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ABSTRACT In recent years, with the rapid development of mobile communication, D2D (Device-to-Device,
D2D) cooperative communication network has become the main component of future communication net-
work, which greatly improves the spectrum efficiency of the network and the quality of user communication.
However, the existing D2D network resource allocation schemes have some problems, such as weak dynamic
resource allocation capability and low user communication quality. In view of this challenge, this paper
proposes a resource allocation algorithm for D2D cooperative communication networks based on improved
Monte Carlo tree search. First, a double-chain deep deciduous Monte Carlo tree search (Dcdd-MCTS)
resource allocation model is established, Then, the loss function composed of deciduous MCTS and parallel
convolution network is used to update the parameters of the deep neural network model of Dcdd-MCTS.
Then, the theory of optimal classification is used to solve the user’s transmit power. Finally, the optimal
scheme of dynamic output resource allocation is output. The simulation results show that Dcdd-MCTS has
good convergence. In the research on the distance between devices, compared with single-chain deep MCTS
and joint optimization algorithm, the proposed algorithm in this paper increases the system throughput by
5%, 2%, respectively, and reduces the outage probability by 33%,18%.

INDEX TERMS D2D cooperative communication network, Monte Carlo tree search, double chain parallel
neural network, resource allocation, interference management.

I. INTRODUCTION
With the rapid development of mobile communication, peo-
ple have entered an information-based intelligent society, and
communication network has become an in-dispensable part of
human social life [1]. In recent years, with the rapid develop-
ment from 1G to 5G, mobile communication has undergone
tremendous changes. A large number of intelligent machine
communication terminals and personal intelligent communi-
cation devices have emerged [2]. The demand for efficient
and reliable transmission of application data between devices
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has sharply increased. At the same time, the business types of
mobile communication networks based on direct connection
of devices are more diversified, involving smart farming [3],
smart grid [4], smart transportation [5], smart city [6], [7] and
many other fields.

According to statistics, the number of global smartphone
users will reach 10 billion by 2025, and it is expected to
exceed 12 billion by 2030. Other intelligent terminals such as
tablet computers and mobile robots will reach about 3 billion
by 2025 and 5 billion by 2030 [8]. The machine-to-machine
(M2M) equipment is expected to exceed 20 billion in
2025 and reach about 90 billion by 2030. The accompanying
mobile communication traffic and M2M traffic will explode
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exponentially. By 2025, the generated video traffic will be
20 times the amount of video traffic, and 60 times the amount
of video traffic by 2030. The proportion of M2M traffic will
expand from 7% to 30% [9], [10].

However, the spectrum resources that the traditional cel-
lular communication network can provide for data commu-
nication are very limited. It can not afford the access of
massive mobile devices in the future, let alone meet the
exponential growth of data transmission demand in the future
[11]. In addition, the current battery capacity cannot meet the
energy supply of future communications [12], [13]. There-
fore, how to solve the contradiction between the growing
demand for network data transmission and the shortage of
wireless spectrum resources and power consumption has
become the focus of current research.

In the face of these challenges, the International Commu-
nications Development Research Institute has carried out a
series of standardization work to improve the utilization of
spectrum resources and user communication quality in cellu-
lar communication networks, such as building heterogeneous
networks [14]. However, the con-struction of base stations
will generate a lot of resource consumption. Communication
operators are more inclined to the continuous optimization of
the system. D2D coop-erative communication technology has
become an important part of mobile development [15]. In the
traditional cellular communication network, the data trans-
mission between users must pass through the base station in
the whole process, and cannot be carried out point-to-point
communication. The specific communication process is as
follows: first, the transmitting user sends the data to the
base station, that is, the uplink, and then the base station
sends the data to the receiving user, that is, the downlink.
Although the user improves the ability of the base station
to manage the spectrum re-sources through this data infor-
mation transmission mode, at the same time, it also brings
many problems, such as low utilization of the cell spectrum
resources, high energy consumption, and heavy burden on the
communication network.

D2D communication is a technology that directly transmits
data between two users in a short distance without the con-
trol of the base station. The combination of this technology
and traditional cellular network will reduce the pressure of
the base station to process data, improve the utilization of
wireless spectrum resources, and improve the total through-
put in the communication system and the communication
quality of users. Adding D2D communication and D2D relay
communication technology to the traditional cellular network
will greatly improve the communication capability of the
traditional cellular network. It is of great social significance
to study D2D cooperative communication [16]. It is widely
used in smart city construction, smart community construc-
tion, smart transportation development, energy sustainable
development and many other fields [17], [18]. On the one
hand, it can communicate directly without passing through
the base station, which greatly alleviates the demand pressure
of current communication spectrum resources and meets the

development needs of 5G and future mobile communication.
On the other hand, the existence of D2D relay communication
in the D2D cooperative network fills the technical defects of
the traditional communication network that the communica-
tion channel conditions are poor and unable to communicate
due to various factors such as communication construction
and bad environment. However, due to the existence of spec-
trum resource reuse in the network, it has greatly increased
the difficulty of interference management in the net-work
within the system. The problem of interference management
in D2D cooperative network has become a technical bot-
tleneck in the development of communication field, and it
has attracted the attention of relevant domestic institutions,
experts and scholars [19].

A. RELATED WORKS
In recent years, many experts in the field of communication
have carried out technical research on interference manage-
ment in D2D cooperative networks, which can be divided
into four directions. Through game theory, matching theory,
convex optimization and machine learning.

Article [20] proposes a two-step auction D2D coopera-
tive network resource allocation scheme based on sealed
bidding. First, the cellular user broadcast identifies the user
group, then estimates and prices based on the throughput
data and interference near the base station, and finally con-
ducts an auction game. This method greatly improves the
network throughput. Article [21] proposes a game theory
method, which uses Nash equilibrium bargaining mecha-
nism to model multi-hop routing, and then determines the
participants of information sharing and transmission relay,
reducing the energy consumption in the system. Article [22]
proposes a reverse auction game D2D cooperative network
resource management scheme from relay node to destina-
tion node, which realizes user power control and greatly
improves the energy efficiency of the system. Article [23]
proposes a relay-assisted D2D network interference man-
agement method based on game theory. In the method, the
optimization problem is first transformed into a non-convex
nonlinear programming problem, and then the user trans-
mission rate selection and power control are realized using
the idea of dynamic game. The simulation results show that
the scheme reduces the transmission energy consumption of
relay-assisted D2D links and cellular links. In [24], starting
from the user transmission time scale, based on the instan-
taneous channel information transmitted, a matching game
scheme is proposed and the optimal threshold strategy is
determined. The simulation results show that the algorithm
has good convergence and robustness. Article [25] proposes
an incentive based Stackelberg game D2D cooperative net-
work resource allocation scheme, and discusses relay selec-
tion and power allocation in single-source and multi-relay
D2D networks. In the case of incomplete relay channel infor-
mation, the interference management capability of the system
is greatly improved. Article [26] proposes a communication
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network resource allocation algorithm based on hybrid rout-
ing game in multi-hop D2D network, which uses adaptive
amplification and forwarding factor to achieve relay selection
and resource allocation, maximizing the spectrum efficiency
and capacity efficiency of the system.

