
Research Article
Reinforcement Learning Guided by Double Replay Memory

Jiseong Han ,1 Kichun Jo ,2 Wontaek Lim ,3 Yonghak Lee ,1,4 Kyoungmin Ko ,1

Eunseon Sim ,1 JunSang Cho ,5 and SungHwan Kim 1

1Department of Applied Statistics, Konkuk University, Seoul, Republic of Korea
2Department of Smart Vehicle Engineering, Konkuk University, Seoul, Republic of Korea
3Department of Automotive Engineering, Hanyang University, Seoul, Republic of Korea
4AI Analytics Team, Deep Visions, Seoul, Republic of Korea
5Industry University Cooperation Foundation Konkuk University, Republic of Korea

Correspondence should be addressed to Wontaek Lim; lwt1849@gmail.com and SungHwan Kim; shkim1213@konkuk.ac.kr

Received 26 November 2020; Revised 7 February 2021; Accepted 24 March 2021; Published 29 April 2021

Academic Editor: Ismail Butun

Copyright © 2021 Jiseong Han et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Experience replay memory in reinforcement learning enables agents to remember and reuse past experiences. Most of the
reinforcement models are subject to single experience replay memory to operate agents. In this article, we propose a framework
that accommodates doubly used experience replay memory, exploiting both important transitions and new transitions
simultaneously. In numerical studies, the deep Q-networks (DQN) equipped with double experience replay memory are
examined under various scenarios. A self-driving car requires an automated agent to figure out when to adequately change lanes
on the real-time basis. To this end, we apply our proposed agent to the simulation of urban mobility (SUMO) experiments.
Besides, we also verify its applicability to reinforcement learning whose action space is discrete (e.g., computer game
environments). Taken all together, we conclude that the proposed framework outperforms priorly known reinforcement
learning models in the virtue of double experience replay memory.

1. Introduction

Machine learning is importantly used to address the chal-
lenges in an autonomous car of localization, road, and pedes-
trian detection, for instance, [1] using convolutional neural
network with self-supervised learning requiring human road
annotations. This research allows to annotate automatically
using OpenStreetMap [2]. Kocamaz et al. [3] suggest the
vision-based pedestrian and cyclist detection method with
the multicue cluster algorithm designed to reduce false
alarms. Another important benchmark in the autonomous
car is to efficiently control in the real road. Hence, in the
autonomous car industry, an effective lane change is one of
the most imperative issues to solve. In addition, it is mainly
due to the fact that highway traffic accident happens in reality
in the middle of lane change. Many cutting-edge techniques
are proposed in pursuit of being suited to practical traffic
environments [4]. For instance, Yang et al. [5] suggest the
adaptive and efficient lane change trajectory planning for

autonomous vehicles. In addition, Cesari et al. [6] and Suh
et al. [7] focus on the required controller to track the planned
trajectory. Of late, much of the contribution on the basis of
the collected and examined naturalistic driving data ia aimed
at emulating human driving skills in the context of self-
driving cars [8–10]. What is more, the latest studies success-
fully develop the end-to-end learning technique in pursuit of
figuring out the relationship between video sensing data and
lane change decision [11]. Now that reinforcement learning
(RL) has been widely applied to modeling and planning
self-driving car, the lane change problems are addressed by
use of RL-based agents in various experiments [12–15].

The reinforcement learning is, in theory, designed to
maximize numerical rewards by the agent interacting with
the environment [16]. It is commonplace that reinforcement
learning faces prohibitive computing costs mostly due to
high-dimensional data of vision or speech analysis, and thus,
a policy in RL hardly adapts to high complexity. In the bless-
ing of recent computing technology, a RL model whose
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policy learns on deep learning is known to be efficient to
approximate policy and thereby to dramatically improve
applicability to diverse environments (e.g., deep Q-learning
(DQN) [17]). Experience replay method plays a significant
role in deep Q-learning, allowing an agent to remember
and reuse past experiences. This method functions to
enhance the use of data and attenuates strong correlation
between samples. The current off-policy algorithm based on
experience replay adopts only uniform sampling such that
transitions are sampled at an equal chance. In this regard,
these approaches only focus on the strong correlation
between samples. Contrary to this, the rule-based replay
sampling has been introduced. For instance, prioritized expe-
rience replay (PER) builds on temporal-difference (TD) error
and is well known to improve the deep Q-network under the
Atari environment [18]. Besides, the recent PER-type
method [19] adopts different sizes of the replay memory,
remembers, and forgets experience memory in part in order
to improve performance to a large extent. And yet, these
methods are limited in a scope to single experience replay
memory. Lately, both optimizing hyperparameter and the
safe learning without any assumptions about model dynam-
ics have been actively studied in reinforcement learning

