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Abstract—With the rapid development of the 5G network
and the promising of 6G network, vehicles can report a large
amount of real-time traffic information to Road-Side Units
(RSUs). However, due to the large communication cost, limited
computing resources, and privacy leakage risks, centralized data
processing by RSUs is not efficient and not secure. Thereby,
federated learning is introduced to enable vehicles to train local
models and send the model parameters to the RSUs, without
the need for revealing their personal data. Nevertheless, without
an efficient incentive mechanism, the vehicles, as data owners,
may be unwilling to join the federated learning task. In this
paper, we adopt contract theory to design an incentive mechanism
with asymmetric information and continuum of types for inter-
action between the RSU and vehicles. The designed mechanism
satisfies the incentive compatibility, individual rationality and
also maximizes the RSU’s profit. The technical challenge is to
solve a non-quadratic functional optimization in continuous space
with coupling constraints among the vehicles. To address this
challenge, we propose two iterative algorithms to find the RSU’s
optimal strategies as the functions of vehicles’ types . In the
first algorithm, a combination of the calculus of variation and
dual decomposition methods is utilized to achieve an analytical
solution for the optimal strategy of RSU, while in the second
one, a combination of approximate dynamic programming and
neural networks is used to estimate the optimal strategy of RSU.

Index Terms—Federated learning, contract theory, asymmetric
information, vehicular network, optimal control, dual decompo-
sition, approximate dynamic programming.

I. INTRODUCTION

Nowadays, 5G network is being deployed in many coun-
tries. Meanwhile, the artificial intelligence-enabled 6G net-
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work is being conceived by researchers for the future evolution
of network intelligentization [1]. These networks have brought
fundamental changes into a smart city and caused the possi-
bilities for advanced vehicular services and applications such
as autonomous driving and traffic prediction which can yield
an improved driving experience [2]. Most of the traditional
machine learning techniques need to gather vehicle data into
a central server to perform model training. However, such
techniques face some limitations in the computational and
wireless networks resources, and also the vehicles may suffer
from violating their information privacy by sending personal
raw data to a central system [3]. To address these concerns,
Federated Learning (FL) as a distributed machine learning
technique has recently been introduced by Google in which,
the model training can be performed in a distributed fashion
[4]. Specifically, federated learning assigns the training task
to distributed data owners, and instead of sending the raw
data, they only sent the intermediate information like gradient
values to the central server (task publisher) to train the
model [5]. When FL is adopted in the vehicular network,
the RSU is considered as a central server for aggregating
trained parameters from different vehicles and transferring the
aggregated trained parameter to vehicles back [6].

Due to computational resource costs for model training and
privacy leakage risks, vehicles may be reluctant to participate
in the FL task. Therefore, incentive mechanisms have been
proposed to motivate vehicles to participate in FL tasks in
return for certain rewards [7]. The goal of this paper is to
study optimal contracts in the federated learning task when
the RSU as a task publisher has incomplete information from
vehicles’ private information (i.e. data quality). This contract
is proposed such that the RSU provides incentive rewards
and computational resources to vehicles in order to achieve
the optimal FL task allocation. The incentive reward and
computational resource allocation which are modeled as the
functions of the vehicle’s private information are designed
to achieve three objectives simultaneously: motivate vehicles
to participate in the FL task, ensure truthful reporting of
the private information of vehicles, and maximize the RSU’s
utility. In the designing process, we consider that the private in-
formation of each vehicle is drawn from a specific continuous
distribution. This assumption makes the problem more realistic
and challenging since we face a double continuum of incentive
constraints. Considering different distributions over private
information of vehicles poses some technical challenges in
dealing with the coupling constraints among them.

In this paper, we propose two algorithms to solve the
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functional optimization of the contract design problem. In the
first algorithm, the optimal computation resource allocation
and incentive reward functions are determined analytically by
using calculus of variation and dual decomposition methods.
In the second algorithm, the optimal strategy is approximated
using the Approximate Dynamic Programming (ADP) method
via actor and critic neural networks. The first algorithm
converges in a less number of iterations than that of the second
algorithm. However, each iteration of the first algorithm takes
more time than that of the second algorithm. Thus, the total
computation time of the second algorithm becomes less than
that of the first algorithm. The main contributions of the paper
are as follows:

o We propose a new contract theory based incentive mech-
anism for federated learning tasks in vehicular networks.
The novel optimal contract design is the first mechanism
for federated learning that is based on continuous private
information of vehicles. More importantly, the private
information is drawn from a continuous distribution and
is not necessarily identical for different data owners.

« To solve the specific contract design problem with func-
tional optimization, we transformed the contract model as
an optimal control problem with coupling constraints and
derive an explicit relation between two decision functions
of the RSU which simplifies the solution of the proposed
constrained functional optimization problem.

o We propose two algorithms to solve functional optimiza-
tion with coupling constraints. In the first algorithm, we
introduce an analytical method to determine the optimal
strategy using a combination of the calculus of varia-
tion and the dual decomposition method. In the second
algorithm, we propose an ADP algorithm with neural
networks to approximate the optimal strategy of RSU.

The rest of this paper is organized as follows: Section II

reviews the literature about using federated learning in mobile
edge computing and vehicular networks. Section II describes
the system model and problem formulation. In Section IV,
we discuss the contract theory requirements and model the
contract problem as an optimal control problem, In Section
V, two iterative algorithms are proposed to solve contract
optimization. In Section VI, simulations are conducted to show
the method’s features. Finally, Section VII concludes the paper.

