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Abstract. Service composition is an indispensable technology in the cloud
manufacturing process to ensure the smooth execution of tasks. To implement
effective and accurate service composition strategies, many researchers choose
to use Meta-heuristics algorithms with strong optimization capabilities. How-
ever, as users’ demand of personalized products increasing, dynamic service
composition is essential. Meta-heuristics algorithms lack dynamic adaptability,
so they are not suitable for solving complex and dynamic service composition
problems. Deep Reinforcement Learning (DRL) algorithm is difficult to reach a
stable state, when the hyper-parameters and rewards in the algorithm are not
properly designed. To solve these problems, we propose a Multi-strategy Deep
Reinforcement Learning (DRL) algorithm, named Multi-D3QN, which combi-
nes the basic DQN algorithm, the dueling architecture, the double estimator and
the prioritized replay mechanism. Meanwhile, we add some strategies such as
instant reward, the e-greedy policy and a heuristic strategy to ensure better
performance of the algorithm in dynamic environment. Experiments show that
our proposed method not only adapt to the dynamic environment, but also
obtain a better solution.

Keywords: Cloud manufacturing - Dynamic service composition * Quality of
service - Deep reinforcement learning

1 Introduction

Today, the quality of life is constantly improving, and the demand of users for per-
sonalized products is also increasing [1]. However, due to resource constraints, the
manufacturing resources and capabilities of a single enterprise have been unable to
meet user’s needs. In order to solve this problem, enterprises need to collaborate
effectively by sharing manufacturing resources and capabilities [2]. A new service-
oriented intelligent manufacturing model known as Cloud manufacturing (CMfg) has
been proposed [3]. In the CMfg platform, the shared manufacturing resources and
capabilities by enterprises are encapsulated into services and provided to users through
the internet for selection. Service composition and optimization selection (SCOS) [4, 5]
is considered to be the critical technology to realize the sharing function of resources
and capabilities in the CMfg platform [6, 7]. Based on different composition structures,
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SCOS integrates various fine-grained services with different functions into coarse-
grained services with comprehensive functions to deal with complex manufacturing
tasks, and then meets the needs of users. Widespread attention has been received
dealing with the quickly and effectively optimal combination strategy problem.

So far, many researchers have proposed a lot of heuristic methods for the SCOS
problem [8, 9]. Although these methods have promoted the research work of SCOS,
they lack adaptability to dynamic environments. For instance, when the environments
change, the algorithms may need to be redesigned. Therefore, SCOS problems require
new and innovative methods. Some researchers considered that Reinforcement
Learning (RL) is adaptable to dynamic environments, and tried to use RL to solve the
SCOS environment change problems [10-12]. Wang et al. [10] used Deep Rein-
forcement Learning (DRL) to solve the SCOS problems, in which the state set is
divided into two state subsets, and behavior strategies are selected in different types of
states. These methods can re-adjust the system to reach a stable state through adapt-
ability when the environment changes suddenly. And there is still a key issue that needs
to be addressed: If the hyper-parameters and rewards in the algorithm are not properly
designed, it is difficult to return to a stable state. Therefore, some strategies need to be
adopted to avoid this problem.

To solve the problems above, a Multi-strategy DRL algorithm, named Multi-
D3QN, that combines the basic DQN algorithm, the dueling architecture, the double
estimator and the prioritized replay mechanism is proposed. Specifically, the dueling
architecture can improve the convergence speed of the algorithm. The double estimator
can overcome the estimation problem, and the Prioritized replay mechanism can
accelerate the learning speed of the algorithm. Moreover, three different strategies are
added to the model, which leads the algorithm to return to a stable state and get better
solutions in a dynamic environment. Based on Multi-D3QN, the dynamic SCOS
problem in cloud manufacturing is studied. Experimental results reveal that the Multi-
D3QN method can achieve better performance in cases with hyper-parameters and
rewards that are inappropriate.

