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ABSTRACT In this paper, we investigate the effect of selfish behaviors on the media stream delivery in
selfish wireless networks with selfish relay nodes (RN). The RN’s selfish behavior of forwarding media
streams, depicted as its degree of node-selfishness (DeNS), is affected by both its available resources and the
received incentives, while an incentive mechanism is employed to depress the selfish behaviors of the RNs
having limited available resources. Under the RN’s node-selfishness, the optimal incentives are controlled
by the sources delivering media streams to maximize the finite-horizon utility, namely, the tradeoff between
the path reliability and the incentive cost for delivering media streams during a finite time period. With the
unknown node-selfishness owing to the dynamic information about the RNs’ available resources and their
received incentives being private, we provide a dynamic node-selfishness model to formulate the dynamic
of the RN’s DeNS, and further design an online neural-networks aided approximation scheme to identify
the node-selfishness dynamics and to determine the optimal incentives. The convergence of this scheme
is analyzed by Lyapunov techniques. Simulation results demonstrate the effectiveness of delivering media
streams.

INDEX TERMS Neural networks, selfish wireless networks, node-selfishness dynamics, delivering media

streams.

I. INTRODUCTION

A drastic growth of the media stream delivery has been
witnessed [1], and the media streams of some nodes (namely
the sources) are delivered with the aid of relay nodes (RNs)
in wireless networks. With the proliferation of smart devices,
the RNs have autonomic functions and would prefer to for-
ward media streams selfishly rather than altruistically in
wireless networks. The wireless network consisting of nodes
exhibiting a selfish behavior is referred to as a selfish wire-
less network (SeWN). In SeWNs, the selfish behavior of
RNs resulting from its energy resources may degrade the
path reliability for the end-to-end (E2E) delivery of media
streams, but the source generating media streams employs
incentive mechanisms to control the RNs’ selfish behaviors
for delivering media streams. Accordingly, the RN’s selfish

behaviors, i.e., its node-selfishness, dynamically change with
both its available energy resources and the received incen-
tives, and their relationship may be complex owing to the RNs
possessing different behavior characteristics [10] and/or they
being in different contexts [12], [13]. Since the amount of the
RN’s available energy resources and the effective sensitivity
of its received incentive are its private information, the RN’s
node-selfishness dynamic is unable to be known by other
nodes. Hence, for delivering media streams, the source should
firstly determine the node-selfishness dynamics of the RNs
within the path. Meanwhile, with the time requirement of
media streams [3], the source should guarantee the reliabil-
ity of delivering media streams through the paths during a
finite-horizon duration. Therefore, under the unknown node-
selfishness and with the finite-horizon-duration constraint,
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the source needs to effectively and dynamically control the
media stream delivery by providing some appropriate incen-
tives at network layer.

Some dynamically optimal schemes for delivering media
streams have been investigated in many literatures [4]-[9].
An optimal rate allocation and admission control scheme
was proposed in [5] for adaptive video streaming in wireless
networks with user dynamics. For effectively delivering the
multi-source video on-demand streaming, a joint routing and
rate allocation algorithm was proposed in [4] over wireless
mesh networks. The system metrics of delivering packets on
delay, symbol error probability and packet loss probability
were balanced in wireless multimedia relay networks [9].
A quality-of-user-experience (QoE)-driven cross-layer opti-
mization scheme was developed in [6] for dynamic adaptive
streaming transmission of scalable videos in wireless broad-
band access networks. In [7], a bit-rate switching mechanism
was determined QoE metrics for video streaming service in
wireless networks. A routing optimization of wireless vehicu-
lar ad-hoc networks was designed in [8] for achieving a better
tradeoff between the transmission power consumption and
the E2E reliability. Although these aforementioned schemes
have optimized the media stream delivery from the perspec-
tive of multi-layer parameters, their feasibilities disregard
the impact of the node-selfishness in distributed wireless
networks.

The node-selfishness analysis has been investigated
in many literatures [10]-[16]. Three energy-based node-
selfishness models were elicited in [10] from the psycholog-
ical behavior of human beings in mobile ad-hoc networks,
while the variation of the node’s residual energy with its
node-selfishness was modeled in [11] as the semi-Markov
process. In addition, the incentive mechanisms based on cred-
ibility and virtual currency were employed in [12] and [13] to
stimulate selfish nodes for forwarding packets. To motivate
nodes for cooperation in ad hoc networks, a hybrid tech-
nique of reputation-based and incentive-based mechanisms
was addressed in [14]. These literatures just analyze the
effect of the available resource or the incentive mechanism.
For analyzing the synthetical effects of these factors, a dis-
tributed framework of the node-selfishness management was
constructed in [15] to manage the RNs’ node-selfishness.
A dynamic incentive incentive model was proposed in [16]
based on Markov decision process to determine the opti-
mal incentives. Nevertheless, the aforementioned literatures
have a precondition that the node-selfishness model is firstly
known, thus it is not adaptive for the wireless networks
with unknown node-selfishness. Although the offline NN-
based scheme was employed in [17] to estimate the RN’s
node-selfishness in the case of the unknown node-selfishness
dynamics, the requirement of obtaining a large amount of
training data was the precondition of its feasibility.

In this paper, we investigate the effect of selfish behaviors
on the media stream delivery in SeWNs with selfish RNs
under the unknown node-selfishness. The RN’s behavior of
forwarding the packets of media streams is affected by both
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its available resources and the received incentives. Accord-
ingly, we define the RN’s degree of node-selfishness (DeNS)
and design its node-selfishness dynamic to its selfish behav-
iors. Additionally, a finite-horizon utility is defined to maxi-
mize the path reliability and to minimize the incentive cost
for delivering media streams during a finite time period.
Under the known RN’s node-selfishness dynamic, by using
the neural-network (NN) techniques, the source of delivering
media streams controls some optimal incentives to maximize
its finite-horizon utility.