II. LITERATURE REVIEW

As a privacy-preserving learning tool, FL has attracted more
studies recently. The authors in [8] provided a comprehensive
study on FL and its applications in terms of FL’s security
and privacy. They presented a detailed review of security
and privacy concerns that needed to be considered in the FL
method. The authors in [9] formulated an FL over a wireless
network as an optimization problem that captured the trade-
off between the FL time and data owner energy consumption.
They also showed how this non-convex optimization can be
solved. [10] applied FL for classification under the condition
of imbalance and noise varying. The proposed FL method can
achieve high accuracy with a low risk of data leakage.

Most of the existing work made some unrealistic assump-
tions about assigning FL tasks to data owners. Firstly, they

assume that all the data owners voluntarily participate in
FL [11], which is not practical in the real world due to
resource costs incurred by model training [12]. Secondly,
if the central system wants to allocate the FL task to the
data owners optimally, it needs to know all their private
information i.e. data quality. Most of the studies assume that
all data owners report such information truthfully to the task
publisher [13]. However, this may not be applicable in the
real world as agents have the incentive to announce their
private information incorrectly if it can make more profit for
them [12]. In this case, contract theory offers a framework
to design mechanisms under asymmetric information. In this
framework, the task publisher as a designer provides incentive
rewards to data owners to persuade them to join the FL task
and report their information truthfully [14]. The author in [15]
used the VCG mechanism to encourage the selfish agents to
play truthfully by paying appropriate incentives. In [16], the
authors proposed an auction as an incentive mechanism for
the wireless FL market. In the proposed auction, each mobile
user submits its bids, and the base station decides the winner
such that maximizes social welfare. Both [15] and [16] try
to maximize social welfare. However, most of the time base
station as a selfish participant would like to maximize its profit
instead of maximizing social welfare. In [17], [18], the authors
model the interaction between the task publisher and the data
owners as a contract with asymmetric information. In [17], the
authors considered private information with one dimension,
while in [18] the authors consider multi-dimensional private
information. In both of these papers, the authors assumed that
the data owners are divided into a discrete and finite set of
classes. In each of these classes, the data owners have specific
private information. Although the task publisher does not know
the exact true class of a data owner, it has the knowledge of
the probability that a data owner belongs to a certain class.
The assumption of this paper is not realistic for two reasons.
Firstly, a discrete and finite set of classes is not realistic in real
word applications and essentially simplifies the solution since
the double continuum of incentive compatibility constraints
is reduced to a finite number of constraints. Nevertheless,
the continuum of constraint is more realistic and technically
rigorous [19]. Secondly, in real-world applications, each data
owner’s private information is drawn from a different distri-
bution. However, in [17], it was assumed that all data owners’
private information has the same distribution.

IIT. SYSTEM MODEL OF FEDERATED LEARNING TASK IN
VEHICULAR NETWORKS

We consider the federated learning framework in vehicular
networks as a monopoly market with an RSU as a task pub-
lisher and a set of vehicles as data owners V' = {1,2,..., N}
[9], [17], and take traffic sign recognition as a task example of
applications of federated learning in vehicular networks [20].

Each vehicle is equipped with computing and caching re-
sources [20] and the RSU would like to use this computational
potential for traffic sign recognition. Thus, the RSU designs
contract items for incentivizing vehicles to join federated
learning. For the federated learning task, the vehicles are



the nodes to perform computation on their local data in
order to update a global model. During a global iteration,
the vehicles iteratively train a shared global model with local
model updates generated using their private local data. Then,
the vehicles upload their local model updates to the RSU
for updating the global model. Note that the data size of
global model is small enough to be fastly transmitted to the
moving vehicles. Thus, without loss of generality, we consider
that the average transmission rate is stable and the effects of
moving vehicles could be ignored. Figure 1 shows the model
of federated learning tasks for traffic sign recognition.
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Fig. 1. The system model of federated learning task for traffic sign recognition
in vehicular networks [21]. The training process contains four steps: A. update
the local model: all the vehicles train the machine learning model with their
own data locally. B. send local model updates: each vehicle uploads some
parameters of the trained model to RSU. C. aggregate local models and
update global model: The RSU performs secure aggregation over the uploaded
parameters from vehicles to obtain the global model. D. send model updates:
The RSU distributes the parameters of the global model to the vehicles.

The total energy consumption of the vehicles in federated
learning includes two parts: i) energy consumption of CPU
computation to generate local model updates, and ii) energy
consumption of the model update transmission [9]. The com-
putational time and energy consumption of the vehicle ¢ for a
local iteration are expressed in (1) [9].
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where (; is the effective capacitance parameter of computing
chip set for vehicle i, s; is the size of local data sample for
vehicle 4, ¢; is the number of CPU cycles for a vehicle i to
perform local model training using one data sample, and x; is
the computational resource of this vehicle.

Each vehicle has local data quality (i.e. local data accuracy
or local data reliability) which is denoted by ¢; [17]. A
vehicle with high-quality data leads to fewer local and global
iterations [22]. Given a fixed global accuracy, the number
of local iterations needed is <¢ X log(é)) where ¢ is the
predefined coefficient [9]. Therefore, for a global iteration,
the computational energy consumption of the vehicle ¢ is
(qS x log(L) x E?mP). We define

( as a type of the
vehicle ¢ which is denoted by 6; E [9,

=)
] Each vehicle’s

type is its private information (i.e. only known to the vehicle
itself and neither the RSU nor other vehicles know the
type). However, its cumulative distribution F'(6;) is common
knowledge [23]. This knowledge can be obtained, for example,
through analyzing historical data [17]. We assume that F'(6;)
is continuously differentiable. The total time of participating
in a global iteration for the vehicle 7 is as follows:

1
==
(5

where T7°™ is the average transmission time to transmit local
model updates in a global iteration for vehicle i. Also the total
energy consumption of the vehicle ¢ is as follows:

~ Tcmp> + Tcom (2)

0;

where E{°™ is the energy consumption by vehicle % to transmit
local model updates in a global iteration. Due to similar wire-
less communication environments, we consider the average
transmission time and transmission energy consumption to
be the same statistically for all vehicles. These statistically
identical vehicles are practical in many situations such as when
the mobile units of vehicles are of the same type.