In summary, our contributions in this paper are as follows:

e Aiming at the problem that the meta-heuristic methods have complex design flow in
the dynamic environment, we proposed Multi-D3QN, which combines DQN, the
dueling architecture, the double estimator and the prioritized replay mechanism, and
generates an algorithm with a better solution in the dynamic environment by
integrating their advantages.

e Aiming at the shortcoming that DRL is difficult to return to a stable state when the
service is unavailable, due to the values of the parameters are not appropriate. We
developed a strategy, which according to heuristic rules, to shield unavailable
services.

e To get the best performance of our algorithm, we compared different strategies in
experiments to determine the final algorithm.
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The remainder of this paper is organized as follows: Sect. 2 introduced the related
work. The problem description and MDP-based CMfg service composition are pre-
sented in Sect. 3. The detailed description of framework is given in Sect. 4. In Sect. 5,
the comparative experiment and analysis are performed to verify the proposed
approach. Finally, the conclusion is provided in Sect. 6.

2 Related Work

As a key issue for sharing and collaborating of manufacturing resources and capabil-
ities among enterprises on the CMfg platform, SCOS is gaining ever-increasing signifi-
cance. In previous work, there have been many studies on SCOS.

2.1 Meta-heuristics-based Service Composition

Cloud manufacturing SCOS problem is an NP-hard problem, and it is difficult to find
the optimal solution in a limited time. Many researchers attention to the strong opti-
mization ability of the Meta-heuristics algorithms, which can find the optimal or nearly
optimal solution [7]. Yang et al. [5] proposed an improved gray wolf optimizer
algorithm (IGWO) by improving the control factor and location update method in the
gray wolf optimizer algorithm, which improved the search ability of the algorithm and
ensured the accuracy of the scheme. On this basis, they also proposed an enhanced gray
wolf optimization algorithm (EMOGWO) [4] for multi-objective SCOS problems,
which made three improvements to the basic multi-objective GWO and overcame the
shortcoming of local optimum and less diversity in multi-objective CMfg SCOS
problems. In Zhou et al. [13], according to the high flexibility and complexity char-
acteristics of CMfg, a hybrid artificial colony method (HABC) is designed to solve the
large-scale service composition solution space problem by introducing archimedean
copula estimation of distribution algorithm (ACEDA) probability model and the chaos
operators of global best-guided artificial bee colony, which has the advantages of high
performance and high stability. Fazeli et al. [14] combined genetic algorithm (GA),
particle swarm optimization (POS) and social spider algorithm (SSO), an ensemble
optimization approach (EOA) is proposed. In this approach, the algorithm combination
process is regarded as a black box and used a new operator to summarize the results.
The algorithm has the characteristics of flexible expansion and easy composition, which
improved the QoS value of the service composition.

2.2 RL/DRL-Based Service Composition

Lei etal. [15] proposed a reinforcement learning of Time-based Learning method, named
TL, which can effectively control exploration and exploitation, so the service composi-
tion success rate is improved. Li et al. [12] based on Q-Learning algorithm, a multi-task
oriented algorithm named multi-Q learning is proposed to realize subtask-assistance
strategy for large-scale and adaptive service composition. It has faster learning speed and
convergence compared with other methods. In Wang et al. [16] the model combines on-
policy reinforcement learning and game theory, a new model for large-scale and adaptive
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service composition based on multi-agent reinforcement learning is proposed, which can
make the algorithm highly adapt to the dynamic environment, and multi-agent cooper-
ation can quickly find the optimal solution. In Wang et al. [17] the service composition
process is modeled as a Markov Decision Process (MDP) and trained with the LSTM-
based deep Q-network method to find the optimal service composition. Liang et al. [11]
established a cloud manufacturing service composition model based on deep reinforce-
ment learning, the service composition process is modeled as a Markov Decision Process
(MDP), and the reward function with the consideration of logistics is designed.

So far, the existing studies have not achieved satisfactory results whether using
meta-heuristics algorithms or using reinforcement learning methods to solve SCOS
problems. Especially when the hyper-parameters and rewards design in reinforcement
learning are inappropriate, it is difficult to reach a stable state again when the envi-
ronment changes. We are trying to find some strategies to change this situation.
Therefore, a Multi-strategy DRL algorithm is developed in this paper.