fields. This is because finding the optimal hyperparameter
needs repetitive experiments and it typically costs expensive
reinforcement learning tasks. Dong et al. [20] use the
Siamese-based correlation filter-based method to optimize
hyperparameters. Liu et al. [21] suggest methods that the
robust reinforcement model exploits the ensemble method
to accommodate model dynamics and robust crossentropy
methods to optimize the control sequence with constraint
functions.

In this paper, we proposed a novel method called double
experience replay memory (DER), which facilitates to sample
transitions efficiently and to exploit replay memory simulta-
neously. More precisely, we adapt our method with uniform

Given: :
An off-policy RL algorithm A, where A: DQN
Sampling strategies (S1,S2) from replay
where: S1 : uniform sampling, S2 TD-error based sampling
an update probability strategy S for update second replay, where S : wt = δt

2/∑nδ
2:
n

Initialize A
Initialize replay buffer H1, H2

observe S0 and choose a0 using A
for episode =1, M do
observeðst ; rt ; st+1 ; pt ;H1Þ

store transition ðst , at , rt , st+1 ; pt ;H1Þ in H1 to follow S1
for t=1; T do

if N2>k then
With S1,S2, sampling ratio λ
sample transition from H1 and H2

else
With S1, sample transition from H1

update weight according to A

put used transition into H2 with probability pt ;H2
if transitions from H2then
update pt ;H2 according to S

until converge

Algorithm 1: Double experience replay (DER).

Table 1: The scores from CartPole simulations.

Max score Average score

DQN 373.80 229.30

λ = 0:1 478.65 210.58

λ = 0:5 500 259.23

λ = 0:9 500 285.49

PER 500 237.63
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Figure 1: Simulation results via CartPole to compare to DQN and
PER.

2 Journal of Sensors



sampling and TD-error-based sampling methods using the
hyperparameter. To verify its practical utility, this proposed
method is assessed under a range of experiment scenarios.

2. Related Works

Simply put, the deep Q-networks (DQN) [17] train an agent
for lane changes of discrete action space. The prioritized
experience replay (PER) [18] improves the DQN with prior-
itization. Here, we briefly go over DQN and PER in the algo-
rithmic standpoint before we give accounts for the proposed
algorithm.

2.1. Deep Q-Networks (DQN). The goal of reinforcement
learning (RL) is aimed at finding the policy that maximizes
rewards [16]. Typically, RL iteratively updates Q-function
based on Q-learning but RL suffers from several challenges.
First, in order to simulate real world, a countless number of
states are inevitably required. Secondly, correlation between
samples is intensively high in common. To tackle with this,
the deep Q-networks (DQN) [17] pioneered to adopt deep
learning reinforcement learning algorithm, where the DQN
replaces Q-table with neural network. The Q-network pre-
dicts the reward in numerous real-world states and stores
and samples data in the experience replay (Lin, 1992) so that
it reduces sample correlation. Over the years, many have pro-
posed variants of DQN to improve. For instance, the
NoisyNet-DQN (Fortunato et al. 2017) added parametric
noises to weights based on the DQN structure and gained
higher scores in Atari games. The ensemble-DQN (Chen
et al. 2018) developed the ensemble network for deep rein-
forcement learning. Furthermore, the RandomEnsembleMix-
ture (REM) (Agarwal et al. 2019) proposed the offline Q
-learning algorithm and proved that the algorithm can lead
to high-quality polices using DQN-based experiments. Lastly,
the NROWAN-DQN (Han et al. 2020) suggested a noise
reduction method for NoisyNet-DQN and designed weight

adjustment strategy. In this regard, it is confirmed that the
DQN contributes to significantly advancing the RL domain.