The main contributions of this paper are outlined as fol-
lows:

« A dynamic node-selfishness model is designed to formu-
late the dynamic of the RN’s DeNS with respect to both
its available resources and the received incentives. And
this RN’s dynamic model includes an intrinsic dynamic
and an extrinsic dynamic for separating the dynamic
impacts of its available resources and its received
incentives, which is propitious to obtain the optimal
incentives.

« An online NN-aided approximation scheme (ONAS) is
conceived to determine the optimal incentives received
from the source for the path reliability of delivering
media streams during a finite time period. It identifies
the dynamic node-selfishness model, which is uncertain
for the source, and approximates the finite-horizon util-
ity function and the optimal incentives, which is hard
to be solved by traditional methods owing to the for-
mulations related with the RNs’ future DeNSs and the
incentive decisions during the finite time period.

« The convergence of the ONAS is proved to be achievable
by Lyapunov techniques.

The remainder of the paper is organized as follows. The
system model of the media stream delivery in SeWNs is
introduced in Section II. Section III depicts the problem of
the optimal media stream delivery. In Section IV, the ONAS
is employed for delivering media streams under the unknown
node-selfishness dynamics of all RNs. Simulation results are
provided in Section V, and Section VI concludes this paper.

Il. SYSTEM MODEL

In this section, we introduce the network model including
some selfish RNs and the RN’s node-selfishness. Finally,
we give the path reliability and the incentive cost of delivering
media streams.

A. NETWORK MODEL

Media streams are continuous flows generated at sources and
continue a finite time period [3], and this finite time period is
divided into K time frames. The media streams are delivered
between the source-destination pairs with the aid of some
selfish RNs in SeWNs. The path of delivering media streams
includes selfish RNs, and its reliability degrades owing to
their selfish behaviors resulting from their limited residual
energy. For raising the path reliability, a virtual-currency
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FIGURE 1. A topology example of the SeWN consisting of selfish RNs
forwarding media streams and the network controller extracting the
RNs’ NSI.

incentive mechanism is employed to stimulate these selfish
RN for forwarding media streams. While delivering media
streams, in terms of RNs’ selfish behaviors, the sources select
the most reliable and/or shortest one from the paths obtained
by a route protocol, e.g., dynamic source routing (DSR) pro-
tocol [2]. The set of the RN in the selected path R is denoted
by R = {Ry,---,Rj, -, Ry} with R; being the selected
RN and N being the number of RNs. At the beginning of
each time frame k (k € {1,2,---, K}), the sources provide
some incentives for selfish RNs cascaded in the selected path
R to depress their selfish behaviors and enhance the path reli-
ability of delivering media streams. In SeWNs, the network
controller manages the incentive resources and extracts the
RNs’ node-selfishness information (NSI) by surveilling their
selfish behaviors, and the selfish RNs decide their forwarding
behaviors in terms of their residual energy and the incentives
received from the network controller, shown in Fig. 1.

B. RN’s NSI

In SeWNs, the RN’s residual energy is the indispensable
element of determining the forwarding willingness, and the
virtual-currency incentive stimulates it to forward media
streams. The RN’s residual energy and its received incen-
tive, referred to as its intrinsic and extrinsic factors, respec-
tively, affect its behavior of forwarding media streams. Here,
the RN’s DeNS is defined to reflect the RN’s selfish behavior,
related to its intrinsic and extrinsic factors, as follows.

Definition 1 (DeNS): The RN’s DeNS s is defined as the
degree reflecting the effect of its residual energy and its
received incentive on its behavior of forwarding packets. The
DeNS s varies from 0 (altruistic) to 1 (completely selfish),
ie,s |0, 1]

The RN of abundant energy has the high forwarding will-
ingness, and the value of its DeNS gets closes to 0. The RN
of low residual energy may cherish its energy resource and
has the low forwarding willingness, so the value of its DeNS
gets closes to 1. In addition, the incentive enforces forwarding
media streams on RNs, so the value of its DeNS decreases
to 0. The high incentive largely enhances the forwarding
willing of the RN, and thus the decreasing level of its DeNS in
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case of the high incentive is larger than that in case of the low
incentive. Accordingly, the variations of both the RN’s resid-
ual energy and its received incentive cause the variation of its
DeNS. When building the RN’s node-selfishness dynamics,
its DeNS inherently varies with the variation of its residual
energy, but the incentive is employed in order to control its
DeNS.

C. SOURCE's UTILITY OF DELIVERING MEDIA STREAMS
Since the RNs’ selfish behaviors degrade the path reliabil-
ity of delivering media streams, the source should utilize
some incentives to stimulate these RNs for forwarding media
streams and depress their selfish behaviors. Accordingly,
we configure the source’s utility of delivering media streams
in terms of both the path reliability and the incentive cost.

The path reliability of delivering media streams is mainly
related with the RNs’ selfish behaviors, i.e., their DeNSs.
As the DeNS of each RN R; (VR; € R) increases, the path
reliability of delivering media streams through the path R
decreases. Hence, the path reliability of the path R is defined
as the product of the reliable degrees of all selected RNs
during frame k, expressed as [18]

PS =[] =sip, 0]
RieR

where Sy = [s14, -, sN,k]T is the vector of all RNs” DeNSs
during frame k with s; x being the DeNS of RN R;.

Meanwhile, due to the cascaded structure of the path R,
the received incentives of the RNs within the path R are corre-
lated. And then, we formulate the incentive cost of delivering
packets through this path during frame k in a simple quadratic
form as

Cu(Sy)) = u’ (Sk)Qu(Sy), 2)

where u(Sy) = [u(six), -, u(si), -, u(sy )]’ is the
vector of the incentives received with u(s;x) being the
received incentive for RN R; during frame k, Q € RV*N
is the correlation matrix of the incentives depending on the
localities of the RNs within the path R.