Let 6; be the announced type by a vehicle ¢ to RSU which
is not necessarily its true type, i.e. ;. Then, the computation
resource and the corresponding reward offered by the RSU for
the vehicle i are denoted by z;(6;) and R;(6;), respectively.
Thus the utility function of the RSU is defined as follows:

1
B! = ( x E;mp> + B, (3)
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where S;(0;,2;(0;)) = win(Tpae — TY) is the satisfaction

function of the task publisher for the total time of a global
iteration [17]. Here w > 0 is the satisfaction degree parameter
of RSU and 7,,,,, is the RSU’s maximum tolerance time for
the FL task. Note that both the higher quality (higher type)
and larger computational resource can improve the profit for
the RSU, i.e., 202 > 0, 2022 > 0 and 2Uz2 > 0,

From the RSU’s point of V1ew a constralnt that is related to
the limitation of the total reward budget to be satisfied while
maximizing its utility. Therefore, the RSU needs to solve the

following constrained maximization problem:

Urp(zi(6;), Ri(6;)), )]

Urp(zi(6:), R Z Eo,[S

max
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N
s.t. Z Ey, [R
=1

where R4, is the total reward budget of the RSU. The utility
function of a vehicle ¢ is defined as follows:

UP(6;,0,) = Ri(6;) — nE (65, 2:(6;)), (6)

where p is a pre-defined parameter for energy consumption.
While the RSU aims to maximize its utility over z;(6;) and
Ri(éi), it faces two main problems: the RSU must ensure that
vehicles are sufficiently incentivized to participate and also
to declare their types truthfully. Hence, due to information

0:)] < Rinaa,



asymmetry, the RSU should design specific contracts for
different types of vehicles in order to maximize its profits.
In the next section, these criteria are taken into account, and
by utilizing contract theory, the optimal incentive strategy of
the RSU is achieved.

IV. CONTRACT BETWEEN RSU AND VEHICLES

The major steps of the contracting game are as follows:
The RSU designs strategy functions (R;(6;),z;(6;)) for each
vehicle and announces the strategy function of each vehicle.
Then, Each vehicle determines its optimal announcement type
that maximizes its utility and finally, based on the RSU’s
strategy function and vehicles’ announcement types, the payoff
of all vehicles and the task RSU are determined. An optimal
contract must attract the vehicles to participate in the FL and
ensure that each vehicle announces its type truthfully. The
following is a definition of these constraints.

Definition 1. A mechanism is Individually Rational (IR) if
the vehicle’s utility is non-negative by announcing its type

truthfully:

Definition 2. A mechanism is Incentive Compatible (IC) if the
vehicle cannot be better off by misreporting its type:

UP(0;,0;) > UP(0,,6,), V6,,0, € 0,6),i € N.

Vo, €10,0],i € N.

®)

From the contract theory point of view, the RSU needs
to maximize its utility, subject to IR and IC constraints.
Therefore, optimization (5), can be reformulated as follows.

E ézy z é 7 éi ) (93)
B, T B0, 2(0) R0
s.t.
Ri(0;) — nEL(0;,2:(0;)) > Ri(0;) — pEL(0:,24(6;)), (9b)

Véi,ei S [Qa §]7Z S N(Icel,@%

%)
N
Z Ep, [Ri(0:)] < Rinaa- (9d)
i=1

The I Ry, inequality reflects the fact that the vehicle 7 is incen-
tivized to participate in this contract. The ICy 4, inequality
reflects the fact that for the vehicle ¢ with type 0;, truthful
reporting of type is the best choice, and hence, there is no
incentive to misrepresent itself as a vehicle with unreal type.

A. Reformulation as Optimal Control Problem
The optimization problem (9) is hard to be solved. Thus,
we reformulate it as an optimal control problem.

Lemma 1. In equation (9), the I Ry, constraint is satisfied for
all 0; if I Ry is binding (or active) which means UP (6, 0) = 0.

Proof. According to [14], if 29 ( i(6:),8;) > 0, then IR,
and ICy ; imply IRy,. Furthermore, it proves that IRy is

binding. Otherwise, we could decrease R;(6;) for all §; € [0, ]
by € > 0, which would preserve all constraints of optimization
(9) and also increase the utility of RSU. ]

Lemma 2. The solution of (R;(0;),x:(0;)) in equation (9) is
IC if and only if both of the following conditions hold:

2(6:) > 0, (10)

b oE!

Ri(0:) = pE} (:(0;),0:) — pu a9< zi(y),y)dy. (11)

0

Proof. We divide the proof of this lemma into two parts, the

forward direction “if”, and the backward direction, “only if”.

To show “if” part, by replacing E!(x;(6;), 6;) from equation
(3), for 6; > éi, constraint [ C‘%,O} can be re-written as:

6.
i1 A 1
iCiS; T dy > plicisix; (0:) (= — —). (12)
p [ = ptesat iy > nGesat @)~ ).
For 0; < él we have:
Geasia?(0) (- — =) > /9 ~Gesal(y)dy, (13)
iCiS; T ry iCiSi ’
1 Rl Ml y

which both equations (12) and (13) hold true due to the
monotonicity of x;(6;). To show “only if” part, we prove that
truthfulness implies monotonicity of x;(6;). According to the
IC constraint in equation (9), we can obtain:

Ri(0;) — pEL(0;,x:(0:)) > Ri(6;) — uEf(Hi,x(éi))(IC},i’gi),
(14)
Rz(éz) — ukE; (é“xz(éz)) > Ri(0;) — NEf(éiaxi(ei))(ICéi,ei)
(15)

Given E!(z;(0;),0;) in (3), and by summation of equations
(14) and (15), we get:

R0 x (o~ 3) 2 a260) x (- 7).

which implies monotonicity of x;(6;). To derive (11), we can
rearrange equations (14) and (15) as follows:
PEL(0;,2:(0:)) — pEL (0, 24(0;)) < Ri(0;) —
PEL(0;,2:(0:)) — pEL (03, 24(6;)).
Given E!(z;(0;),6;) in (3), and by considering 0, = 0; + ¢
and dividing throughout (17) by ¢, and letting e — 0, we have:
d
z3(0;) < ER (0) < pcisi——a2(6;).

