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Abstract—Semantic communication (SemCom), as an emerg-
ing paradigm focusing on meaning delivery, has recently been
considered a promising solution for the inevitable crisis of scarce
communication resources. This trend stimulates us to explore the
potential of applying SemCom to wireless vehicular networks,
which normally consume a tremendous amount of resources
to meet stringent reliability and latency requirements. Unfor-
tunately, the unique background knowledge matching mecha-
nism in SemCom makes it challenging to simultaneously realize
efficient service provisioning for multiple users in vehicle-to-
vehicle networks. To this end, this paper identifies and jointly
addresses two fundamental problems of knowledge base con-
struction (KBC) and vehicle service pairing (VSP) inherently
existing in SemCom-enabled vehicular networks in alignment
with the next-generation ultra-reliable and low-latency commu-
nication (xURLLC) requirements. Concretely, we first derive
the knowledge matching based queuing latency specific for
semantic data packets, and then formulate a latency-minimization
problem subject to several KBC and VSP related reliability
constraints. Afterward, a SemCom-empowered Service Supplying
Solution (S4) is proposed along with the theoretical analysis of its
optimality guarantee and computational complexity. Numerical
results demonstrate the superiority of S4 in terms of average
queuing latency, semantic data packet throughput, user knowl-
edge matching degree and knowledge preference satisfaction
compared with two benchmarks.

Index Terms—Semantic communication, vehicular networks,
next-generation ultra-reliable and low-latency communication,
knowledge base construction, vehicle service pairing.

I. INTRODUCTION

UBIQUITOUS intelligence is expected to emerge in
next-generation vehicular networks to accommodate di-

verse smart on-board applications and large-capacity vehicle-
to-everything (V2X) services (e.g., multimodal artificial
intelligence-generated content offered by ChatGPT or Dall-E),
which poses tremendous demands on high data rates along
with stringent requirements for reliability and latency [2],
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[3]. Correspondingly, the scarcity of available communica-
tion resources, such as bandwidth and energy, is envisioned
to exacerbate to unprecedented levels and to be the most
challenging problem in the near future, especially considering
traditional communications-based massive vehicular networks.
Fortunately, semantic communication (SemCom) beyond the
conventional Shannon paradigm has recently been recognized
as a promising remedy for communication resource saving and
transmission reliability promotion [4]–[11], which, therefore,
inspires us to investigate the potential of exploiting SemCom
to perform efficient service provisioning in vehicular networks.

Different from traditional communication schemes of guar-
anteeing the precise reception of transmitted bits [12], the
accurate delivery of semantics implied in desired messages
becomes the cornerstone concept of SemCom [4]. Taking a
single SemCom-enabled vehicle-to-vehicle (V2V) link as an
example, a sender vehicle first leverages background knowl-
edge relevant to source messages to filter out irrelevant content
and extract core semantic features that only require fewer bits
for transmission, the process of which is called semantic en-
coding [5]. Once the receiver vehicle has the same knowledge
as the sender, its local semantic interpreters are capable of ac-
curately restoring the original meanings from the received bits,
even with intolerable bit errors during data dissemination [7].
This process is called semantic decoding [5]. As a matter of
fact, the rationale behind the growing prosperity of SemCom
is due to the increasingly powerful representation and gen-
eralization abilities of semantic coding models. Particularly,
powered by state-of-the-art deep learning (DL) algorithms-
based semantic models, SemCom has been well explored to
provision multimodal services, including text [6], image [8],
video [11], and so on. Consequently, SemCom is believed
to significantly alleviate the resource scarcity problem, while
ensuring sufficient transmission efficiency along with ultra-low
semantic errors in V2V networks.