While delivering a media stream, the source should main-
tain the reliability of the selected path during K time frames.
During each frame k, the source provides some incentives to
all RNs within the path R for decreasing their DeNSs, which
raises up the path reliability of delivering media streams
through this path. Hence, the finite-horizon utility of the
source is to balance the path reliability and the incentive cost
from frame k to frame K — 1 and to maximizes the path
reliability with regard to its incentive cost during the terminal
frame K, expressed as

K-1
V(Sk, uSK) = PSx) + ) (PS) —7C@(S)), ()
j=k
where m (r > 0) is a factor, like a price parameter in [19],
to balance the path reliability and the incentive cost. Here, for
the sake of reading, we summarize some important notations
in Table 1.
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TABLE 1. List of Important Notations

Notation Description
R The path selected by sources for delivering media streams
R; The ¢-th RN within path R
R The set of the RNs in the selected path R
N The number of the RNs within path R.
K The number of time frames which the lasted time period of a media stream
k The k-th time frame during the lasted time period of a media stream
Sk The vector of the DeNSs of all RNs within path R during frame k&
Sik The DeNS of the i-th RN within path R during frame &
u(Si) The vector of the incentives received by all RNs under the DeNSs Si,
u(si k) The received incentive for RN ¢ during frame k
Q The N X N correlation matrix of the incentives
P(Sg) The path reliability of the path R during frame &
C(u(Sg)) The incentive cost of delivering packets through path R during frame k
V(Sk,u(Sk)) | The finite-horizon utility of delivering packets from frame k to frame K
T A factor to balance the path reliability and the incentive cost
f(Sk) The vector of the intrinsic dynamics of RNs during frame &
2(Sk) The vector of the incentive-gain rules of RNs during frame k
G(Sk) The diagonal matrix whose diagonal entries are the vector entries of g(Sg)
W, W, The NN weights of the node-selfishness dynamics
W. W; The NN weights of the finite-horizon utility and the optimal incentives
0r 04 The NN activation functions of the node-selfishness dynamics
0. 01 The NN activation functions of the finite-horizon utility and the optimal incentives
W, W, The estimated NN weights of the node-selfishness dynamics
W. W; The estimated NN weights of the finite-horizon utility and the optimal incentives

llIl. PROBLEM FORMULATION OF OPTIMAL MEDIA
STREAM DELIVERY

Before delivering media streams with the aid of the selfish
RN cascaded in the selected path R, the source obtains their
NSI and adjusts the incentives to stimulate their forwarding
behaviors for maintaining the reliability of this path during K
frames. For each frame k (1 < k < K), the source needs to
maximize its finite-horizon utility V (Sg, u(Sg)), expressed as

V*(Sk, u(Sk))

K-1
= &Sak)é P(Sk) + Z (P(Sj) — ﬂC(u(Sj)))
s =

= max P(Sk) — w1 Cu(Sp)) + V*(Sgt1, uSk+1)). (4)

For frame K, the source just maximizes the reliability of
this path without regard to its incentive cost. By getting the
derivation of Eq. (4) and setting it to zero, we obtain the
optimal incentives paid by the source, expressed as

AV *(Sk+1, u(Sk+1))
0Sk+1

1
w(S) = — Q 'w(sp .0

where W(Sk) = gSE‘S*k ‘) reflects the variation of the DeNS S|
with the incentive u(Sg).

In our considered networks, the network controller extracts
the RNs’ NSI by observing their behaviors of forwarding
media streams, and offers some incentives to the RNs in
terms of the sources’ demands [15], [27]. At the beginning
of each frame k (k € {1,---,K}), the source obtains the
RN’ current NSI Sy, and future NSI Sy (k' € {k+1,--- ,K})
from the network controller, and then maximizes its finite-
horizon utility (cf. Eq. (4)), and finally determines the optimal
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FIGURE 2. Flowchart of maximizing the source’s finite-horizon utility and
determining the optimal incentives during K frames.

incentives (cf. Eq. (5)). This controller offers these optimal
incentives to the corresponding RNs for stimulating their
forwarding behaviors. Not until frame k = K, the source con-
tinually updates the RNs’ NSI, its finite-horizon utility and
optimal incentives for effectively delivering media streams.
Fig. 2 shows the flowchart of maximizing the source’s finite-
horizon utility and obtaining the optimal incentives for deliv-
ering media streams during K frames,

However, in the aforementioned flowchart, there are two
problems: how for network controller to obtain the RNs’
future NSI and how for the sources to compute the values of
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W in Eq. (5) while determining the RNs’ opti-

mal incentives u*(Sg). Due to the effects of the RNs’ selfish
behaviors on both the finite-horizon utility and the incentive
cost, the source should know beforehand the RNs’ current
NSI Ry and future NSIRy, (Vk’ € {k+1, --- , K}). Although
the network controller has had the function of extracting
the RNs’ current NSI in terms of their behaviors, as shown
in Fig. 4, it is unavailable for the network controller to directly
know the RNs’ future NSI. Additionally, since the current
optimal incentive cost u*(Sg) is related with the derivation

of the future finite-horizon utility ¥ (S’:;Slk u](sk“)) the source

should obtain its future value T while computing the
value u*(Sy).

To overcome these issues, in the following sections,
we design the ONAS, i.e., learning their dynamic node-
selfishness model, the maximum finite-horizon utility, and
the optimal incentive cost by using NNs [20], in order to
effectively deliver media streams from frame & to frame K.

IV. ONLINE NN-AIDED APPROXIMATION SCHEME
UNDER UNKNOWN NODE-SELFISHNESS DYNAMICS

In this section, the ONAS is designed for delivering
media streams while the source is completely unaware of
the RNs’ node-selfishness. Firstly, we design a dynamic
node-selfishness model in terms of the RN’s intrinsic and
extrinsic factors. And then, we describe the ONAS under
unknown node-selfishness dynamics. Finally, we analyze its
convergence.

