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Abstract—Wireless link scheduling in D2D communication
systems aims at maximizing the weighted sum rate of D2D
pairs by determining which subset of D2D pairs should be
activated. However, it is a non-convex combinatorial optimization
problem, which is generally NP-hard and difficult to achieve the
optimal solution. Inspired by the recent attempt of introducing
machine learning and graph embedding to reach the general
goal, we propose an efficient method to solve the weighted
sum rate maximization problem. We first model the system as
a one-nearest neighbor graph, in which each D2D pair is a
node and the strongest interference link for each node is an
edge. Then we compute the feature vectors of both weights and
nodes by graph embedding and use the feature vectors as the
input of a subsequent multi-layer classifier. The parameters of
classifier and graph embedding are trained jointly in a supervised
manner. Simulation result shows that the proposed method can
obtain near-optimal performance with only hundreds of training
samples and is capable to be generalized to more complicated
scenarios.

I. INTRODUCTION

Efficient link scheduling in device-to-device (D2D) commu-
nication systems is an important and promising issue [1], [2].
It attempts to decide which subset of mutually interfering D2D
pairs in the network to be activated to achieve the maximum
utilization of the network resource. However, it is a challeng-
ing issue and up to now there is no efficient global optimal
algorithm. The traditional methods [3]-[7] are all sub-optimal
and need the help of channel state information (CSI) that is
obtained via effective channel estimation and feedback. Thus
these methods generally have high computational complexity
for large-scale networks.

Recently, machine learning (ML) technique has been used
to overcome the aforementioned problems. For example, the
authors in [8] have used a new method, spatial learning, for
wireless link scheduling, which does not require CSI. How-
ever, the training process may fail to converge if incorporating
the weights as an extra input to the neural network. Moreover,
hundreds of thousands of training samples is needed according
to [8] and the training process is very time-consuming. To
deal with these problems, IGCNet model, a model based on
graph neural networks, has been proposed in [9]. However,
the ML method in [9] still requires CSI and thousands of
training samples. On the other hand, a graph embedding based

method has been proposed in [10], where accurate CSI is
not necessary and only hundreds of training samples can lead
to near-optimal results. However, the work in [10] cannot be
extended into the scenario where the weight of each D2D pair
is taken into consideration. Therefore, the case where D2D
pairs have different weights is quite challenging and more
efficient algorithms are expected to be developed.

In this paper, we go one step further to solve the wireless
link scheduling problem with changeable weights. To achieve
this goal, we first model the entire system as a one-nearest
neighbor graph, in which each D2D pair is a node. One-
nearest graph means, for each node, only the interference
from the nearest transmitter is taken into consideration and
interference from other transmitters is ignored. In other words,
only the strongest interference links are modeled as edges.
Then both node features and weights are embedded into low-
dimensional vectors via two independent graph embedding
processes, respectively. These feature vectors are then input
into a multi-layer classifier, which will output the activation
probability of each node. Simulation result shows that the
proposed method can achieve near-optimal results with small-
scale training samples and outperforms the directed fully-
connected graph model in [10].

The remainder of this paper is organized as follows. The
problem formulation and the one-nearest neighbor graph
model are introduced in Section II. Section III introduces the
solving process for the wireless link scheduling problem with
weighted sum rate based on graph embedding and ML. The
test results and performance analysis of the proposed method
are presented in Section IV. Finally, we conclude this paper
in Section V.

II. PROBLEM FORMULATION AND ONE-NEAREST
NEIGHBOR GRAPH MODEL
In this section, we will introduce the system model and
problem formulation, and then describe the one-nearest neigh-
bor graph model for the D2D communication system.

A. System Model

We consider a D2D network as shown in Fig. 1. L D2D
pairs in a set 2 = {D,..., D} are randomly located in a
two-dimensional plane area, where each D2D pair consists of



a transmitter 7; and a receiver R;. The distance between T;
and R; is denoted as d;, which varies in the range of d;, to
dmax- When D; is activated, the transmission power of D; is
fixed as p; and we set its corresponding activation indicator
p; = 1. Otherwise, if the i-th D2D pair is not activated, p; = 0.
Besides, h;; denotes the channel power gain of D; and h
denotes the interference channel power gain from D; to Dj.