Article [27] proposes an interference coordination scheme
for D2D cooperative network based on three-part three-
dimensional matching. First, the priority of cellular users
and D2D users is determined, and then the interference sig-
nal is adaptively received and detected. Finally, the user’s
closed optimal power matching expression is derived in the
interference and noise limited scenario. The proposed algo-
rithm improves the security ability of the system. Article
[28] proposes a graph coloring D2D cooperative network
resource allocation scheme, which uses the weighted pri-
ority of spectrum resources in the system to realize multi-
ple D2D users multiplexing a single cellular user resource.
This algorithm reduces channel interference in the system.
Article [29] proposes a D2D dual-relay network resource
allocation scheme based on energy collection. The proposed
algorithm achieves the optimal matching of resources in the
system, the optimal allocation of user power, and improves
the transmission rate and energy efficiency of the D2D link
in the system. Article [30] proposes a resource allocation
scheme for downstream D2D cooperative network based on
quantum coral reef optimization algorithm. The use of idle
users as relays to assist D2D link communication greatly
improves the interference coordination capability of the sys-
tem. This paper [31] proposes a resource matching algorithm
for two-way relay D2D network based on improved parti-
cle swarm optimization, establishes a two-way relay-assisted
D2D communication model, and maximizes the transmis-
sion rate and energy efficiency of the two-way relay D2D
link in the system. Article [32] proposes a stable matching
D2D network optimization algorithm. First, the interference
minimization clustering model based on physical proximity
and social attributes is established, and then the user com-
munication ability based on social and physical proximity
is evaluated under this model. The stable matching theory
algorithm is optimally used to achieve one-to-one resource
allocation and maximize the transmission rate of the system.
In [33], considering the asymmetry of energy consumption
and spectrum re-sources of D2D users and cellular users in
traditional communication networks, a D2D communication
resource allocation scheme based on maximum weighted
bipartite matching is proposed, which improves the overall
throughput and energy efficiency of full-duplex D2D com-
munication systems. Article [34] proposes a one-to-one stable
matching resource allocation scheme for D2D cooperative
network, uses nonlinear energy collection model to model
energy, and carries out optimal relay selection and optimal
power allocation under the premise of ensuring the quality of
service of users in the system. The proposed algorithm effec-
tively improves the throughput and energy efficiency of D2D
links. Article [35] Aiming at the resource allocation problem

in the downlink full-duplex cooperative cellular communica-
tion of D2D communication, a bilateral stable many-to-one
channel matching algorithm based on Pareto improvement
is proposed, which greatly improves the spectral efficiency
of the system. Literature [36] proposes an energy-saving
resource allocation scheme for joint uplink/downlink D2D.
This scheme considers the many-to-one matching standard of
channel reuse between users, and conducts according to the
service quality satisfaction of cellular users. The optimized
performance measurement improves the energy efficiency of
the system. Literature [37] proposed a centralized channel
allocation algorithm based on the well-known bilateral pref-
erence Gale-Shapley algorithm, using suboptimal distributed
power control to optimize the uplink and downlink commu-
nication links, reducing system cost and improving system
throughput.

Article [38] proposes an alternate iterative algorithm based
on block alternate de-scent and continuous convex approxi-
mation for the safe transmission of the D2D UAV relay net-
work, which optimizes the UAV trajectory and transmission
power. The algorithm has good convergence and improves the
security rate of the system. Article [39] proposes a convex
optimization scheme of D2D cooperative UAV communica-
tion network based on energy collection. The non-convex
problem of the combination of radio resource allocation and
flight altitude is converted into a convex optimization prob-
lem by using variable relaxation and variable replacement
methods, and then the optimal solution of resource alloca-
tion is derived by using Lagrange duality theory. The sim-
ulation results show that the algorithm is effective. Article
[40] uses the fractional programming theory to transform
the energy consumption problem in the D2D cooperative
network into a standard convex optimization problem, and
uses the iterative algorithm to find the optimal solution. The
proposed algorithm greatly improves the energy efficiency of
the system. In [41], a robust D2D communication resource
al-location scheme based on convex optimization is proposed.
The problem is converted into a convex optimization problem
by using the worst case limit and chance constraint method.
Then, the closed expression of power and channel allocation
is derived by using the Lagrange dual method. The iterative
algorithm based on distributed sub-gradient is optimally used
to achieve the optimal robust resource allocation. Article [42]
proposes a joint optimization relay selection and resource
allocation algorithm based on convex optimization. First, the
joint optimization problem is transformed into a convex opti-
mization problem by using convex optimization technology,
and then the system resource allocation is carried out by
using Lagrange method, which greatly im-proves the energy
efficiency and network capacity of the system.