A. NODE-SELFISHNESS DYNAMICS

From Definition 1, the RN’s DeNS is related with its resid-
ual energy and the incentive provided by the source. The
RN’s DeNS varies with its residual energy, which is referred
to as its intrinsic dynamic. Meanwhile, the RN’s DeNS is
controlled by the source’s incentive to depress its selfish
behaviors, which is referred to as its extrinsic dynamic.
Accordingly, we design the node-selfishness dynamic of RN
R; by using the plant model of the control system [21] as

= f(sik) + g(sii)ulsir), (6)

where s; k41 € [0, 1]is the DeNS of RN R; during frame k+1,
Sf(sik) € [0, 1] is the intrinsic dynamic under the RN’s DeNS
s; x depending on the variation of its residual energy, e.g.,
the energy consumption of its forwarding behavior (cf. [10]),
and g(s; p)u(si k) € [—1,0] is the extrinsic dynamic under
the RN’s DeNS s; with g(s;x) being its incentive-gain
rule depending on its incentive sensitivity (cf. [12]) and
the control input u(s; ) being the received incentive. If RN
R; receives no incentive from the source during frame k,
i.e., u(s;x) = 0, the DeNS of RN R; is just depended on its
intrinsic factor during frame k41, i.e., s; k+1 = f(si.x). When
u(s;i ) # 0, the DeNS of RN R; is controlled by the source’s
incentive, besides of the effect of its residual energy.
According to Eq. (6), the node-selfishness dynamics,
i.e., the dynamic DeNSs of all RNs within the selected path R,

Sik+1

VOLUME 6, 2018

are expressed as

Sk+1 = £(Sk) + G(Sp)u(Sy) (7
flsie) gsiy)) 0 oo 0 u(s1 k)
fls2k) 0 gls26)--- O u(s2,x)

= S i c : o
fGsni) 0 0 - 8(sn.x) | | u(sn i)
®

where Si1 is the vector of the DeNSs of all RNs within the
path R during frame k + 1, £f(Sy) represents the vector of
the intrinsic dynamics of these RNs during frame k. G(Sg)
is the diagonal matrix whose diagonal entries are the vector
entries of the incentive-gain rules g(Sy ), which consist of the
incentive-gain rule g(s; k) of RN R; (VR; € R) during frame k,
and ||G¢|| < Gy . Additionally, GT (S;) = gs;‘gk‘) = W(Syk).

Since the residual-energy information of these RN is their
private information and the incentive-gain rules are their own
characteristics, it is hard for the source to know the closed-
form expressions of the intrinsic dynamics f(S;) and the
incentive-gain rules g(Sk). In the ONAS, we employ the NNs
to determine the intrinsic dynamics f(S;) and the incentive-
gain rules g(Sx) of the RNs within its selected path R for
delivering media streams during frame k.

B. ONLINE NN-AIDED APPROXIMATION SCHEME

The ONAS includes three parts: the NN-aided identifica-
tion of the dynamic node-selfishness model, the NN-aided
approximations of the finite-horizon utility V*(Sk, u(Sx)) and
the optimal incentive u*(Sg). Meanwhile, we also describe
the flowchart of this scheme.

1) NN-AIDED IDENTIFICATION OF NODE-SELFISHNESS
DYNAMICS

An NN-aided identification is proposed to estimate f(Sy) and
2(Sk), which are expressed by using NNs

f(Sk) = W[ 6;(S) + &7 . ©)
g(St) = W, 0,(Sk) + £g.x (10)

where Wy € REXN and W, = [W, 1, W, -+
RLXN

s Wg,N ] S
are the NN weights of the node-selfishness dynamics
with L being the number of hidden neurons, 6;(Si) € RELx1
and 6,(S¢) € RE*D are the NN activation functions of
the node-selfishness dynamics, & € RN¥N>L and Egk =
[Sgk,82k, L8 k]T e RNVX! are the NN appr0x1mat10n
errors. Accordlngly, the diagonal matrix G(Si) in Eq. (7) is
written as

W(Z;,l 01xL ce 0le
01><L WZ;2 0l><L
G(Sk) =
()1' 0 ‘ WT
xL I1xL g N
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[6,(80)  Opx1 -+ Opx
0z eg(sk) T 0zx1
X . . ) .
01 071 Qg(Sk )
ey, O 0
0 &2, 0
+ i
0 0 . g(lg\{k
= Wg06(Sk) + 6. (11)

where Wg € RMXN and 65(Sk) € RMXN are the
NN weights and activation functions of G(Sg), respectively,
g6k € RV*N isthe NN approximation errors. By substituting
Egs. (9) and (11), the node-selfishness dynamics of Eq. (7) are
rewritten as

Sky1 = (WL0p(SK) + 7.6) + (WG06(St) + £6.10u(Sk)

[wr 77168 OLxn 1
=W wg] [ONM ec;(sk)} [u(sk>]

1
+[8f,k 8G,k] |:ll(sk)j|
= W Oy(SK)U(Sk) + &s (12)

where Wy € RWHDLXN and @4(Sy) € ROHDLx(N+D
are the NN weights and activation functions of the dynamic
DeNSs of all RNs during frame k, U(Sx) € RO+Dx1
Bk € RV with 0480l < Oy, 0 < Ppip <
[10s(SOUSHI = Py, and ||Es k|| < Em, VK. Accordingly,
the RNs’ DeNSs Sy during frame k + 1 can be estimated
as

Siv1 = WTL0,80U S, (13)

where VAVs,k is the estimated value of the NN weight W
during frame k.

From Eqgs. (12) and (13), the identification error of the
node-selfishness dynamics during frame k + 1 is expressed
as €xy+1 = Sk+1 — Sk+1. Meanwhile, we sflould update the
estimated NN-aided identification weights W; for determin-
ing the RNs’ future DeNSs Sy Vk. The update law for the
corresponding NN weights can be expressed as

Wit = (OS)USHUT (80O (81)) ™!
Os(SHUSK)Sk+1 — aser)’,  (14)

where o is the tuning parameter of the NN-aided identifica-
tion satisfying 0 < oy < 1 and ex41 = oyey.