Thus Mcisigﬁxf(t%) = %Ri(ei). Integrating equation (18)
with respect to 6; from 6 to 6; and applying integration by
parts we have:

(16)

Rz(éz) <
a7

d d
Heisig g, 9 a6, (18)

1 S|
Ri(6;) = pcisi— 2(91) - ,ucz-si/ f—Qz?(y)dy (19)
Considering definition of E!(x;(6;),0;) in equation (3), equa-
tion (19) can be written as (11) which completes the proof. [

Definition 3. h(t) = 7 ! J(;zt) is known as the hazard rate of t

in the statistics literature [14].




Proposition 1. The optimal solution to the optimization prob-
lem (9) is the same as the following optimization solution.

N 0
TP—PW

;Ill(%}f);/e Uz (zz(ez)aol)dou (20a)
s.t. 2y(0;) = u;(6), (20b)
ui(6;) = 0, (20¢)

N 0
S| BPWdf; < Ripao, (20d)

1=1"=<
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Mgégf(ﬁl(g))vgz))]fl(ez) (LB} (2i(0:),0;) —
%ﬁw h(o,i)]f(ei)~

Proof. Replacing R;(6;) from equation (11) in the utility

function of RSU, we have:

N 0
Urp(a:(6)) = 31 [ [5u(a:(60) — Bl (a:(6:).6) 21)

=1

0; t
+“/e 83? (2i(s), s)ds] f(6;)db;].

The integration by parts of the second term gives:

o 1% okt
/9 [ , 0, (wi(s),s)ds] f(0,)do; =

/9' OE! (2;(6;),6;) 1 — F(6;)
0 a0 f(05)

According to (21) and (22), we can rewrite Upp as follows:

(22)

f(6:)do;.

N
Urp(:(0:) = Y _ [Eo,[Si(x:(6)) (23)

f(0:)
In a similar way Eg,[R;(6;)], in (9d) can be rewritten as:
OF! (x;(0;),0:) 1 — F(6;)
Eo. [LE! (2;(0,),6;) — GAALYARL. 1. (24
0, [/’L z(ml(el)’el) 2 891 f(oz) ] ( )
Thus, the optimization (9) can be written as (20)
N g .
8EZ- (371(01)791) 1
S 2 [ /9 [Si:(6:)) + n—""54- ey 2
— nE; (x:(6;),0:)] f (6:)db; ],
st x(0;) >0, (25b)
N .0 t
aE(%Z(91)791) 1
ti . (0 N i . .
S ) iG99, - w0
(25¢)
S Rmam~
O

The optimization problem (20) appears in the form of
an optimal control problem in dynamic optimization, with
state variables x;(6;) and control variables w;(6;). Note that

constraint (20d) is the coupling constraint. In order to
handle the coupling constraint and also, to avoid the high
computational costs imposed by a centralized method for
large-scale systems, the dual decomposition method is used to
decompose the problem into multiple individual sub-problems
[24]. Also, since we face a functional optimization, where the
decision variables are functions rather than vectors or scalars,
the optimal control theory is employed to solve optimization
(25). Nevertheless, since the closed-form solution of each sub-
problem does not exist, two approaches are utilized to solve
optimization (20): (i) the algorithm based on the calculus of
variation and optimal control theory, (ii) approximate dynamic
programming algorithm that approximates the optimal strategy
by using neural networks.

V. DISTRIBUTED SOLUTION OF CONTRACT MODEL

In this section, we investigate the solution for the functional
optimization problem (20). In order to handle the coupling
constraint (20d), the dual decomposition method is used to
decompose the main optimization problem into multiple indi-
vidual sub-problems. Thus, optimization (20) can be solved in
an iterative fashion, where the RSU updates the dual variables
using a sub-gradient method and broadcasts the dual variables
to the vehicles. Then, IV sub-problems are solved by vehicles
using the value of dual variables in the last iteration [24].
In what follows, we explain two algorithms that can solve
optimization (20).

A. Calculus of variation with dual decomposition method

The Lagrangian function of the optimization problem (20)
by considering the constraints is defined as follows:

N N
Lui, Ay wi,v) =Y Urp_pw + »_ Aiuit (26)
i=1 i=1

N N
Zwiui + I/(Z RfW - Rmax)v
i=1

i=1

where A;, w;, and v are multipliers associated with
constraints (20b), (20c), and (20d), respectively. Since
aa—%UiTP*PW(mi(é‘i)ﬁi) < 0, the objective function of op-
timization (20a) is strictly concave, and also the constraints
(20b), (20c) and (20d) are convex. Therefore, this optimization
is strictly convex and hence, the strong duality holds [25].
Sub-problem ¢ is an optimal control problem that is defined
as follows:

max i
ui(0:),i(0:),wi(0:)

The necessary conditions for optimality are:

SL:)\Z-—I—UJZ-:O, w; >0, w; Xu; =0,
w;
(28)
d\, oL  ourt~tW.  QRFW (@) =
d01 al’z 5‘:51 8:82 ’ ! o
(29)
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The Lagrangian is strictly concave in x; (since T >

0), and hence there is no jump in x;. Thus u; is bounded.
Integrating equation (29) gives us:

0
0 0
A :/9 o UMW (ai(y),y) —

v B (@),

(30)

According to (28), either \; < 0 and uw; = 0, or else \; =0
and u; > 0. Thus, substituting A\; from (30) we have:

0
0 0
| =50 ) -

Vo RIW (2:(y), y)dy < 0.

