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Table 5. Anti-exploration scale of D4RL offline datasets

Dataset Name Aactor  Acritic
hopper-random 1.0 1.0
hopper-medium 150 15.0
hopper-expert 10.0  10.0
hopper-medium-expert 10.0  10.0
hopper-medium-replay 5.0 10.0
hopper-full-replay 2.0 2.0
halfcheetah-random 0.05 0.05
halfcheetah-medium 1.0 0.1
halfcheetah-expert 5.0 5.0

halfcheetah-medium-expert | 0.1 0.1
halfcheetah-medium-replay | 0.1 0.1

halfcheetah-full-replay 1.0 1.0
walker2d-random 1.0 1.0
walker2d-medium 10.0  10.0
walker2d-expert 5.0 5.0

walker2d-medium-expert 150  20.0
walker2d-medium-replay 5.0 10.0

walker2d-full-replay 3.0 3.0
antmaze-umaze 5.0 0.001
antmaze-umaze-diverse 3.0 0.001
antmaze-medium-play 3.0 0.005
antmaze-medium-diverse 2.0 0.001
antmaze-large-play 1.0 0.01
antmaze-large-diverse 0.5 0.01

et al., 2021), EDAC (An et al., 2021), and RORL (Yang et al., 2022). Table 7 displays our results in these experiments. An
underlined number represents the peak value for ensemble-free methods, while a bold number denotes each task’s top score.
SAC-DRND outperforms most ensemble-based methods, such as SAC-N and RORL, in total scores on most MuJoCo tasks.
For Antmaze tasks, our method leads among ensemble-free approaches and holds its own against ensemble-based methods.

E.2. Results on Adroit Tasks

In this subsection, we show the scores of SAC-DRND on Adroit tasks in Table 8.
E.3. Expected Online Performance

We calculated the EOP on Gym-MuJoCo and AntMaze tasks, as shown in Table 9.
We also show the EOP line for each task, as shown in Figure 8.
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Table 6. Hyperparameters of online experiments

Name | Description | Value

{7 actor learning rate of the actor network 3e-4 (1e-4 on Atari)
Teritic learning rate of the critic network 3e-4 (le-4 on Atari)

{74rmd learning rate of the DRND network 3e-4 (1e-4 on Atari)

optimizer | type of optimizer Adam

T soft update rate 0.005

0% discount return 0.99

AGAE coefficient of GAE 0.95

€ PPO clip coefficient 0.1

M number of environments 128

h number of hidden layer dimensions 64 (512 on Atari)

e number of output dimensions 64 (512 on Atari)

f activation function ReLU

K number of training epochs 4

N number of DRND target networks 10

A coefficient of intrinsic reward 1

« the scale of two intrinsic reward items | 0.9

E.4. Parameter Study on the Number of Target Network

Our study explored the relationship between the number of different targets and their corresponding final scores in both
online MuJoCo tasks and D4RL offline tasks. In our approach, if « is not equal to 1, then N must satisfy the condition
N > 1. In the following charts, we fill in the values of RND at NV = 1 as a reference for the single target network results.

E.4.1. ONLINE TASKS

We conduct adversarial attack experiments with different numbers of target networks in DRND. As shown in Figure 9,
the robustness of DRND generally improves with an increase in the target number /N. Considering both runtime and
performance, we chose N = 10 as the optimal number of targets for our online experiments.

E.4.2. OFFLINE TASKS

The results are shown in Table 10. The results indicate that the average score demonstrates an upward trend as the number
of targets increases. At the same time, its variance decreases, which suggests that a higher number of targets generally leads
to improved and more consistent outcomes. However, it’s worth noting that there are diminishing returns; for instance, the
differences between the results at N = 10 and /N = 20 are marginal. Considering these considerations, we chose N = 10
for our offline experiments. Furthermore, the algorithm exhibits limited sensitivity to variations in the number of targets in
online and offline settings.

E.5. Runtime comparison

To verify no significant increase in computational overhead between our method and the RND method, we conducted
experiments on the medium datasets in the offline D4RL tasks, comparing the computational costs of both methods, as
shown in Figure 10. It can be observed that the runtime of our method is slightly less than that of the RND method. And it
can be seen that as the number of targets increases, the running time does not significantly improve.