2) NN-AIDED APPROXIMATION OF FINITE-HORIZON UTILITY
By using NN, the finite-horizon utility function is expressed
as

V(Sk) = WX0:(Sk) + ecks (15)

where W, € RE*! are the NN weights of the finite-horizon
utility, 6.(Sx) € RE*! are the NN activation functions of the
finite-horizon utility with 0., < [|6.(Sx)|| < 6. and its
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gradient V6.(Sy) are bounded as ||VO.(Sk)|| < VOcum, €ck €
R is the NN approximation error of the finite-horizon utility.
Using the approximation property of NNs [22], the approxi-
mation of this finite-horizon utility is expressed as

Vi(SK) = WZ0:(Sp), (16)

where VAVC,k € RL*! are the estimated values of the
NN weights W, during frame k. Nevertheless, there exists
an error between the approximated finite-horizon utility of
Eq. (16) and the optimal finite-horizon utility of Eq. (4), and
this error consists of two parts, expressed as e. y = el) k +ef’ o
where eé’ « and ei,k are referred to as Bellman error and
terminal constraint error, respectively. The Bellman error is
the approximate error associated with Eq. (16) during frame
k (1 <k <K —1)[20], written as

el = Vi (Skr1) — Vi(Se) + P(Sk) — C(u(Sy))
= P(Sx) — C(u(Sp)) + W, A6:(Sp), (17)

where A6.(Sg) = 6.(Sk+1)—0.(Sk). Meanwhile, the terminal
constraint error is the other approximate error during terminal
frame K, written as

2, = P(St) — W 1 0:(Sx), (18)

Based on gradient descent, the update law for the NN weights
of the finite-horizon utility is expressed as

Oc(Sk)ec k
[0 _T—_ .
1 461 (Sp)0:(Sk)

A A

Wc,k+l = Wc,k - (19)

where 6:(Sk) = AB(Sk) — 6:(Sk) with fem < 110:(SOI| <
Ocm, and o 1S a tuning parameter with 0 < oo < 1.

3) NN-AIDED APPROXIMATION OF OPTIMAL INCENTIVES
The optimal incentives paid by the source in Eq. (5) have the
NN-based representation, expressed as

u*(S) = WH6r(Sk) + er ks (20)

where W; € RL*N are the NN weights of the optimal
incentives, 6;(S;) € REXT are the NN activation functions
of the optimal incentives with ||0;(Sx)|| < O, €1k € RLx1
are the NN approximation errors of the optimal incentives.
By using an NN, the optimal incentives are approximated as

W(Sy) = W1 ,0/(Sp). (21)

where Wy € REXN are the estimated values of the NN
weights Wy during frame k.

Under the NN-aided approximations of the node-
selfishness dynamics and finite-horizon utility, the approx-
imated optimal incentives @a(S;) applied by Eq. (21) may
be different from the other approximated optimal incentive
of Eq. (5) 0*(Sk) obtained by maximizing the approximated
finite-horizon utility of Eq. (16). The NN-aided approxima-
tion errors of the optimal incentives u*(Sy) are defined as the
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FIGURE 3. Flowchart of the online NN-aided approximation scheme.

corresponding difference value between u(S;) and a*(Sy),
expressed as

AW 0c(Sk41))

-
e 0Sk+1

. 1 A
= Wi 4080 - 5076 (S

(22)
with G(Sk) being the estimated value of the incen-
tive gain G(Sy). Furthermore, based on gradient descent,

the update law for the NN weights of the optimal incentive
is expressed as

61 (S)u*(Sp)”
1+ 60;(S)T01(Sk)’

where a7 (0 < o7 < 1) is a positive tuning parameter.

Wi =W —a (23)

4) FLOWCHART OF ONLINE NN-AIDED

APPROXIMATION SCHEME

We describe the flowchart of the ONAS for optimally deliver-
ing media streams, as shown in Fig. 3. Initially, the network
controller sets So = 0 and W, o = 0, and the source sets
up =0, W, o =0, and Wy o = 0. At the beginning of each
frame k (k € {1,---, K}), the network controller estimates
the RNs’ current and future NSI by using Eq. (13) and update
the NN weights by using Eq. (14). And then, the source
estimates its finite-horizon utility by using Eq. (16) and
updates the NN weights by using Eq. (19). Finally, the source
estimates the optimal incentives by using Eq. (21) and updates
the NN weights by using Eq. (23). These optimal incentives
will be provided by the network controller to stimulate the
RNs’ forwarding behaviors in terms of the sources’ demands.
Not until frame k = K, the network controller continually
estimates the RNs’ NSI, and the source continually estimates
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its finite-horizon utility and optimal incentives for effectively
delivering media streams.

C. CONVERGENCE OF ONLINE NN-AIDED
APPROXIMATION SCHEME
By using the Lyapunov technique in control theory [23],
sufficient conditions for the NN tuning parameters o, o
and oy are derived to ensure the convergence results of this
scheme, which is demonstrated by Theorem 1.

Theorem 1 (Boundedness for ONAS): For the ONAS,
if several positive constants o, o, ooy satisfy 0 < oy <

9‘2

0 <o < m 1+L:9n »
the NN identification error e, weight estimation errors WY k>
WL r and WI «0r(Sg) are all uniformly ultimately bounded,

2¢ €
[Wikll < min{ |20 oS00
y cb?nin’ (bilin ’

1
59
3 the RNs’ DeNSs Sy,

and 0 < a7 <

given by [leg|| < /0,
o,

~ . 2G2,(1462,))e
Weall = min{ [5e, f5pel sy < |/ 2rtaoem,
~ 2 2
and [|W;, wz(sk)n < ,/Mwim My = (S —

ar(3—Tar) 1+€2

dac), s = ac( 1+(92 = 3a)(1 — aC(l 92 —3a,)) and Ty
being an error in Eq (43).
Proof: Refer to Appendix A. [ ]

The results of Theorem 1 show the convergence of the
ONAS. This scheme effectively tracks the node-selfishness
dynamics, the finite-horizon utility and the optimal incen-
tives, and finally achieves the optimal media stream delivery
under the unknown node-selfishness dynamics.