The deep Q-network (DQN) [17] is known as a model-
free reinforcement learning (RL) algorithm for discrete
action space. The DQN updates parameters of the Q-net-
work in order to derive an approximated Q-value, where Q
is defined as πQðsÞ = argmaxa∈AQðs, aÞ, where Qðst , atÞ = E

½∑inf
k=0γ

krt+k+1 ∣ st = s, at = a�. A greedy policy facilitates to
search an optimal Q-value. We can invite in RL models an
ε-greedy policy related to Q, a policy controlled by a proba-
bility ε that determines a random action (uniformly sampled
out of action space) and takes the action πQðsÞ with probabil-
ity 1 − ε. In the process of training, an agent explores episodes
subject to ε-greedy policy on the basis of the current approx-
imation of the action-value function Q [16]. The transition
tuples ðst , at , rt , st+1Þ as a by-product are generated and
stored in memory (a.k.a. replay buffer), where st , at , rt are a
state, action, and reward at time t, respectively. The Q-net-
work learns on the Bellman equation:

L = E Q st , atð Þ − ytð Þ2, where yt = rt + γ maxat+1∈AQ st+1, at+1ð Þ:
ð1Þ

Transitions are stored as ðst , at , rt , st+1Þ tuple into replay
buffer, and this tuple was sampled from derived replay buffer
uniformly. This replay memory attenuates correlation across
consecutive states on account of vast samples.
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Figure 2: Absolute value of TD-error (a) and sample weight (b) in CartPole.

Table 2: The scores from Atari simulations.

DQN λ = 0:1 λ = 0:5 λ = 0:9 PER

River Raid 1437.80 1404.10 1294.80 920.30 962.20

Space Invaders 292.00 671.15 420.35 99.40 445.50

Boxing 25.03 40.42 -18.19 0.49 7.29

Breakout 52.86 58.28 44.31 4.96 31.14
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2.2. Prioritized Experience Replay (PER). Former reinforce-
ment learning models are designed to uniformly sample from
experience replay with no consideration of the degree of tran-
sition importance. The idea behind the prioritized experience
replay (PER) [18] is to differently sample from distribution
subject to artificial environments (e.g., excessively good or
poor performance). To update an action-value Qðs, aÞ, we
adopt the TD-error as loss to update approximated action-
value function in place of Qðs, aÞ as follows:

δ = rt+1 + γ maxaQ st+1, at+1ð Þ −Q st , atð Þ: ð2Þ

The value of the TD-error, in theory, measures a rate that
agent learns from the experience. Precisely, the high absolute
TD-error means that correction for the expected action value
function becomes large. Experiences with high TD-error relate
to good performance in episodes. On the contrary, experiences
with large negative TD-error are associated with poor perfor-
mance in episodes. It is shown that this artificially designed
sampling scheme is superior to improve agents on the whole.

Interestingly, it is noteworthy that the Prioritized Sequence
Experience Replay (PSER) (Brittain et al. 2019) proposed a
framework for prioritizing sequences of experience to learn
efficiently. PSER not only assigned high priorities to important
experiences like PER but also propagated the priorities to pre-
vious experiences that lead to important experiences. It con-
siders the sequence importance by increasing the earlier
experience priority. Importantly, this method is featured with
selective experiences to improve accuracy.

3. Proposed Algorithm

Here we propose the reinforcement learning model, called as
the double experience replay memory (DER), that builds on
an combination of multiple sampling transitions. In what fol-
lows, the Algorithm 1 is described: First, we separate two replay
memories H1 and H2, each consisting of state, action, reward,
and sampling probability denoted by st , at , rt, and pt, respec-
tively. Second, an agent experiences repeated episodes and
stores transition ðst , at , rt , st+1, pt,H1

Þ in H1, where pt,H1
is a
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Figure 3: Simulation results via Atari games to compare to DQN and PER.
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weight elements at t time step where t = 1, 2, 3,⋯ and is
assumed to follow an arbitrary distribution. With a little bit of
episodes, an agent learns based on transitions sampled from
H1. Subsequent to this, transitions move to H2 with another
weight pt,H2

which follows a predefined distribution so that
we reuses these transitions sampled from H1. In other words,
H2 is equivalent to transitions sampled from H1 used to con-
struct models. WhenH2 complies an adequate amount of tran-
sitions to train, we sample from both H1 and H2 alternately
with the parameter λ, where λ ∈ ½0, 1� is a constant of adjusting
the selecting batch data ratio betweenH1 andH2. For example,
if λ = 0:1, it means taking 90% of train data from H1 and only
10% of data fromH2. Both sampling probabilities within replay
memory (i.e., pt,H1

and pt,H2
) are updated via the predefined

rule. Importantly, sampling probability (i.e., pt,H1
and pt,H2

)
determines what transitions are chosen, while selection fre-
quency (i.e., λ) determines the ratio of replay memory between
H1 and H2.

