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Abstract. We study a cross-layer transmission design problem for
vehicular communication networks. Two source-destination links are con-
sidered to share the same spectrum resource. Each link intends to send
two types of messages to support different delay-sensitive applications.
The whole system operates in a dynamic environment in which the small-
scale channel fading may change rapidly. Therefore, the sources need
to vary their transmission strategies accordingly to efficiently use the
available resources while keeping the performance requirements satisfac-
tory. Conventional transmission design via mathematical tools in general
demands an iterative computation process and results in high complexity
unsuitable for rapid decision-making. In this paper, we propose tackling
such a problem by first transforming the transmission design problem
into a joint classification-regression problem, and then applying deep
multi-task learning (MTL) to solve it. Through simulation results, we
show that our method can achieve the similar performance as the trans-
mission design found by mathematical optimizations, with a much faster
inference process. The advantages would become even more notable when
the network size increases and the environment becomes more complex.

Keywords: Cross-layer transmission design - Vehicular
communication + Multi-task learning

1 Introduction

Improving road safety, alleviating traffic congestion, and reducing energy con-
sumption have become the major concerns in the development of modern road
transportation systems. Allowing high-quality communications among the ele-
ments on the road (including vehicles, roadside infrastructure, pedestrians, etc.)
serves as one of the key technologies for establishing an intelligent transporta-
tion system (ITS) [1]. It can enable a rich amount of sensing, computing, storage
and communication resources to be shared to enhance the capability of each
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individual [2]. However, transmission design in vehicular communication net-
works can be much more challenging than those in conventional cellular and
WiFi networks [3]. First, vehicular communication often needs to support mul-
tiple safety-related applications, which have different quality of service (QoS)
requirements. Second, the available spectrum resource is normally limited and
may be shared by multiple links. Hence inter-user interference has to be taken
into account, if efficient channel usage is desired. Finally, due to the rapid move-
ment of vehicles, the channel fading changes dynamically. Continuous and rapid
transmission decision-making should be conducted accordingly.

Efficient transmission design in wireless networks through power control to
balance the desired performance of each link and mutual interference between
links has been studied extensively in the past decade [4-6]. The optimization
target can be very different, ranging from minimized energy consumption to
maximized throughput, depending on the application demand. For instance, the
amount of information that can be successfully delivered by one joule of energy
(also termed energy efficiency, EE) has attracted recent attentions due to its
fractional nature, practical meaning, and difficulties in solving the problem. For
a multi-user interference channel, reference [5] proposes a quadratic transform
technique for tackling the multiple-ratio concave-convex fractional problem for
EE. Reference [6] also studies a successive pseudoconvex approximation frame-
work to maximize the EE.

But these works may not be naturally applicable in vehicular communication
networks because of a number of reasons. First, they consider only a single type
of message between each source-destination link. In addition, transmission design
is carried out based on information theory and considers only the channel state
information (CSI) in the physical (PHY) layer. By this means, the queue state
information (QSI) in the MAC layer is ignored such that message transmission
delay cannot be properly taken into consideration in a dynamic environment
[7]. To handle these issues, our earlier work [8] investigates a two-user vehicular
communication network in which each link desires to deliver two types of different
messages, representing periodic heart-beat status messages and random sensing
messages respectively. Applying the Lyapunov optimization theory, sequential
power control in a dynamic environment is transformed into a new optimization
problem that can be solved greedily. It is shown that the EE can be notably
improved by the proposed method compared with conventional approaches.

Nevertheless, the computation complexity of the above method is high since it
applies an iterative process to identify the solution of the power control problem,
and also exhaustively searches the best decision for determining which message
should be transmitted. This hinders the method’s operation in an online fashion.
There is a need for an efficient and dynamic transmission design strategy for
supporting multiple applications in vehicular communication networks.