(3D
On an interval which u; > 0, equation (31) holds with equality

that gives %UTP_PW + -2 RPW = (. Thus, in this case
by definitions of U "~V and REW | we have:
w C;S;
_ 32)
T — T — 5 " §22(6,)
1 1

2/1(16181371(60 X (Q?h(ﬁz) + 91) X
There can be two kinds of intervals for u; = 0. First, in the
initial interval, i.e. 0 < 6; < 619. Second, the interior intervals
ie. 9{1,< 0; < 9{2 , where j € {1,2,..., M} and M is the
number of interior intervals in which u; = 0. Since x}(6;) =0
in these ranges, the vehicles with the types in these ranges are
assigned the same computational resource (and same reward).
Hence z;(0;) = z;(0) is assigned to the vehicles with types
in the range 0 < 0; < 09, where 69 is implicitly defined by:

w C;S;

— 33
Tmam — Teom — * g?xzz (0) ( )
1

2/1@@&3%(0) X <(90)2h(90) + 910) X (1 — 1/) =0.

On an interval which u; > 0, we have:

(1-v)=0.

CiSiq

0% (0)

d 0 _ 0
a0, [ax,UiTP P (:(6:),605) + V%wa(xi(oi)ﬁi)] =
> rp_pw Oz O pw Ox;
o7 QU (Jz‘z(ai),@i)afgi*' 97 gR (xi(ei)vei)aiei
8 0 _ 8
oo Lo Ul T (i(0:), 00) + v RV (w:(6:), 64)] = 0.
(34
Since ggl = 0 for the vehicle with types in range Gj Y<o; <

677, 2 we can rewrite equation (34) for vehicles with type 9J1
as follows:

090 UM =P (2,(0:),0:) + v

[ 0

&m

RIY (4(6:),0:)] = 0.
(35)

Given the definitions of UZ-TP*PW, Si(x;(0;),6;), and
E;(x;(0;),0;), equation (35) can be re-written as:
WCE; S;

-~ — 36
(Trrmw - Tcom - 97;112191) )2 X 9? ( )
wx; (91) _
(Tmae =T = g2ly) * 67
0 1 1
2t (6:)(1 — =0.

Yoo, o7non 6

y)dy.

A set of pairs (#7',z(67")) can be found by solving equa-
tions (36) and (32), simultaneously. Equation (31) holds with
equality for vehicles with both types 67" and #7°. Thus,

07* w CiS;

X — 37

\/Gil [Tmaw _ Tcom _ y;ﬁ;) yxZQ(y) ( )
1 1

—2uGicisizi(y) x (ygT(y) + 5) x (1 -wv)]dy = 0.

In this interval, since u; = 0, we have xl(y) = (/") which
is determined in the previous steps. Thus Gj can be calculated
by equation (37).

The solution procedure of sub-problem optimization is
summarized in Algorithm 1. This algorithm first determines 69
as the endpoints of the initial interval in which u; = 0. Also,
it determines interior intervals [6/',67%] in which u; = 0.
As shown in Algorithm 1, x;(6;) can be calculated by this
procedure. After all N sub-problems are solved, the central

Algorithm 1: The proposed calculus of variation solu-
tion procedure of sub-problems that the RSU is faced

Result: z;(6;)

define sampling rate 6,,;

define discrete set ©; such that 6; = [0: 6,, : 6;] € O;;
solve problem (33) and calculate 6 using Newton
method [26] ;

solve problems (36) and (32) simultaneously using
Newton method and calculate set of
pairs(67", z;(6]")) ;

G+ {67, x(01)}:

M+ |G|;

Z‘Z(él) — xi(O), Vél < 9?,

for j =1: M do

solve problem (37) using Newton method and
calculate 67 2.

zi(0;) < x(07Y), ¥V 07" < 6; < 6%

if j == 1 then

solve problem (32) using Newton method and
calculate xz(ﬁl) for each 6; such that
09 < 6; < 67"

else

solve problem (32) using Newton method and
calculate xl(éz) for each 6; such that
992 < g, < 67"

end

if j == M then

solve problem (32) using Newton method and
calculate xl(e ) for each 6; such that
9U 1 < 6, <8 ;

end
end

system updates Lagrange multiplier v at iteration (k -+ 1)
using subgradient method as follows

N

PW
V41 = Vg + ak+1[§ Rl - Rmaz]+a
=1

(38)



where -]t = maz(0,-) and «y is the step size at iteration k.

Assumption 1. Sub-gradient step sizes satisfy o > 0,

o0 _ o0 2 _
D po U =00, Y pe 0 < 00, and (o = 0.

Lemma 3. Lagrange multipliers v converge to their optimal
values.