Literature [43] applies the combined multi-arm bandit
form in machine learning theory to D2D communication
network, and dynamically adaptive relay selection, and at
the same time realizes the resource allocation of D2D coop-
erative network under unknown channel state information.
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Article [44] proposes a D2D communication interference
management method based on reinforcement learning, which
optimizes channel allocation and relay selection, and greatly
improves the network capacity of the system. Article [45]
proposes a resource allocation scheme for D2D energy col-
lection network based on non-orthogonal multi-access tech-
nology. Kuhn – Munkres algorithm is used to complete
channel allocation and relay selection in the system, and
then reinforcement learning is used to perform offline power
allocation for D2D users. Finally, neural network learning is
used to obtain the optimal power allocation model, which
reduces the outage probability of users in the system. Arti-
cle [46] A D2D collaborative network resource sub-scheme
based on the deep learning framework greatly improves the
throughput of the system through the learning and train-
ing of the deep neural network. Article [47] proposes an
emotion-driven online learning relay selection and channel
allocation algorithm, which realizes the relay selection and
channel selection of the system by continuously learning
the user’s real-time transmission rate and the change trend
of transmission speed. This algorithm greatly improves the
total transmission rate of the system. Literature [48] pro-
posed an IoT resource allocation optimization scheme using
federated learning to develop efficient integration of joint
edge intelligent nodes, effectively optimize the computing
frequency allocation, and reduce the energy consumption of
IoT devices. Literature [49] proposed a new dual-depth Q
network communication network resource intelligent man-
agement scheme, which reduces the power consumption and
communication delay of devices in the system. Literature
[50] proposed a multi-agent D2D communication resource
allocation algorithm based on Advantage Actor Critic (A2C),
which dynamically and adaptively outputs the optimal chan-
nel allocation scheme, which improves the throughput of
the system. Literature [51] proposed a deep reinforcement
learning communication resource optimization scheme for
refined generative adversarial networks, which improves the
reliability of the system and reduces the delay of the system.

B. MOTIVATION AND CONTRIBUTIONS
To sum up, these four types of technologies improve the
performance of D2D collaborative systems to a certain extent.
Inspired by the above-mentioned literature, this paper intro-
duces a new joint optimization resource allocation scheme
based on deep reinforcement learning for D2D collaborative
networks, which solves the key gap in resource allocation in
existing D2D collaborative networks, and in terms of system
transmission rate and user outage probability provides signif-
icant improvements, and to the best of our knowledge this is
the first study combining MCTS with parallel deep residual
networks and successfully applying it in a D2D collaborative
network. Overall, the research work in this paper represents a
significant contribution to the field of D2D communication
and provides important insights for future communication
research in this field.

The main contributions and the structure of this paper are
as follows:

1) Aiming at the problem that the influence of channel
selection of cellular users on system performance is ignored
in the traditional D2D communication research, this paper
studies the influence of channel selection of cellular users on
system performance.

2) The four aspects of resource allocation in D2D coopera-
tive network are modeled asMDP (Markov Decision Process,
MDP), and the resource allocation model of double-chain
deep deciduous Monte Carlo tree is proposed, as well as
the solution of user transmission power using optimization
theory.

3) The composition of double-chain neural network, the
mechanism of deciduous MCTS and the updating process of
deep neural network are described in detail.

4) The system simulation experiment proves the reliability
and effectiveness of the algorithm proposed in this paper. The
comparisonwith similar algorithms shows that in the research
on the distance between devices, the algorithm proposed in
this paper is compared with single-chain deep MCTS and
joint optimization algorithm [52], the proposed algorithm
in this paper increases the system throughput by 5%, 2%,
respectively, and reduces the outage probability by 33%,18%.

The second part introduces the D2D cooperative commu-
nication system. In the third part, the resource allocation
algorithm of double-chain deep defoliation MCTS and the
solution of user transmit power are introduced in detail.
The fourth part carries out the convergence experiment of the
algorithm, as well as the comparative experiment of similar
algorithms and the analysis of experimental results. The fifth
part summarizes the full text and introduces the future work
plan.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. SYSTEM MODEL
This paper studies the resource reuse scenario of the cellular
D2D uplink communication link. As shown in Figure 1,
a single-cell D2D cooperative communication network sys-
tem model is established. The system includes 1 base station,
M cellular users (CUE), N D2D user pairs (DUE) (each
pair of D2D users includes a D2D transmitter and a D2D
receiver), and Q relay equipment (RUE). The CUE set C =

{c1, . . . cm, . . . , cM }, DUE set D = {d1, . . . , dn, . . . , dN },
RUE set, channel number set Q =

{
r1, . . . , rl, . . . , rQ

}
.

CUE, DUE, RUE and BS are all configured with a single
antenna. It is assumed that the channels of all links obey
the Rayleigh distribution. Wherein, the base station allocates
independent orthogonal channel resources for each cellular
user. In this system, D2D users communicate by multiplexing
the channel resources of cellular users. Each D2D user can
occupy at most one channel resource.

The interference existing in the above system mainly
includes: in D2D direct transmission mode, interference from
cellular users to D2D receiver; interference from D2D trans-
mitter to base station; interference from cellular users to relay
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in D2D relay transmission mode; interference from D2D to
base station and so on.

FIGURE 1. D2D cooperative communication network system model
[52], [53].

B. PROBLEM FORMULATION
It can be seen from Figure 1 that there are three user commu-
nication modes in the D2D collaborative network, the cellu-
lar user direct communication mode; the D2D multiplexing
cellular user channel resource direct transmission mode; and
the D2D relay forwarding communication mode. Wherein,
the D2D relay forwarding communication method includes
two stages. In the first stage, the D2D sender multiplexes the
CUE channel resources to send to the relay, and in the second
stage, the RUE multiplexes the same channel resources to
send to theD2D receiver. Since cellular direct communication
and D2D direct communication do not have the problem of
multiplexing interference, this paper focuses on the latter two
communication methods.

1)When cellular user m occupies channel resource k alone,
the SINR and transmission rate of CUE can be expressed as:

γ k(0)cm =
pkcm

∣∣hkcm ∣∣2
σ 2 (1)

V 0
cm,k = Blog2

(
1 + γ k(0)cm

)
(2)

Pkcm represents the transmission power of the m-th CUE on
channel k; hkcm Indicates the channel status of the m-th CUE
and BS on channel k; σ 2 Indicates the power of Gaussian
noise; B Indicates channel bandwidth.
2) When cellular user m and D2D user n share channel k,

the SINR and transmission rate of CUE user and DUE user
can be expressed as:

γ
k(d)
Cm =

pkcm
∣∣hkcm ∣∣2

σ 2 + pkdn

∣∣∣hkdn,b∣∣∣2 (3)

V d
cm,k = B log2

(
1 + γ k(d)

cm

)
(4)

pkdn indicates the transmission power of the n-th D2D trans-
mitter on channel k; hkdn,b Indicates the channel status of the
n-th D2D and BS on channel k.

γ
k(d)
dn,dn =

pkdn

∣∣∣hkdn ∣∣∣2
σ 2 + pkcm

∣∣∣hkcm,dn

∣∣∣2 (5)

V d
dn,k = Blog2

(
1 + γ

k(d)
dn,dn

)
(6)

hkdn indicates the channel status between the n-th D2D
transmitter and receiver; hkcm,dn indicates the channel status
of the m-th CUE and n-th D2D receiver on channel k.