3 Service Composition Problem Description and MDP-Based
CMfg Service Composition

3.1 Problem Description

The process of SCOS can be divided into the following steps [5]: (1) Task decom-
position, (2) Service discovery and matching, (3) Service composition and optimization
selection. The detailed description of the SCOS process can be seen in the existing
study [18]. This paper focuses mainly on the third step. In the process of performing
tasks, due to the influence of many factors such as the change of tasks or users’
requirements and unavailability services, the service composition process is highly
dynamic. It is necessary to study these factors. The impacts of service unavailability are
studied in this paper. In cloud manufacturing, there are many reasons for service
unavailability, such as machine failures, enterprise departure, and service shutdown,
etc. Hence, when there are unavailable services in the service chains, the SCOS
algorithms need to quickly and effectively find the optimal service again from the
service sets to replace the unavailable service, which can ensure the smooth completion
of the task. As shown in Fig. 1.
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Fig. 1. Dynamic service composition flowchart
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3.2 MDP-Based CMfg Service Composition

In the cloud manufacturing environment, a task T is usually decomposed into several
subtasks t, T = {#1, to, ..., t;, ..., t,}, where N is the number of subtasks of T, #; is the i-
th subtask of T. The service composition process for T can be modeled as a MDP.

State. In MDP an optimal(or near-optimal) service is selected for each subtask #;, i = 1,
2, ..., N. There are two states for #; and as the service composition progresses, the states
of the subtasks and the services will change. The detailed description of the states is
comprehensively explained in the existing study [11].

Action. There is an action set for each 7. An action corresponds the selection of a
service from a service set for #;, and the result of an action is that a service is selected. In
the whole system, the number of action sets is equal to the number of service sets, and
the size of the action set for each subtask is equal to the size of the service set
corresponding to the subtask.

Reward Function. The reward function plays an important role in SCOS by guiding
the DRL agent to find the optimal service composition solution. When a service is
selected from the service set in the current state, we get a reward r from the envi-
ronment after performing the action. Because the measurement standards and units of
each QoS attribute are different. Before calculating the reward, it is necessary to
normalize the QoS value of each indicator. The reward is calculated based on the
normalized QoS values:

G Gin i i
Qi+ — { T —in ?qmln 7& Dnax (1)
i
1’ Dmin=Dmax
[ i
Qi:{ q:m/) 7q:m'n ?qmm # qmax (2)
il
17 Dinin™Dmax

In Egs. (1) and (2) ¢, and ¢’ indicate the minimum and maximum aggregated
values of the i-th QoS attribute for all possible composition paths, g; is the aggregated
values of the i-th QoS attribute. The aggregation functions of QoS attributes are shown
in [19]. For positive indices (Qi+ ), the bigger value of QoS is, the better quality is, like
reliability, security and availability, and the others are just opposite (Q; ), such as time
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and cost. In this paper, a bigger value means the performance is better for all indices
through normalization. The QoS value of the normalized attribute can be integrated
into an overall QoS value through a simple weighting method [20].

4 Proposed Algorithm Framework

In this paper, we propose a Multi-strategy DRL algorithm (Multi-D3QN), which
combines the basic DQN algorithm, the dueling architecture, the double estimator and
the prioritized replay mechanism. Specifically, the dueling architecture can shield some
actions that have little influence on the optimal value function, so that the algorithm can
quickly obtain the optimal value function and improve the convergence speed of the
algorithm. However, the actions found by the dueling architecture may have overes-
timation, which can be avoided by the double estimator. The prioritized replay
mechanism is used to find the sample data effectively that needs to be learned, which
can promote faster learning of the algorithm. In addition, a heuristic strategy is added in
the algorithm to shield unavailable services to adapt to the dynamic environment. The
overall framework of our method is shown in Fig. 2, and the specific operations are
indicated in Algorithm 1. Then, we will introduce more details of the framework.

