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Abstract—Recently, mobile operators have been shifting to
an intelligent autonomous network paradigm, where the mobile
networks are automated in a plug-and-play manner to reduce
the manual intervention. Under this circumstance, serious intercell interference becomes inevitable which may severely deteriorate system throughput performance and users’ quality of
service (QoS), especially for dense residential small base station
(SBS) deployment. This paper proposes an intelligent inter-cell
interference coordination (ICIC) scheme for autonomous heterogeneous networks (HetNets), where the SBSs agilely schedule
sub-channels to individual users at each Transmit Time Interval
(TTI) with aim of mitigating interferences and maximizing longterm throughput by sensing the environment. Since the reward
function is inexplicit and only few samples can be used for priortraining, we formulate the ICIC problem as a distributed inverse
reinforcement learning (IRL) problem following the POMDP
games. We propose a non-prior knowledge based self-imitating
learning (SIL) algorithm which incorporates Wasserstein Generative Adversarial Networks (WGANs) and Double Deep Q
Network (Double DQN) algorithms for performing behavior
imitation and few-shot learning in solving the IRL problem from
both the policy and value. Numerical results reveal that SIL is
able to implement TTI level’s decision-making to solve the ICIC
problem, and the overall network throughput of SIL can be
improved by up to 19.8% when compared with other known
benchmark algorithms.
Index Terms—Autonomous HetNets, Inter-Cell Interference
Coordination, POMDP, Wasserstein GANs, Double DQN.

I. INTRODUCTION
According to the Cisco Visual Networking Index [1], mobile
traffic has occupied a large portion of the big datasets, and
more than 70% of data traffic and 50% of voice calls occur
indoors. Mobile networks or cellular networks aiming at
improving the performance of the cell-edge users have been
impeded by the ever-increasing traffic demand. Driven by
the explosive growth of traffic demand, dense deployment
of HetNets which combines various cellular networks and
massive plug-and-play small-cell base stations (SBSs) have
been introduced as an effective architectural technology for
improving the spatial use and network capacity of 5G-andbeyond cellular networks [2]–[6].
Dense deployment of plug-and-play SBSs may lead to
severe inter-cell interference (ICI), which significantly deteriorates both the network throughput and the quality of
service (QoS) of users. Thus inter-cell interference coordination (ICIC) is of vital importance for indoor coverage of
mobile communication systems. Recent researches aiming at

solving the ICIC problem for HetNets mainly focus on the
techniques of power allocation and subcarriers scheduling for
interference mitigation [7], [8]. While ICIC in HetNets has
been extensively studied [8]–[13], the research in decentralized
HetNets, where the SBSs make resource allocation decisions
independently without information sharing, is still far from
adequate, especially for the case of indoor deployment of plugand-play SBSs. In recent investigations [10]–[12], the authors
consider that the overall network information can be assembled
via a central controller, and the global optimum of resource
management for SBSs can be accomplished with the central
controller. However, frequent information exchange between
SBSs and decision making of central controller for large-scale
SBSs are very costly [14]. Especially when SBSs are managed
by different mobile operators, exchanging information between
SBSs and central control are even infeasible. In this case, the
SBSs can only perform decentralized resource scheduling by
exploiting partially observable network information.
In autonomous HetNets, the inter-cell interferences are usually time-varying due to the switch on/off of small plug-andplay SBSs and mobility of users. Therefore, it is ineffective
to use static optimization based algorithms [7], [8] and other
heuristic algorithms such as game theory [11], [15] to solve
the ICIC problem in autonomous HetNets, due to the poor
adaptability and generalization for the dynamic environment.
This inspires us to exploit partially observable network information to schedule spectral resources of the HetNets to
individual users in an adaptive and intelligent way, with aim of
minimizing ICI. Fortunately, recent emerging machine learning algorithms such as deep reinforcement learning, which
continuously improves strategies by timely interacting with the
environment and evolves with the learning epochs, is able to
provide an effective tool to address this challenging problem.
This paper investigates the ICIC in autonomous HetNets,
where SBSs could be owned and operated by different Mobile Network Operators (MNOs) and cannot exchange state
information due to the backhaul constraints [16]. We resort to
learning algorithms with strong adaptability and evolutionary
ability for performing ICIC in autonomous HetNets. Specifically, embedded with updatable neural networks, the proposed
learning algorithms can evolve with the training processes. By
modeling the sequential decision-making process as a Partially
Observable Markov Decision Process (POMDP), individual
SBSs implement resource scheduling in an autonomous manner by sensing the surrounding environment at each TTI. For a
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specific SBS, the reward function used for evaluating its strategies is inexplicit and the policies of other SBSs are unknown.
In addition, the number of the samples used for training
the algorithm in advance is limited at the boot-up stage of
SBSs. For addressing these difficulties, we propose an inverse
reinforcement learning (IRL) based self-imitation learning
(SIL) framework, which consists of Wasserstein Generative
Adversarial Networks (W-GANs) [17] and Double Deep QNetwork (Double DQN) [18], working in a collaborative way.
In more detail, there are two miniature neural networks in
W-GANs: generative network model G and discriminative
network model D. G is used to capture the distribution of
the real dataset while D is used to estimate the probability
of a sample coming from the real dataset rather than from G.
The training procedure for G is to maximize the probability
of D making a mistake [19]. Double DQN is improved based
on the Natural DQN [20] which can significantly eliminate
the overestimation problem where decisions are not accurately
estimated by the evaluation network. Based on that, we use
Double DQN for performing the resource scheduling of SBSs.
Furthermore, we combine the dataset generated by G and
the real dataset generated with the learning process and put
combined dataset into the replay buffer of the Double DQN,
in order to reduce the correlation between samples and the
probability of over-fitting.
The main contributions of this work can be summarized as
follows:
•

•

•

•

To facilitate the ICIC in autonomous HetNets, we propose
to transfer the control and responsibility from the centralized controller to individual SBSs. The autonomous
control stimulates the SBSs’ abilities of self-learning and
self-configuring with reduced signaling interactions.
To the best knowledge of the authors, thus far, there
is no priori work which collaboratively uses W-GANs
and Double DQN for solving the resource allocation
problem in decentralized HetNets. Particularly, W-GANs
and Double DQN work in a collaborative way for tackling
the problems of inexplicit reward function and few-shot
learning.
We use the state-of-the-art W-GANs for drawing policy
and generating adversarial training samples with the aim
of improving the sample diversity and reducing the correlation between data samples. This can further improve
the generalization ability or robustness and accelerate the
convergence rate of the SIL.
To overcome the overestimation problem existing in most
discrete decision-making processes, we adopt Double
DQN in SIL. This helps SIL make decisions more accurate and reasonable. Moreover, in order to cater for the
plug-and-play manner of indoor SBSs, the Double DQN
is initialized according to the SINR, and a nested training
scheme is adopted to overcome the slow-start problem of
the learning process.