Communication link

Interference link

Fig. 1. D2D communication system.

Accordingly, the signal-to-interference-plus-noise ratio
(SINR) of D; is defined as
SINRl(p) _ PiPi |hu| (1)
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where 0% denotes the power of the additive white Gaussian
noise (AWGN). Moreover, p = [p1, p2, ..., pr]. Correspond-
ingly, the data transmission rate of D; on the bandwidth B
can be expressed as follows

Ri(p) =
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According to (3), if too many D2D pairs are activated at
the same time, the interference between the links will be very
serious, thus reducing the overall data transmission rate. In
addition, different D2D pairs are allowed to have different
weights in this model. Taking weight into consideration has
important practical significance, because D2D pairs may have
different priorities in practical communication system. In this
way, the link scheduling problem can be formulated as

L
mgx;w () )
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where w; is the weight of the ¢-th D2D pair.

B. One-nearest Neighbor Graph Model

We use G(V,E,z,w,a(u,v)), a one-nearest neighbor
graph in Fig. 2, to represent the system in Fig. 1. In this
graph, V' is the set of nodes and E is the set of edges.
Specifically, we regard each D2D pair as a node and the

edges connect different D2D pairs. In the one-nearest neighbor
graph, only interference from the nearest transmitter is taken
into consideration for each receiver. In this way, the edge set,
E, only contains L elements and each edge in E is directed.
Compared with the fully-connected graph in [10], one-nearest
graph can effectively reduce the computational complexity of
the following graph embedding process. Besides, « is the
the feature of each node. Specifically, we use inner distance
between T; and R; as the feature for node D;. Moreover, w
is the set of D2D pairs’ weights and « (u,v) is the distance
between node u and v, for u,v € V.

.D«

Fig. 2. One-nearest neighbor graph model.

III. GRAPH EMBEDDING BASED METHOD FOR WIRELESS
LINK SCHEDULING WITH WEIGHTED SUM RATE
In this section, we will introduce how to deal with the link
scheduling problem (4) with graph embedding method.

A. Graph Embedding Process

Graph embedding [11] can effectively use low-dimensional
vectors to represent the complex graph information. In this
paper, we use structure2vec [12], a deep learning architecture
for graph embedding, to calculate the p-dimensional feature
vectors for each node and its weight. We denote ,uq(f) and
ugf;}] as the embedding vectors for each node v € V' and each
node’s weight, respectively. According to structure2vec, they
are updated using the following two independent iterations,

pl+D = (acm {e(u,v) buen (), {Mgp}uEN(v)> )

and

() — (asz, {a(u, )} uen(w) {Hm}uemy) , (6)

respectively, where I' is a nonlinear function, N (v) is the
set of nodes adjacent to v, x, is the node feature and x,.,
is the weight feature. As mentioned above, our graph is a
one-nearest graph. Therefore, N (v) only contains the nearest
node to v. As shown in [12], the information of one node can
propagate farther with more iterations. We follow the setting
of the number of iterations 7' = 2 in [10] since the general
gragah architecture is similar. By iteratively updating ,u,g,t) and
ug@ using (5) and (6), the feature vectors for each node and
its weight can be obtained based on the topology of the one-
nearest neighbor graph.

Specifically, x, is the D2D pair’s inner distance and x,,,, is
the D2D pair’s weight. In addition, we use the rectified linear



unit (ReLU) as nonlinear function mapping and implement
the structure2vec architecture in embedded mean field. So
the iteration rules are given by
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where o (x) = max (0,z), and the set # = {W,..., W}
contains the parameters for different input features. The
pseudo codes for the two independent graph embedding pro-
cesses are listed in Table I and Table II, respectively.