Double Estimator
Loss Function

reward

— action

transition

Fig. 2. Framework of the Multi-D3QN
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Algorithm 1. Multi-D3QN Algorithm

Input: initial exploration and final exploration €; learning rate o; mini-batch size b; sam-

pling weights ; discounted rate y.

Output:reward r.

// Initialization

1: Initialize replay memory D with capacity N and initial priority p;=1;
2: Initialize action-value function Q with Q-network parameters 6;

3: Initialize action-value function Q" with Q-target parameters 0*;

4: for each episode do;

5: for cach ¢ do;
// The Dueling Architecture and The Strategy for Adaptability
7: if services unavailability then
8: Into The shielding algorithm:
9: With probability € select a random action a;;
10: if a;(0)<0 then // a¢(0) is the Qos value of the corresponding service
11: Shield unavailability services;
12: Select a random action a;;
13: end if
14: Otherwise select a, = argmax, Q(s¢, a, 0);
15: if a;(0)<0 then
16: Shield unavailability services;
17: Select a random action a;;
18: end if
19: else
20: With probability € select a random action a,;
21: Otherwise select a, = argmax, Q(s, a, 6);
22: end if
// The Prioritized Replay Mechanism
23: Execute action a;, observe reward r; and next state S¢,1, St = Sg41;
24: Store transition (S¢, @y, 7, S¢41) in D with maximal priority p; = max;<¢ p;;
25: Sample mini-batch of transition (s;, a;, 77, Sj.41), for each sample j~p() = p;/ X p;;
26: Compute importance-sampling weight w; = (N * p(j))_ﬂ /max; (w;)
/I The Double Estimator
27: if episode terminates at step j + 1 then
28: sety; = 1j;
29: else
30: Yj = 15+ QSes1, argmaxg Q(ses1,,0),0%)
31: end if
32: Update Q-network parameters 6 with a loss function of %Zﬁ?:l w; (y; — Q(st, ar, 6))%;
/I The Prioritized Replay Mechanism
33: Compute TD-error §; = y; — Q(S¢, at, 0);
34: Update transition priority p; < |6,- ;
35: Every c steps reset 0% « 0;
36:  end for
37:  Continue to iterate until the convergence condition is satisfied
38: end for

4.1 DOQN Algorithm

DQN, in addition to Q-Learning, is the basic algorithm in Reinforcement Learning
(RL). It uses deep neural network to approximate a value function instead of Q-table in
Q-Learning, which overcomes the shortcoming that Q-Learning can’t deal with a large
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amount of data. In DQN, two deep neural networks are constructed: Q-network and Q-
target. It uses Q-network to estimate the current value function, and Q-target to gen-
erate the target Q-value. During learning, DQN uses random sampling to extract
samples from the Replay Buffer, then update the parameters in Q-network according to
the loss function, and finally get the maximum future rewards [11]. The methods used
in Sects. 4.2, 4.3, 4.4 and 4.5 are all improvements to improve the DQN framework.

4.2 The Dueling Architecture

The dueling architecture is an improvement of the deep learning network structure in
DQN, so that the algorithm can learn something faster. The core idea is that the last
layer of the network is generated with two quantities: the value of the state V(s) and the
advantage of actions in this state A(s, a), i.e.

Q(s,a) = V(s)+A(s,a) (3)

This means that A(s, a) is a gain that implies how much Q-value exceeds the expected
value when action « is selected [21]. Advantage A(s, a) could be positive or negative.
The division of the value and the advantage in the network architecture improves the
stability and convergence speed of the algorithm.

4.3 The Double Estimator

The traditional RL such as DQN and Q-leaning use the single estimator to update
parameters, which will lead to overestimation. This means that the algorithm will suffer
a lot of negative effects. In order to solve this problem, Hasselt et al. [22] proposed a
double estimation method. Its core idea can be briefly summarized as: In the learning
phase, two different network parameters are used to estimate the value function, in
form:

y] = rj—I—yQ(st+1,argmaxaQ(s,+1,a,0),0*) (4)

Where r; is the j-th reward take from replay buffer D; s, is the next state at iteration
t+1. 0" and 0 represent the parameters of the Q-network and the Q-target, respec-
tively. y is discount rate.