Apart from many superiorities, it is worth pointing out that
equivalent background knowledge should be of paramount
importance to eliminate semantic ambiguity, which has led
to a key concept of knowledge base (KB) in the realm of
SemCom [7]–[11]. Specifically, a single KB is deemed a
small information entity that contains background knowledge
corresponding to only one particular application domain (e.g.,
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music or sports) [7].1 Since different KBs are associated with
different background knowledge, holding some common KBs
becomes the necessary condition to perform SemCom between
two vehicles in accordance with the knowledge equivalence
principle. Moreover, through employing differing KBs, seman-
tic information related to different application domains can
be accurately exchanged among vehicles, thereby efficiently
achieving service provisioning in a way of SemCom.

By reviewing the recent research advancement of SemCom,
there have been some preliminary publications addressing sev-
eral challenges of semantics-aware wireless networks. Xie et
al. [6] devised a Transformer-based end-to-end SemCom sys-
tem to realize link-level text transmission, and then improved
this system to be lightweight in [14]. Proceeding as in [6],
Yan et al. [15] exploited the semantic spectral efficiency
optimization-based channel assignment. In parallel, Xia et
al. [9] developed the bit-to-message transformation and a
new metric called system throughput in message for the first
time to optimize resource management in SemCom-enabled
cellular networks. Nevertheless, to the best of our knowledge,
none of the existing work has ever explored the potential
of applying SemCom to V2V networks in alignment with
stringent latency and reliability requirements, which should
be rather challenging as explained below.

In full view of the novel paradigm of SemCom-enabled ve-
hicular networks (SCVNs), the task lies in seeking the optimal
solution to efficiently provide all participating vehicle users
(VUEs) with diverse SemCom-empowered services. However,
it is noticed that enabling the next-generation ultra-reliable and
low-latency communication (xURLLC) remains indispensable,
especially when pursuing adequate semantic fidelity for large-
scale V2V communications. Uniquely, the reliability require-
ment originates from the aforementioned strict knowledge
equivalence condition, while the latency requirement is related
to varying processing efficiencies of semantic interpretation
models. In summary, we are encountering three fundamental
networking challenges in SCVN.

• Challenge 1: How to measure performance in terms of
reliability and latency when introducing SemCom into
vehicular networks? Notice that data packets transmitted
in traditional V2V communications generally consider
only one type of queuing process, in which different
packets have the same distributions of arrival and inter-
pretation [16]. However, semantic data packets in SCVN
related to various SemCom-empowered services may
result in different queuing and processing delays due to
the different semantic interpretation models equipped on
VUEs. Hence, it is not trivial to accurately measure and
assume prior information about the latency performance
in SCVN. Besides, given the core mechanism of semantic
delivery, it should be more reasonable to characterize the
reliability performance from the knowledge equivalence
perspective between any two associated VUEs for V2V

1The structure of a KB can roughly cover multiple computational on-
tologies, facts, rules and constraints associated to a specific domain [13]. In
recent DL-driven semantic coding models, the KB is also treated as a training
database serving a certain class of learning tasks [7], [10]. Relevant research
is beyond the scope of this paper and will not be discussed in depth.

communications. All of the above constitutes the first and
the main challenge.

• Challenge 2: How to construct appropriate KBs at each
VUE for better SemCom-empowered service provision-
ing? Considering varying practical KB sizes, personal
preferences on different SemCom services, and the lim-
ited vehicular storage capacities, there is a pressing need
to devise an optimal knowledge base construction (KBC)
policy that is not only proactive but also collaborative for
all VUEs to construct their respective appropriate KBs
for better service provisioning. Notably, this challenge
is inevitable in xURLLC-aware SCVN, since the remote
KB access approach (i.e., the approach that each VUE re-
motely accesses its required KBs via RSUs, Cloud servers
or core networks) can incur intolerable communication
overhead and transmission latency. Therefore, the local
and distributed KBC approach should be more applicable
for each VUE to well perform SemCom.

• Challenge 3: How to select the best vehicle node for each
VUE from multiple candidate neighbors to optimize ser-
vice provisioning related overall network performance?
As mentioned earlier, selecting vehicle pairs for realizing
service provisioning is very much distinct in SCVN
due to the knowledge equivalence condition. Combined
with different KBs constructed at numerous VUEs and
unstable wireless link quality, it can be challenging to
well solve the service provisioning-driven vehicle pairing
problem, namely vehicle service pairing (VSP).

