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Abstract—Prioritized Experience Replay (PER) is a widely
adopted technique in Deep Reinforcement Learning (RL) and
could significantly improve the sample efficiency and adaptation
ability of RL methods. Extensive research effort has been put
into designing novel prioritization schemes, such as learning
error, recency and visitation count. Unfortunately, given these
promising and effective methods, few works have focused on
how to ‘integrate’ multiple prioritization schemes easily and
straightforwardly. And the current approach to integrate mul-
tiple prioritization schemes is still weighted sum which suffers
shortcomings in both practice and theory. As RL methods are
becoming more complex, we also need PER method that scales
better. Hence in this work, we propose DePER, which performs
independent and decoupled PER and avoids the drawbacks in
scaling weighted sum PER. We conduct theoretical analysis and
detailed experiments (against heavily tuned weight sum PER) to
demonstrate DePER requires less tuning effort, offers broader
applicability and could obtain better performance in challenging
tasks.

Index Terms—deep reinforcement learning, prioritized experi-
ence replay

I. INTRODUCTION

Reinforcement Learning (RL) is a machine-learning field
aiming to solve sequential decision-making problems and has
received significant advancements in recent years. Despite its
successful applications in Robotics [1, 2], Gaming Al [3, 4]
and Large Language Models [5, 6], the sample efficiency and
adaptation ability of RL algorithms still lag behind human
intelligence, hindering its further adoption [7, 8, 9].

Prioritized Experience Replay (PER) [10] studies how to
select transition samples stored in replay buffer for RL training
and has achieved promising results in improving the sample-
efficiency and adaptation ability of RL agents [11]. Compared
to uniform sampling, PER samples transitions based on their
prioritization values: In its general form, PER with ¢ prioritiza-
tion schemes performs sampling with the following formula':

Tn the literature, a non-exponential form of P, is also used. But we
find the exponential form with adaptive temperature (details in later) would
better balance the sampling process and serve as a stronger and more general
baseline.
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where P, is the final prioritization value for nth transition in
replay buffer, w; is the weight for ¢th prioritization scheme
pi, T is the sampling temperature, p;* is the ith prioritization
value for nth transition. Equation (1) is the Weighted-Sum
PER (WS-PER) commonly used in existing literature.

The intuition of PER is that the transitions in the replay
buffer are not equally important for algorithm training. Hence
various prioritization schemes are designed to evaluate the im-
portance of transitions from different perspectives and sample
more important transitions more frequently. Common design
choices for p could be temporal difference (td) error [10],
model learning errors [12, 11] or recency [13], each of which
caters a specific scenario: td error focuses on () function
learning, modeling error benefits learning of dynamics model
and reward model, sampling recent transitions could improve
sample efficiency while sampling old transitions may mitigate
catastrophic forgetting of old behaviors.

It is then straightforward to think that by employing mul-
tiple prioritization schemes simultaneously, we could retain
and combine their positive effects (e.g., sample efficiency,
adaptation, unforgetting) to further improve RL methods.
This is the multi-scheme PER that we study in this work.
Unfortunately, WS-PER has several drawbacks preventing it
from being a good candidate for multi-scheme PER: 2) High
Tuning Requirement; 2) Poor Applicability and 3) Coupled
Calculation (explained in details in later section). Hence how
to design a scalable PER method for multi-scheme PER is still
a remaining question.

Inspired by the idea of Stratified Sampling (SS), we propose
Decoupled Prioritized Experience Replay (DePER), which
performs independent prioritized sampling using each prior-
itization scheme, then concatenates these minibatches to form
the final batch for algorithm update. Through this simple yet
effective modification, DePER could readily scale to many
prioritization schemes compared to WSPER. In summary, the
contributions of our work are:

Prn = )



1) We propose to study multi-scheme PER which integrates
multiple prioritization schemes together to enjoy their
benefits simultaneously. Given the abundance of existing
single-scheme PER methods, we believe our work could
further advance the performance of RL methods.

2) We analyze the drawbacks of WS-PER, the de facto
method for multi-scheme PER and propose DePER as a
simple yet effective method to replace it.