The calculation formula of the loss function is as follows:

L(0) = % > Wi - OGsia, 0)) (5)

where QO(s;, a;, 0) is the output of the Q-network, s;, a, represent the state and action at
iteration ¢, respectively. b is sample mini-batch from replay buffer D, w; is the sample
weight.
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4.4 The Prioritized Replay Mechanism

DQN uses a random sampling strategy to learn, that is, samples are randomly selected
from the experience replay buffer, which ignores the importance of conversion. Some
scholars have proposed priority methods to make experience playback more efficient
[23]. The core idea is that RL agent can learn more efficiently from experiences.
Specifically, more samples of experience with high expectations are measured by TD
error.

0; = yj — O(s1,a,,0) (6)

Where y; is the Q-value in the double estimator at iteration # + 1.

4.5 The Strategy for Adaptability

In this subsection, a heuristic strategy is developed for the dynamic SCOS problems. It
is well-known that when an agent interacts with the environment, given a state, an
agent possibly gets an action set, which has different values. In this paper, the value of
an action is the QoS value of service from the service set.

According to the existing research [10, 11], when services are unavailability, the
QoS value of the whole service chain will become smaller, so we give the following
definition:

Unavailability service: In a state, when the QoS values of some actions become
anomaly (according to many experiments we performed, in this paper, we have
observed that the abnormal value of an action has a negative QoS value), it can be
judged that the service corresponding to the action is an unavailability service.

If a service chain contains unavailability services, then the service chain will be
greatly affected. Not only the overall QoS value is reduced, but also the execution of
the task will be affected. However, for the most part, the DRL method to return to a
stable state within a limited time is very hard, due to the fact that the appropriate values
of hyper-parameters and rewards have not been found. Therefore, in order to ensure the
smooth progress of the task, these unavailability services need to be shielded by
heuristic strategies.

The heuristic strategy will be elaborated in this section. As the program starts, the
average QoS value m; will be calculated. If the action values are less than zero, the
services will be judged unavailable. At the same time, the average QoS value m, will
also be calculated. When it comes to the condition that m, is less than m2;, which means
the model is not adaptive to a stable state, the heuristic strategy will start. The pseudo
code is as Algorithm 2.
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Algorithm 2: The Shielding Algorithm
Input: action sets

Output: optimal action

1: for each episode do

2: for each ¢ do;

3: Calculate the average QoS value m,

4: if the action values <0 then

S: Calculate the average QoS value m,

6: end if

7: if m,<m, after a period of time then

8: Find out actions with QoS value less than zero
9: Shield all actions with values less than zero

10: Randomly select an action as the optimal action
11: end if

12: Continue to iterate until the convergence condition is satisfied
13: end for

14: end for

5 Experiments

We conduct the experiments to assess the proposed Multi-strategy Deep Reinforcement
Learning algorithm (Multi-D3QN) on three aspects: effectiveness, adaptability and
robustness. Experiment results obtained with Multi-D3QN are compared with those
results with other three competitive methods DQN, dueling-DQN and double-DQN.

5.1 Experiment Setting

e Dataset. In the experiment, we mainly consider five QoS attributes, including
reliability, security, availability, time and cost. Since there is no publicly available
dataset for cloud manufacturing services, without loss of generality, all QoS attri-
butes values are randomly generated between [0.7, 0.95] [13, 14]. Due to the QoS
value of the data from the dataset calculated by Egs. (1) and (2) are too small, the
comparison of results between the algorithms is not obvious. Therefore, the weights
of QoS attributes are equal to 1 instead of decimals which usually used. Besides,
each task is decomposed into 30 subtasks, each subtask corresponds to 30 candidate
services.