In the past few years, using machine learning (ML) tools to solve complex
optimization and decision-making problems in wireless systems has drawn a
large amount of research interests. For example, reference [9] shows that the
beamforming design in a multiple-input multiple-output (MIMO) system can be
formulated as a multi-class classification problem, and thus be solved efficiently
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using ML algorithms without significant performance loss. References [10-12]
prove that the power control problem and user scheduling problem can respec-
tively be treated as regression and classification problems. Therefore, after being
properly trained by datasets generated using time- and computation-demanding
mathematical tools, ML models, especially deep learning models, can rapidly
carry out the inference process and reach near-optimal solutions for unseen data.
Advanced ML schemes, e.g. convolution neural networks [13] and ensemble learn-
ing [14], are applied to solve complex power control problems recently as well.

In this paper, we borrow the above ideas to solve the aforementioned dynamic
transmission design problem. Specifically, we consider a vehicular communication
system that consists of two source-destination links sharing the same spectrum
resource. Each link intends to deliver two types of messages with different QoS
requirements: The periodic heart-beat messages should be transmitted immedi-
ately with high reliability, while the sensor messages should be sent with limited
delay. Targeting maximized EE, we first transform the non-convex fractional
optimization problem with time average constraints into a series of solvable
mixed integer optimization problems. Further, we apply a deep multi-task learn-
ing (MTL) network trained by data generated using mathematical optimization
tools, and with loss function properly designed to balance individual learning
tasks. Numerical results show that the proposed MTL-aided dynamic transmis-
sion design can achieve the similar performance as that found by mathematical
optimizations, but with limited computational complexity.

The remainder of the paper is organized as follows. In Sect. 2, we present the
system model, transmission design problem formulation, and the conventional
solution. In Sect. 3, we develop the MTL-aided transmission design and elaborate
the training process. Section 4 illustrates numerical performance assessments of
the proposed method. Finally, Sect. 5 concludes the paper.

2 System Model and Transmission Design Problem

We consider a multi-user vehicular communication network, in which two pairs
of information source and destination vehicles, denoted by Vg, and Vp, for Vi €
{1, 2}, share the same spectrum resource, as shown in Fig. 1. Their operations can
be coordinated by the serving roadside infrastructure. Each source Vg, desires to
send two types of delay-limited messages, which have different characteristics and
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QoS requirements to support different road safety applications, to Vp,. Messages
generation and transmission are assumed to conduct in discretized unit time
slots. Thus, Vg, executes its transmission operation at the beginning of each
time interval [¢,t + 1), for t € {1,2,...}.

The first type of messages, termed type-1 messages, represent heartbeat mes-
sages and arrive in Vg, periodically with a constant data rate r; bits/slot. They
normally carry real-time status of Vs,. Hence they should be transmitted imme-
diately. To guarantee Vp, to attain a proper knowledge of the status of Vg,,
the successful transmission ratio should be sufficiently large. We use a binary
indicator ¢;[t] to denote whether, at time slot ¢, Vp, receives the message. The
QoS requirement of the type-1 message can hence be expressed as

T
¢; = Hm % ; Git] > Pi,min, (1)
where ¢; min is the minimum threshold value for the ith link (e.g. 70%).

The second type of messages, termed type-2 messages, represent messages
that randomly arrive in Vg,. Such messages can be those that support environ-
ment sensing or on-board infotainment applications. Let a;[t] (in bits) denote
the generated data volume (within time interval [t,t+ 1)), which, without loss of
generality, is assumed to follow a stationary random process with expectation \;
bits/slot. Different from type-1 messages, type-2 messages can normally tolerate
certain delay. Hence, the data unable to delivery are temporarily stored in the
source queue of Vg, (denoted by Q;). Use Q;[t] and b;[t] to respectively denote the
amounts of data stored in and leave Q;, at the beginning of time interval [¢, t+1).
For some initial value Q;[1], the queue state Q;[t+1] = max{Q;[t]—b;[t], 0} +a;[t].
To avoid the queuing delay to become unlimitedly large, we set the QoS require-
ment of the type-2 messages to be

o lg 1
Jim ;bi[t] z Jim — D ailt] = i (2)
This implies the queues being stable [15].