V. SIMULATION RESULTS

In this section, simulation results are provided to demonstrate
the effectiveness of the ONAS for delivering media streams
under the unknown node-selfishness dynamics.

A. PARAMETER SETTING

In our simulated SeWN scenario, there are two completely
independent RNs, marked by ‘RN One’ and ‘RN Two’, which
are cascaded between one source-destination pair. Due to the
effects of the RN’s resource consumption and its received
incentive on its forwarding behavior, e.g., their linear rela-
tionships of [10] and [24], we set the node-selfishness dynam-

. . 1 0.8s1+ 0.2 _
ics of these two RNs with f(S) = 0.655 + 0'4i| and G(S) =
|: _8'5 _% ’ ] . Meanwhile, the media streams of the source

have to be completely delivered during 100 milliseconds, thus
we set the terminal frame K = 100. While delivering these
media streams, these node-selfishness dynamics and their
initial DeNSs are unknown to the source, thus we set their
initial DeNSs as Sg = [0.5 0.5]7. For the sake of simple
analysis, we set the correlation matrix of the incentives as
Q = I with I € R>*? being an identity matrix, thus the finite-
horizon utility V(S¢) = [T, (1 — si.x) + Xr ([Tr (1 —
Sik) — T Ziz:l(u(s,-yk))z) with the discount factor 7 = 0.01.
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FIGURE 4. The DeNS variations of two RNs under the ONAS and the
SNAC, and the corresponding differences between NN and SNAC.

For the ONAS, the corresponding activation functions
are constructed from the expansion of the even polynomial
Zg]:/ %(Ziz:l six)*? with M being the order of approxima-
tion [25], resulting in 7 neurons and the normalized time-to-
go (K — k)/K. And the corresponding tuning parameters are
designed as oy = 0.4, o, = 0.1, and oy = 0.01. When the
node-selfishness dynamics of these RNs are known, it is easy
to determine the finite-horizon utility and incentives by using
the single network adaptive critics (SNAC) of [26]. Never-
theless, since the source does not know the node-selfishness
dynamics of these RNs, we employ the ONAS for estimat-
ing their DeNSs, the finite-horizon utility, and the optimal
incentives. From the following simulated results, we show the
effectively estimating performance of this scheme.

B. ONLINE NN-AIDED APPROXIMATION SCHEME

Fig. 4 shows the DeNS variations of these two RNs under
the ONAS and the SNAC, and also depicts the RNs’ cor-
responding difference values between them. The DeNSs of
these two RNs gradually vary with time elapsion and finally
tend to zeros, which means that the incentives from the source
gradually enforce the RNs’ altruistic behaviors of forwarding
media streams. Nevertheless, during the first half of K time
frames, the DeNSs of these RNs obtained by using the ONAS
is larger than that by using the SNAC, owing to the bias of the
estimated node-selfishness dynamics of these RNs. During
the second half of K time frames, the RNs’ DeNSs under
the ONAS are approximately equal to that under the SNAC,
which means that the ONAS has traced the RNs” DeNSs to the
SNAC. Meanwhile, the differences under these two methods
are distinctly shown in the bottom subfigure of Fig. 4.

Fig. 5 depicts the variations of the finite-horizon utilities of
delivering media streams under these two schemes, and their
corresponding differences. The utility of delivering media
streams gradually change with time and finally tend to a
certain value, approximately equal to 1, which means that the
source has optimal path reliability and minimum incentive
cost for delivering media streams. Nevertheless, since there
exist the biases of the estimated node-selfishness dynamics
of these RNs and the estimated utility, the delivery utility
obtained by using the ONAS is smaller than that by using
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FIGURE 5. The utilities of delivering media streams under the ONAS and
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FIGURE 6. The variations of the optimal incentives under the ONAS and
the SNAC, and their corresponding differences.
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FIGURE 7. The Bellman error and terminal constraint error for estimating
the finite-horizon utility.

the SNAC during the first half of K time frames. During
the second half of K time frames, the delivery utility under
the ONAS is approximately equal to that under the SNAC.
The corresponding differences under these two schemes are
also shown in the bottom subfigure of Fig. 5.

Likewise, Fig. 6 shows the incentive variations of these
two RNs under the ONAS and the SNAC, and their corre-
sponding differences. Since the source’s incentives gradually
and steadily control the RNs’ altruistic behaviors of forward-
ing media streams, the incentives of these two RNs vary
with time elapsion and finally tend to a value. Meanwhile,
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FIGURE 8. The weighting value of NNs under the ONAS and the SNAC.

there exist some differences between the incentives of these
RNs obtained by using the ONAS and that by using the
SNAC, which are also shown in the bottom subfigure of
Fig. 6.

For analyzing the stability of the ONAS, Figs. 7 and 8 show
the errors of estimating the utility and the NN weighting val-
ues between the ONAS and the SNAC. In Fig. 7, the Bellman
error of Eq. (17) tends to O with time elapsion and the terminal
constraint error of Eq. (18) is controlled in a little range. With
the decreasing of the sum of these two errors, the estimated
utility by using NNs gradually converges to the maximum
utility. Meanwhile, owing to the large neuron number for
three NNs, the Frobenius norm of the NN weighting values
are shown in Fig. 8. We clearly observe from these three
subfigures that their actual NN weights converge to three
certain values.

VI. CONCLUSIONS AND FUTURE WORKS

In this paper, we have investigated the media stream
delivery through one path in SeWNs with the unknown
node-selfishness dynamics. The node-selfishness dynam-
ics have been designed to formulate the dynamics of the
RN’s DeNS with respect to its own resources and the
received incentives. Under the unknown node-selfishness
dynamics, the ONAS has been conceived to identify
the dynamic node-selfishness model and also to approxi-
mate the finite-horizon utility and the optimal incentives.
The convergence of the ONAS achieves with Lyapunov
techniques.