Proof. According to Assumption 1, the Lagrange multiplier
converges to its optimal value and the proof is provided in
Proposition 6.3.1 in [27]. O

B. Approximate Dynamic Programming with Neural Network

In the second algorithm, we use the approximate dynamic
programming algorithm with neural network approximators to
solve optimization (20) [28]. To utilize this method, we first
discretize the dynamic system (20). Thus, the Lagrangian func-
tion of problem (20) by considering the coupling constraints
(20d) becomes as follows:

N
L4 = (Z Z Li(zi(n), ui(n),

i=1 n€cO;

V)) - VRmaza (39)

where L; = U'"~"W L yRFPW and ©; = {6;,...,0;}. In the
ADP algorithm, vehicle ¢ aims to find w; which maximizes the
following cost-to-go function:

Sadl
S

Vi(zi(0:)) = > Li(2:i(n),ui(n),v)) = vRmaz.  (40)

The optimal cost-to-go function must satisfy the following
Bellman’s equation:

Vi (zi(0:)) = (41)
III(%X) [Ll(mz (91), ui(ei), V) — VRma;I; + V;(.’El(ez) + u; (91))] .
Since equation (41) does not have a closed-form solution, the
ADP solves this problem iteratively. In an iterative procedure,
the estimation of optimal control input and optimal cost-to-go
function of agent ¢ are updated, respectively, as follows [29]:

uf“(ﬁi) = arg max) (42)
[Li(25(0:), uf (6:), V) — vRmao + Vi¥ (25(0:) + uf (6:))],
VIHH6:) = (1= FVWE0:) + () 43)

[Li(2:(0:),uf T (6:), v) — VRpmaw + Vi (2:(0;) + ui T (6:))],

where c* is the learning rate at iteration k. The control input
(42) and cost-to-go function (43) are approximated by two
neural networks named actor and critic, respectively. These
two neural networks are as follows [30]:

5 (0:) = b (05)o(2:(6:)), (44)
Vi (0.) = b (0:)(x:(0:)), (45)

where pf ,(0;) and pf (0;) are the weight matrices of the
actor and critic networks of agent i with type 6; at iteration
k, respectively. o(z;(0;)) and ¢(z;(60;)) are two radial basis
functions as general functions approximation. According to

the Bellman equation [31], the loss functions of the critic and

actor networks are as follows:
) 1 ~k A
BE0) = 5 (0= A 00 + (P, 6 09.0)

~ k41

1
EFTH0;) = 2 (Wg max [Li (a(6;), uf

Uq (01 ’ ¢

(91)7 V) - VRma;E

+ Vﬁ(xi(oi) + uk(6,))] — m“l(ei)). (47)

The weights of the actor and critic networks are updated by
the gradient-based algorithm as follows:

OELT'(0:) 0" +1(6;)

k+1,5+1 0 k+1,7 01 — B, . 7

Mg " (0:) = pig 7 (0:) = B 507 (0,) 04 (8,
(43)

OEF(6:) v (0))

k+1,5+1 k+1,5
/’LlC (6)_:u’zc (01)_6 N ; )
“ov T (0,) Onl i (0)

(49)

where j is the iteration step for updating the neural net-
works’ weights. 8, and (. are the learning rate parameters
of actor and critic networks, respectively. Then, using the
updated control variable, RF'" is calculated and the Lagrange
multiplier v at iteration (k 4 1) is updated by using equation
(38). Algorithm 2 summarizes the iterative solution to solve
optimization (20) using ADP and dual decomposition methods.

Based on Theorems 3 and 4 in [29], for a sufficiently large
number of neurons of neural networks, the weights of actor
and critic neural networks converge to their optimal values if
Ba. < W and 8, < W Also according to
this assumption and assumption 1, the control input converges
to its optimal value and the algorithm converges to the optimal
solution of optimization (20).

VI. PERFORMANCE EVALUATION

To evaluate the performance of our proposed approach, we
carry out a traffic sign classification task through federated
learning on a dataset named “Belgium Traffic Sign Dataset”
[21] which contains 4591 training samples and 2534 test
samples of 62 different sign types. There exist 100 moving
vehicles with cameras as data owners in the federated learning
task. The simulations are provided by MATLAB R2021a
and performed on a Desktop PC with 12 GB of RAM and a
1.80 GHz processor. We consider uniform distribution on the
interval [2, 10] for types of all vehicles. We set ¢; € [0.5,0.91],
¢ = 5 8 = 46, T = 10 and E{°™ = 20 for

= {1,...,100}. The maximum time of task and total
amount of given reward are 10, and 300, respectively. Also,
we consider 20 neurons in neural network [32], [17].

To compare the performance of ADP and calculus of vari-
ation algorithms for solving optimization (20), Figure 2 and
Figure 3 are drawn. These figures show the convergence of the
RSU’s total reward paid to the vehicles and expected computa-
tional resource of vehicle 7. Based on these figures, both total
reward (i.e. Zfil Ep,[R;(0;)]) and expected computational



Algorithm 2: Combination of ADP and dual decompo-
sition methods for solving the functional optimization

Result: z(0) , v
while ||I/k — Vk—l” > e do
fori=1:N do
for 0, = 0, : 0; do
while |11 — 1177t > € or
Il = il | > € do
Update u§g+1 and ,uf”ajﬂ using (48)
and (49), respectively.;
il e It
pid i
j=j3+1
end
Compute dik(@) using (44);
Compute 6ik(9i) using (45);
Apply 4;*(6;) to the system and obtain the
next state.

J—=1

end

end )

Compute Zf\il Zg;:&- REW(0,) and update vy 41
using (38); -

Vk < Vk+15

k=k+1

end

resource (i.e. Ep,[z;(6;)]) converge to the same value in both
of the calculus of variation and the ADP methods. As it
was expected, after some iterations of dual decomposition,
the RSU’s total reward becomes less than the total budget of
the RSU in both algorithms, which means that constraint in
(9d) is satisfied. According to Figure 2(a) and Figure 3(a), the
number of iterations needed for convergence in the calculus
of variation method is less than that of the ADP method.
Specifically, the calculus of variation and the ADP methods
reach the optimal solution in about 72 and 196 iterations,
respectively. However, since each iteration of the calculus of
variation takes more CPU time than that of the ADP method,
based on Figures 2(b) and 3(b), convergence time in the ADP
method is less than the calculus of variation method.