The message transmissions are conducted in a block-fading environment.
The fading coefficient between Vs, and Vp, at time interval [t,¢ + 1) is denoted
by h;j[t], which accounts for both the large-scale and small-scale fading phe-
nomenon. We assume that the knowledge of h;;[t] is causally available at all
terminals (through, e.g., channel training coordinated by the serving infrastruc-
ture). |h;;|* denotes the channel power gains correspondingly. Use p;[t] (chosen
from domain [p; min, Pi,max|) and R;[t] to denote the transmit power and data rate
of Vg, at time interval [¢,¢ + 1). Encoding using unit-power capacity-achieving
Gaussian random codes leads to

[haa[t)]” pslt]
|hi; (117 p;[t] + No

R;[t] < Blog, (1 + ) , Vie{l,2}, (3)

where B is the bandwidth and Ny is the noise power.
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We consider a dynamic vehicular communication environment such that the
small-scale fading coefficients change independently across time slots. Therefore,
a corresponding dynamic transmission design is expected to efficiently deliver
the messages while keeping the QoS requirements satisfactory. In what follows,
the transmission efficiency is evaluated by energy efficiency, i.e., the amount of
information transmitted by one joule of energy consumption. Mathematically, it
is defined as the ratio of the average of long-term aggregate data to the average
of the corresponding long-term total energy consumption:

R Rl + Rg
nN==s==—"=> (4)
P pi+p
where the individual average transmission rate R; = limr_ o %25:1 R;[t],

and the individual average power consumption p; = limy .o 7 Zthl Pi[t] =
lim7_, e % Zle pilt] + pe,i, and pe; is the constant circuit power of Vg, [16].

In addition to controlling power p;[t], due to the requirement of supporting
multiple applications, each source has an additional action to choose encoding
which message, denoted mathematically by a binary indicator 1;[t]. Specifically,
¥;[t] = 0 represents the case that Vg, chooses excluding a type-1 message in
its transmitted signal. As a result, all power consumption is used to satisfy
the QoS requirement of the type-2 messages, i.e., emptying the queue Q; with
bi[t] = R;[t]. On the other hand, choosing v;[t] = 1 means that Vs, intends to
send both types of messages. By this means, b;[t] = R;[t] — r; and the remaining
r; bits are allocated to the type-1 message. Note that in this case, Vg, needs to
use sufficient power to guarantee R;[t] > r;.

In summary, the dynamic transmission design in the considered vehicular
communication network aims to, based on the knowledge of CSI in the PHY
layer (i.e., channel fading coefficients) and QSI in the MAC layer (i.e., queue
lengths), solve the following stochastic optimization problem:

.. - Ri+ R
maximize : 7= ——— (5)
p1+ D2
s.t.: Cl: (Ez > ¢i,mina Vi € {1,2}, (6)
C2: Q;, is stable, Vi e {1,2}, (7)
C3: Pimin < Pift] < Pimax, Vi€ {1,2}. (8)
Cd: wlt] € {0,1}, Vi € {1,2}. (9)

The above problem is hard to solve exactly, since the objective func-
tion and constraints have time average operations. One can reach a sub-
optimal solution with the aid of Lyapunov optimization theory [8,15]. We
define p* = [p1[1], p2[1],p1[2],p2[2], -] as the optimal power allocation vec-
tor. The optimal power allocation achieves the optimal EE 7,,; if and only if
max((R1+Ra) —opt (P1+P2)) = 0 [17]. Thus, we can first transform the objective
function at the beginning of time interval [t,¢ + 1) into the form:

maximize : (B [t] + Rat]) — flopt (p1[t] + pe,1 + p2[t] + pe,2) (10)
s.t.. C1, C2, C3, C4.
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Since fope is unknown, we define 7[t] as the objective function achieved so far:

nlt] = S (Ralr] + Ro[r]) '
S (0[] + pes + p2lT] + pe2)

(11)

We next replace flop: in (10) by n[t] and eliminate the constant part p.; and
Pe,2- Then problem (10) is cast as

maximize : (Ri[t] + Ra[t]) — n[t](p1[t] + p2[t]) (12)
st C1, C2, C3, C4.