The rest of the paper is organized as follows. The system
model is presented in Section III. In Section IV, we model the
ICIC problem as non-cooperative Markov games which are
specifically formulated as the distributed inverse reinforcement

learning (IRL) to be solved. Next, in Section V, we design a
self-imitation learning framework for solving the IRL problem.
In Section VI, we present the numerical results as well as
discussions, and finally conclude the paper in Section VII.
II. R ELATED W ORK
ICIC problem in HetNets has recently spurred extensive
investigations from different perspectives with various design
objectives. ICIC can be accomplished in either decentralized
or centralized manner according to network configurations. In
addition, power control and subcarriers assignment are two
main techniques used in solving the ICIC. In the following, we
survey the main related work in the literatures from different
aspects.
Optimization of Power Allocation & Subcarrier Assignment
are widely used for ICIC with the aim of mitigating interferences and thus improving network performance. Particularly, joint optimization of power allocation and subcarrier
assignment are recently studied in [21]–[24], in which spectral
efficiency or energy efficiency is considered as the optimization objective. However, joint power allocation and subcarriers
assignment in centralized HetNets is a typical multiple choice
dimension knapsack problem which is known to be NPhard [25]–[27]. Moreover, the solution of power allocation
is continuous, while the solution of subcarrier assignment
is discrete, making it very hard to solve this cross-domain
optimization and achieve global optimality at TTI level. Thus
greedy-style heuristic algorithms are usually developed to
solve the challenging combinational problem in polynomial
time.
From another perspective, ICIC could be addressed in
either Centralized HetNets or Decentralized HetNets. Most
existing methods for solving ICIC [8], [21], [28] are based
on centralized HetNets, where a central controller is deployed
to collect global information (i.e., network information and
the policies of all BSs) and make decisions towards the
direction of improving the overall network performance. Since
the optimal joint power allocation and subcarrier assignment problem in centralized HetNets is known to be NPhard, the computational efficiency of centralized decisionmaking is substantially subject to the scale of the HetNets
(i.e., the number of users and subcarriers). Most researches
investigate the centralized decision-making process of ICIC
in small or even a single-cell network for achieving global
optimality. In addition, frequent information interactions are
quite resource-consuming. On the other hand, recent studies
[7], [10] focusing on ICIC in decentralized HetNets show
that distributed decision-making, where local decision makers
are responsible for a segment of the decision process, can
effectively decrease signaling overhead and performs well
in most scenarios. Distributed decision-making has attracted
much attention due to the rapid improvement of computing
and intelligent solutions. However, restricted by the lack of
information interactions, distributed decision-making is hard
to achieve the global optimal solution without knowing other
agents’ strategies. Moreover, distributed decision-making results in a free competitive environment where each individual
agent eventually achieves a Nash equilibrium [15].
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Fortunately, recently emerging machine learning technologies provide a very promising tool for intelligent decisionmaking in uncertain and time-varying network environments.
For solving resource allocation and power allocation in radio
access networks (RANs), the authors of [26], [29], [30] model
the decision-making process as a Markov Decision Process
(MDP) and a central controller is used for collecting global
network information. Accordingly, appropriate decisions can
be readily made towards the direction of improving overall network performance. In comparison, distributed decision-making
is more challenging because of the limited communication
capabilities caused by the back-haul constraints. Although
certain performance gain can be theoretically achieved in
centralized HetNets, it is usually inapplicable to large-scale
wireless networks due to its high computational complexity
and signaling overhead. Therefore, distributed learning for
autonomous decision-making is more appropriate for largescale wireless networks, and POMDP can be used for formulating the decision-making process [31]. Besides, distributed
training in decentralized HetNets is another key problem due
to the implicit reward function and non prior-knowledge based
training. The recently emerging W-GANs [17] provides an
effective tool for coping with the problem of few training
samples, which performs the sample expansion by solving the
zero-sum game between the generator and discriminator with
historical samples. Moreover, the Double DQN [18] can be
used for addressing the problem of inexplicit reward function,
by establishing relationship between the input local network
information and the output performance through iteratively
training the neural network.
III. S YSTEM M ODEL
This paper focuses on the orthogonal frequency division
multiple access (OFDMA) based downlink heterogeneous
networks (HetNets) consisting of a set of B = {1, · · · , B}
SBSs which are operated by a set of mobile operators Z =
{1, · · · , Z}, and a set of U = {1, · · · , U } user equipments
(UEs) (i.e., tablets, mobile phone, etc.). Define Bz∈Z as the
SBSs set belonging to operator z ∈ Z and Ub∈B as the users
set underlying SBS b ∈ B. Let T = {1, · · · , T } be the set of
decision intervals. In order to capture the network dynamics
at small time granularity, we consider to implement TTIlevel’s decision-making. Note that the resource block (RB)
is defined as the minimum transmission spectrum unit in
OFDMA systems, and let Ku = {au,1 , · · · , au,K } be the
index set of RBs allocated to user u, where au,k represents a
indicator which equals to 1 if the kth RB is assigned to user
u, and 0 otherwise.
A. Network Capacity and Power Consumption
Let Eb,t = [eu,k ]|Ub |×|Ku | be the transmit power matrix of
SBS b at time t where eu,k denotes the transmit power received
by user u on the kth subcarrier, and let Gb,t = [gu,k ]|Ub |×|Ku |
be the channel gain matrix where gu,k denotes the channel
gain from SBS b to user u on the kth subcarrier. Let Wb,t =
[wu,k ]|Ub |×|Ku | be the matrix of the assigned subcarriers’
bandwidth where wu,k denotes bandwidth of subcarrier k

assigned to user u. Let additive white Gaussian noise (AWGN)
be denoted by matrix of Nb,t = [nu,k ]|Ub |×|Ku | where nu,k
denotes the AWGN on subcarrier k. Let Γb,t = [γu,k ]|Ub |×|Ku |
be the matrix of SINR where γu,k denotes the SINR of user u
on subcarrier k. For considering the rate assigned to a given
user u, the SINR measures the signal quality and is defined as
the ratio of the received sum power of the desired signal over
the sum power of the interfering signals and the background
noise. Therefore, the SINR matrix of SBS b at time t is given
by
Γb,t =