To validate the IR and IC constraints in the proposed
scheme, the utilities of five specific types of vehicle ¢ when it
announces different types are depicted in Figure 4. The black
stars marked on the curves indicate the maximum points of
utility function for each type of vehicle. Figure 4 shows that
when a vehicle as a vehicle announces its own type truthfully,
it gains a positive and maximal utility. However, deceiving
the RSU by announcing an unreal type causes a loss for the
vehicle. Such results verify that the optimal strategies of the
proposed mechanism satisfy IR and IC constraints.

We evaluate the utility of vehicles and RSU by comparing
the proposed contract scheme with the discriminatory contract
scheme and the contract scheme without type verification. The
discriminatory contract scheme is considered to be a baseline
where the RSU has full knowledge about the vehicles [33]. In
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the contract scheme without type verification, the RSU does
not know the types of vehicles and mistakenly assumes that
vehicles announce their types truthfully. However, the vehicles
as selfish agents may announce their type falsely to profit more
[33]. Note that as shown in Figures 2 and 3, the result of ADP
and calculus of variation algorithms are very close to each
other. Thus, we only plot the ADP algorithm results as the
proposed method in the following figures.

The performance of these three schemes is illustrated in
Table I, Figure 5, and Figure 6. In the discriminatory scheme,
the mechanism is designed under complete information about
the vehicles such that the task publisher maximizes its utility
by minimizing the utility of the vehicles. As expected, in



Utility of vehicle i

Announced type by vehicle i

Fig. 4. Utilities of 5 types of vehicle 7 (8; = 2,4, 6,8, 10) when announcing
different types as their types.

this case, the highest profit for the RSU and zero utility
for vehicles are observed. However, the utility of RSU in
the proposed scheme is very close to the baseline scheme
which shows the high performance of the proposed scheme.
As shown in Table I, the utility of the RSU in the proposed
scheme is higher than that in the contract scheme without
type verification. The reason is that untruthful reporting the
types by vehicles makes RSU to be deceived and achieves less
utility than those in the other schemes. Figure 5 also shows
that UP (6,0) = 0 which is consistent with Lemmal. Figure
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T
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Utility of vehicle i
S

Type of vehicle i

Fig. 5. Utility of vehicle 7 under different schemes.

TABLE 1
UTILITY OF RSU UNDER DIFFERENT SCHEMES.

Scheme | RSU’s utility
Proposed contract scheme (ADP) 498890
Discriminatory contract scheme 501783
Contract scheme without type verification 458095

6 shows both the optimal computational resource and the
optimal incentive reward increase with the vehicles’ type in the
proposed scheme. Therefore, the higher the local data quality
of the vehicle, the more the RSU allocates computational
resource and incentive reward. Figure 6(a) also presents that
the optimal computational resource increases with the vehicle
type, which is consistent with z/(6;) > 0 in Lemma 2.

VII. CONCLUSION

We studied optimal mechanism strategies for the federated
learning task over the wireless vehicular network with infor-
mation asymmetry and captured the interactions among the
RSU and vehicles. We considered vehicles may not reveal
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Fig. 6. Utility of vehicle ¢ under different schemes.

their private information truthfully to achieve more payoff.
Moreover, we assumed the distribution of each agent’s private
information can be different from the distribution of other
agents’ private information. The RSU as a task publisher
designs a mechanism based on contract theory that contains
its strategies including the computation resource and the
corresponding incentive reward toward all private information
of vehicles. To solve the constrained functional optimization
problem induced by the proposed incentive mechanism, two
algorithms were proposed. In the first algorithm, we used
calculus of variation theory and dual decomposition while in
the second algorithm ADP and dual decomposition were used.

Numerical results verified theoretical results and showed
that both of these algorithms converge to the same optimal
solution. The calculus of variation algorithm outperforms in
terms of the number of iterations. However, due to the large
time required for each iteration in this algorithm, it requires
more execution time than that of the proposed ADP algorithm.

REFERENCES

[1] H. Cao, J. Du, H. Zhao, D. X. Luo, N. Kumar, L. Yang, and F. R.
Yu, “Resource-ability assisted service function chain embedding and
scheduling for 6g networks with virtualization,” IEEE Transactions on
Vehicular Technology, vol. 70, no. 4, pp. 3846-3859, 2021.

[2] H. Shu, T. Liu, X. Mu, and D. Cao, “Driving tasks transfer using deep
reinforcement learning for decision-making of autonomous vehicles in
unsignalized intersection,” IEEE Transactions on Vehicular Technology,
2021.

[3] Y. Li, X. Tao, X. Zhang, J. Liu, and J. Xu, “Privacy-preserved federated
learning for autonomous driving,” IEEE Transactions on Intelligent
Transportation Systems, 2021.

[4] B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. A. y Arcas,
“Communication-efficient learning of deep networks from decentralized
data,” in Artificial intelligence and statistics, 2017, pp. 1273-1282.

[5] W.Y.B. Lim, N. C. Luong, D. T. Hoang, Y. Jiao, Y.-C. Liang, Q. Yang,
D. Niyato, and C. Miao, “Federated learning in mobile edge networks:
A comprehensive survey,” IEEE Communications Surveys & Tutorials,
vol. 22, no. 3, pp. 2031-2063, 2020.

[6] Federated machine learning for ai self-driving cars. [On-
line]. Available: https://www.aitrends.com/ai-insider/federated-machine-
learning-for-ai-self-driving-cars/



[7]

[8]

[9]

[10]

(1]

[12]

[13]

[14]
[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]
[27]

(28]

[29]

[30]

[31]

A. Alj, L. Ilahi, A. Qayyum, I. Mohammed, A. Al-Fuqaha, and J. Qadir,
“Incentive-driven federated learning and associated security challenges:
A systematic review,” 2021.

V. Mothukuri, R. M. Parizi, S. Pouriyeh, Y. Huang, A. Dehghantanha,
and G. Srivastava, “A survey on security and privacy of federated
learning,” Future Generation Computer Systems, vol. 115, 2021.