In line with the above, it is particularly worthwhile to note
that challenges 2 and 3 are closely coupled, which makes it
indispensable to jointly seek the optimal KBC and VSP policy
for all VUEs to meet the xURLLC requirements. Moreover,
efficient SemCom-empowered service provisioning is excepted
after addressing the three challenges to yield a bunch of bene-
fits in SCVN, such as improving V2V information interaction
efficiency, reducing data traffic congestion, and ensuring high-
quality vehicular services.

In this paper, we propose a novel SemCom-empowered
Service Supplying Solution (S4) in SCVN with the aware-
ness of meeting the xURLLC requirements. Both theoretical
analysis and numerical results demonstrate the performance
superiority of S4 in terms of average queuing latency, semantic
data packet throughput, user knowledge matching degree, and
user knowledge preference satisfaction compared with two
different benchmarks. In a nutshell, our main contributions
are summarized as follows:

• We identify two fundamental yet unique problems KBC
and VSP in SCVN by fully incorporating SemCom-
related characteristics with vehicular network scenarios.
In particular, individual VUE preference for different KBs
is considered in the KBC, while the VSP of two adjacent
VUEs takes into account the strict matching requirement
between their respective constructed KBs.

• We theoretically derive the KB matching based queuing
latency for a VUE pair in SCVN. Then, through carefully
analyzing the unique queuing features of received seman-
tic data packets, a joint latency-minimization problem
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Fig. 1. The SCVN scenario with KBC and VSP.

is mathematically formulated subject to several KBC
and VSP-related reliability constraints and other practical
system limitations.

• We develop an efficient solution named S4 to tackle
the above optimization problem, and its optimality is
theoretically proved by two propositions. Specifically,
a primal-dual problem transformation method is first
exploited in S4 to obtain the corresponding Lagrange dual
problem, followed by a two-stage method dedicated to
solving multiple subproblems with a low computational
complexity. Given the dual variables in each iteration,
the first stage is to obtain the optimal KBC sub-policy
for each potential VUE pair, whereby the second stage is
able to finalize the optimal solutions of KBC and VSP
for all VUEs in SCVN.

The remainder of this paper is organized as follows. Section
II first introduces the system model of SCVN. Then a joint
service provisioning problem in SCVN is identified and for-
mulated in Section III. In Section IV, we illustrate the proposed
solution S4. Numerical results are presented and discussed in
Section V, followed by conclusions in Section VI.

II. SYSTEM MODEL

In this section, the considered SCVN scenario is first elab-
orated along with the knowledge storage model and vehicle
pairing model. Then, the knowledge matching based queuing
latency for semantic packets is derived.

A. SCVN Scenario

Consider an SCVN scenario as shown in Fig. 1, the total
of V VUEs are distributed within the coverage of a single
roadside unit (RSU), and each VUE i ∈ V = {1, 2, . . . , V } is
capable of providing SemCom-empowered services to others.
For the wireless propagation model, let γi,j denote the signal-
to-interference-plus-noise ratio (SINR) experienced by the
V2V link between VUE i and VUE j (j ∕= i). Essentially,
we allow VUE i to communicate with VUE j if their SINR
value γi,j is above a prescribed threshold γ0. In this manner,
the set of communication neighbors of VUE i is defined as

Vi = {j|j ∈ V, j ∕= i, γi,j ! γ0}, ∀i ∈ V . Moreover, it is
known that the RSU has powerful communication, computing,
and storage capabilities and can provide stable communication
coverage [2]. Hence, in this work, let the RSU act as a
semantic service controller in the SCVN to efficiently schedule
and coordinate the whole SemCom-empowered service provi-
sioning process based on the request and state information
received from all participating VUEs within its coverage.