3) We perform extensive experiments in specially designed,
challenging environments and tasks to demonstrate De-
PER’s advantages to heavily tuned WS-PER. And we
will publish our source code upon paper acceptance.

II. RELATED WORK

Deep Reinforcement Learning. DRL combines classical
Reinforcement Learning (RL) methods with Deep Learning
(DL) techniques. As a pioneering work, DQN [3] firstly
combined the Neural Network (NN) with Q-Learning in RL
and obtained impressive performance on Atari Games [14].
Then DDPG [15], TRPO [16] and PPO [17] tackled continu-
ous control and obtained strong performances. With the inte-
gration of entropy-maximization theory, SAC [18] achieved
impressive sample efficiency compared to other model-free
RL baselines. On another line, Model-Based RL (MbRL)
offers better sample efficiency via learning of dynamics model
and/or reward model. Many works have been proposed: Dyna
[19] and Dreamer [20] leveraged dynamics and reward model
to generate new transition samples for data augmentation.
TD-MPC [21, 9] utilized the learned models for planning
purposes and obtained impressive result on continuous control
tasks. Trajectory Transformer [22] explored the combination of
dynamics model and Transformer [23] architecture for better
prediction consistency.

Prioritized Experience Replay. PER is also an effective
method to improve the sample efficiency of DRL algorithms.
PER-DQN [10] firstly replaced the uniform sampling in DQN
with prioritized sampling according to temporal difference
error and achieved significantly improved sample efficiency on
Atari Games [14]. Afterwards, several works have studied the
underlying principles of PER [24, 25]. Then tremendous effort
has been put into designing novel and effective prioritization
schemes for various benefits: By sampling recent transitions
more often, ERE [13] achieved significant performance gain
on SAC; MaPER [12] integrated learning loss of model-related
components with td error and obtained better performance
on SAC; CR [11] also utilized the model-based prioritization
schemes but targeted on better adaptation ability towards
environment change; ReLo [26] proposed to prioritize the
samples by their learning potential, which is reflected by
whether their loss could be further reduced. In this work, we
focus on multi-scheme PER which to our knowledge, is not yet
discussed in previous literature and orthogonal towards most
of these methods.

III. BACKGROUND

Reinforcement Learning. Reinforcement Learning (RL)
aims to solve sequential decision-making problem which is
formulated as a Markovian Decision Process (MDP): M =
{S,A,R,d,v,Sp} where S is the set of all states, A is
the set of all actions, R : (s¢;,ar) — R is the reward
function that gives a scalar value for given state action pair,
d : S¢41 ~ d(st,at) is the transition model that gives the next
state given current state action, < is the discount factor and
So is the distribution of initial states. RL is to find a policy
function 7 that maximizes the expected return in M:

m = argmax E Z YR (st at)]

w1l t=0

Model-based RL. State-of-the-art model-based RL (MbRL)
algorithms (e.g., TDMPC2 [9]) have achieved impressive per-
formance via learning of dynamics model and reward models:

Zy = hO(St)

zi11 = do(2¢, ar)
Ty = RO(Ztaat)
Ge = Qe(zt,at)

ét = 7T9(Zt)

Encoder

Latent dynamics
Reward
Terminal value

Policy prior

where s, ay, 2z, Ziy1, 4, T¢, ¢ are state, action, latent
representation, next-step latent representation, predicted action
vectors, predicted transition reward and predicted action value,
respectively. hg, dg, Rg, Qg, 7y are neural networks modeling
encoder, latent dynamics, reward model, action value function
and policy respectively (0 is omitted in below for brevity).
Then the optimization objectives are:
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where ) is decaying factor, H is the horizon, sg is stop gradi-
ent operator, CE is the cross entropy loss used in Farebrother
et al. [5], 6 is a hyperparameter, 7 represents entropy of
stochastic policy and Qe = 7t + Qg (st41,m(s141)). In
our experiments, we set H =3, A =0.99 and § = 10~

In this work, we choose the planning-based MbRL method
as our backbone for 2 reasons: 1) MbRL methods usually
obtain stronger sample efficiency than model-free counterparts
hence it’s important to pursue further improvement on it; 2)



MBDRL usually contains several interplaying NN components
and learning losses, making it a good testbed for studying
multi-scheme PER.