3.1. Uniform and TD-Error-Based Weight. In this section, we
describe an example of double experience replay memory. In
H1, we use uniform sampling strategy, and in H2, we use the
TD-error- (i.e., δt) based sampling strategy inspired by prior-
itized experience replay (PER). We uniformly sample transi-
tions in H1 such that pt,H1

= 1/ðbuffer sizeÞ . In contrast, the
TD-error-based sampling strategy applies to H2 as follows:
pt,H2

= e∣δt ∣. In principle, in order to make weight to 1 for fre-
quently sampled transition, we set the initial value to expo-
nential e and update weights as follows:

pt,H2
← pt,H2

� �wt , wherewt = δt
2/〠

n
δ2n: ð3Þ

Mathematically, the transitions with the large TD-error
are sampled with high chance and the frequently sampled
transitions converge to 1 which is the baseline and the lowest
value for the sampling portion. ∣δt ∣ never goes to negative
value and wt ≤ 1, and so the repetition of exponential
ðpt,H2

Þwt converges to 1. It is important to note thatwt adjusts
the sampled transitions in a balanced way becausewt reduces
the chance of transitions if they are chosen at preceding steps.

Related to a network architecture, we use the deep-Q network
(DQN) as a baseline algorithm. The proposed method uti-
lizes both transition sampling strategies of uniformly sam-
pling in the DQN and TD-error-based sampling strategy.
In this regard, this predefined rule can be viewed as an
intermediate-type method between the two reinforcement
models. In principle, this, if λ equals to 0, means uniformly
sampling from DQN, and if λ equals to 1, this is the same
as sampling only from the TD-error-based strategy. Putting
together all strategies in a single view, Figures S2 and S3
describe the algorithm pipeline.

4. Numerical Experiments

Without a loss of generality, we first evaluate if the proposed
methods are flexibly applicable to diverse computer game
environments, and these are followed by autonomous car
experiments.

4.1. CartPole-v1. Below, we conduct experiments based on
the CartPole environment provided by the Open AI gym
[22]. We use the multilinear perceptron model of 256 cells.
We apply the Adam algorithm [23] and set parameters
(e.g., learning rates = 0:0005, γ = 0:98, batch size = 128, N1
= 50,000, N2 = batch size × 100, where N1 and N2 denote
the buffer size of H1 and H2, respectively). We train the
model with 10,000 steps.

To compare result between ratios of memory, we use λ as
0.1, 0.5, and 0.9. Within the DQN as a baseline algorithm, we
only change experience replay memory. We compute the
max score of average of returns for 20 episodes. To compare,

(a) Ring network (b) Yeongdong Bridge (c) Yeongdong Bridge in SUMO

Figure 4: The illustration of SUMO environments to simulate the (a) ring network and (c) urban traffic network and (b) its satellite image.

Table 3: The scores from SUMO simulations.

Ring network Yeongdong Bridge

DQN 135.74 60.64

λ = 0:1 117.46 75.84

λ = 0:5 122.78 70.25

λ = 0:9 216.91 81.77

PER 135.71 79.50
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average scores across all episodes are presented in the sense
that CartPole rapidly reaches the max score. In Table 1 and
Figure 1, we observe that the proposed model performs better
when λ increases in size. As a result, this clearly shows that
the proposed method performs better than uniformly sam-
pled experience memory (DQN) and PER when λ = 0:9.
Interesting, Figure 2 shows the optimally derived TD-error
and weight, implicating that TD-error and weight are stabi-
lized as iterated.

5. Atari

Atari is the video game environment in which the reinforce-
ment learning can be applied and uses vision data as input
[17]. In what follows, we specify experiment configurations.
The DQN builds on convolution neural network, whose
input is composed of 84 × 84 × 4 with 4 stacked frames. We
resize image, convert into grey scale, and normalize input
data. The first layer has 32 filters of 8 × 8 with strides 4 and
applies a rectifier nonlinearity unit (ReLU) function. The
third layer has 64 filters of 4 × 4 with strides 2 and also
applies the ReLU function. The final layer has 64 of 3 × 3with
stride 1 followed by the ReLU function. The last layer is fully
connected that consists of 512 ReLU. The output layer is fully
connected with all available actions (see Figure S1). Regarding
the set of parameters, we use as default the Adam algorithm
with learning rate = 0:0005, γ = 0:99, N1 = 50,000, batch
size = 128, and N2 = batch size × 100, where N1 and N2
denote the buffer size of H1 and H2, respectively. To
compare performance, we compute average values by 100
episode returns and max values, respectively. We proceed for
adequate learning with more than 200,000 steps. In Table 2
and Figure 3, we found that the proposed method with λ =
0:1 obtains the best score for Space Invaders, Boxing, and
Breakout. Taken together, in many Atari environments, we
found the DER performs better than the DQN with uniform
sampling and PER.