E.6. Parameter Study on o

In this subsection, we provide the results of different o with both online and offline tasks. We use varying o €
{0,0.1,0.5,0.9,1}.
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Ensemble-free

Ensemble-based

Ours

Dataset | SAC  TD3+BC CQL IQL  SAC-RND ReBRAC | SAC-N  EDAC  RORL |SAC-DRND
hopper-random 99+15 85406 53+£06 10.1+£59 196+124 81+24 [28.0+£09 253+104 314+0.1| 32.7+04
hopper-medium 08+0.0 593+42 619+64 652+42 91.1+10.1 102.0+1.0{100.3+0.3 101.6+0.6 104.8+0.1| 985+ 1.1
hopper-expert 0.7+£0.0 107.8+7.0 106.5+9.1 108.8+3.1 109.7+0.5 100.1 £8.3{110.3+0.3 110.1+£0.1 112.8+0.2| 109.7+0.3
hopper-medium-expert 07+£00 98.0+£94 969+15.1 855+£29.7 109.8+0.6 107.0+6.4{110.1£0.3 110.7+0.1 112.7+0.2| 108.7 0.5
hopper-medium-replay 74+£05 609+18.8 863+7.3 89.6+13.2 972+9.0 98.1+5.3(101.8+£0.5 101.0+0.5 102.8 £0.5| 100.5 £ 1.0
hopper-full-replay 41.1+£17.9 9794175 101.9+£0.6 1044 £10.8 107.4+£0.8 107.1+£0.4[{102.9+0.3 1054 +£0.7 - 108.2 £ 0.7
halfcheetah-random 297+14 T1.0+1.1 311+£35 195+0.8 27.6+21 295+15(280+09 284+1.0 285+08 ] 304+4.0
halfcheetah-medium 552+27.8 483+03 469+04 500+£02 664+14 656+1.0|67.5+1.2 659+£0.6 66.8+0.7| 68.3+0.2
halfcheetah-expert 0.8+18 96.7+1.1 973+1.1 955421 102.6+4.2 1059+1.7/1052+2.6 106.8 £3.4 105.2+0.7| 106.2 +3.7
halfcheetah-medium-expert|28.4 £ 19.4 90.7+4.3 950+14 927+28 107.6+£2.8 101.1+£5.2|107.1+£2.0 106.3+1.9 107.8+1.1| 108.5+ 1.1
halfcheetah-medium-replay| 0.8 +1.0 44.6+0.5 453+03 421+3.6 512+32 51.0+£0.8]|639+0.8 613+£19 61.9+15]| 52.1+428
halfcheetah-full-replay 868+1.0 750+25 769+£09 750+0.7 81.2+13 82.1+1.1|845+12 84.6+09 - 814+1.7
walker2d-random 09+£08 T1.6x1.7 5117 T113+70 187+£69 181+£45[21.7£00 166+7.0 21.4+£02] 21.7£0.1
walker2d-medium -03+02 83.7+£2.1 795432 80.7+34 91.6+£28 825+3.6|87.9+0.2 925+08 1024+ 14| 952+0.7
walker2d-expert 0.7+£03 1102+£0.3 1093+£0.1 96.9+323 104.5+£22.8 1123+£0.2{1074+2.4 115.1+£1.9 1154+ 0.5| 114.0+0.5
walker2d-medium-expert 1.9+39 110.1£0.5109.1+£0.2 112.1+£0.5 104.6+11.2 111.6+0.3({116.7+£0.4 114.7+0.9 121.2£ 1.5 109.6 £ 1.0
walker2d-medium-replay | -04+0.3 81.8+5.5 76.8+10.0 754+93 8.7+£7.7 773+79|787+0.7 87.1£24 904+05]| 91.0+£29
walker2d-full-replay 279+473 903+54 942+19 975+14 1053+32 1022+1.7/946+0.5 99.8+0.7 - 109.6 £ 0.7
average score 16.2 67.5 73.6 72.9 82.6 81.2 84.4 85.2 85.7 86.0
Dataset | SAC TD3+BC CQL IQL SAC-RND  ReBRAC | RORL MSG | SAC-DRND
antmaze-umaze 0.0 78.6 740 833+45 97.0+15 97.8+10 | 97.7+19 979+13 958+24
antmaze-umaze-diverse 0.0 714 840 706+37 660+250 883+13.0 | 90.7+£29 793+3.0 872+32
antmaze-medium-play 0.0 10.6 612 646+49 385+204 840+42 | 763+25 859+39 86.2+54
antmaze-medium-diverse | 0.0 3.0 537 61.7+£6.1 747+£10.7 763%13.5 | 693+33 84.6+52 83.0 3.8
antmaze-Targe-play 0.0 02 15.8 42565 439+292 604+26.1 [ 163+11.T 643127 | 532%41
antmaze-large-diverse 0.0 0.0 149 27.6+7.8 457+285 544+25.1 |41.0+£107 713+53 | 50.8+10.5
average score 0.0 27.3 50.6 58.3 60.9 76.8 65.2 80.5 76.0

Table 7. Average normalized scores of algorithms. The figure shows the scores of MuJoCo’s final model evaluated 10 times (AntMaze 100
times) on training seeds and 10 random seeds. SAC, SAC-N, and EDAC scores are taken from (An et al., 2021). CQL, IQL, SAC-RND,
and ReBRAC scores are taken from (Tarasov et al., 2023). RORL scores are taken from (Yang et al., 2022). MSG scores are taken from
(Ghasemipour et al., 2022).