Prioritized Experience Replay. In its general form, (WS-PER
takes the following formula: P, = % where
‘P,, is the final prioritization value for nth transition in replay
buffer, w; is the weight for ith prioritization schemes p;, 7
is the sampling temperature and p}' is the ¢th prioritization
value for nth transition. Common choices for p are td error:
p=208(s,a,m,8) = (r+7Qp(s',7(s")) — Qo (s, a))?, modeling
error: p = (dy(s,a)—s')?, recency: p = p(s, a, s') or visitation
count: p = N(s,a,s’).

IV. MOTIVATION

In this section, we provide explanations on WS-PER’s

drawbacks when used for mutli-scheme PER.

1) High Tuning Requirement. To demonstrate the diffi-
culty in tuning WS-PER’s w = [wy,wa, ..., w,], we
firstly show an empirical example. Specifically, we run
the MbRL backbone with uniform sampling in our
Hopper environment for 1 x 10° frames and collect
4 losses: consistency loss, reward loss, value loss and
policy loss. The results are shown in Figure 1.
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Fig. 1: The varying losses of training in Hopper. The y axis
is in log scale except for policy loss.

From the result, it’s clear that these 4 losses have
drastically different scale and variance in the course of
online training. This causes 2 troubles for tuning w:
1) we need to run the experiment first then manually
determine each weight for the corresponding loss, which
is tedious, 2) in the course of online training, these 4
losses also vary significantly. With a constant w, it’s
hard to balance the 4 losses all the time and result in
reduced PER ? in certain timing.

2) Poor Applicability. It could be non-trivial to integrate
new prioritization schemes via WS-PER. For example,

policy loss (EW = —Q(s,w(a))) in DRL could have

2Certain prioritization scheme fails to contribute to the final minibatch.

significantly varying value range and hard to be balanced
with td error which is usually non-negative.

3) Coupled Calculation. Individual prioritization schemes
are coupled together by summation operation: Consider
a 3-prioritization integration case, a transition with a
larger-than-average po and lower-than-average p; and
ps may still have a lower-than-average P hence gets
ignored by WS-PER. But for the purpose of ps, it
would be beneficial to sample this transition. And this
effect becomes more significant with more prioritization
schemes.

At the first glance, the issue of WS-PER could be mitigated
with rather simple tricks like Batch Normalization or Tracing
Normalizer. However, these methods are often inadequate for
fully addressing the problems: 1) Batch Normalization nor-
malizes priorities using only statistics from the current mini-
batch, causing a locality issue where normalized values are
not comparable across training steps; 2) Tracing Normalizer
tracks global scales over time to balance schemes, but still
relies on extra hyperparameters and tuning overhead.

V. DECOUPLED PRIORITIZED EXPERIENCE REPLAY

We introduce our method, DePER in this section. An
illustrative diagram is in Figure 2. Given ¢ prioritization
schemes, the WS-PER integrates them in ‘prioritization’ level:
Pn = % While DePER integrates them in
‘batch’ level: It first samples sub-minibatches using each
prioritization scheme independently, then concatenates these
samples in batch level to form the final mini-batch:

exp[Tpl]
Siv =——"— (6)
>n €xp[Tp}]
Shinal = [S1,S2, .., Si] @)

sty [8i|=B

where S; represents sub-samples for ith prioritization scheme,
Sfina is the final mini batch, | - | computes the amount of
samples, [...] concatenates vectors in batch axis and B is the
scalar batch size. Analogous to stratified sampling, DePER
successfully transform the original weight vector w in WS-
PER to a new budget vector S = [|Si], |Sz2|, ..., |Si|] which
has the following benefits:

1) Low Tuning Requirement. The tuning effort of S is sig-
nificantly less than w. Actually, splitting the batch size
B evenly for S would already be a good starting point.
But for w, setting it to be all-one vector would likely
result in reduced situation as the scale of each prioritiza-
tion could be drastically different. Also for budget-based
S, all prioritization schemes are guaranteed to contribute
to the final minibatch in a predictable manner regardless
their variations during training process.