3) When D2D user n shares the channel with cellular user
m in relay mode: In the first stage, on channel k, the SINR
received by CUE and RUE can be expressed as:

γ k(l1)cm =
pkcm

∣∣hkcm ∣∣2
σ 2 + pkdn

∣∣∣hkdn,b∣∣∣2 (7)

γ
k(c)
dn→rl1

=

pkdn

∣∣∣hkdn,rl1 ∣∣∣2
σ 2 + pkcm

∣∣hkcm,rl1

∣∣2 (8)

hkdn,rl1 indicates the channel status of the n-th D2D trans-
mitter and the 1st relay on channel k; hkcm,rl1 indicates the
channel status of the m-th CUE and relay l on channel k.

Similarly, in the second stage of transmission, the signal-
to-interference ratio of the CUE and the signal-to-noise ratio
forwarded by the RUE can be expressed as:

Similarly, in the second phase of transmission, the signal-
to-interference ratio of CUE user m received by the base sta-
tion and the signal-to-noise ratio of RUE forwarding received
by the D2D receiver can be expressed as:

γ k(l2)cm =

pkcm

∣∣∣hkcm,b

∣∣∣2
σ 2 + pkrl2

∣∣∣hkrl2,b∣∣∣2 (9)

γ
k(c)
rl2→dn =

pkrl2

∣∣∣hkrl2,dn ∣∣∣2
σ 2 + pkcm

∣∣∣hkcm,dn

∣∣∣2 (10)

hkrl2,b indicates the channel status of relay l and BS on
channel k; Pkrl2 indicates the transmission power of the first
relay on channel k; hkrl2,dn indicates the channel state on chan-
nel k from relay l to the n-th D2D receiver; hkcm,dn indicates
the channel status of the m-th CUE to n-th D2D receiver on
channel k.

The transmission rate of CUE and DUE users in the relay
forwarding mode can be expressed as:

V r
cm,k =

B
2
log

(
1 + γ k(l1)cm

)
+
B
2
log

(
1 + γ k(l2)cm

)
(11)

V =

K∑
k=1

R∑
l=1

N∑
n=1

M∑
m=1
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X1 =

(
1 − bkdn

)
V 0
cm,k

X2 = bkdn

[(
1 − ekrl

)
V d
cm,k + ekrlV

r
cm,k

]
X3 = bkdn

[(
1 − ekrl

)
V d
dn,k + ekrlV

r
dn,k

]
(12)(

1 − bkdn

)
V 0
cm,k indicates the exclusive channel of CUE;

bkdn

[(
1 − ekrl

)
V d
cm,k + ekrlV

r
cm,k

]
indicates that CUE and DUE

share the channel;
(
1 − ekrl

)
V d
dn,k indicates the DUE direct

transmission scenario; ekrlV
r
dn,k indicates the RUE forwarding

scenario.
To sum up, the problem expression of the maximum net-

work capacity of the system and related constraints can be
expressed as:

max
s1,s2,s3,P

V (13)

s.t. C1 :

K∑
k=1

smk ≤ 1, ∀m;

M∑
m=1

smk ≤ 1, ∀k (14)

C2 :

K∑
k=1

snk ≤ 1, ∀d;

N∑
n=1

bnk ≤ 1, ∀k (15)

C3 :

K∑
k=1

slk ≤ 1, ∀l;
R∑
l=1

slk ≤ 1, ∀k (16)

C4 : γ k(0)cm,b
, γ k(d)

cm,b
, γ k(l1)cm,b

, γ k(l2)cm,b
≥, γminc (17)

C5 : γ
k(d)
dn,dn , γ

k(c)
dn→rl , γ

k(c)
rl→dn ≥, γmindn (18)

C6 : 0 ≤ pcm ≤ pmaxcm , 0 ≤ pdn ≤ pmaxdn ,

0 ≤ prl ≤ pmaxrl (19)

s1 indicates the channel allocation vector of CUE s1 =[
smk
]
k∈K ,m∈C , smk ∈ {0, 1}, smk = 1 indicates that the m-th

CUE occupies channel k, otherwise smk = 0; s2 indicates the
channel allocation vector of DUE s2 =

[
snk
]
k∈K ,n∈D , snk ∈

{0, 1} , snk = 1 indicates that the nth DUE occupies channel k,
otherwise sdk = 0; s3 indicates the channel allocation vector
of RUE s3 =

[
slk
]
k∈K ,l∈R , slk ∈ {0, 1} , slk = 1 indicates

that the first RUE is transmitted on channel k, otherwise,
slk = 0; P = {Pc,Pd ,Pl} indicates the power distribution
vector; The power vector of CUE is: Pc =

[
Pc1 , . . . ,PcM

]
,

Pcm =
[
Pkcm

]
k∈K indicates CUE user cm power vector

on different channels; DUE user’s power vector is: Pd =[
Pd1 , . . . ,PdN

]
,Pdn =

[
Pkdn

]
k∈K

indicates DUE user dn,
power vectors on different channels; The power distribution
vector of RUE is Pl =

[
Pl1 , . . . ,PlR

]
,Plr =

[
Pklr

]
k∈K

indicates RUE user lr Power vector on each subchannel; C1
indicates that a CUE can only occupy one channel and there
is at most one CUE on one channel;C2 indicates that one
DUE can only occupy one channel and there is at most one
DUE on one channel; C3 indicates that one RUE can only
occupy one channel and there is at most one RUE on one
channel. C4,C5, It means that CUE and DUE meet the min-
imum signal-to-noise ratio limit γmin

c and γmindn respectively.

Pmaxcm ,Pmaxdn ,Pmaxlr represent the maximum transmit power of
CUE, DUE and RUE respectively.