For the future works, our interesting points are as follows.
On the one hand, although we mainly focus on the effect
of the node-selfishness on the media stream delivery in this
paper, the delivery utility can be extend by introducing more
impact factors, e.g., wireless channel model and the real time
constraints of media streams. On the other hand, the node-
selfishness dynamic proposed in this paper is just a linear and
simple control model. How to extend this model for adapt-
ing to some complex scenarios, e.g., heterogenous networks
where selfish nodes possess different characters on impact
factors.
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APPENDIX

A. PROOF OF THEOREM 1

For analyzing the convergence of the ONAS, we should
analyze the convergence of updating the NN weights of
estimating the node-selfishness dynamics, the finite-horizon
utility and the optimal incentives. Firstly, we set the weight
estimation error of the NN-aided identification as VNVS,k =
W, — VAVS, &, and obtain

Wi k+1095S)USk) = asWi k Og(Sk—1)U (Sk—1)
+asg‘s,k—l - és,k- (24)
Secondly, for analyzing the error dynamics, the NN weight
error of the finite-horizon utility is expressed as W, y = W.—
W_ k. From Eq. (3), we have
P(Si) — Cu(S)) + V (Sk+1) — V(Sk)
= P(S) — Cu(Sp)) + W[ 6:(Skr1)
+ ekt — WEO(Sk) — eck
= P(Sr) — C(u(Sp)) + WL AO(Sk) + Aec =0, (25)
where Ae. = €ck+1 — —&c.k- By substituting Eq. (25) into
Eq. (17), we have
el = —WIAO(Sk) — Aeci + W, AG(Sy)
= —WIAO(Sk) — Ascx (26)

From Eq. (18), the terminal constraint error is written as

€2 = WI0.(Sk) + ee.x — W1 0:8k)
= W, 0.8k) + W, 0:) +ecx (27

where éc(SK) = 6.(Sg) — QC(SK). And then, by substituting
Egs. (26) and (27), we have

eck = —W.,0:80) + W! 6:(Sk) + B, (28)

where €. = &,k — Aée. k. Substituting Eq. (28) into Eq. (19)

yields

080T (SWe

1+ 67 (SK)e(Sk)

o, DeSO SOWek + Ee)
1+ 6T (Sk)0:(Sk)

the boundedness of the

Wc,k—H = Wc,k —

. (29

which will be
ONAS.

Finally, for the NN-aided approximation of the optimal
incentive, the corresponding NN weight error is expressed as
V~V1,k = W; — VAVI,k. According to Egs. (5), (20) and (22),
it yields

used to

. - 1 AW 0.(Sk+1))
@*(Sp) = ~W 650 — 071Gl (s — A7
2 0Sk+1
1 AWZLo.(S
—erx + —Q_IGT(S/{)M. (30)
2 0Sk+1
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By substituting Eq. (30) into Eq. (23), the estimated
NN weight error of the optimal incentive is formulated
as

— Wit
O1(SK)u(SK)”
1+ 67(SK)T 07 (Sk)
01 (Sk)
14 6;(SK)T0r(Sk)

1 —1 AT X7 T svZi
X EQ G (SOW, VO (Sk+1) + Wi 1.01(Sk)

= V~V1,k + o

=W —oa

1 T
+ &1 —EQ_IGT(Sk)WZ vec(skm] (31)

with VO.(Sg41) = %

For the convergence +of the ONAS, we employ the Lya-
punov technique in control theory [23] to provide the suffi-
cient conditions of the NN tuning parameters. Consider the

Lyapunov function candidate

o A L+ Lo+ AL+ Ly +Lg+L
— Ly + L 1 +Ls+Lp C»
2Gﬁ4(1 + 62,

(32)
where L, = ele; + c1>§mtr(wT W) + ||wTk® (Sk—1)
U(Sk,1)||2, L = = chk, Ly = tl'{W kWI K} La =
SISk Ly = (W, Wenh Lo = 2, tr(W! Wy )2,

— 1 ag q)%nm a"(gr%l 3a((1+01%1)) CI);‘mn
A = min{yq, 4oy 67, a(1+62) 7 20y T36% }
. 2 3a2(Gy Vb,
with H] = maX{(GMVGCMQ) (8—1—90{1)’ a]((6l1)|[/11+1é\;1Q) }a
2y VOors O) 30 (Wep V6
Hz = maX{(W(MVQ(MZQ) (8-‘1—0!1) a1(2(3ﬂgl+81)\/1Q) } and H3 —

3O QP G+81) - And then, the terms in Eq. (32) will be
analyzed individually.
Firstly, the first-order difference of Ly is given by

ALs = e, jek+1 — e e + Dy,

x (oW W) — tr(WT W )]
+IIW! 1 O8)USHI

— W OSk-)U S I (33)

and using Cauchy-Schwartz inequality together with

Egs. (14) and (24) yields

ALs < —(1=a)lex] 1> = P W] 1P +4lersE et — &l
—(1 = 4a))|IWL1OSOUSHII. (34)

We set 4||as€sk+1 — Eskll < Agg with Aggy being a

constant, which is guaranteed by the bound of &; k.
Secondly, the first-order difference of L. is given by

ALe=WE i Werrr — W Wy (35)
And then, substituting Eq. (19) into Eq. (35) yields
0c(S1)0T (S)We.k

1467 (S1)0.(Sk)

AL. = (ch,k — Q¢

31768

_ ~ T
0SB (SkIW, + m))

o = =
1+ 07 (S00(S0)
5 0.(S0B! (S)We.k
x| Wep —a. =T >
1 + 90 (Sk)ec(sk)

c

BSOS OWe + 200\ w7 o

n n - ch,k

1+ 67 (Sk)0c(Sk)
oo [P SISOWE Wek
= — ac _ i
1+ 6T (Sk)0:(Sk)
0TSO Sk)We + Eer) We
1+ 67 (Sk)0:(Sk)