According to [10], quantification of weights and distances
is required to fit the structure2vec network architecture.
Thus we use g¢-bit one-hot feature to represent the quan-
tified result. Specifically, the quantizer range for weight is
[Wmin, Wmax), the quantizer range for inner distance of D2D
pairs iS [dmin, dmax] and the quantizer range for interference
links is [0, darea). The impact of the numbers of quantization
bits will be discussed in Section IV.

TABLE 1
GRAPH EMBEDDING PROCESS FOR NODE FEATURES
Algorithm 1 Embedded Mean Field for Node
input: ¥ = {W 1, Wy, W3}
initialization 1) = 0, for all v € V.
:fort=1to T do
for v € V do
WD = o (Wiew + Wa Suen(u) alu ) + Wa Suenc #i)
end for
end for
return {HLT)
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TABLE II
GRAPH EMBEDDING PROCESS FOR WEIGHT
Algorithm 2 Embedded Mean Field for Weight
input: ¥ = {W4, W5, Ws}
initialization p'0) = 0, for all v € V.
cfort=1to T do
for v € V do
u%ffl) =0 <W47’v + W5 XuenN(v) @ v) + We Xy e N(v) #g&)
end for
end for

(T)
return { } .
u How vev
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B. Multi-layer Classifier

After the feature vectors of the one-nearest neighbor graph
are generated via graph embedding, the next step is to decide
which subset of V' should be activated to achieve the optimal
network resource utilization. This is a binary classification
problem and we use a multi-layer classifier shown in Fig. 3
to solve it.

As depicted in Fig. 3, both feature vectors of the nodes
and the weights are taken as input to the classifier network.
Therefore, the input layer consists of 2p neurons correspond-
ing to the two p-dimensional feature vectors uE,i,), and uq(,t).
The output layer consists of two neurons that represent the

activation probability for each node.

Input Layer

Hidden Layers

Output Layer

Fig. 3. Multi-layer classifier.

C. Training Process

Since the integral network consists of graph embedding
and multi-layer classifier, we use the discriminative training
method to jointly learn the parameters of graph embedding
W ={W,..., Wg} and classifier F in a supervised manner.
The training dataset is generated according to the FPLinQ
algorithm in [6]. The training dataset is defined as I' =
{Zn,y,})_,, where x, refers to the input of the original
graph and y,, is the link scheduling result, which is denoted
as an L-dimensional boolean vector. y,, (I) = 1 means D; is
activated and y,, (I) = 0 means D is not activated. Moreover,
the original output of classifier is denoted as zj'. To be
specific, 2] = (0,1) when y,(l) = 1 and 27 = (1,0)
when y,, (1) = 0. In addition, ' (p{") is denoted as Z'.
We use cross entropy as the loss function and thus the graph
embedding and classifier F' can be learned together via the
following optimization problem

N L
min z::l l; —27(0)log 2} (0) — 2 (1) log 2/'(1).  (9)
IV. TEST RESULTS
In this section, we will test the performance of the pro-
posed method based on the open source structure2vec code!.
FPLinQ algorithm is implemented by MATLAB and the rest
is implemented by python 3.7.

A. Network Setup

As shown in Fig. 1, a 500 m by 500 m two-dimensional
region with 50 D2D pairs is considered. Within this area, the
transmitters are randomly distributed and the corresponding
receivers are also randomly distributed within a range of 2-
65 m from the transmitter. The short-range outdoor model
ITU-1411 [13] is used as channel model which only considers
the distance-dependent path-loss. Detailed parameters for D2D
networks are listed in Table III unless otherwise stated.

The number of iterations 7' is set to 2 according to Section
III. We adopt a four-layer classifier whose input is the graph