It is shown in [8,15] that the transformation is effective for solving the original
problem (5), since the time average operation (over future transmission strate-
gies) in the objective function is avoided.

Furthermore, we can transform the constraint C1 into an equivalent queue
stability constraint [15], by defining a virtual queue for each source-destination
pair Y;, Vi € {1, 2}. Use Y;[t] to represent the queue length of Y; at the beginning
of time interval [t,t+1). For a certain initial value Y;[1], the virtual queue updates
according to the following formula:

Yilt + 1] = max{Yi[t] — ¢i[t],0} + dmim, Vi € {1,2}. (13)

Demanding the stability of the virtual queue eliminates the time average oper-
ation of the constraint C1 since it implies limr_, % Zle Gilt] = ¢i > Dimin-

Based on the Lyapunov optimization theory, the constrains that the queues
Y1, Yo, @1, and Q4 are stable can be described by a Lyapunov drift-plus-penalty,
and then transformed to a cost function in the objective function. In addition,
finding a lower bound of the changing part of the drift-plus-penalty, the original
transmission design problem (5) is transformed into a mixed integer optimization
problem at each time interval [t,¢ + 1) as follows [8]:

maximize : VZ (R;[t] — n[t]pi[t]) + 2 Z (u; Qs [t]bi[t] + v;Yi[t]ps[t]) (14)

s.t.. C3 and C4,

where the parameter V can be tuned to trade off energy efficiency and queue
lengths (both actual source queues Q; and virtual queues Y;), and u; and v;
are the weighting parameters of Q;[t] and Y;[t] controlling the power assignment
between the two types of messages. All time average operations are eliminated.

Now, by individually considering each of the four encoding options in the con-
straint C4, the above optimization problem has only the constraint C3. Although
it is not a convex optimization problem, it can be solved by the concave convex
procedure algorithm [18]. By comparing the solutions corresponding to the four
encoding options and using the one with the best performance, a sub-optimal
solution to the original problem (5) is found. Through extensive simulations, it
is shown in [8] that such a dynamic transmission design achieves better perfor-
mance than a number of conventional methods. However, the concave convex
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procedure algorithm demands an iterative searching process to reach the solu-
tion. Taking enumerating the encoding actions also into account, at the begin-
ning of each time interval, a complex computation is demanded to determine
the dynamic transmission design strategy. This may prevent the strategy to be
conducted in an online fashion. In what follows, we propose applying the deep
MTL technique to tackle this problem.

3 Deep Multi-task Learning-Aided Transmission Design

To solve the dynamic transmission design problem for the considered vehicular
communication network, we follow the idea presented in [12] and transform the
solution of the optimization problem (14) at each time slot into a mapping prob-
lem, from the network CSI (taken as the form of channel power gains |h;;[t]|?),
QST (queue lengths Q;[t] and Y;[t]), and achievable performance so far (energy
efficiency 7[t]), to the optimal encoding actions and transmission powers of both
links. Specifically, let F denote the function that describes the mapping rela-
tionship. For fixed transmission requirement parameters @1 min, ®2min, P1,mins
D2,mins P1,max, P2,max, and optimization weighting parameters ui, us vi, v2, V,
the function F can be written as

F o {2, haft]?, [hoa )%, oo, Q1[0 Qalt], Vi), Yalt) mft]}
= {piltpsle, wil vs s Ve (1,2, ), (15)

where the set {pj[t], p3[t], ¥ [t],¥3[t]} denotes the solution to problem (14).

If one knows the function F, then making the dynamic transmission design
decision is straightforward. However, the general form of function F is clearly
unknown. On the other hand, for each possible realization of the input set
{lhaa[t]1?, [ha2lt]]?, [har [E]]%, [Roat]|?, Qu[t], Qa[t], Y2 [t), Ya[t], n[t]}, the associated
output set {pi[t], p5[t], ¥5[t], ¥3[t]} can be derived by the concave convex proce-
dure algorithm, as explained above. But the computation process can be very
time-consuming. Therefore, we considering integrating the advantages of the two
approaches, by training a deep neural network (DNN), with data coming from
mathematical derivations, to approximate F. As long as the approximation is
sufficiently accurate, inference using the DNN can guarantee a rapid and good
decision-making process. Nevertheless, the mapping function presented in (15)
is different from those considered in conventional works (e.g., [12]), since the
problem (14) is a mixed integer optimization problem. The function output con-
tains both quantitative (i.e., pf[t], p5[t]) and categorical (i.e., ¥5[t], ¥5[t]) values.
The learning problem cannot be simply modeled as a regression or classification
problem. To handle this issue, we propose applying the MTL technique to train
the DNN and establish the approximate function.