Nb,t +

E
P b,t

Gb,t
p∈B\{b} Pp,t

Gp,t

,

(1)

where the notation represents the Hardamard product (i.e.,
(A B)i,j,k = (A)i,j,k (B)i,j,k ).
Let Yb,t = [yu,k ]|Ub |×|Ku | be the matrix of transmission rate
of SBS b at time slot t where yu,k is the transmission rate of
user u on subcarrier k, and Ib,t be the |Ub | × |Ku | matrix
whose elements are all equal to 1. Shannon capacity formula
can be used to describe the transmission rate. Therefore, the
matrix of the transmission rate Yb,t is derived as
Yb,t = Wb,t

log2 (Ib,t + Γb,t ).

(2)

B. User Association and Service Constraints
Let ab,u,t denote the association indicator which equals to 1
if user u is associated with BS b and 0 otherwise. Throughout
this paper, we assume that each UE can only be served by one
BS at any time slot, and the association rule is letting users
be associated with the nearest BS. Therefore we have
X
ab,u,t = 1, ∀t ≥ 0.
(3)
b∈B

For a givenPSBS b, define the the transmission rate of user
u as yu =
k∈Ku yu,k . Let the threshold of the required
transmission rate for user u be y̌u . Therefore, the transmission
rate constraint for user u associated with SBS b at time slot t
is given by
yu ≥ y̌u , u ∈ Ub∈B .

(4)

For a given BS b, the total amount of RBs can be used by
UE u should satisfy
X
au,k ≤ |Ku |, u ∈ Ub∈B .
(5)
k∈Ku

In addition,
P the total
P transmit power consumed by SBS b
is given by u∈Ub k∈Ku eu,k , and the power constraint for
SBS b is represented as
X X
eu,k ≤ ê,
(6)
u∈Ub k∈Ku

where ê is the maximum transmit power which can be managed by each SBS. Note that power control is implemented
to keep the interference from other SBSs below a certain
threshold. Generally, we assume that the transmit power is
initially evenly allocated to each assigned subcarrier.
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Then, we let γ̂u represent the SINR threshold of user u, and
the SINR constraint for a given user u is represented as
γu,k ≥ γ̂u .

(7)

Define a widely used utility function l(·) = ln(·) [32]
[33]. Then the rate utility function l(yu,t ) leads to resource
allocation fairness for each SBS in terms of individual user
rate. Therefore, we set the objective of the long-term overall
utilities of an SBS as
X X
Ut =
l(yu,t ).
(8)
t∈T u∈Ub

states can be observed in the autonomous HetNets. Fig. 1
shows the decision-making process of the POMDP on time
axis. Specifically, the POMDP M is modeled as a five-tuple
M = (X , A, F, Pr(X ), γ) which are respectively elaborated
as below.
•

•

Finally, for improving the clarity, we summarize the notations
and variables used in this paper in Table I.
•

TABLE I
M AIN PARAMETERS AND VARIABLES
Symbol

Description

B

SBSs set

U

user equipments set

Z

mobile operators set

K

assigned RBs set

N

white gaussian noise matrix

G

channel gain matrix

E

transmit power matrix

Y

transmission rate matrix

Γ

SINR matrix

W

the assigned subcarriers’ bandwidth matrix

U

the long-term overall utilities

M

partially observable Markov model

X

partially observable network states

X

partially observable network state set

S

global observable network state set

Pr

joint policy set

A

resource allocation strategies set

Q

state-action value

V

state value

•

•

Xt represents the partially observable network state of
SBSs. Let the observed information consist of the number
of UEs Ub,t , and the SINR Γb,t (b ∈ B). Let Xb,t =
{Ub,t , Γb,t , Xb,−t }, where Xb,−t represents the information observed and saved by SBS b before time t.
At represents a set of actions made by SBSs at time t. In
the POMDP, the network states change with the actions
which is defined as the subcarrier allocation strategies in
this work.
Ft : Xt × At × Xt → Rt is a family of reward functions
which maps the input action At to the output reward Rt
under a deterministic observed network state Xt . More
specifically, the reward function is
P(Xt ) represents the probability under a deterministic
network state Xt . Moreover, we use πt (τ ) to denote
the policy distribution map over a sequence of policy
trajectory τ starting from time t.
γ (γ ∈ (0, 1)) denotes the discount factor in the Markov
chain. Discount factors are important in infinite-horizon
MDPs, in which they determine how the reward is
counted.
Hidden

State

Observable

State

(S,A,S')

(X)

(X)

Observation

State

(X)

Observation

Action

Time

(S,A,S')

Observation

Action

t

t+1

t+2

Fig. 1. Partially Observable Markov Decision Process

IV. P ROBLEM S TATEMENT AND G AME -T HEORETIC
S OLUTION
This work aims at improving the long-term performance
on system throughput while guaranteeing the QoS requirements (i.e., interferences and rate requirement) of UEs. In
this section, we first formulate the problem of interference
coordination among the non-cooperative SBSs across the time
horizon as a stochastic game and then discuss the bestresponse solution from a game-theoretic perspective.
A. Model-Free based Partially Observable Markov Decision
Process (POMDP)
Due to the backhaul constraints in the autonomous HetNets,
the decision-making process of the interference coordination
at SBSs is defined as a POMDP as only local network

For a given BS b at time slot t, define V (X ) as the long-term
discounted throughput starting from the initial network state
X. We formulate V (X , π) which follows policy trajectory τ as
a Bellman equation. For a given BS b at time slot t, Vb,t (X , π)
is given by
Vb,t (X , π) = Eπ [

∞
X

γ k Rb,t+k+1 |X 1 = Xt+1 ],

(9)

k=0

where the expectation E(·) is taken over decisions under
different local network states following the policy trajectory π
across discrete decisionP
epochs. Moreover, the reward function
is defined as Rb,t+1 = u∈Ub l(ru,t ). Therefore, the objective
of (8) is rewritten as
Ut (X , π) := Vb,t (X , π).