III. D2D COLLABORATIVE NETWORK RESOURCE
ALLOCATION ALGORITHM
A. PROBLEM TRANSFORMATION - MARKOV DECISION
PROCESS
In this paper, the problems of user communication mode
selection, channel allocation and relay selection in each time
slot are modeled as finite MDP quads {S,A,T ,R}. User’s
channel status S =

[
s1, s2, s3

]
, The CUE channel status

is recorded as s1 =

[
x1k,i
]
k∈K ,i∈M

, DUE channel status is

marked as s2 =

[
x2k,i
]
k∈K ,i∈N

, RUE channel status is marked

as s3 =

[
x3k,i
]
k∈K ,i∈R

, x1k,i = 1 indicates that the i-th cellular

user is selected for allocation to the kth channel; x2k,i =

1 indicates that the i-th D2D user is selected to be assigned
to the k-th channel; x3k,i = 1 indicates that the i-th relay has
been selected and he participates in D2D cooperation on the
k-th channel, x3k,i = 0 indicates that although the i-th relay
has been selected, it does not participate in D2D cooperation
on the k-th channel. The composition and transition process
of state s are shown in Figure 2.

FIGURE 2. Status S composition and conversion process.

In t ∈ [0,T ], System based on policy π (at , st),
that is, the prior probability of the system Pr (st+1 |st ),
execute actions, at ∈ A, get reward and punishment
value r (st , at). Then enter the next state. Loop down
to get multiple states and action tracks in the system
E (st) = {st , at , . . . , sN+M+R−1, aN+M+R−1, sN+M+R−1},
In addition, we can also get the expected reward Q (s, a) of
starting from the state and taking action a.

Q (s, a) = E

{
N+M+R∑

τ=t

rt |st = s, at = a

}
(20)
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B. RESOURCE ALLOCATION MODEL OF DOUBLE-CHAIN
DEEP DECIDUOUS MONTE CARLO TREE
The resource allocation model of double-chain deep decidu-
ous Monte Carlo tree under D2D cooperative network mainly
includes double-chain deep residual network and deciduous
MCTS module. The D2D collaboration network resource
allocation diagram is shown in Figure 3.

FIGURE 3. D2D collaboration network resource allocation diagram.

1) DOUBLE CHAIN DEPTH RESIDUAL MODULE
The deep residual network is expressed as (Pr , ν) =

fθ
(
st , H̃

)
, Take the current resource allocation status matrix

st and the channel gain H̃ of the corresponding timeslot
as input, The elements of H̃ can be converted into dB by
converting the unit of each channel gain, and then normalize
them to make each element become the value of zero mean
and unit variance.

According to the form of formula (4) in [54], the channel
gain between any two users (user i and user j) can be obtained.
The calculation formula of H̃ can be expressed as:

hki,j =

log10
(
hki,j
)

− E
[
log10

(
hki,j
)]

√
E
[(
log10

(
hki,j
)

− E
[
log10

(
hki,j
)])2] (21)

The dual-chain deep residual network adopts a three-layer
structure and is composed of a parallel dual-chain neural net-
work structure. The model includes input, feature extraction
module, feature blending module and output. Among them,
LA,LB in the feature extraction module represents two paral-
lel residual networks, and G represents the feature blending
module. The output layer is divided into two full-connection
layer branches, followed by a softmax and a tanh, respec-
tively, to output the prior probability vector and state-action
value of the action.

The specific operation of the module is shown in Figure 4.
The input of the model is set to x_ Input, first complete

the first feature extraction through a convolution layer, and
the output is y0. Then enter the feature extraction module,
which is used as the input of two parallel networks, and carry
out a series of convolution, batch normalization and other
processes respectively to obtain the output yAn , y

B
n . The two

feature data are combined to get yCn . The output is the action
probability vector Pr and the state-action value ν, ν is the
evaluation scalar to estimate the probability of the system
winning from the state st , and Pr represents the probability
of selecting each action from st .

FIGURE 4. Double-chain deep residual network.

2) DECIDUOUS MCTS MODULE
The traditional MCTS module uses the action probability
Pr and state-action value ν output by the deep residual
network to evaluate and select the action, and generates
self-game data through simulation to train the subsequent
deep residual network. Considering the multi-thread situa-
tion of MCTS, this paper adds the defoliation mechanism
in the traditional MCTS module to improve the system per-
formance. The basic idea is that deciduous MCTS adds the
judgment and execution module of defoliation mechanism to
the original MCTS module to determine whether the current
search tree needs defoliation and execute defoliation when
needed.

According to the above improved MCTS idea, the specific
steps of deciduous MCTS are as follows:

(1) Determine the upper and lower bounds of the leaves.
The total number of threads is the upper bound and marked
as Node_upbound; The lower bound of memory is marked as
Node_downbound

(2) According to the fact that each thread inherits the same
Monte Carlo search tree from the beginning to the end, record
the total number of nodes in theMonte Carlo search tree since
the game of each model, and record it as tree_total_count.

(3) This step is divided into external loop judgment and
internal loop judgment.
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External loop judgment to determine the current tree_
total_ is count greater than Node_upbound. If so, execute
the defoliation process, and then continue the self-game; If
no, do not execute the defoliation, and directly continue the
self-game.

Internal loop judgment: 1) Set the access threshold of the
node and record it as Node_Limit, and use it as the thresh-
old value to determine whether a node is defoliated. In the
initial model, Node_The limit starts from 0 and increases by
1 each iteration. 2) Set the total number of sub-node accesses
obtained by traversing the entire Monte Carlo search tree
from the root node, and record it as Node_cur. 3) If Node_
Limit is less than Node_Cur, the node is retained. On the
contrary, the node is culled and the node in the parent node of
the node is removed_The cur value subtracts 1 from itself to
determine whether the parent node at this time is a leaf node
and update its leaf node label. 4) Delete the deciduous nodes
that need to be removed from the data structure storing the
entire tree and continue to traverse until all nodes have been
traversed.

(4) Judge whether the total number of nodes on
the current search tree (tree_total_count) is less than
(Node_downbound). If so, it will end falling leaves. If not,
increase the node access threshold in the search by 1, and
then continue with step (2) (3).

FIGURE 5. Working process of double-chain deep defoliation MCTS.

3) WORKING PROCESS OF DOUBLE-CHAIN DEEP
DEFOLIATION MCTS
First, configure the initial parameters of the deep residual
network θ0. In each subsequent iteration i ≥ 1, in each state
st , the MCTS tree searches for the action probability Prt that
uses the output of the previous iteration of the deep residual
network πt = αθi−1 (st), and selects an action by using the
MTCS value function Prt until step t = M+N+R is reached
or all devices (including CUE, DUE, RUE) are arranged
on the channel, and stops the tree search. In particular, for

the search tree based on the deep residual network fθi , the
MCTS tree search value function aθi is constantly updated to
predict the winner of the simulated self-game. The best value
function aθi so far is generated into the self-game data in the
format

(
H̃ , s, π,Q

)
, which is used to train the following deep

residual network.
As shown in Figure 5, in each state st , an MCTS tree aθ is

executed, and the action search is guided by the latest depth
residual network fθ . The action is selected according to the
search strategy probability at ∼ πt calculated by MCTS.
Start from the root state s0, then select an action at ∼ π (st)
from the strategy of deep residual network prediction, and
update the state st+1 = T (st , at) until the complete tree is
reached.