5.1. Urban Mobility. The simulation of urban mobility
(SUMO) is an open-source simulation package designed to
simulate urban traffic network [24]. The SUMO provides
simple networks, creates user-defined networks, and allows
real-urban simulations using OpenStreetMap (OSM; Open-
StreetMap contributors [2]). The SUMO facilitates to assess
traffic-related problems such as a traffic light control, route
choice, and self-driving car simulation. In addition, the
SUMO supports the Python API with TraCI [25], making it
possible to evaluate by each time unit. In this paper, we create
the ring network environment and hypothesize whether a
self-driving car effectively changes lane or not. The following
is the proposed simulation schemes. To begin, we consider
two rings on which each vehicle moves around. At the outset,
the agent vehicle (i.e., maneuvered from RL rules) is placed in
the outside ring and keeps moving around. The agent deter-
mines the moment to change a lane, thereby pushing towards
the inner circle without collision as in Figure 4(a). In light of
reward, we impose as baseline the logarithm of average speed
across all working vehicles, aiming at no traffic jam given a
ring network. Precisely, if an agent changes a lane success-
fully, we add 100 for reward, whereas we bring back 100 if
the agent causes collision with another vehicle. Under this
simulation environment, we take only into account the lane
change for simplicity. The essentials in driving such as accel-
eration, brake, and steering are automatically maneuvered by
SUMO priorly optimized system. For each state, an agent is
allowed to determine the agent’s vehicle speed, while other
neighboring vehicle’s speed is with regulation that distance
is limited within 30 meters out of the agent vehicle. To verify
the advantages of the proposed model, we compare DQN,
PER, and our method with λ ranging from 0.1 to 0.9 and iter-
ation for train is made 15,000 steps. In addition to this, we
create a network via OSM, which emulates the real district
nearby Yeongdong Bridge located in Seoul, South Korea.
Figure 4(b) describes the configuration of maps. In this sim-
ulation, we focus on the lane change performance, whose
environment factors are identical to the ring network
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Figure 5: Simulation results via SUMO to compare to DQN and PER.
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scenario and follow rule-based acceleration and brake pro-
vided in the SUMO as default other than options for lane
change decision.

Table 3 includes the total reward that each model pro-
duces. Importantly, the proposed method (DER) is superior
to PER in reward (e.g., ring network: 216.91 (DER) and
135.71 (PER) for λ = 0:9, Yeongdong Bridge: 81.77 (DER)
and 79.50 (PER) for λ = 0:9). It is clear that our method dom-
inantly outperforms DQN and PER. More importantly, we
observe that the large λ increases reward scores (see Table 3
and Figure 5).

6. Discussion

This paper proposes the double experience replay (DER) that
accommodates two different replay memories in order to
train an agent with important transitions and newly explored
transitions simultaneously. Here, we predefine the diminish-
ing weight rules to decrease bias in place of important sam-
pling methods like the PER. In simulations, we compare
this method with uniform distribution and prioritized replay
memory (PER) using temporal-difference (TD) error and
find out that the DER performs better in various environ-
ments implemented by OpenAI gym. Besides, an agent vehi-
cle in the SUMO environment is also found to effectively
change the lanes. Interestingly, the simulations of SUMO
and CartPole show that transition with the high absolute
TD-error is suited to short and repeated episodes. It is also
worth to develop a benchmark to determine the size of each
buffer for occupying adequate memory size and improve
computation time in an algorithmic context to advance its
applicability. Recent papers suggest various methods moti-
vated from the replay memory. The selective experience
replay for lifelong learning [26] determines what experiences
to store. They complement FIFO buffer on the basis of
reward-based and global distribution matching strategies.
On the other hand, experience replay optimization (ERO,
Zha et al. [27]) proposed two polices that one updates the
agent policy and the other updates the replay policy. The for-
mer updates to maximize the cumulative reward, and the lat-
ter updates to provide useful experiences to the agent (see
Figure S4). The competitive experience replay exploits the
relabeling technique to fit an agent in a sparse reward
environment. The relabeling technique is known to
accelerate performance. In future research, we can apply
this method with the DER simultaneously in sparse reward
environments.
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