N. H. Tran, W. Bao, A. Zomaya, M. N. Nguyen, and C. S. Hong,
“Federated learning over wireless networks: Optimization model design
and analysis,” in IEEE INFOCOM 2019-IEEE Conference on Computer
Communications. 1EEE, 2019, pp. 1387-1395.

Y. Wang, G. Gui, H. Gacanin, B. Adebisi, H. Sari, and F. Adachi,
“Federated learning for automatic modulation classification under class
imbalance and varying noise condition,” IEEE Transactions on Cognitive
Communications and Networking, 2021.

H. Kim, J. Park, M. Bennis, and S.-L. Kim, “Blockchained on-device
federated learning,” IEEE Communications Letters, vol. 24, no. 6, pp.
1279-1283, 2019.

Z. Zhou, P. Liu, J. Feng, Y. Zhang, S. Mumtaz, and J. Rodriguez,
“Computation resource allocation and task assignment optimization in
vehicular fog computing: A contract-matching approach,” IEEE Trans-
actions on Vehicular Technology, vol. 68, no. 4, pp. 3113-3125, 2019.
Y. Zhan, P. Li, Z. Qu, D. Zeng, and S. Guo, “A learning-based incentive
mechanism for federated learning,” IEEE Internet of Things Journal,
vol. 7, no. 7, pp. 6360-6368, 2020.

N. Nisan, T. Roughgarden, E. Tardos, and V. V. Vazirani, “Algorithmic
game theory, 2007, Google Scholar Digital Library Digital Library.
S. Kim, “Incentive design and differential privacy based federated
learning: A mechanism design perspective,” IEEE Access, vol. 8, 2020.
T. H. T. Le, N. H. Tran, Y. K. Tun, M. N. Nguyen, S. R. Pandey,
Z. Han, and C. S. Hong, “An incentive mechanism for federated learning
in wireless cellular networks: An auction approach,” IEEE Transactions
on Wireless Communications, vol. 20, no. 8, pp. 4874-4887, 2021.

J. Kang, Z. Xiong, D. Niyato, S. Xie, and J. Zhang, “Incentive mech-
anism for reliable federated learning: A joint optimization approach
to combining reputation and contract theory,” IEEE Internet of Things
Journal, vol. 6, no. 6, pp. 10700-10714, 2019.

N. Ding, Z. Fang, and J. Huang, “Optimal contract design for efficient
federated learning with multi-dimensional private information,” IEEE
Journal on Selected Areas in Communications, vol. 39, no. 1, 2020.

J. Mirrlees, “Information and incentives: The economics of carrots and
sticks,” The Economic Journal, vol. 107, no. 444, pp. 1311-1329, 1997.
Y. Lu, X. Huang, Y. Dai, S. Maharjan, and Y. Zhang, “Differentially
private asynchronous federated learning for mobile edge computing in
urban informatics,” IEEE Transactions on Industrial Informatics, vol. 16,
no. 3, pp. 2134-2143, 2019.

R. Timofte, K. Zimmermann, and L. Van Gool, “Multi-view traffic
sign detection, recognition, and 3d localisation,” Machine vision and
applications, vol. 25, no. 3, pp. 633-647, 2014.

A. Richardson, A. Filos-Ratsikas, and B. Faltings, “Rewarding high-
quality data via influence functions,” arXiv:1908.11598, 2019.

Y. Zhang, L. Liu, Y. Gu, D. Niyato, M. Pan, and Z. Han, “Offloading
in software defined network at edge with information asymmetry: A
contract theoretical approach,” Journal of Signal Processing Systems,
vol. 83, no. 2, pp. 241-253, 2016.

A. Falsone, K. Margellos, S. Garatti, and M. Prandini, “Dual decomposi-
tion for multi-agent distributed optimization with coupling constraints,”
Automatica, vol. 84, pp. 149158, 2017.

S. Boyd, S. P. Boyd, and L. Vandenberghe, Convex optimization.
Cambridge university press, 2004.

K. E. Atkinson, An introduction to numerical analysis.
sons, 2008.

D. P. Bertsekas, W. Hager, and O. Mangasarian, “Nonlinear program-
ming. athena scientific belmont,” Massachusets, USA, 1999.

T. Bian, Y. Jiang, and Z.-P. Jiang, “Adaptive dynamic programming and
optimal control of nonlinear nonaffine systems,” Automatica, vol. 50,
no. 10, pp. 2624-2632, 2014.

P. Rokhforoz, H. Kebriaei, and M. N. Ahmadabadi, “Large-scale
dynamic system optimization using dual decomposition method with
approximate dynamic programming,” Systems & Control Letters, vol.
150, 2021.

A. Al-Tamimi, F. L. Lewis, and M. Abu-Khalaf, “Discrete-time nonlin-
ear hjb solution using approximate dynamic programming: Convergence
proof,” IEEE Transactions on Systems, Man, and Cybernetics, Part B
(Cybernetics), vol. 38, no. 4, pp. 943-949, 2008.

S. Peng, “A generalized dynamic programming principle and hamilton-
jacobi-bellman equation,” Stochastics: An International Journal of Prob-
ability and Stochastic Processes, vol. 38, no. 2, pp. 119-134, 1992.

John wiley &

(32]

[33]

J. Kang, Z. Xiong, D. Niyato, D. Ye, D. I. Kim, and J. Zhao, “Toward
secure blockchain-enabled internet of vehicles: Optimizing consensus
management using reputation and contract theory,” IEEE Transactions
on Vehicular Technology, vol. 68, no. 3, pp. 2906-2920, 2019.

M. Montazeri, H. Kebriaei, B. N. Araabi, and D. Niyato, “Optimal
mechanism design in the sponsored content service market,” [EEE
Communications Letters, vol. 25, no. 9, pp. 3051-3054, 2021.