4) TRAINING AND IMPLEMENTATION OF DOUBLE-CHAIN
DEEP DECIDUOUS MONTE CARLO TREE RESOURCE
ALLOCATION MODEL
First, randomly initialize the weight of depth residuals θ0.
Then, the parameters of the residual network are updated in
the form of self-supervised learning, so that the action prob-
ability and state-action value (Pr , v) = fθ

(
s, H̃

)
match the

action strategy obtained from MCTS more closely. Specifi-
cally, it is to adjust the parameters of the residual network to
minimize the gap between the predicted state-action value v
and the stored data Q∗, and maximize the similarity between
the output action probability Pr of the deep residual network
and the MTCS strategy probability π . Parameter θ is updated
by gradient descent of loss function composed ofmean square
error part and cross entropy part:

L = −πT logPr +
(
ν − Q∗

)
+ 1 ∥θ∥

2
+ lossp (22)

Multiply the loss value of each layer by the constant coeffi-
cient µ, The loss function lossp of the whole parallel network
can be obtained.

lossp = µ
∑

i
lossi = µ

∑
i

(∣∣∣yAi − yBi
∣∣∣)2 (23)

Q∗ is the state-action value of the self-play winner obtained
from MCTS simulation, and 1 is the weight regulariza-
tion factor to prevent over-fitting. The size of the constant
coefficient µ will determine the coupling degree of the two
parallel branches. The smaller the coefficient µ, the lower
the coupling degree. The parameters of the depth residual
network can be obtained by minimizing the loss function.

The training data set of the residual network is stored

as
{
H̃ , s, π, v

}
. The pseudo-code of double-chain residual

network training is shown in Table 1.

5) POWER CONTROL
After using the MCTS method to obtain the binary variables
allocated by CUE, D2D and RUE channels, the original
objective function is converted into a linear function of the
continuous variable power P.
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TABLE 1. Pseudocode of double-chain deep residual network.

This section uses the power solution method in [54] to
obtain the optimal transmission power of D2D users, cellular
users and relay users in the D2D collaborative network as
follows:

1) When DUE adopts direct transmission mode, the objec-
tive function is simplified as follows:

f1 (Pc,Pd ) = max
{Pc,Pd }

K∑
k=1

M∑
m=1

N∑
n=1

(
V d
cm,k + V d

dn,k

)
(24)

Pmax
cm

∣∣hkcm ∣∣2
σ 2 + Pmax

dn

∣∣∣hkdn,b∣∣∣2 = γ̃ k(d)
cm (25)

Pmax
dn

∣∣∣hkdn ∣∣∣2
σ 2 + Pmax

cm

∣∣∣hkcm,dn

∣∣∣2 = γ̃
k(d)
dn (26)

γ̃ k(d)
cm ≥ γmin

c (27)

γ̃
k(d)
dn ≥ γmin

dn (28)

The optimal solution of the objective function:

f1
(
Pk

∗

cm ,Pk
∗

dn

)

= max(
pkcm ,pkdn

)



f1

Pmax
cm ,

(
Pmax
cm

∣∣∣hkcm,dn

∣∣∣2+σ 2
)

γmin
dn∣∣∣hkdn ∣∣∣2
 ,

f1
(
Pmax
cm ,Pmax

dn

)
,

f1


(
Pmax
dn

∣∣∣hkdn,b

∣∣∣2+σ 2
)

γmin
c∣∣hkcm ∣∣2 ,Pmax

dn




(29)

(
Pk

∗

cm ,Pk
∗

di

)
= argmax(

Pkcm ,Pkdi

) f1
(
Pk

∗

cm ,Pk
∗

di

)
(30)

When CUEmultiplexes channels with DUE users in relay-
ing mode, the objective function is simplified as follows:

f2 (P) = max
P

K∑
k=1

R∑
l=1

N∑
n=1

M∑
m=1

(
V r
cm + V c

dn,k
)

(31)

Power optimization is carried out in two stages. In the first
stage, the transmission power of CUE and DUE is optimized.
The objective of optimization is f 12 (Pc,Pd ): Take cm and
cooperation dn multiplexing channel k as an example, assum-
ing that there is an optimal solution in the definition domain
of Pkcm ,Pkdi . When Pkcm = Pmax

cm and Pkdi = Pmax
di .

Pmax
cm

∣∣hkcm ∣∣2
σ 2 + Pmax

dn

∣∣∣hkdn,b∣∣∣2 = γ̃ k(l1)cm (32)

Pmax
dn

∣∣∣hkdn,rl1 ∣∣∣2
σ 2 + Pmax

cm

∣∣hkcm,rl1

∣∣2 = γ̃
k(c)
dn→rl1

(33)

γ̃ k(1)cm ≥ γminc (34)

γ̃
k(c)
dn→rl ≥ γmindn (35)

The optimal solution of the objective function is:

f 12
(
Pk

∗

cm ,Pk
∗

dn

)

= max(
Pkcm ,Pkdn

)



f 12

Pmax
cm ,

(
Pmax
cm

∣∣∣hkcm,rl

∣∣∣2+σ 2
)

γmin
dn∣∣∣hkdn,rl

∣∣∣2
 ,

f 12
(
Pmax
cm ,Pmax

dn

)
,

f 12


(
Pmax
dn

∣∣∣hkdn,b

∣∣∣2+σ 2
)

γmin
c∣∣hkcm ∣∣2
 ,Pmax

dn


(36)

(
Pk

∗

cm ,Pk
∗

dn

)
= argmax(

Pkcm ,Pkdn

) f 12
(
Pk

∗

cm ,Pk
∗

dn

)
(37)

In the second stage, the transmission power of CUE
and RUE is optimized. The optimization objectives are
f 22 (Pc,Pr ). If channel k is multiplexed cm, rl with dn,
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if Pkcm = Pmax
cm and Pkrl = Pmax

rl :