Thttps://github.com/Hanjun-Dai/pytorch_structure2vec/tree/master/s2v_lib



TABLE III
SIMULATION PARAMETERS

[ Parameter [ Value |
Edge length, darea 500 m
D2D distance, dmin, dmax 2 m, 65 m
Noise spectral density -169 dBm/Hz
Bandwidth, B 5 MHz
Carrier frequency 2.4 GHz
Antenna height 1.5m
Transmit power of activation link, P 40 dBm/Hz

embedding result. Meanwhile, the dimensions of the feature
vectors for the pairwise distance and the weight of the D2D
pairs are both set as 16. Therefore, the total size of input
layer of the classifier is 32. Then, we set the size of the
two hidden layers to 32 and 16, respectively. Besides, the
output layer’s dimension is set to 2. We adopt the rectified
linear unit as the activation function for the classifier and
we also adopt batch normalization to avoid the vanishing
gradient problem and the overfitting problem. Moreover, we
use the adaptive moment estimation (Adam) [14] algorithm
as the optimization algorithm. Detailed parameters for graph
embedding and classifier are listed in the Table IV unless
otherwise stated.

TABLE IV
NETWORK PARAMETERS
[ Parameter [ Value |
Number of iterations, T 2
Pairwise distance embedding dimension, P 16
Weight embedding dimension, P> 16
First hidden layer size, H1 32
Second hidden layer size, Ha 16
Number of training samples 500
Number of testing samples 50
Distance quantization bit, g1 3
Weight quantization bit, g2 3
Batch size 128

B. Impact of the Number of Training Samples

Since large-scale training samples are generally hard to
obtain, the required number of training samples is critical in
the training stage of neural networks. This is the reason why
we attempt to design a network which can perform well with
only a relatively small number of training samples.

We test the performance of the proposed method with
different numbers of training samples. Two indicators, clas-
sifier accuracy and average sum rate, are tested. The classifier
accuracy refers to the accuracy of supervised learning. And
the average sum rate is the ratio of the objective function
value given by our proposed method with respect to that of
the FPLinQ algorithm.

As shown in Table V, there are some fluctuations for the
two indicators as the number of training samples increases. For
the classifier accuracy, it increases slightly with the number

TABLE V
PERFORMANCE WITH DIFFERENT NUMBERS OF TRAINING SAMPLES
Number of 200 | 500 | 1000 | 1500 | 2000
training samples
Classifier accuracy | 0.8252 | 0.8384 | 0.8396 | 0.8476 | 0.8428
Average sum rate 0.9698 | 0.9797 | 0.9733 | 0.9817 | 0.9776

TABLE VI
PERFORMANCE ON SCENARIOS WITH DIFFERENT NUMBERS OF D2D
PAIRS
Number of
D2D pairs 10 30 50 80 100
Classifier accuracy | 0.9220 | 0.8407 | 0.8384 | 0.8465 | 0.8530
Average sum rate 0.9715 | 0.9810 | 0.9797 | 0.9639 | 0.9603
TABLE VII

PERFORMANCE ON SCENARIOS WITH DIFFERENT PAIRWISE DISTANCES

Pairwise distance 5 65| 1050 | 3070 | all 30
d min —d max(m)

Classifier accuracy | 0.8384 | 0.8032 | 0.7592 | 0.7508
Average sum rate 0.9797 | 0.9617 | 0.9892 | 0.9438

of training samples. For the average sum rate, our proposed
method can achieve 97.97% of the performance by the FPLinQ
[6] when the size of the training set is 500. Besides, the
average sum rate keeps almost unchanged as the sample
size further increases. When the sample size increases to
1500, the average sum rate only increases by 0.20%. These
results suggest the proposed method only needs a few hundred
training samples to achieve a relatively high average sum rate.

C. Scalability Test

Intuitively, the performance of the ML algorithm will de-
teriorate in complex scenarios. Therefore, the performance of
our proposed method with different numbers of D2D pairs is
tested. The test results are listed in Table VI.

From Table VI, the classifier accuracy is relatively high
when there are only 10 D2D pairs in the system. However, the
classification accuracy drops to about 84% when the number
of D2D pairs is greater than 30. This is because the features
are easy to learn when the topology of the graph is simple
but the performance would get worse when the topology of
the graph becomes more complicated. Meanwhile, the average
sum rate of our proposed algorithm only decreases by 1.58%
when the number of D2D pairs changes from 50 to 80. And the
average sum rate only decreases by 0.36% when the number
of D2D pairs increases from 80 to 100. This indicates that
the proposed method has a good generalization ability for the
complexity of the graph topology.