MTL is a branch in ML that aims to exploit useful information contained in
multiple related tasks to improve the generalization performance of all the tasks,
[19]. DNN with hard parameter sharing is one of the frequently used structures
in MTL networks [20]. As show in Fig. 2, there are two parts of hidden layers
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Fig. 2. Network structure with hard parameter sharing

between the input layer and the output layer, namely share layers and task-
specific layers. The shared layers are used to learn the common information of
different tasks. The task-specific layers are used to integrate information from
the shared layers, learn the individual inherent characteristics, and output the
specific form of each task. The network structure can be considered as a variant
of a fully connected network. Having two different types of hidden layers simul-
taneously obtains input-output mapping of multiple tasks, and may also lead to
a better generalization performance of each individual task [20].

For conventional regression and classification problems, one can use loss func-
tions such as mean square errors (MSE) and cross entropy (CE) to respectively
evaluate the difference between prediction and desired output results, to train
DNNs. But in general it is difficult to find a single unified loss function for an
MTL network. One apparent way is to add up all the losses with pre-defined
weights, i.e.,

Liotar = »_wiLs, (16)

where £; and w; are the loss and weight parameters of the ith task, respectively.

However, the inference performance of such learning models are often strongly
dependent on whether the weights are determined properly. Tuning these weight
parameters manually, via e.g., grid search, is a difficult task. For practical appli-
cations, having a loss function that automatically finds the weights for differ-
ent tasks are much more attractive. For this reason, reference [21] proposes
a multi-task loss function based on maximizing the Gaussian likelihood with
task-dependent uncertainty. Next we introduce how to transform the considered
optimization problem into individual tasks and define the corresponding loss
function.

In our vehicular communication network, the allocated power of each V2V
link at each time slot is a real value between p; min and p; max. We regard both
links’ powers at each time slot as a two-dimensional vector. The mapping from
inputs to output with real values (i.e., from |hy1[t]|?, |h12[t]|?, |ho1[t]|?, |h22[t]|?,
Q1[t], Q2[t], Y1[t], Ya[t], n[t] to power assignments pi[t], p5[t]) is formulated as a
regression problem. However, p}[t], p5[t] can be chosen from a wide region (e.g., in
our experiments in Sect. 4, the powers frequently change between 107> W to 107!
W). Directly using them in the loss function may cause model training to mainly
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consider the impact of large power values, while small values, especially when the
channel qualities of the desired links are good, are actually more important in
achieving high energy efficiency. Therefore, we follow [10] and conduct a feature
transformation process that takes the logarithm operation to transmit powers
(values close to zero are set to 1073°). The output vector of the power control
regression problem in our MTL network is thus formed by log pi[t] and log p3[¢].
Due to similar reasons, the same feature transformation is carried out for the
channel power gains, i.e. log (\hw [t]|2) are actually used.

To define a loss function that can be used for training the MTL network,
we follow [21] and consider the task-dependent uncertainty between the model
output (denoted as fW(x), with  and W respectively being the input and
network parameters of the MTL network) and desired output (denoted as y,.)
of the regression task. Assume that y,. — f/V(z) follows a zero-mean Gaussian
distribution, i.e.,

Yr — f7W(x) ~ N(Ovaz)a (17)

where the standard deviation o, represents observation noise level. For the max-
imum likelihood estimation, we can obtain the log likelihood [21]:

log Pr {yT|fTW(ac),UT} = log Pr {yr — fTW(J:)\UT} x — <%EMSE(W) + 1ogar) ,
(18)
where Lysp(W) = ||yr — fﬁ’v(x)H2 is the regression output MSE.