(10)
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B. Stochastic Game Formulation
Define S as the global network states, and there exists
X ⊂ S. Obviously, from a global optimization perspective,
the objective of the POMDP is to find policy trajectory πt (τ )
of SBSs which can minimize the absolute value of the error
between local optimum and global optimum. Based on least
squares method, the objective can be formulated as
πt∗ (τ )

∗

2

= arg min|Ut (Xt , π) − Ut (St , π )| ,

(11)

πt (τ )

where Ut (St , π ∗ ) denotes the long-term network throughput
derived by the best-response strategies.
By modeling the decision-making process as a POMDP, the
HetNet system performs as an open loop system where feedbacks (i.e., strategies and states) from other BSs are impossible
to be known. This implies that the reward function cannot be
expressed explicitly because of the information gap. In other
words, an explicit reward function F(·) mapping the observed
local network state and the global network performance is
hard to be derived with limited information. Without information sharing, it is hard to judge whether the global optimal
strategies are achieved in the partially observable network.
Therefore, Ut (X , π ∗ (X )) 6= Ut (S, π ∗ (S)) and obviously
Ut (X , π ∗ (X )) < Ut (S, π ∗ (S)), which means that estimating
the global optimal strategies from a partially observable state
space can be arbitrarily bad. This also indicates that the global
optimal strategies are unknown and hard to be achieved in the
decentralized HetNets.
Remark 1. In decentralized HetNets, estimating the global
optimal strategies π ∗ from a partially observable state space
X can be arbitrarily bad. We then derive the best-response
solution from a multi-agent game-theoretic perspective.
The HetNet environment is time-varying with user behaviors
and channel conditions, resulting in a non-stationary and
competitive network environment. In order to model the noncooperative game between SBSs, we formulate a multi-agent
non-cooperative stochastic game SG := hB, Mi following
the POMDP decision model M, where the SBSs of set B
are defined as game players or decision-making agents. Then,
we consider to solve the non-cooperative game SG over a
Nash Equilibrium (NE) game framework [34]. In detail, the
performance of resource allocation strategies among agents
is optimized towards the direction of Nash Equilibrium (NE)
[34].
Definition 1. In our formulated stochastic game, SG, an NE
is a tuple of control policies hπi∗ : i ∈ Bi, where each π ∗ of
∗
an SBS i is the best response to the other SBSs’ π−i
, i.e.,
∗
∗
Vi (X , πi∗ , π−i
) ≥ Vi (X , πi , π−i
), ∀i ∈ B.

(12)

More specifically, NE is a state of allocation of resources
from which it is impossible to reallocate so as to make any
one individual achieve better performance on the throughput
without making at least one individual worse off [34]. An NE
describes the rational behaviors of the SBSs in a stochastic
game. Any resource allocation strategy that provides an NE
improvement results in a non-decreasing change in individual
performance.

Theorem 1. For a multi-agent stochastic game with expected
long-term discounted payoffs, and finite actions space which is
visited infinitely often, there always exists an NE in stationary
control policies [35].
C. Best-Response Approach
The main objective of SG is to find resource allocation
strategies that can achieve NE by iteratively optimizing the
State-Value V (X , π) for all SBSs. Then, the long-term bestresponse of SBS i ∈ B starting from partially observable
network state X can be derived as
Vi∗ (X ) =
max {Eπ(τ ) [

πi (X )

∞
X

∗
γ k Fi,t+k+1 (πi (X ), π−i
(X ))|X1 = X ]},

k=0

(13)
Vi∗ (X )

where
denotes the State-Value of SBS i when the
∗
agents adopt the best-response strategies set {πi∗ , π−i
},∀i ∈ B.
Note that in order to achieve the NE in the stochastic game,
all SBSs have to know the global network dynamics, which
is prohibited in our non-cooperative networking environment.
This paper assumes that each SBS can infer actions of other
SBSs by sensing the SINR condition Γb , b ∈ B of channels.
Intuitively, the SINR value of channels can indirectly reflect
the actions of other SBSs.
D. Decomposition of State Value: From an Inverse Reinforcement Learning Perspective
Since decision-making is prior to result perception, the
reward function is inexplicit without the global decision information. Therefore, the distributed training process without
prior knowledges becomes challenging in achieving the bestresponse strategies. Considering this, we decompose the StateValue V (X ) from an inverse reinforcement learning (IRL) perspective, with the aim of optimizing the State-Value inversely
from the perception results.
To formulate the IRL problem, we redefine the variables
in (9) and associate them with trajectory τ . Let |S| be the
number of network states, and |A| be the number of actions.
Then, we define an |S|-dimension vector R = [Rs ]|S|×1 , an
|S|-dimension vector V = [Vs ]|S|×1 and an |S|×|A| sequential
policy matrix Π = [πa|s ]|S|×|A| , where Rs and Vs respectively
denote the instantaneous reward and state-value at state s ∼ τ ,
and πa|s denotes the probability of adopting action a at state s.
Since deterministic state transition is adopted in the POMDP,
(9) can be rewritten as V = Π(R + γV), then,
V = (I − γΠ)−1 ΠR,

(14)

where I is an identity matrix and I − γΠ is invertible. This
is because the elements of I − γΠ are all in the interior of a
unit circle (i.e., πa|s  1), and γ < 1 and thus it has no zero
eigenvalues and is not singular [36].
As previously defined, the policy distribution Π is a longterm variable to be optimized, while the reward R is an
instantaneous outcome. The key issue to improve the resource
allocation strategies is to minimize the difference between
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the trained policies Π and the optimal policies Π∗ , and
simultaneously maximize the reward R. Then the objective
of a given SBS is derived as
max [min{(Π∗ − Π)(I − γΠ)−1 R}].
R

Π

(15)