B. Vehicular Knowledge Storage Model

Due to the unique mechanism of semantic interpretation, the
acquisition of necessary background knowledge is inevitable
for all SemCom-enabled transceivers. In this work, assuming
that all VUEs are able to proactively download and construct
their respective required KBs from the RSU, where each VUE
i has a finite capacity Ci for its local KB storage. Meanwhile,
suppose that there is a KB library K with a total of N differing
KBs in the considered SCVN, and each requires a unique
storage size sn, n ∈ K = {1, 2, . . . , N}. Furthermore, we
define a binary KBC indicator as

αn
i =

!
1, if KB n is constructed at VUE i;
0, otherwise.

(1)

It is worth mentioning that the same KB cannot be constructed
repeatedly at one VUE for reducing redundancy and for
promoting the storage efficiency.

Besides, it is noticed that different VUEs may have different
preferences for these KBs corresponding to their required
services, thus resulting in the diversity of KB popularity.
Naturally, the more popular the KBs, the higher the KBC prob-
abilities. Therefore, without loss of generality, we assume that
the KB popularity at each VUE follows Zipf distribution [17].2

Hence, the probability of VUE i requesting its desired KB
n-based services (generating the corresponding semantic data
packets) is pni = (rni )

−ξi /
"

e∈K e−ξi , ∀(i, n) ∈ V×K, where
ξi (ξi ! 0) is the skewness of the Zipf distribution, and rni
is the popularity rank of KB n at VUE i.3 Based on pni , we
specially develop a KBC-related metric ηi, namely knowledge
preference satisfaction, to measure the satisfaction degree of
VUE i constructing its interested KBs as

ηi =
#

n∈K
αn
i p

n
i . (2)

It is further required that ηi ! η0, where η0 is the unified
minimum threshold that needs to be achieved at each VUE.

C. Vehicle Pairing Model for SemCom

Apart from equipping with suitable KBs, it is also essential
for each VUE to select an appropriate VUE from its neighbors
for SemCom-empowered service provisioning. It is worthwhile
to re-emphasize that the necessary condition for performing
SemCom is that the two VUEs (transmitter and receiver) hold

2Other known probability distributions can also be adopted without
changing the remaining modeling and solution.

3The KB popularity rank of each VUE can be estimated based on its
historical messaging records, which will not be discussed in this paper.
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Fig. 2. The knowledge matching based queuing model for semantic data
packets transmitted between VUEs in the SCVN.

common KBs. Moreover, the single association is required for
all VUEs in the SCVN for practical purposes, i.e., each VUE
can be paired with only one (another) VUE at a time.

Let βi↬j denote the binary VSP indicator for a VUE i-VUE
j pair (suppose that VUE i is the sender and VUE j is the
receiver), where

βi↬j =

!
1, if VUE i is associated with VUE j;
0, otherwise.

(3)

Note that the presented communication performance (such as
latency, reliability, and throughput) should be different when
swapping the roles of sender and receiver in the same VUE
pair, since the KBs utilized for SemCom are determined by
the sender’s preference. For this reason, we use the notation
↬ here as an auxiliary illustration to specify the roles of the
sender and receiver in each VUE pair.

D. Knowledge Matching Based Queuing Model

As depicted in Fig. 2, the knowledge matching based
semantic packet queuing delay is employed as the latency
metric of SemCom, to characterize the average sojourn time
of semantic data packets in the receiver VUE’s queue buffer
(following the first-come first-serve rule). For better illus-
tration, three major differences between SemCom-based and
traditional communication-based queuing models are listed
below: 1) Each semantic data packet is associated with a
specific service type, i.e., a certain KB; 2) Semantic data
packets generated based on different KBs can co-exist in
the queue, and have independent average arrival rate and
interpretation time; 3) Not all semantic data packets arriving
at the receiver VUE are always allowed to enter its queue, as
some of them may mismatch the KBs currently held, rendering
these packets uninterpretable. To avoid pointless queuing,
these mismatched packets may have to choose traditional
communication channels for information transfer, and will not
be counted in the arrival process of the queue.