In addition, the condition C4 in (14) represents the encoding actions in the
considered network. This determines whether type-1 messages should be trans-
mitted. Since ¥3[t] and 3[t] are binary indicators, seeking the optimal map-
ping from inputs |hi1[t]|, [Paa[t]?, a1 [t]|?, [h2o[t]]?, Qu[t], Q2[t], Yalt], Ya[t], nlt]
to them can be formulated as a classification problem. One simple way of the
formulation is to treat it as a multi-class classification problem. For instance,
in the considered 2-link network, the number of classes (all possible encoding
actions at each time slot) is four. But as the network size becomes large, such a
number increases exponentially. To avoid this issue, we deem the encoding action
of each link as a single binary classification problem. This still fits in the MTL
framework and leads to only a linear increase of decision space as the network
size increases.

Let the MTL network have two classification output neurons, each applying
the Sigmoid function to represent the probability that the input leads to the asso-
ciated category. Again, following [21], assume that the likelihood of the output
of the ith transmission link equals a scaled softmax function with scalar o ;:

Pr(yc’i|fc‘f§(x),acyi) = Softmax <0£ C”f(:r)) i€ {1,2}, (19)

c,t

where g/‘f(x) and y.; respectively denote the model output and actual value

(encoding action derived using mathematical optimization) of the ith link. The
log likelihood of multiple classification tasks can be simplified as
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2
IOgPI {yclfg/v(w)a UC} = IOgHPT{yc,i|ch,[z/'($)7Uc,i}
i=1

2

=~ —Z ULECE(y(' 1,f(.z Zlogﬂc i (20)

i=1 C,7

where Log(Ye,i, f1y (x)) denotes the ith classification output CE, and y. and
¥ (x) denotes the vector representation of all desired outputs and all model
outputs respectively. In our work, the two V2V links have the similar message
transmission demands. To simplify the model training process, we set .1 =
0c,2 = 0.. Thus, the above log likelihood can be written as

2
1
log Pr {yc|ch(33)7Uc} ~ =2 (22 ZECE (ycwfg/‘;(x)) + 10g0c>
9c i
1
x — (02£BCE(W) + log oc) , (21)

where Lpcp(W) = 3 37 Lo (e, f1¥ (2)).

To facilitate training one MTL network for making concurrent decisions of
both encoding actions and power assignment, we formulate a single loss function
as the negative sum of the above two log likelihood functions, i.e.,

1

‘Ctotal(VVa Uryoc) = % 2

—Lyvse(W) + %EBCE(W) +log o, + logoe. (22)
c

Minimizing Liotal (W, 0, 0¢) allows simultaneously increasing the performance

of both the regression and classification tasks. The tradeoff between the impacts

of the two tasks is determined by the uncertain weights 5 2 and —3, as well as

the term log o, + log o, in which o, and o, are determmed together with W,

in the training process as model parameters.

However, in (22), small values of o, and o, may cause the terms log o, and
log 0. to dominate the loss function and thus improperly influence the training
performance. Following [22], we can slightly revise the loss function to mitigate
the issue:

1 1
Lo (W, 07, 00) = o5 Luse(W) + —5 Locp(W) + log(1+07) + log(l + o).

202 2
(23)
In what follows, we term the MTL model using loss function (22) as MTL with
simple uncertainty weights, and that using (23) as MTL with revised uncertainty
weights. The latter is mainly adopted for conducting the dynamic transmission
design in the considered vehicular communication networks.