Then we formulate an IRL based ICIC problem with the aim
of maximizing the long-term system throughput while meeting
the conditions of the NE. Specifically, for SBS b with starting
time t, the IRL based ICIC problem following the POMDP is
formulated as
max[min{(Π∗b,t − Πb,t )(I − γΠb,t )−1 Rb,t } − λkRb,t k2 ],
R

Π

(16)
s.t. (Π∗b,t − Πb,t )(I − γΠb,t )−1 Rb,t  0,

(17)

Xb ∩ Xp = ∅, ∀p 6= b

(18)

h(3), (4), (5), (6), (7)i ,

(19)

where  represents vectorial inequality (e.g., (1, 2, 5) 
(1, 1, 3)), kRk2 represents the `2 -norm of R, and λkRk2 is
a weight decay-like penalty term (or regularization) used to
improve the over-fitting problem, and λ is an adjustable hyperparameter. (17) is used to guarantee that the optimal policy is
not worse than other policies.
As aforementioned, an explicit reward function is hard to be
derived and there are few expert trajectories (or samples) can
be used for pre-training in a decentralized network scenario,
resulting in that the non-prior knowledge objective of (16)
cannot be solved directly. Furthermore, the ICIC problem becomes more complex when considering the joint optimization
from both the Policy Π and Value V of the IRL. Therefore,
we decompose the IRL problem into two sub-problems which
respectively implement the behavior cloning and reward function approximation, which are explained below.
• Behavior cloning: The objective of behavior cloning is
to draw the policy map by imitating the expert policy
trajectories which satisfies the condition that better reward
is assigned to the policy with larger probability and the
worse one is assigned to other policies with smaller
probabilities.
• Reward function approximation: With the RL process,
the reward function is approximated by neural networks
utilizing the labeled training samples, and the derived
reward function is used to optimize the decision-making
process of RL towards the direction of improving the
Value V .
Actually, there are few training samples available at the
boot-up stage of an SBS, and more training samples labeled
with input network states and feedback throughputs are collected during the learning process. Therefore, the training
process of expert strategies is embedded in the training process
of the reward function approximation. This two subproblems
are trained separately, and the updated (neural) network information is synchronized periodically.
In the next section, we propose a self-imitation learning
(SIL) framework which resort to machine learning tools (i.e.,
W-GANs and Double DQN) to collaboratively implement the
behavior cloning and zero-shot RL in a distributed manner.

V. S ELF -I MITATION L EARNING F RAMEWORK FOR
D ECENTRALIZED H ET N ETS
Fig. 2 shows the framework of the self-imitation learning
where W-GANs and Double DQN perform in a cooperative
way for implementing the zero-shot learning and the behavior
cloning to solve the IRL problem of (16) and thus improve
the performance of the resource allocation underlying the
autonomous HetNet. In more detail, Double DQN is used for
deriving the reward function by iterations and then optimizing
the discrete decision making process by maximizing the value
V . In addition, the basic idea of W-GANs in SIL is learning
to perform a task directly from expert strategies, without
estimating the corresponding reward function. Specifically, WGANs in SIL are used to imitate the expert strategies and
generate adversarial training samples, and thus help Double
DQN make decisions more robust.
A. Behavior Cloning by Wasserstein-GANs
W-GANs are improved based on the conventional GANs,
which does not need to maintain a careful balance in training
of the discriminator and the generator, and thus an accurate
design of the network architecture either [19]. The dropping
phenomenon consistently happens in GANs is also significantly reduced. One of the most attractive benefits of W-GANs
is the ability to continuously estimate the Earth-Mover (EM)
distance by training the discriminator to optimality.
Let the expert policy be denoted by πe . By implementing
the expert policy, the decision trajectory is improved towards
the direction of maximizing the network performance with
large probability. Moreover, the generated policy imitated by
the proposed W-GANs algorithm is denoted as πg . W-GANs
aim to optimize the EM distance or 1-Wasserstein distance
[17] between πr and πe , which is derived as
W (πe , πg ) =

inf

E(x,y)∼ϕ [kx − yk],

ϕ∈Π(πe ,πg )

(20)

where Π(πe , πg ) denotes the set of joint distributions ϕ(x, y)
whose marginals are respectively πe and πg . Intuitively,
ϕ(x, y) indicates how much “mass” must be transported from
x to y in order to transform the distributions πg into the
distribution πe . The EM distance is then the “cost” of the
optimal transport plan. Since the infimum in (20) is intractable,
by considering the Kantorovich-Rubinstein duality [37], (20)
is transformed to
W (πe , πg ) =

sup Ex∼πe [D(x)] − Ey∼πg [D(y)],

(21)

kDkL ≤1

where the supremum is over all the 1-Lipschitz functions D(·)
(i.e., the gradient of D(·) is not bigger than 1). Moreover, we
define Dθ (·) and Gφ (·) as a discriminator and a generator
which are respectively represented by neural networks with
parameter θ and φ. To learn the generator’s distribution πg
over real data x ∼ πe , we define a generated policy on input
noise variables z ∼ πz , then represent a mapping to generated
data space as Gφ (z). Moreover, Dθ (Gφ (z)) outputs a scalar
within [0, 1] which represents the probability that x comes
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from the real data rather than πg . Then, we consider solving
the problem
W (πe , πg ) =

max

Ex∼πe [Dθ (x)] − Ez∼πz [Dθ (Gφ (z))].