E.6.1. ONLINE TASKS

We study the performance under attacks with different « in online tasks. We chose Adroit continuous control environments
as our experiment environments. In the results shown in Figure 11, We observed that the performance is excellent when
a = 0.5 or a = 0.9 in all four environments. The performance when = 1 is not as good as when a = 0.9, which
indirectly confirms the effect of the second bonus term. We chose oo = 0.9 as the hyperparameter for our online experiments.

E.6.2. OFFLINE TASKS

We examine the influence of « on offline tasks using the D4RL dataset. We employ various values of « to train an offline
agent on the ‘medium’ datasets. The final scores are presented in Table 11, and the training curves are shown in Figure 12.
It is observed that in some cases, when o = 0.9, the final score is higher, and the training curve exhibits greater stability.
Consequently, we consistently opted for o = 0.9 in our offline experiments. When o = 1, only the first bonus term comes
into play, and the results are not as favorable as when oo = 0.9, demonstrating the effectiveness of the second bonus term.
Additionally, when examining the final results, it becomes evident that our first bonus outperforms the RND.

Also, for ease of comparison, we provide the training curves of SAC-RND on three datasets: hopper-medium, halfcheetah-
medium, and walker2d-medium in Figure 14.

E.7. Parameter Study on )\

We present the results of our parameter study on A, which are detailed in the table below. We choose some environments
and show the results. All experiments are conducted across 5 seeds, and we report the mean and standard deviation of their
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Task Name | BC TD3+BC IQL CQL SAC-RND ReBRAC | SAC-DRND
pen-human 344 81.8+149 815+175 375 56+58 103.5+14.1| 423+11.8
pen-cloned 569 614+193 772+177 392 25+6.1 91.8+21.7 | 39.5+334
pen-expert 85.1 146.0+7.3 133.6+160 107.0 454+229 1541+54 | 65.0+17.1
door-human 0.5 -0.1+0.0 3.1+2.0 9.9 0.0+0.1 0.0+0.0 1.3+0.8
door-cloned -0.1 0.1+0.6 08%+1.0 0.4 02+0.8 1.1+2.6 03+0.1
door-expert 349 84.6+445 1053+28 101.5 73.6+26.7 104.6+24 | 85.3+37.9
hammer-human 1.5 04+04 25+19 4.4 -0.1 £0.1 0.2+0.2 03+0.2
hammer-cloned 0.8 0.8+0.7 1.1+0.5 2.1 0.1+04 6.7 +£3.7 1.1 £0.8
hammer-expert 125.6 117.0+30.9 129.6+0.5 86.7 248+394 133.8+0.7 | 37.1+472
relocate-human 0.0 -02+0.0 0.1+0.1 0.2 0.0+0.0 0.0+0.0 0.0+0.1
relocate-cloned -0.1 -0.1+0.1 02+04 -0.1 0.0+0.0 09+1.6 0.0+0.0
relocate-expert 101.3 107.3+1.6 1065+25 950 3.4+45 106.6 +3.2 10.1 £7.1
Average w/o expert | 11.7 18.0 20.8 11.7 1.0 25.5 10.6
Average 36.7 49.9 53.4 40.3 12.9 58.6 23.5

Table 8. Average normalized scores on Adroit tasks. There is still a significant improvement compared to SAC-RND, from 12.9 to 23.5.
This illustrates the superiority of DRND compared to RND. In addition, the average score without using the expert dataset has also
improved significantly, reaching a level comparable to CQL(11.7), which benefits from the performance in the Pen environment.

Domain Algorithm | 1 policy 2 policies 3 policies 5 policies 10 policies 15 policies 20 policies
TD3+BC 498+214 61.0+£145 653+£93 67.8£39 - - -

Gym-MuJoCo IQL 65.0+£9.1 699+56 71.7+£35 729+1.7 73.6+0.8 73.8+0.7 740x0.6

Y ReBRAC 620+17.1 706+99 733+£55 748+21 756+08 758+06 76.0+05

SAC-DRND | 699 +30.1 73.2+190 794+119 825+78 840+60 849+31 853+20
TD3+BC 69+70 10.7£68 13.0£6.0 155+46 - -

AntMaze IQL 298+ 155 38.0+154 43.1+13.8 48.7+102 53. 2 +44 543+21 547+12
ReBRAC 679+£100 73.6+74 76.1£55 78334 79917 804+1.1 -

SAC-DRND | 69.3+159 753+10.1 785+76 815+40 83.7+3.1 845+15 849+09

Table 9. Expected Online Performance on Gym-MuJoCo and AntMaze tasks. We calculate the mean value of different domains like the
way in ReBRAC. The results show SAC-DRND has the best performance.

results.