Next we test the performance of the proposed method with
different pairwise distances of D2D pairs and the test results
are presented in Table VII. Data shows that the performance
of the proposed method deteriorates as the pairwise distance
distribution interval decreases. Here we can give some intuitive
explanations. The distinction between nodes will be reduced as
the range of pairwise distance distribution gets smaller. Thus
the smaller the allowed range of the distance distribution is,
the more difficult for the proposed method to extract features
from the graph. Therefore, both the classifier accuracy and
average sum rate of our proposed algorithm decrease when
the range of distance distribution gets smaller.

D. Influence of the Numbers of Quantization Bit

As mentioned in Section III, distances and weights of each
node have been quantized to fit the structure2vec architecture.
On the basis of the analysis above, it is noted that the diversity
of node features is an important factor which would influence



TABLE VIII
PERFORMANCE WITH DIFFERENT NUMBERS OF DISTANCE
QUANTIZATION BIT

Number of Quantization Bit 2 3 4 5
Classifier accuracy 0.8064 | 0.8384 | 0.8700 | 0.8860
Average sum rate 0.9535 | 0.9797 | 0.9899 | 0.9697

TABLE IX
PERFORMANCE WITH DIFFERENT NUMBERS OF WEIGHT QUANTIZATION
BIT

Number of Quantization Bit 2 3 4 5
Classifier accuracy 0.8356 | 0.8384 | 0.8368 | 0.8440
Average sum rate 0.9750 | 0.9797 | 0.9729 | 0.9696

the performance of the proposed algorithm. Consequently, the
quantization bits of distance and weight, ¢; and g2, may also
have an important impact on the performance of the proposed
algorithm. Thus we test the influence of ¢; and g», respectively.

Firstly, we only change the distance quantization bit, ¢;.
The results are shown in Table VIII. The classifier accuracy
increases with the increase of q;. This is because the diversity
of distance gets more apparent when there are more distance
quantization bits. Moreover, since quantization is always ac-
companied by errors, using more quantization bits means less
information loss and the quantized results are closer to the
original values in general. However, the average sum rate
increases first and then decreases according to Table VIII. This
indicates that there is a threshold for distance quantization bit
as shown in [10]. Noted that achieving a higher average sum
rate is our ultimate goal, we need to pay special attention to
the existence of this threshold when selecting the suitable ¢;.

Secondly, we only change the weight quantization bit, qo,
and the results are shown in Table IX. The test result indicates
that the influences of ¢ and ¢; on the performance of the
proposed algorithm are basically the same. The classifier
accuracy shows an upward trend, while the average sum
rate has a threshold. However, the influence of the weight
quantization bit on the performance of the proposed algorithm
is slightly worse than that of the distance quantization bit,
which can be explained from several aspects. On the one hand,
distance quantization is used more frequently than weight
quantization in the proposed algorithm. To be more specific,
weight quantization exists only within the D2D pairs, while
distance quantization exists both within and between the D2D
pairs. On the other hand, the weight itself is actually a relative
value but distance is a specific value. Furthermore, since
distance itself implies an activation priority, distance contains
more information than weight.

V. CONCLUSION

This paper aims at solving the wireless link scheduling
problem where the weight of each D2D pair is taken into
consideration. The key idea is to construct a one-nearest
neighbor graph model for the D2D communication system
to reduce the computational complexity and generate feature
vectors for both node and weight by two independent graph
embedding processes. Thus the graph embedding result reflects
the topology and interference patterns of the network. Then we
use a multi-layer classifier to output the activation probability

of each D2D pair and decide which subset of D2D pairs
should be activated. Simulation result shows that the proposed
methods can obtain near-optimal solutions for weighted sum
rate maximization problem with only hundreds of training
samples.

This paper envisions the broad application prospect of
machine learning in the field of wireless communications.
Moreover, the test result suggests that graph embedding is
an effective method for extracting features based on network
topology and it may have potential for other wireless resource
allocation problems.
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