θ:kDθ kL ≤1

(22)
In detail, parameters θ and φ of the discriminator and
generator are respectively updated by implementing the mbatchsize gradient descend, and we have
m

∇θ W (πe , πg ) = ∇θ [

1 X
[Dθ (x(i) ) − Dθ (Gφ (z (i) ))]].
m i=1
(23)
m

∇φ W (πe , πg ) = −∇φ [

1 X
Dθ (Gφ (z (i) ))].
m i=1

(24)

Obviously, (23) and (24) respectively update the parameters
of θ and φ towards opposite directions. In particular, the objective of discriminator D is to discriminate the generated dataset
and the real one to the greatest extent, while the generator G
tends to minimize the possibility of being discriminated by the
discriminator D.
As shown in Fig. 2, an experience replay buffer is used
to store the training dataset. By mixing the real dataset and
the generated adversarial dataset into the replay buffer, the
correlation between the datasets can be decreased, which can
help Double DQN improve the generalization and robustness.
We summarize the process of W-GANs in Algorithm 1.
Algorithm 1 W-GANs for data sample expansion. All experiments in the paper use the default values αg = 0.0005,
αd = 0.0005, c = 0.01, m = 64.
Input: αg , the learning rate of generator; αd , the learning rate
of discriminator. c, the clipping parameter; m, the batch
size; Nd , the number of training steps of the discriminator;
Ng , the number of training steps until convergence of
the generator; θ, initial parameters of the discriminator.
φ, initial parameters of the generator.
Output: Adversarial samples generated by the generator G
1: while ng ≤ Ng do
2:
for nd = 1, · · · , Nd do
3:
Sample {x(i) }m
i=1 ∼ πe a batch from the expert
dataset.
4:
Sample {z (i) }m
i=1 ∼ πz a batch from the prior noise
samples. P
m
1
(i)
(i)
5:
θ̇ ← ∇θ [ m
i=1 [Dθ (x ) − Dθ (Gφ (z ))]]
6:
θ ← θ + αd · RMSProp(θ, θ̇)
7:
θ ← clip(θ, −c, c)
8:
end for
9:
Sample {z (i) }m
i=1 ∼ πz a batch of the prior noise
samples.
Pm
1
(i)
10:
φ̇ ← −∇φ [ m
i=1 Dθ (Gφ (z ))]
11:
φ ← φ − αg · RMSProp(φ, φ̇)
12:
ng = ng + 1
13: end while

B. Few-Shot RL Procedure by Double DQN
Recently, many algorithms have been proposed to combine
reinforcement learning with deep learning (i.e., neural network), such as Actor-Critic [38], Asynchronous Advantage
Actor-Critic [39], Deep Q-Network [40], Deep Deterministic Policy Gradient [41], etc. We choose the Double DQN
algorithm which is improved based on the Natural DQN or
Conventional DQN to implement the discrete-decision making
process. The Double DQN is proposed to overcome the
disadvantages of Natural DQN which is known to overestimate
action values under certain conditions [18]. Generally, Double
DQN consists of two networks: evaluation network and target
network, which are parameterized by vectors of η and η −
respectively, where the greedy policy is evaluated according
to the evaluation network, and the value is estimated by the
target network.
The RL procedure is employed in the distributed network
with a γ-discounted finite horizon setting, and follows the
deployment of POMDP in Section III. Let J denote the RL
procedure’s objective of SBS b, which is given by
J = EXb ∼X ,Ab ∼A [f (Xb,t , Ab,t )].

(25)

Let Φ(X) denote the feature vector, and the state-action
value Q defined in (9) be parameterized by a vector η with
the same dimension. Assume that the RL procedure of SBS
b starts at network state Xb,t , and (9) turns into a stateaction value Q(X, A). The evaluated state-action value Qeval
is approximated as Qeval (Xb,t , Ab,t ) ≈ Q(Xb,t , Ab,t ; η), and
the target state-action value Qtar is then approximated as
Qtar (Xb,t , Ab,t ) ≈ Q(Xb,t , Ab,t ; η − ). In detail, we choose
the non-linear based neural network to approximate the two
networks in case of the non-linear characteristics of the statevalue functions. Thus, we have Qeval (Xb,t , Ab,t ; η) = η T ·
T
Φ(x), and Qtar (Xb,t , Ab,t ; η − ) = η − · Φ(x).
Generally, there are two methods used to compute temporal
difference (TD): Specifically, the forward method combines
the future steps for joint optimization. As we pursue a fast
reinforcement learning iteration in this work, and the states in
the future two or more time steps may be observed in tens of
TTIs in this scenario, we implement an one-step backup (i.e.,
TD(0)) for adapting the time-varying network environment.
Therefore, in order to update the state-action value Q, we let
the TD-error be calculated as below
δi,(t) = Qeval (Xb,t , Ab,t ; η) − Qtar (Xb,t , Ab,t ; η − ),

(26)

where the target network is updated by
Qtar (Xb,t , Ab,t ; η − ) = Rb,t+1 +
tar

γ·Q

eval

(Xb,t+1 , arg max Q

(27)
−

(Xb,t+1 , Ab,t+1 ; η); η ),

Ab,t+1

in which the parameters of the target network stays unchanged
from DQN, and remains a periodic copy of the online network.
Then, let the loss function for SBS b at time t be denoted by
Lb,t (η). During the learning procedure, we aim to minimize
the loss function below
arg min Lb,t (η) = EXb ∼X ,Ab ∼A |δi,(t) |2 ,
η

(28)
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Fig. 2. Self-imitation Learning Framework

Since the action space is discrete, we use Softmax layer
for selecting an action. The Softmax function is used as
a continuous, differentiable approximationPto arg max, and
which is defined as Softmax(xi ) = exi / j exj . Generally,
the discrete action can be sampled from a multinomial distribution with probabilities given by the output of a Softmax
function. Nevertheless, the resulted sampling process is not
differentiable. Thus we obtain a differentiable approximation
by sampling from the Gumbel-Softmax distribution [42] which
has been previously used to train variational auto-encoders
with discrete latent variables [43].
Since there are K RBs, the Softmax layer is designed
to have K outputs variables. Let the output probabilities of
Ab,t = k be denoted as πk . Then,
Ab,t = arg max(log(πk ) + Gk (u)),
k