Pmax
cm

∣∣hkcm ∣∣2
σ 2 + Pmax

rl

∣∣∣hkrl ,b∣∣∣2 = γ̃ k(2)cm (38)

Pmax
rl

∣∣∣hkrl ,dn ∣∣∣2
σ 2 + Pmax

cm

∣∣∣hkcm,dn

∣∣∣2 = γ̃
k(c)
rl→dn (39)

γ̃ k(2)cm ≥ γminc (40)

γ̃
k(c)
γl→dn ≥ γmindn (41)

The optimal solution of the objective function is:

f 22
(
Pk

∗

cm ,Pk
∗

rl

)

= max(
Pkcm ,Pkrl

)


f 22

Pmax
cm ,

(
Pmax
cm

∣∣∣hkcm,dn

∣∣∣2+σ 2
)

γmin
dn∣∣∣hkrl ,dn ∣∣∣2
 ,

f 22
(
Pmax
cm ,Pmax

rl

)
,

f 22

(
Pmax
rl

∣∣∣hkrl ,dn ∣∣∣2−γmin
rl

σ 2

γmin
dn

∣∣∣hkcm,dn

∣∣∣2 ,Pmax
rl

)


(42)

(
Pk

∗

cm ,Pk
∗

rl

)
= argmax(

Pkcm ,Pkrl

) f 22
(
Pk

∗

cm ,Pk
∗

rl

)
(43)

The process flow of D2D cooperative network channel
allocation and power control scheme is shown in the follow-
ing figure 6:

FIGURE 6. Flow chart of D2D communication resource allocation
algorithm based on double-chain-MCTS.

IV. SIMULATION RESULTS AND ANALYSIS
A. SIMULATION EXPERIMENT PARAMETER SETTING
The simulation environment in this article consists of a base
station, a cellular user, a D2D user, and a relay user. The
cellular user, a D2D user, and a relay user are randomly

distributed within the base station, with two cellular users,
two D2D users, and two relay users. The main parameters in
other simulation experiments are shown in Table 2.

TABLE 2. System simulation parameter.

B. ANALYSIS OF SIMULATION EXPERIMENT RESULTS
1) COMPUTATIONAL COMPLEXITY
Next, this section will introduce the algorithm time com-
plexity of MCTS, single-chain-based deep residual net-
work MCTS, and double-chain-based deep residual network
MCTS. The algorithmic complexity of MCTS is O(D ∗ |A| ∗

Cp ∗ Np). Among them, D: the depth of the search tree; A:
represents the action set of each state;Cp represents the search
parameters of theMCTS algorithm;Np represents the number
of visits to this node.

The algorithmic complexity of the single-chain deep resid-
ual networkMCTS is: the sum of the time complexities of the
MCTS and the single-chain deep residual network.

MCTS:

O
(
D ∗ |A| ∗ Cp ∗ NP

)
(44)

single-chain:

O
(
N{ep} ∗ k ∗ H ∗W ∗ C ∗ log2 c+ N{ResNet} ∗ T{ResNet}

)
(45)

Among them, N{ep} represents the number of training
rounds; k represents the size of the convolution kernel;H ,W ,
C represents the channel status of D2D users, relays, and cel-
lular users; log2 c Indicates the number of available channels;
N{ResNet} represents the time complexity of forward propa-
gation and back propagation of the ResNet network; TResNet
represents the number of layers of the ResNet network.
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The algorithmic complexity of the double-chain deep
residual network MCTS is: the sum of the time complexities
of MCTS and double -chain deep residual network.

MCTS:

O
(
D ∗ |A| ∗ Cp′ ∗ NP′

)
(46)

double -chain:

O
(
N{ep} ∗ k ∗ H ∗W ∗ C ∗ log2 c+ 2 ∗ N{DPN } ∗ T{DPN }

)
(47)

Among them, Cp′ represents the search parameters of the
deciduous MCTS algorithm; NP′ represents the visit times
of the deciduous MCTS algorithm nodes. N{ep} represents
the number of training rounds; represents the size of the
convolution kernel; represents the channel status of D2D
users, relays, and cellular users respectively; log2 c indicates
the number of available channels; N{DPN } represents the time
complexity of forward propagation and back propagation of
the DPN network; T{DPN } represents the number of layers of
the DPN network.

Although the time complexity of the parallel double-chain
deep residual network proposed in this paper is relatively
high, the overall algorithm time complexity is not particularly
high due to the existence of the leaf removal mechanism,
so the algorithm proposed in this paper can be better applied
to small-scale in the D2D collaboration network.

Algorithm complexity is an integral part of D2D commu-
nication resource allocation. In order to prove the advantages
of the proposed algorithm in terms of algorithm complexity
and algorithm reliability, this paper conducts comparative
experiments on algorithm loss functions (double-chain deep
deciduous MCTS, single-chain deep MCTS, and MCTS)
from the perspective of algorithm convergence speed and
convergence value. In the experiment, the transmit power
of the D2D user is 200 mW, and 2500 iterations of the
three algorithms are tested. Figure 6 is a comparison chart
of the convergence trend of the loss function. It can be seen
from the trend graph that the double-chain deep leaf-deleting
MCTS (Dcdd-MCTS) algorithm converges successfully, and
the final convergence value is better than that of single-chain
deep MCTS (Scd-MCTS) and MCTS, which proves the
reliability of the algorithm proposed in this paper. On the
other hand, the trend graph shows that Dcdd-MCTS is better
than MCTS in algorithm convergence speed, and slightly
slower than Scd-MCTS. At the same time, it can be seen that
Dcdd-MCTS, Scd-MCTS, and MCTS converged 500, 450,
and 800 times, respectively. This is because the algorithm
proposed in this paper has a double-chain structure and a
leaf removal mechanism, which reduces the complexity of
algorithm operations. At the same time, it can be found that
the convergence value of the algorithm proposed in this paper
is the smallest, because this paper adopts the double-chain
deep leaf-leaf MCTS algorithm to improve the system’s data
feature mining ability and learning ability.

Figures 8, 10, and 12 in this paper show the simulation
experiments of system throughput, and Figures 9, 11, and 13

show the simulation experiments of outage probability. Com-
bining the simulation experiments of system throughput and
outage probability, compared with Scd-MCTS and joint Opti-
mization algorithm and MCTS-related algorithms, it can be
found that the algorithm proposed in this paper has a faster
algorithm convergence speed, a lower outage probability, and
the ability to output higher throughput. The specific analysis
is shown in Figure 8-13.