E.8. Evaluation on offline-to-online D4RL

We report offline-to-online performance on AntMaze tasks. We followed the methodology outlined by (Tarasov et al., 2022).
We report the scores after the offline stage and online tuning in Table 18.

E.9. More Detailed Change Process of RND Bonus
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Figure 8. Expected Online Performance lines for Gym-MuJoCo and AntMaze.
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Figure 9. Training curves with different NV in Adroit tasks. All curves are averaged over 5 runs.

Table 10. Parameter study of N in offline tasks

~ Damser—— N 1 3 5 10 20

hopper-medium 92.1+84 933+3.7 97.8+24 985+1.1 99.0 +0.6
halfcheetah-medium 664+14 658+1.8 66.7+£0.6 67.3+0.2 674+04
walker2d-medium 91.6 2.8 94.5+0.9 940+1.6 952 +1.2 947 +1.2

average score 83.4 84.5 86.2 87.0 87.0
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Figure 10. Comparison of updates per second between the RND and DRND methods. We assessed the execution time on a GPU (RTX
3090 24G) and one CPU (Intel(R) Xeon(R) Gold 6226R CPU) over 1M standard updates, using a batch size of 256 with the same network

structure.
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Figure 11. Training curves with different o in Adroit tasks. All curves are averaged over 5 runs.
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Figure 12. Training curves with different a.. All curves are averaged over 5 runs.

Table 11. The final scores of different o in offline tasks. We also compare the results of SAC-RND since it is a special case when o« = 1
and N = 1.

Dataser———_ a0 0.1 0.5 0.9 10 SAC-RND

hopper-medium 540+31.1 423+495 855+87 985+£56 91949 O91.1+10.1
halfcheetah-medium 653+13 67512 673+06 68.6£04 67.1+£02 66414
walker2d-medium -0.0£0.1 31+£1.7 276+£319 947+1.0 93.0+1.8 91.6+28
average score 39.8 37.6 60.1 87.2 84.0 83.0
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Table 12. Hopper-Medium-v2

)\actor )\critic 10 15 20
10 - 98.7+2.0 -
15 959+34 985x11 96.1+3.9
20 - 94.65 £ 2.6 -
Table 13. Hopper-Medium-Replay-v2
>\actor >\c7‘itic 5 10 15
3 - 99.9+1.3 -
) 94.7+£5.9 100.5+£1.0 99.3+0.4
8 - 99.8 +£1.2 -
Table 14. HalfCheetah-Medium-v2
)\actor >\c7‘itic 005 0]. 02
0.5 - 65.4 £+ 0.8 -
1 67.8+04 68.3+02 682=£1.1
- 68.0 £ 0.3 -
Table 15. HalfCheetah-Full-Replay-v2
)\actor Acritic 0.5 1 2
0.5 - 81.2+0.5 -
1 81.5+0.7 814+17 81.7£1.3
2 - 80.9+0.9 -
Table 16. Walker-Full-Replay-v2
)\actor )\critic 1 3 Y
1 - 107.24+1.2 -
3 61.3+£258 109.6+£0.7 1094+04
5 - 109.4 £ 0.6 -
Table 17. Walker-Medium-Expert-v2
)\actm‘ Acritic 15 20 25
10 - 100.5 £ 5.6 -
15 93.9+£88 109.6£1.0 85.2+£15.0
20 - 110.3 £ 0.6 -
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Task Name | TD3+BC IQL ReBRAC SAC-DRND
antmaze-umaze 66.8 — 914 77.00 — 96.50 97.8 — 99.8 95.8 — 98.3
antmaze-umaze-diverse 59.1 — 484 59.50 — 63.75 85.7 — 98.1 87.2 — 98.0
antmaze-medium-play 59.2 — 94.8 71.75 — 89.75 784 — 97.7 86.2 — 98.3
antmaze-medium-diverse 62.6 — 94.1 64.25 — 92.25 78.6 — 98.5 83.0 —+ 95.9
antmaze-large-play 21.5 — 0.1 38.5 — 64.50 47.0 — 39.5 532 — 51.5
antmaze-large-diverse 9.5 —+ 04 26.75 — 64.25 66.7 — 77.6 50.8 — 55.9

Average | 46.4 — 54.8(+8.4) 56.29 — 78.50(+22.21) 75.7 — 85.2(+8.5) 76.0 — 83.0(+7.0)

Table 18. Evaluation on Offline-to-online Setting. We compared the TD3+BC, IQL and ReBRAC algorithms, and their values were copied
from (Tarasov et al., 2023).
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Figure 13. More Detailed Change Process of RND Bonus.
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Figure 14. Learning curves of SAC-RND. The parameters are the same as in the original paper.
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