_ _ ~ _ ~ 2
2[0SO SOWek  0:(SO. SIWe+Ec k)

67 (S6(S) 1467 (Sk)6:(Sn)
By using Cauchy-Schwartz inequality, we further obtain
67 (Sk)0.(S <
AL, < —2qp— e OB\ o

‘1467 (S)0:(51)
67 (SO (Sk)We + & x) Wk
1467 (Sk)0:(Sk)

_ -2
07 (St)Wek

+ 20,

+ 20 — - >
(1+67(SK)6(Sp))

B.(SBT (SkIW. + & k)H
(1+67 (S00c(S0)*

Recall that the time span of interest is finite and 0, (Sk) isa
smooth function, then it is bounded by 0 < Oem < ||9C <
36.p . Then, by separating the term GC(Sk)(QT(SK)W +E&ck)

with |07 (SNl < 20cm, [[Well < Wewr and [|Ec k]l < 3eem
ZAEAEN)

+ 202 (36)

together with m < 1, we obtain
AL < 20—t
R T

~ 02, W?
+ 02| Wekl? + 8o - 1182,
1+6z,

+ 202 | We i |)? + 202803, W2, + 1882,,))

B 262,

B 1+ 62,

where 2, = ac(1 + 20.)(80%, W3, + 18ace?,) + 182,

Thirdly, the first-order difference of AL; is expressed as
—tr(W] Wi} (38)

— 3ac) IWeill? + 85, (37)

AL = tr{W] W ip1}

By substituting Eq. (31) into Eq. (38), the upper bound of AL,
yields

a;(3 —3ay)
202, +1)

(x ~
+7’(GMV90MQ)2(8 + 9a)| Wl

AL < — W7 6r(SolI?
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(07 ~
+7’<WCMVHCMQ)2(8 + an)||Gl

3a -
+T’(vecMQ>2(8 + 3ap) || We i |[*
30 (Gy VO 0% -~

a(Gy VO Q) W iI12

2(8 + 3a7) [1Wek
30/ (Gy Ve O)* ~
— =l W2, |Gk
2(8 + 3ay)
~2 ~2 ~2 ~2
+eéim tenm tEnm T Enm
Ol1(3 — 30(1) ~ ~
= {IW] 1 0SOII* + 20, T1 | [We i |2
205, + 1 :
+ 207 T ||Gi | * + o T3] [We i |1* 4 T3] Gy ||*
+ &+ Ehw + B + Es (39)
~2 _ Sar(l4a)® =2 _ 2"‘?5121\/1 ~2 _
where &, = (46203, ChM = (1+e,2m)(8+9a1) fhm =
20382, - 603 E1m 3033 Wem Gu VO Q.

o ten 09 €l = S0 e T 40100 @
Accordlng to the dynamic "DeNS in Eq. (7) we obtain

|If(Sk) + G(Su* (Sl 1> < ¢*[ISk|> with 0 < ¢* < 1/2isa
constant. The first-order difference ALy can be expressed as
ALs = S{,;Sk+1 — Sf Sk
= [1(Sk) + G(Sa(SKII* — [1Sk!I*
< 2|If(Sk) + G(Su*(So)I1* — [1Sk!?
+2/|G(Su*(Sk) — G(SHESHI*
< —(1 = 2¢")[ISt]I* + 4Gy W1 .0, (SOII* + 4er -
(40)

Furthermore, by using Eq. (40), we have
ALg = (WL, Wei1)? — (WL W )

262 < _
< <<2 — o (ﬁ - 3Olc)> ||VVc,k||2 + 83M>
C.
202,

X | —oe m—?’ac ||Wc k|| +8CM

262 3 262 <
—ae [ o | —ae [ —a ) ) Wk P

ETN AV N

3 52

TN EeM-
o Wy _ o
C 1+GZM &

Recalling the NN weights estimation error dynamics (24)
and applying Cauchy-Swartz inequality, we have

(41)

ALc = (®L,tr(WT, W, 1)) — (92
HIW! 105U SO
— WL, 04(Sk-)USe-nII*

tr(W{, W;.0))”

min

S mln“WSk”
— (1 = 16a)|W!, O,St—DUS-DII* + AgZy,
S m1n||WSk|| +A8 (42)
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Finally, by using all the terms of Eq. (32), we get the upper

bound of AL as
a12A

2G3,(1+ 02,
+ ALy + ALp+ ALc

a(1 —2¢%) )
— ISkl
2G3,(1+6%,)

AL = ALg+ AL. + AAL;

S_

1
— (1 —ad)|le]|* — - @2

2 mm”w k||
. ar(3—Tar) wr 5
4| |Wel)? = ————=|IWF 61(Sp)ll
¢ 203, +1)
— 5[ |Wee||* + @8 Wk l1* + e, (43)
2 2
where I14 = ozC(H‘g’"2 —4da,), 5 = aC(1+(92 — 3o )(1 —
202, -
Qe (1+92 —3a.))and ey = o AaAM~I— CM—{—A(e,le—i—
A2 M—H? M+2a,a,M

sle +513M +814M)+ Therefore, AL isless

than zero when the following mequahtles hold

eTM
ekl > 5 =B 44)
1 —a;g
or
~ ) [2etm | &M
[[Wsill > mm{ > 4 7 } = B 45)
q)min (Dmin
or
~ . etm  [etm
W [SIM ST _ g 46
IWekll > Hlln{ I, s } c (46)
or
2G2,(1 + 62
isel) > [ 2O g, 7)
ag(l —2¢%)
or

. 2032, + e
IWi0Spl| > || =M g (48)
o (3 — Tap)

Meanwhile, for guaranteeing that the parameters B, By, Bc,
By and By are positive, we obtain the ranges of oy, o and o .
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