FIGURE 7. Comparison chart of loss function convergence trend.

Figure 7 and Figure 8 show the relationship between the
D2D maximum transmission power and the total system
throughput, and the relationship between the D2D maximum
transmission power and the outage probability. In order to
improve the effectiveness of the algorithm proposed in this
paper, linear programming, a joint optimization algorithm for
resource allocation based on graph coloring (Join-algorithm)
[52], MCTS, and single-chain deep MCTS (Scd-MCTS) are
used as a comparison of double-chain leaf depth MCTS
algorithm.

It can be seen from Figure 7 that with the increase of
D2D transmission power, the system throughput of the four
algorithms continues to grow steadily. In terms of sys-
tem throughput, Dcdd-MCTS > Scd-MCTS > MCTS >

Join-algorithm > Linear -program, this is because the
double-chain deep deciduous MCTS has good data learning
ability; at the same time, it can be seen that in 0.05- Between
0.75w, the output curve of the algorithm proposed in this
paper is relatively steep, which is due to the existence of the
deciduous mechanism to accelerate the convergence of the
algorithm.

It can be seen from Figure 8 that as the D2D transmission
power increases, the outage probability of the four algo-
rithms decreases continuously, Dcdd-MCTS < Scd-MCT <

MCTS < Join-algorithm < linear-programming. This is
because except for the linear programming algorithm, other
algorithms include the idea of joint optimization. At the same
time, it can be seen that in the range of 0.125-0.2w, the
interruption probability of the proposed algorithm curve in
this paper is close to a uniform decrease, and the value is the
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lowest. On the one hand, this performance proves that the
algorithm proposed in this paper is more suitable for actual
communication experiments, and also proves the effective-
ness of the algorithm.

FIGURE 8. Relation curve between D2D maximum transmission power
and total system throughput.

FIGURE 9. Relation curve between D2D maximum transmission power
and outage probability.

Figure 9 and Figure 10 show the relationship between
the D2D minimum communication rate limit and the total
throughput of the system, as well as the relationship between
the D2D minimum communication rate limit and the outage
probability.

It can be seen from Figure 9 that as the minimum commu-
nication rate limit of D2D increases, the system throughput
of the four algorithms continues to decrease, but Dcdd-
MCTS > Scd-MCTS > MCTS > Join-algorithm > Linear-
program. This is because compared to linear programming,
Join-algorithm only has the ability to optimize resource allo-
cation frommultiple angles, MCTS and its related algorithms
have reverse self-learning ability, and the algorithm proposed
in this paper not only has deep learning ability but also has

leaf search mechanism and moderate The leaf search mech-
anism and the idea of joint optimization, so the performance
is the best.

It can be seen from Figure 10 that with the increase
of the D2D minimum communication rate limit, the out-
age probability decreases continuously, Dcdd-MCTS < Scd-
MCTS < MCTS < Join-algorithm < Linear-program. At the
same time, it can be seen that at 0.5bps-2bps, the trend
curves of other algorithms are more stable than those of
the Linear-program, because the Join-algorithm and MCTS
related algorithms are both in the D2D collaborative network
frommultiple perspectives. This method greatly improves the
interference coordination and resource allocation capabilities
of the network.

FIGURE 10. Relation curve between D2D minimum communication rate
limit and total system throughput.

FIGURE 11. Relation curve between D2D minimum transmission rate limit
and outage probability.

Figure 11 and Figure 12 are experimental results of the
relationship between the distance between D2D devices and
the total throughput of the system, as well as the relationship
between D2D devices and outage probability.

72700 VOLUME 11, 2023



X. Li, G. Chen: D2D Cooperative Communication Network Resource Allocation Algorithm

FIGURE 12. Relation curve between distance between devices and total
system throughput.

FIGURE 13. Relation curve between distance between D2D equipment
and outage probability.

It can be seen from Figure 11 that as the distance between
D2D devices increases, the system throughput of the four
algorithms continues to decrease, but Dcdd-MCTS > Scd-
MCTS > MCTS > Join-algorithm > Linear-program. This
is because the self-learning ability of the double-chain deep
learning algorithm is better than that of the single-chain
deep learning algorithm and MCTS. Although joint opti-
mization has the idea of joint optimization, it does not
have self-learning ability, so the output curve is between
Linear-program and MCTS. At the same time, it can be
seen from Figure 12 that as the distance between D2D
devices increases, the outage probability also increases,
Dcdd-MCTS < Scd-MCTS < MCTS < Join-algorithm <

Linear-program. This is because Linear-program and Join-
algorithm do not have data feature mining and self-learning
capabilities, while MCTS and its related algorithms have
deep data feature mining and learning capabilities. The algo-
rithm proposed in this paper contains more complex network
structures and feature fusion mechanisms. so it has better
system performance optimization capability.

In addition, it can be found that the closer the distance
between D2D, the higher the throughput and the lower
the interruption probability. This is due to Shannon’s theo-
rem. It can be seen from Shannon’s theorem that the dis-
tance between devices is positively correlated with the user’s
interference value and negatively correlated with the user’s
throughput.

V. CONCLUSION
This paper studies the problem of resource allocation in D2D
collaborative networks. A D2D cooperative communication
network resource allocation algorithm based on improved
Monte Carlo tree search is proposed. First, the optimization
problem is modeled as a finite MDP process, and then a
resource allocation model for a double-chain deep deciduous
MCTS network is constructed. Using the prior probability
and action value evaluation generated by deciduous MCTS
to select the optimal action, and then use the optimal value
in the MCTS self-game as the label to continuously update
and train the double-chain deep residual network. The sim-
ulation results show that compared with single-chain deep
MCTS and joint optimization algorithm [52], the proposed
algorithm in this paper increases the system throughput by
5%, 2%, respectively, and reduces the outage probability
by 33%, 18%.

However, on the one hand, this paper greatly improves
the system throughput, but the complexity of the algorithm
is slightly higher, which is not suitable for large-scale D2D
collaborative networks. At the same time, with the rapid
development of mobile networks, the degree of network het-
erogeneity will be further deepened. The next step will be
to carry out research on multi-D2D collaborative network
resource allocation technology in multi-cell scenarios.
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