To establish an MTL-based transmission decision-making solution, we can
design a deep MTL network structure as Fig. 2. The input layer contains 9
neurons, taking log |h11[t]|?, log |h12[t]|?, log |ha1[t]|?, log |haz[t]|?, Q1[t], Q2[t],
Yi[t], Ya[t], n[t] at each time slot as inputs. Through shared layers, the network
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can learn the common representation from the inputs, and then is separated
into two branches. The power allocation task-specific layers and output layer
transform the common representation into two positive real values, denoting
the log transformation of the allocated powers of the two links. The encoding
action task-specific layers and output layer transform the common representation
into two real values bounded between 0 and 1. They represent the probabilities
whether the V2V links choose to send type-1 messages (when an output value
is greater than 0.5) or not. All the training data can be generated using the
mathematical optimization method described in Sect. 2. The network parameters
together with log o, and log o, are trained using the loss function (23). Although
the training procedure is time and computation consuming, the inference process
is much faster than the mathematical optimization and hence suitable for rapid
online decision making. In next section, we demonstrate the performance of the
proposed dynamic transmission design method.

4 Numerical Results

Consider a V2V communication network with two pairs of vehicles. Each source
intends to send type-1 messages with data rate r; = 7 bits/Hz/slot and reliabil-
ity requirement @; nin = 70%, for Vi € {1,2}. The type-2 messages are gener-
ated from a Poisson process with average rate \; = 3 bits/Hz/slot Vi € {1,2}.
The source transmission powers are bounded below p; max = 0.1 W and above
Dimin = 0 W. At each time slot, the circuit power of each source is set to be
pei = 1073 W. The large-scale fading is considered to be path loss following
model PL;; = 103.4 + 24.21og;(d;;) dB with distance d;; [23]. The small-scale
fading is assumed to be Rayleigh. The data transmissions are operated in a spec-
tral channel with bandwidth B = 1 MHz. The noise power spectral density is
—174 dbm/Hz. The weighting parameters in the optimization objective are set
to u; = 10 and v; = 80 for ¢ € {1, 2}.

In order to establish a sufficiently large dataset to train our MTL model, we
apply the optimization algorithm described in Sect. 2 to generate 1000 blocks of
transmission data. The distance between each source and its desired destination
is 30 m. The distances for the Vg,-Vp, and the Vg,-Vp, interference links are 430
m and 460 m. For each block, the transmission between every source-destination
pair contains a total of 7" = 200 time slots. We generate random small-scale fad-
ing coefficients and type-2 arrival data volume for each slot. The initial queue
status @;[1] and Y;[1] are sampled from an exponential distribution with param-
eter 80. The above process creates 200000 useful data samples, 180000 out of
which are used as training set, and the remaining 20000 are used as test set.

The MTL network structure is shown in Fig. 2. There are 4 hidden layers,
each containing 16 neurons. The first two are shared layers and the latter two
are task-specific layers. ReLU is used as the activation function for hidden layers
and the regression output layer, and Sigmoid is used for the classification out-
put layer. We take the logarithmic transformation of the channel power gains
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Fig. 3. Learning curves

(i.e., |hi;[t]|?) before sending them to the MTL network. The same is also con-
ducted for the output power values (i.e., pi[t] and p3[t]). By this means, failure
of training can be notably reduced.

Figure 3 displays the learning curves of the MTL network with revised uncer-
tainty weights for the case V' = 60. In the experiments, the mini-batch size is
chosen to be 10 (each epoch has 18000 mini-batches), and the learning rate is
0.001. From the figure we can see that loss values (for both the classification and
regression problems, as well as the total loss) reduce as the training proceeds,
and eventually converge to fixed values. The proposed MTL network thus can
learn the patterns contained in the training data.

In addition to the revised uncertainty weights (23), we also conduct train-
ing of MTL networks (using the same network structure) with equal weights
(i.e., setting as 1) and the simple uncertainty weight (22). Their training and
test results (regarding classification and regression performance) are shown in
Table 1. Clearly, MTL with the revised uncertainty weights performs better
than the other two. Treating the encoding action selection and power control
problems as independent classification and regression problems can also lead
to two individual single-task models (one for encoding action selection and one
for power control) that can be integrated to determine transmission decisions
(termed Single-task in Table 1). This method has the similar classification accu-
racy as our MTL model, but with much worse performance in the regression
problem (power control). Actually, the transmission power control and encod-
ing action selection problems are strongly interrelated. Ignoring such a fact can
cause serious problems in transmission decision-making. In Table 1, we also dis-
play the ratio of successful transmissions in the training and test experiments.
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Table 1. Comparison of different models