(29)

where the variables in vector G = [G1 (u), · · · , Gk (u)]T are
i.i.d samples drawn from Gumbel distribution. In detail, the
Gumbel distribution can be sampled using inverse transform
sampling by drawing u ∼ U (0, 1)K (let U (0, 1)K be the Kdimensional uniform distribution on the interval [0, 1]) and
computing G(u) = − log(− log(u)).
Moreover, we introduce ς as a controllable inverse temperature hyper-parameter in the Softmax function. Then (29) is
rewritten as
log(πk ) + Gk (u)
Ab,t = softmax(
), k = 1, · · · , K. (30)
ς
When ς → 0, the Softmax layer acts like argmax (Softmax∼argmax) resulting in low bias while the variance of the

gradient of the Softmax increases. On the other hand, when
ς is set a little larger, the Softmax creates a smoothing effect
while the bias turns to be high (Softmax6= argmax). Therefore,
at the beginning of the training, we set ς to a large value, so
that the gradient flow is smoother. Later we let ς approach 0,
so that the vector obtained by Softmax is closer to the result
of argmax.
The SIL framework consists of WGANs and Double DQN
where the algorithm of WGANs is trained in the learning
process of the Double DQN. We elaborate the learning process
of the SIL in Algorithm 2 for ease of understanding.
C. Computational Complexity
For family SBSs (or Femto) equipped with low power and
low CPU frequency, an algorithm with low computational
complexity is essential. We analyze the computational complexity of the proposed SIL algorithm. Specifically, according
to the learning process summarized in Algorithm 2, the computational complexity of SIL denoted by OSIL is evaluated by
jointly considering the computational complexity of W-GANs
and Double DQN, which is given by
OSIL = OW GAN s + ODDQN

(31)

According to Algorithm 1, we first give the computational
complexity of the WGANs algorithm
OW GAN s = O(Ng · Nd ).

(32)

Therefore, for one operation epoch, the computational complexity of the SIL is derived as
OSIL = O(No · (Ng · Nd + Nc + Nm )).

(33)
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Algorithm 2 Self-imitation learning algorithm
[dB] taken at one meter of distance between the transmitter
Input: αD , the learning rate of the Double DQN; Nm , the and the receiver, d is the distance between SBS and UE in
number of time steps to save policy trajectories into the meters, Lw = 6dB is the penetration loss of the concrete
experience replay buffer; No , the overall operation epochs; wall, nw is the number of walls. Other parameters used are
Nc , the number of training steps to the convergence of listed in TABLE II.
Double DQN. Nu , the number of training steps to replace
TABLE II
η − by η.
S IMULATION PARAMETERS
Output: Optimal resource allocation strategies set A∗
1: Initialize evaluated action-value function Qeval with ranParameter Description
Value
dom weights η.
System Bandwidth
20 MHz
tar
2: Initialize target action-value function Q
with weights
Number of Smart BSs
20
η − = η.
Number of Normal BSs
30
3: Initialize sequence x = {Xt } and feature vector Φ(Xt ).
Number of UEs under a BS
10
4: for no = 1, · · · , No do
5:
for nm = 1, · · · , Nm do
RB Bandwidth
180 KHz
6:
Execute action At under the observable state Xt .
Noise power spectral density
-174 dBm/Hz
Then feedback the instantaneous reward Rt , state
Maximum SBS Transmit Power
23 dBm
Xt+1 and the feature vector Φ(Xt+1 ).
Number of RBs
100
7:
Store
the
transition
sequence
Resource allocation interval
1 TTI (1ms)
(Φ(Xt ), At , Rt , Φ(Xt+1 )) in the replay buffer.
Reward Discount γ
0.99
8:
end for
Replay Buffer
10000
9:
Train the WGANs, and import the generated dataset to
the replay buffer after the convergence of WGANs.
10:
for nc = 1, · · · , Nc do
11:
Sample random mini-batches of transitions A. Comparison References in the Simulation
(Φ(Xj ), Aj , Rj , Φ(Xj+1 )) from the experience
We use the following algorithms as the comparison referreplay buffer.
ences in our performance evaluation:
12:
Set
1) Natural DQN based ICIC: Since the action space of the

Rj , if episode terminates
POMDP is discrete, we use Double DQN for implementQj =
Rj + γ maxa0 Q̂(Φ(Xj+1 ), A0 ; η − ), otherwise
ing the discrete decision-making process of the ICIC.
13:

14:
15:
16:
17:
18:

Perform a gradient descent step on Lb,t (η) with
respect to the evaluation network parameter η.
η ← η − αD · ∇η Lb,t (η)
if mod(Nc , Nu ) 6= 0 then
Reset Qtar = Qeval and let η − = η.
end if
end for
end for

From (33), we can see that the SIL provides a polynomial
time solution for solving the problem (16). Moreover, from the
simulation results, we can see that the WGANs and Double
DQN can converge after thousands of iterations in the current
state. Therefore, SIL is able to provide an efficient solution
with low computational complexity for making TTI level
decisions.
VI. P ERFORMANCE E VALUATION
In this section, we evaluate the performance of our proposed
SIL by extensive simulations. We use the Multi-Wall-andFloor (MWF) model [44] as the propagation and penetration
loss model between SBS and UE in our indoor scenario.
MWF takes into account the decreasing penetration loss of
walls and floors of the same category as the number of traversed walls/floors increase, which is given by P L(d)[dB] =
L0 [dB] + 20 log 10 (d) + nw Lw , where L0 is the reference loss

Particularly, there is no target network in the Natural
DQN, and the evaluated state-action value Q is updated
without latency.
2) Double DQN based ICIC: Double DQN consists of two
networks: evaluation network and target network, where
the greedy policy is evaluated according to the evaluation network, and the evaluated Q value is estimated
by the target network. By this way, it can overcome the
overestimation problem in the discrete decision-making
process.
3) MaxSINR based ICIC: MaxSINR chooses actions (i.e.,
subcarrier) with the largest SINR, which is a greedy policy without focusing on long-term network performance.
4) SIL based ICIC: SIL is the proposed self-imitation
learning algorithm in this work.
B. Numerical Results and Discussion
We first examine the convergence and the performance of
the generator and discriminator of WGANs. Fig. 3 shows
the Wasserstein estimation varying with the training epochs.
From the simulation results, we can see that the discriminator
and generator are trained in the opposite direction. This is
because the discriminator and the generator are respectively
updated according to (23) and (24) which have the opposite
objectives. We can see that both the two training curves
converge after about 2000 epochs. The Wasserstein estimation
of the generator converges to 1, which means the adversarial
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dataset generated by the generator G cannot be discriminated
by the discriminator D. Moreover, the Wasserstein estimation
of the discriminator finally converges to 0, which means D is
impossible to distinguish between the generated dataset and
the real dataset correctly.
1.0