2) Broad Applicability. New Prioritization Sampling
could be seamlessly integrated using DePER. Since
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Fig. 2: The framework of DePER. L; are varying losses used for prioritization calculation, P;* are prioritization values of ¢th
scheme for nth transition, B is the final mini batch and [S]...Sy] represents vector concatenation in batch axis. After each
udpate, the new losses of each transition would be updated back to replay buffer.

we’re performing independent PER for each prioritiza- Proposition 2 (Sampling Distribution of WS-PER): For the
tion scheme, the scale and variance of various prioritiza- n-th transition in the replay buffer, the probability of it being
tion schemes would not conflict and the requirement for sampled under WS-PER is given by:

a given prioritization scheme to be applicable in DePER

PN P
is total ordering. For WS-PER, the scale, variance and  Pyspgg (n) = exp [TY; wzpn]_ _ [Tiexp [7 wzpn]_
.M .M
signature of every prioritization scheme would have to 2on exXP [T 25 wipp] 32, [T, exp [Twipy]
be balanced prop'erly otherwise it may influence the |t cannot be transformed into the form of >°; av; Pegr (1, 1) (v
whole PER sampling unexpectedly. are non-negative scalars and sum to 1). This illustrates the

3) Decoupled Calculation. Performing budget-based in-  sampling process of WS-PER is not factorizable and coupled.
tegration via S is more stable than w. Firstly, since

each prioritization scheme is processed independently, VI. EXPERIMENTS
DePER would not suffer from the coupling issues intro- We firstly introduce our environment design in this section.
duced by summation operation. Then, a deviation of Sto  The basic environments used in this work are 4 classical
optimal setting S* would only result in linear deviation  continuous control environments in DeepMind Control Suite
in sampled minibatch B. [27]: Hopper, Walker, Cheetah and a 3-dimensional,
more challenging Humanoid. Notably, to thoroughly test PER
methods, we specially modify these environments to make
We provide a theoretical analysis of DePER and WS-PER them more challenging: In the first phase, i.e. the first half
on their underlying principles to illustrate why DePER could of online RL training (0 ~ 0.5M frames), the task is to train
perform decoupled sampling while WSPER cannot. the agent move backward solely. Then, in the second phase,
Proposition 1 (Sampling distribution of DePER): For the 1i.e. last half of online training (0.5M ~ 1M frames), the agent
n-th transition in the replay buffer, the probability of it being needs to move backward in the first 1/3 episode, then it needs
sampled under DePER is the budget-weighted sum of it being to move forward in the remaining 2/3 of episode, representing
sampled by each individual PER: a sharp change in reward function the agent needs to adapt.
In this phase, only the transitions corresponding to moving
forward are appended into replay buffer to further challenge

A. Theoretical Analysis

Poeper (n) = ZP (n,i) = ZP (nlé)P() the given PER method on its ability to tackle catastrophic
@ @ . forgetting.
_ Z P(n|z)§ _ Z i eXP[TPH‘ An illustrative diagram about our environment design is
; B ; B Zn exp[Tpi] provided in Figure 3. The methods compared are:
S; ) 1) Uniform. This is the most basic sampling method.
= Z EP bR (11, 1) 2) Near. This sampling method puts more importance on
! transitions that are newly appended, as a simple trick to
The key lies in the observation that the process of DePER boost sample efficiency as used in [13].
sampling could be reformulated as sampling the latent ¢ (PER 3) WS-PER. This is the standard WS-PER method that is
scheme) first, then sampling the corresponding conditional widely adopted in existing literature for multi-scheme

distribution. PER. It utilizes consistency loss, value loss and reward
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Fig. 3: Illustrative diagram of our environment design.

loss during training. We tune its w with 13 variants for
a fair comparison.

4) DePER. This is the method developed above. To show-
case its broad applicability, we integrate totally 9 prior-
itization schemes while keeping the batch size budget S
as intuitive as possible.

In this section, we aim to answer the following 5 questions:

1) How is DePER’s performance compared to baselines?