Weights Regression loss | Classification accuracy | Successful transmission
Training | Test | Training | Test Training | Test
Single-task 0.45 0.58 | 94.16% 93.34% 82.60% 80.20%
Equal weights 0.40 0.56 | 78.39% | 78.15% 72.68% | 71.81%
Simple uncertainty weights | 0.38 0.53 [92.87% | 92.50% 87.92% | 87.73%
Revised uncertainty weights | 0.36 0.49 | 93.84% | 93.23% 89.53% | 89.16%

Ideally, if a source chooses to send a type-1 message at time slot ¢, it should
allocate sufficient power to guarantee R;[t] > r;. Otherwise, transmission fail-
ure would occur and the energy consumption is wasted. In Table 1, it is seen
that the Single-task model achieves less successful transmissions compared with
our MTL model (with revised uncertainty weights). Having a high classification
accuracy alone may not be sufficient for making good transmission decisions.
The advantages of the proposed method may be even more notable when the
system model becomes more complex (e.g. with more source-destination links
and heterogeneous QoS requirements).

Finally, we compare our MTL-aided transmission design scheme with three
conventional solutions. The first considers only CSI to make transmission deci-
sions. Since the QSI is not taken into consideration, both sources intend to
transmit their messages with a fixed data rate of R;[t] = 10 + 0 bits/Hz/slot
using the minimum power at each time slot. In such a fixed rate (FR) trans-
mission, both messages are always transmitted and the parameter 6 is chosen
to counterbalance the impact of channel outage and keep queue length stable.
Similar to our proposed method, the remaining two methods take into account
both CSI and QSI. One of them orthogonalizes the message delivery processes of
the two links and is termed orthogonal transmission (OT). In this case, the max-
imum transmission data rate between Vg, and Vp, within time interval [¢,¢+ 1)

is Ri[t] = Zlog (1 + w> bits/slot. Inter-user interference is avoided

with the cost of inefficient channel usage. The other method is the one that is
described in Sect. 2. This method is termed Lyapunov optimization (LO) scheme
and the concave convex procedure algorithm is applied to solve the optimization
problem (5). In fact, this is also the method that we use to generate our training
data.

For all the four schemes, we adjust the weighting factors so that the achievable
QoS results of both types of messages are almost the same. Figure 4 illustrates
the energy efficiency, the optimization objective in (5), for changing choices of V/
(for our MTL-aided design). It is seen that as V increases, the achievable energy
efficiency of the OT, LO, and MTL schemes become larger, since more atten-
tions have been placed to enhancing the energy efficiency, as expected. Because
the spectrum resources are divided into 2 parts, the OT method needs larger
powers to ensure the message QoS requirements, which leads to lower energy
efficiency. The FR scheme intends to minimize the whole power consumption.
However, a low power usage does not always mean a high energy efficiency. Thus,
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our MTL-aided design outperforms the FR and OT schemes. Finally, although
our method does not perform as well as the LO scheme, the former demands
much more computation time than the latter. Implementing the LO scheme on
a PC with Inter Core i7-6800K CPU consumes around 10 hours for completing
the transmission design of the 100 test transmission blocks (each consisting of
200 time slots). But the time consumption for the MTL-aided scheme (i.e., the
inference process) is around only 30 s. The advantages of the proposed method
can be clearly seen and are again expected to be even more significant in more
complex systems.

5 Conclusion

We have investigated the potential of applying ML to facilitate dynamic cross-
layer transmission design in vehicular communication networks. The system con-
sidered in this paper consists of two source-destination links. Each link desires
to communicate information with the maximum energy efficiency to potentially
support multiple applications, in a changing fading environment. Conventionally,
to solve the formulated mixed integer optimization problem at each time slot, a
time-consuming derivation procedure is needed. We have proposed transforming
the optimization problem into a joint classification-regression problem, and then
applying deep MTL to solve it. Simulation results have shown that our method
can achieve similar performance as the mathematical optimization solution with
a much faster decision-making process. The advantages are expected to be even
more significant in more complex networks.
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