e Network Structure. The neural network for Multi-D3QN model has an input layer,
a LSTM layer and two fully connected hidden layer with LSTM layer having 64
neurons and the other layers having 30 neurons. The hyper-parameters used for
Multi-D3QN training are shown in Table 1.
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Table 1. Hyper-parameters for the training of Multi-D3QN

Parameters | Value | Description

N 10000 | The capacity of experience replay buffer
c 500 | Target network update step

b 32 Mini-batch size

o 0.01 | Initial learning rate used by Adam

Ip 1000 | Decay step used by exponential decay
Ir 0.96 | Decay rate used by exponential decay
y 0.9 Discount factor

€min 0.01 | Probability of initial exploration

€end 0.9 Probability of final exploration

p 0.4 Sampling weights

The e-greedy policy is used with € annealed linearly from 0.9 to
0.01

5.2 Result Analysis

(1) Learning Rate

Learning rate plays a very important role in algorithm performance. If the learning rate
is too high, the model will not converge. However, if the learning rate is too low, the
model will converge too slowly or fail to learn. So it is very important to choose a
suitable learning rate. The experimental results are shown in Fig. 3. It can be observed
that D3QN with o = 0.01 performs best than that for o = 0.001 and « = 0.1, because
the result of « = 0.01 obtains a higher QoS value and a quicker convergence speed.
Specifically, the D3QN algorithm with o = 0.01 converged at about 46000, but at
about 50000™ and 65000, respectively, for & = 0.001 and o = 0.1; with o = 0.01, the
D3QN algorithm can achieve a higher QoS values than that for « = 0.1 and o = 0.001.
It can also be seen that D3QN with o = 0.01 and o = 0.001 have almost the same the
range of fluctuations, while o = 0.01 has a higher Qos value. This is because the

14

134

1.2 4
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) 10000 20000 30000 40000 50000 60000 70000 80000
Epoch

Fig. 3. Different learning rate for D3QN
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learning rate is too small, which leads to the slower learning of the algorithm. However,
the D3QN with o = 0.1 the range of fluctuations is larger than the other two learning
rates, which is because the large learning rate leads to the difficulty of model con-
vergence. Therefore, o = 0.1 is selected for the following experiments.

(2) Effectiveness and Efficiency

In order to verify the effectiveness of our proposed method. The D3QN is compared
with DQN, dueling DQN and Double DQN. Experimental results are obtained with
four different algorithms, as shown in Fig. 4. According to the results, there is little
difference between the results of the algorithms in the initial stage, but with the number
of iterations increasing, D3QN obtains a larger QoS value than DQN, dueling DQN
and double DQN. For the convergence of the algorithms, DQN converges at the
55000™, and double DQN converges at around the 48000"™. Dueling DQN and D3QN
converge at around the 45000 and 46000™, respectively, which indicates that D3QN
has the advantage of faster convergence speed of dueling DQN. Compared with other
algorithms, D3QN not only has the advantage of faster convergence, but also can get
better solutions. The reason is that the dueling architecture enables to boost the con-
vergence of the algorithm faster, the double estimator can overcome the shortcomings
of overestimation and the prioritized replay mechanism can improve the learning speed
of the sample to promote faster learning of the algorithm.

—— D3QN
—— Double DQN i [ O Y
—— Dueling DQN f A

k T T T T T T T
0 10000 20000 30000 40000 50000 60000 70000 80000
Epoch

Fig. 4. Training curves for D3QN, DQN, dueling DQN and double DQN

(3) Influence of Strategies

To verify that our proposed algorithm is suitable for dynamic environments, we sim-
ulate a dynamic environment by randomly disabling the percentage of services. And to
get the best performance of the algorithm, we study the influence of different strategies
on the algorithm, i.e. D3QN (without reward, the e-greedy policy and heuristic strat-
egy), NS-D3QN (D3QN without the e-greedy policy), Multi-D3QN (D3QN with
reward, the e-greedy policy and heuristic strategy). In particular, D3QN with reward
means that the reward is equal to the QoS value of the selected service, after an action
is executed. While D3QN without reward, it means that the reward is equal to zero.
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These strategies start to change when the service is disabled. The detailed process is as
follows: When the algorithm reaches a stable state, randomly disable 10% of the
services at a certain episode, the episode is applied to the algorithm at 60000™ episode,
in this paper.