Wasserstein estimation

0.8
0.6
0.4
0.2
Discriminator
Generator

0.0
0

1000

2000
3000
Training epochs

4000

5000

Fig. 3. Training process of WGANs

Evaluated state-action value Q

Next, we compare the ability of the Natural DQN and
the Double DQN in solving the overestimation problem in
the discrete decision-making process. Fig. 4 shows that the
evaluated state-action value Q changes with the increase of
the training steps. From the simulation results, we can see
that with the increase of the training steps, the changes of the
two curves gradually stabilized after about 5000 training steps.
This illustrates that the convergence of the two algorithms is
quite similar. Since the evaluated Q value converges around
75, the Natural DQN obviously overestimate the evaluated Q
value before about 4000 training steps where the evaluated
Q value of the Natural DQN is always larger than 75. The
overestimation problem of the Natural DQN will result in a
significant error when estimating the evaluated Q value, which
makes the decision-making of the RL procedure inaccurate.
Moreover, we can see that the convergence area of the Double
DQN is slightly larger than that of the Natural DQN, which
means the Double DQN can finally converge to better strategies. Therefore, we choose Double DQN in the proposed SIL
framework for performing the resource allocation of ICIC.
Algorithms
Natural DQN
Double DQN

200
150

Then, we illustrate the training process of SIL over time
steps. Fig. 5 shows the evaluated Q value which changes with
the training steps. As shown in Fig. 5, the training process
has two continuous stages: buffer stage and training stage.
In particular, in the buffer stage, the training dataset shaped
with hstate, action, action0 , state0 i are collected during the
operation period until the buffer size is full. Then, in the
training stage, the training dataset from the buffer is used
for implementing the batch-size policy gradient. After the
convergence of the training process, the derived strategies are
used for performing resource scheduling in the SIL.
In order to cater for the plug-and-play operation mode
of SBSs, we adopt a nested training scheme to reduce the
performance degradation occurring in the slow-start period and
thus to make the training process of SIL smoothy. Fig. 6 shows
the execution process of the proposed SIL algorithms, which
consists of two processes: a slow-start process and normal
execution process. Specifically, the slow-start process happens
at the boot-up stage of an SBS, where the SIL is unavailable
to be used since the replay buffer is in loading process and the
algorithm has not yet converged. After the completion of the
first slow-start process, the normal execution process begins,
where the next slow-start process and the normal execution
process work in a parallel way until the slow-start process
converges. By this way, SIL’s execution process is relatively
smoothy and the training time in the replay buffer can be
significantly reduced.

Fig. 5. Training process: the slow start and convergence of SIL
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Normal execution process of SIL
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Fig. 4. The updating process of the evaluated state-action value Q

Fig. 6. Nested training in SIL

Next, we examine the performance of SIL framework on the
average throughput with and without the maxSINR initializa-
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Fig. 7. Performance comparison of SIL with and without maxSINR initialization in the slow-start phase

Next, we extend the simulation to different network settings,
and examine the average throughput of the three algorithms
over time steps (TTIs). Specifically, we consider the coexistence of smart SBSs and legacy SBSs running the maxSINR
ICIC in the HetNet, and fix the number of smart SBSs to
1 in this simulation. Two simulation settings are used for
comparison: 1) Simulation implemented in Fig. 9(a) considers 10 legacy SBSs in the environment, and 2) Simulation
implemented in Fig. 9(b) considers 50 legacy SBSs in the
environment. From Fig. 9(a) and Fig. 9(b), we can see that
the average throughput of SIL is higher than that of the
Double DQN and the maxSINR. In summarize, in Fig. 9(a),
the average throughput of SIL is improved about 0.6% and
4.8% when compared with Double DQN and maxSINR. In
Fig. 9(b), the improvement is about 6% and 18.5%. In the
simulation settings of Fig. 9(a), since the number of subcarriers
is adequate for a small number of SBSs, Double DQN and
maxSINR can easily find good strategies with great probability. Therefore, as the environment becomes more complex,
the improvement of the performance of SIL on the average
throughput becomes more significant when compared with that
of Double DQN and maxSINR.
In the last experiment, we compare the overall throughput of
the Double DQN, SIL and maxSINR under different number
of SBSs with fixed 50 environmental legacy SBSs. From
the simulation result of Fig. 9, we can see that the overall
throughput increases with the number of SBSs. In more detail,
when the number of the SBSs is less than 2, the difference
between the three algorithms is not obvious, which is because
the spectrum resources are adequate for a small number of
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Fig. 8. Average throughput with different environment UEs in a smart BS
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tion in the slow-start area. SIL with maxSINR initialization
means the index in the Softmax output layer is initialized
according to the value of SINR. Fig. 7 shows the average
throughput over time steps in the slow-start phase of the SIL.
From the simulation result, we can see that in the slowstart phase, the performance on the average throughput of
SIL with maxSINR initialization is better than that of SIL
without maxSINR initialization. The average throughput is
significantly improved about 38.5%. Therefore, the design of
SIL with maxSINR initialization can effectively improve the
performance of SIL in the slow-start phase.
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SBSs. When the number of SBSs increases to larger than 2,
the performance improvement of the SIL becomes obvious
when compared with that of other algorithms. Specifically,
the average improvement of SIL on the overall throughput is
about 9.9% and 19.8% when compared with that of Double
DQN and maxSINR. Therefore, we can see that the SIL
can significantly improve the performance compared with
the reference algorithms especially in more complex network
environments.
VII. C ONCLUSION
In this paper, we have proposed a self-imitating learning
(SIL) for solving the ICIC problem in decentralized HetNets.
The decision-making processes of the decentralized SBSs are
modeled as non-cooperative POMDP games, and the objective
of the decision-making process is formulated as a distributed
IRL problem aiming at improving the long-term performance
on system throughput while guaranteeing the QoS requirements. The main idea of SIL which consists of W-GANs and
Double DQN is used for performing behavior imitation and
few-shot learning with the aim of optimizing the IRL problem
from both the Policy and Value. In more detail, Double DQN
can significantly eliminate the overestimation and perform the
decentralized resource scheduling in this work, and W-GANs
in SIL are used to imitate the expert strategies and generate
adversarial training samples, and thus help Double DQN make
decisions more robust. Significant performance improvements
in terms of the average throughput and overall throughout
are achieved by SIL when compared with other benchmark
algorithms.
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