2) How is DePER’s performance compared to heavily tuned
WS—-PER?

3) How does DePER perform with perturbed S?

4) What is the influence of certain prioritization scheme in
DePER?

5) How is the computation efficiency of DePER?

All experiments are run in /0 seeds and we plot all episodic
returns in the course of full online training (roughly 667
points) to better depict the learning curves.
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A. QI: How is DePER’s performance compared to baselines?

In this section, we perform experiments evaluating various
PER methods in environments defined above. The results
is shown in Figure 4 (WSPER-median is the one obtain-
ing median performance across tuned WSPER variants while
WSPER-best is the variant obtaining best result, see Q2
for all tuned WSPERs’ results) and the following observations
could be drawn:

1) In all environments except Humanoid, applying near
alone could obtain decent sample efficiency in the
first phase but would cause performance degradation
in the second phase, indicating applying simple trick
to emphasize recent transitions is not sufficient for our
challenging tasks. Also, compared to other methods, the
performance of near is less stable and more fluctuating,
especially in hopper.

2) In the first phase, most other algorithms perform sim-
ilarly well. This is because when the replay buffer is
relatively small, various sampling strategies don’t show
significant differences.

3) In the second phase, DePER could bring notable sam-
ple efficiency gains compared to other baselines: it
surpasses WSPER-median on all environments and
WSPER-best on 3 out of 4 environments (on second
phase of Hopper, DePER shows a fast adaptation abil-
ity but gets surpassed by WSPER-best on converged
performance). Also, on Humanoid, the converged per-
formance of it is slightly higher than other baselines.

4) On relatively simpler environments like Walker and
Cheetah, WSPER-median and WSPER-best per-
form similarly and mostly on par with Uniform, in-
dicating tuning the w on these environments may be in-
significant. While on Hopper, WSPER-best performs
notably better than WSPER-median and Uniform,

——— WSPER-median = near uniform

humanoid

cheetah

600
600 500

400

m

> 300

et

& 200
100

600 500

300

eturn

[}
4.8 5.0 5.2 5.4 5.6 5.8 4.8 5.0 5.2 5.4 5.6 5.8
x10° x10°
Frames Frames

Fig. 4: The main results of various PER methods. The first row plots episodic returns during the whole online learning process,
the second row is the zoomed version of first row on 48% ~ 58%.



mainly on the second phase. For Humanoid, the
WSPER-best obtains sample efficiency gains compa-
rable to DePER in the first phase but fails to maintain
it in the second phase.

B. Q2: How is DePER’s performance compared to tuned
WS—PER?

To enable a fair comparison between WS—-PER and DePER,
we performed a 13-budget tuning over WS—-PER’s w on each
environment (the S in our DePER is not tuned and the same
as in Q1). In this section, we analyze the results of these tuned
WSPERs and how DePER’s performance is compared to them.
We also employ Rliable (an advanced statistical tool to test
the significance of RL method’s improvement as in [28]) to
better compare the DePER’s performance against WSPER.

In Figure 5 and Figure 6, we compare the perfor-
mance of WS—-PER-best, WS-PER-Q3, WS—-PER-median,
WS—-PER-Q1 and WS—-PER-worst which are the best, 75%
quantile, median, 25% quantile and worst results among the 13

algos: DePER WSPER-best

walker

hopper
600
500

£ 400

2

% 300

o

200

100

8.0

600
500
€ 400
2
2 300
o«
200
100

ds

5.0 52
Frames

5.0 5.2 5.4 5.4 5.6

Frames

5.6 5.8

x10°

4.8
x10°

WSPER-75%

5.8

tuned WS—PERSs, respectively. In Figure 6 the 2 metrics used
are: 1) Performance which is episodic return averaging across
the whole learning process, and 2) Adaptation ability which
is the number of episodes needed for performance recovery
after the environmental change on 0.5M.