0.2 D3QN
—— NS-D3QN
—— Mutli-D3QN

0 20000 40000 60000 80000 100000
Epoch

Fig. 5. The influence of different strategies

Figure 5 shows the experimental result. According to the results, the Multi-D3QN has
the best results in this experiment. Similarly, NS-D3QN and D3QN provide the second
and the worst results, respectively. Careful observation reveals that when the services
are unavailable, the QoS values of the optimal solution are reduced. However, at
80000“‘, the Multi-D3QN and NS-D3QN return to a stable state, while this does not
happen to the D3QN. This proves that unavailable services are shielded by the heuristic
strategies in the Multi-D3QN and NS-D3QN, so that there are no unavailable services
in the service compositions, thereby improving the QoS values. It can be observed that
Multi-D3QN obtains a higher QoS value than NS-D3QN after 60000™, because the
algorithm has a chance to jump out of the local optimal through the policy. In terms of
reward, the algorithms with reward can find a higher solution than the algorithm
without reward, the reason is that DRL can effectively adjust the parameters according
to the real reward value. Through experiments, it can be concluded that Multi-D3QN
with multiple strategies is better in terms of performance.

(4) Adaptability and Robustness

To verify the adaptability and robustness of the proposed algorithm, the Multi-D3QN is
compared with other algorithms. In this experiment, the experiment setting is the same
as 3. Figure 6 shows the experimental result of the Multi-D3QN, double DQN, DQN
and dueling DQN, respectively. It can be observed that the DQN has the best QoS
values when the environment is static (before 60000™" episode). Multi-D3QN, double
DQN, and dueling DQN get the second, third, and the worst QoS values, respectively.
However, when the services are unavailable (between 60000™ episode and 80000
episode). The Multi-D3QN has higher QoS values than other algorithms, this is
because the reward strategy and the e-greedy policy in the Multi-D3QN enable the
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algorithm to find a better solution. The dueling DQN gets the worst QoS values during
the whole process, which indicates that the dueling DQN has an overestimation
problem. While, the double DQN obtains the second QoS values, due to the double
estimator can overcome the overestimation problem. The QoS values of DQN reduces
the most, which shows that the DQN is very unstable when the environment change.
After a period of time, the Multi-D3QN returns to a stable state, while the other three
algorithms do not have this change. The reason is that Multi-D3QN triggers the
heuristic strategy, which shielding the unavailable services in the service chains.
Furthermore, it can be observed from Fig. 6 that the range of fluctuations for Multi-
D3QN is also smaller than that for double DQN, DQN and dueling DQN, which proves
that our method is robust.

—— Mutli-D3QN ‘ J
—— Double DQN

—— DQN

—— Dueling DQN

0.2 1

0 20000 40000 60000 80000 100000 120000
Epoch

Fig. 6. Adaptability for Multi-D3QN, double DQN, DQN and dueling DQN

6 Conclusions

In this paper, we proposed the Multi-D3QN method by combining the basic DQN
algorithm, the dueling architecture, the double estimator and the prioritized replay
mechanism. Most importantly, some strategies, i.e. a heuristic strategy, instant reward
and the e-greedy policy, are added to our method to improve the performance of the
algorithm. Specifically, the heuristic strategy can shield some unavailable services, and
overcome the shortcomings of the algorithm that cannot be restored to a stable state due
to the improper design of hyper-parameters and rewards. Instant reward allows DRL to
effectively adjust parameters according to the real reward value, and the e-greedy
policy allows the algorithm to have a chance to jump out of the local optimum. The
experiment shows that our proposed method not only has the advantage of strong
adaptability in the dynamic environment, but also can find a better solution than other
deep reinforcement learning such as DQN, dueling DQN and double DQN.
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