From the results, we could find: 1) On simple environments
like cheetah, tuning w shows no significant performance
difference as almost all WSPER shows similar performance
(tuning S is also insignificant, as shown in Q3); 2) On other
environments, tuning w could bring notable performance dif-
ference in both first and second phase. But the magnitude is not
significant and even WSPER-best’s performance and adapta-
tion ability lag clearly behind DePER. 3) From Rliable’s result,
it’s clearly our DePER outperforms WSPER variants by a large
margin in both performance and adaptation. WSPER-max
could achieve a relatively comparable performance against
DePER but with a larger variation. For adaptation ability, all
WSPER variants are significantly worse than DePER, which
shows DePER could benefit from integrating multiple priori-

WSPER-median = WSPER-25% WSPER-worst
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Fig. 5: The summary plot of training curves of DePER and representative WSPER variants. The second rows plot the zoomed

version of first row on 48% ~ 58%.
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Fig. 6: Plots comparing DePER to WS—PER variants on Performance (first row, average episodic return) and Adaptation (second
row, episodes needed for performance recovery after environmental change) using Rliable.



tization schemes.

C. Q3: How does DePER perform with perturbed S?

In this section we aim to test how certain level of per-
turbation in S influences the performance of DePER. In
details, for the original DePER where & = [32, 32, 32,
32, 32, 32, 16, 16, 32] (stands for csc_loss, rwd_loss,
val_loss,pol_loss,value,uniform, near, old and
reward, respectively and > S = 256), we add roughly 25%
level of perturbation to it and obtained 4 perturbed versions:
DePER-pt1, pt2, pt3 and pt4 3. The result is shown
in Figure 7 where WSPER-75% and WSPER-25% are also
included for comparison.
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Fig. 7: The performance of DePER with perturbed S.

From the result, we could find: 1) On walker and
cheetah, the perturbation in S doesn’t influence the
DePER’s performance significantly; while 2) On hopper and
humanoid, the perturbation would cause certain level of
performance variation but the variation magnitude of DePER
is still smaller than WSPER’s; 3) Also, the performance of all
DePER’s variants are still better than WSPER’s, indicating S
has better robustness than w.

D. Q4: What is the influence of certain prioritization scheme
in DePER?

In this section, we aim to investigate the influence of certain
prioritization scheme in DePER. We conduct minus-one exper-
iment where 1 prioritization scheme is removed (its budget is
allocated to uniform scheme, i.e., total budget remains fixed)
and test how this would influence the performance of DePER.
The results are in Figure 8§ where -near, -old, —-value

3ptl to ptd: [24, 40, 24, 40, 24, 20, 24, 20, 40], [24, 40, 40, 40, 24,
12, 40, 12, 24], [40, 24, 24, 24, 40, 20, 24, 20, 40] and [40, 24, 40, 24, 40,
12, 40, 12, 24]. The meaning of each element is [csc_loss, rwd_loss,
val_loss, pol_loss, value, uniform, near, old, reward].

and —val_loss represents the removal of near, old, value
and values loss. There are 2 interesting observations: 1) On
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Fig. 8: The performances with certain scheme removed.

relatively simple environments like walker and cheetah,
removing near would cause significant performance degra-
dation than removal of other schemes; 2) On hopper, each
prioritization scheme has certain level of contributions and
removal of any one would all cause performance decrease; 3)
On the second phase of humanoid environment, removal of
old would have similar adverse effects as to the removal of
near because only newer samples are appended into replay
buffer hence the o1d is important for catering forgetting.

E. Q5: How is the computation efficiency of DePER?

In this section, we show how the computation time (wall
clock time) of DePER changes with the number of schemes in
Figure 9. In this experiment, we remove prioritization scheme
one by one from the original DePER and record the runtime
of each variant. The results are shown in Figure 9.
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Fig. 9: Computation efficiency of DePER.
From the result, DePER’S computation time increases ap-

proximately linearly with the number of schemes. The fitted
line is y = 0.54x + 1.33 (hour) based on linear regression.



VII. CONCLUSION

In this paper we study multi-scheme PER: Considering
WS-PER’s practical and theoretical difficulty which hinders
its wide adoption in multi-scheme PER, we propose DePER
and validate its advantages with extensive experiments. In
the future work, we would explore employing multi-thread
techniques to further reduce DePER’s runtime overhead.
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