To preserve generality, we first suppose a Poisson data
arrival process with average rate λn

i = λip
n
i for a sender

VUE i to account for its local semantic packet generation
based on KB n, where λi is the total arrival rate of all
semantic packets at VUE i. In line with this, we can obtain the
overall arrival rate of semantic packets from sender VUE i to
receiver VUE j as

"
n∈K αn

i λ
n
i , and the effective arrival rate

of semantic packets (i.e., these KB-matched semantic packets)
in the queue is given as

"
n∈K αn

i α
n
j λ

n
i , thereby the arrival

rate of mismatched semantic packets should be the value of
the former minus the latter, that is,

"
n∈K αn

i

$
1− αn

j

%
λn
i .

Herein, denoting the ratio of the arrival rate of mismatched
semantic packets to the arrival rate of all received semantic
packets at VUE i-VUE j pair as θi↬j , namely knowledge
mismatch degree, which is explicitly calculated by

θi↬j =

"
n∈K αn

i

$
1− αn

j

%
λn
i"

n∈K αn
i λ

n
i

. (4)

In parallel, let a random variable Inj denote the Markovian
interpretation time [18] required by KB n-based packets at
VUE j with mean 1/µn

j , which is determined by the com-
puting capability of the vehicle and the type of the desired
KB. However, since multiple packets based on different KBs
are allowed to queue at the same time, it is seen that the
interpretation time distribution for a receiver VUE should be
treated as a general distribution [19]. If further taking into
account the KB popularity, we can calculate the ratio of the
amount of KB n-based packets to the total packets in the VUE
i-VUE j pair’s queue by εni↬j = pni /

"
f∈K αf

i α
f
j p

f
i . With

the independence among packets based on different KBs, the
interpretation time required by each packet in the queue is
now expressed as Wi↬j =

"
n∈K αn

i α
n
j ε

n
i↬jI

n
j .

Since the Markovian arrival process leads to the correlated
packet arrivals while the service pattern of packets obeys a
general distribution, the queue of each VUE pair in the SCVN
can be modeled as an M/G/1 system, which has been widely
used to model data traffic in wireless networks. According to
the Pollaczek-Khintchine formula [20], the average queuing
latency for the VUE i-VUE j pair, denoted as δi↬j , is
determined as follows4

δi↬j =
λeff
i↬j ·

$
E2 [Wi↬j ] + Var (Wi↬j)

%

2
&
1− λeff

i↬j · E [Wi↬j ]
' . (5)

On this basis, again leveraging the independence of Inj over n,
we can then obtain the expectation of the interpretation time
for all semantic data packets in the queue by

E [Wi↬j ] =
#

n∈K
αn
i α

n
j ε

n
i↬jE

(
Inj

)
=

#

n∈K

αn
i α

n
j ε

n
i↬j

µn
j

,

(6)

4In order to guarantee the steady-state of the queuing system, a condition
of λeff

i↬jE [Wi↬j ] < 1 must be satisfied before proceeding [19]. In this work,
we assume that the packet interpretation rate is larger than the packet arrival
rate to make the queuing latency finite and thus solvable.
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and the variance of Wi↬j is given by

Var (Wi↬j) =
#

n∈K
αn
i α

n
j

$
εni↬j

%2
Var

(
Inj

)

=
#

n∈K
αn
i α

n
j

*
εni↬j

µn
j

+2

.

(7)

Based on (6) and (7), δi↬j in (5) can be rewritten in (8), as
shown at the bottom of this page.

III. PROBLEM FORMULATION

In line with the xURLLC requirements, it is of paramount
importance to achieve the optimality of the overall queuing
delay in the SCVN, while being subject to several SemCom-
relevant reliability requirements as well as practical system
constraints. To that end, we identify and formulate a latency-
minimization problem in a joint optimization manner of the
KBC indicator αn

i and the VSP indicator βi↬j . For ease of
illustration, we define a matrix α = {αn

i |i ∈ V, n ∈ K} and
a matrix β = {βi↬j |i ∈ V, j ∈ Vi} consisting of all binary
variables of KBC and VSP, respectively. On the basis of these,
our joint optimization problem is formulated as follows:

P0 : min
α,β

#

i∈V

#

j∈Vi

βi↬jδi↬j (9)

s.t.
#

n∈K
αn
i · sn # Ci, ∀i ∈ V, (9a)

ηi ! η0, ∀i ∈ V, (9b)
#

j∈Vi

βi↬j = 1, ∀i ∈ V, (9c)

βi↬j = βj↬i, ∀ (i, j) ∈ V × Vi, (9d)
#

j∈Vi

βi↬jθi↬j # θ0, ∀i ∈ V, (9e)

αn
i ∈ {0, 1} , ∀ (i, n) ∈ V ×K, (9f)

βi↬j ∈ {0, 1} , ∀ (i, j) ∈ V × Vi. (9g)

Constraint (9a) ensures that the total size of KBs constructed
at each vehicle cannot exceed its maximum storage capac-
ity, while constraint (9b) corresponds to the aforementioned
knowledge preference satisfaction requirement for each VUE.
Constraints (9c) and (9d) mathematically model the single-
association requirement of VUEs. Constraint (9e) represents
that the knowledge mismatch degree of each VUE pair should
not be over the threshold θ0, which guarantees sufficiently
high reliability of semantic information delivery. Constraints
(9f) and (9g) characterize the binary properties of α and β,
respectively.

Carefully examining P0, it is seen that addressing this
problem is rather challenging due to several inevitable mathe-
matical obstacles. First of all, P0 is an NP-hard optimization

problem as demonstrated below. Consider a special case
of P0 where all β-related constraints are satisfied. In this
case, constraints (9c)-(9e) and (9g) can all be removed, and
the primal problem degenerates into a classical 0-1 multi-
knapsack problem that is known to be NP-hard [21]. Hence,
P0 is also NP-hard. Another nontrivial point originates from
the complicated objective function, which prevents us from
using the conventional two-step solution (i.e., relaxation and
recovery) to approach optimality. In more detail, the problem
after relaxing α and β should still be a nonconvex optimiza-
tion problem owing to the non-convexity preserved in the
objective function (9) and constraint (9e). Therefore, a severe
performance penalty will be incurred from the procedure of
integer recovery due to the huge performance compromise on
solving the nonconvex problem for relaxed variables [22]–[24].
In view of the above mathematical challenges, we propose an
efficient solution S4 in the subsequent section to solve P0 and
obtain the joint optimal KBC and VSP solution.

IV. PROPOSED SEMCOM-EMPOWERED SERVICE
SUPPLYING SOLUTION (S4)

In this section, we illustrate how to design our proposed
solution S4 to cope with the SemCom-empowered service
provisioning problem P0 in vehicular networks. As depicted
in Fig. 3, a Lagrange dual method is first leveraged to eliminate
the cross-term constraints in P0 with a corresponding dual
optimization problem transformed (referring to D0 in Section
IV.A). Then given the dual variable in each iteration, we
dedicatedly develop a two-stage method to determine α and
β for the dual problem, where the optimality will be theoret-
ically proved in Section IV.B. Specifically, in the first stage,
we subtly construct U (U =

$"
i∈V |Vi|

%
/2) subproblems

(referring to P1i,j , ∀ (i, j) ∈ V × Vi, j > i), each of which
aims to independently seek the optimal KBC sub-policy (with
respect to only αn

i and αn
j ) for each individual VUE pair (as

detailed in Section IV.C). After solving all the U subproblems,
the optimal coefficient matrix Ω is obtained for all potential
VUE pairs in the SCVN, by which we further construct a new
subproblem (referring to P2) in the second stage to find the
optimal VSP strategy for β (as detailed in Section IV.D). In the
end, we present the workflow of S4 along with its complexity
analysis in Section IV.E.

A. Primal-Dual Problem Transformation

We first incorporate constraint (9e) into the objective func-
tion (9) by associating a Lagrange multiplier τ = {τi|i ∈ V}.

δi↬j =

,-"
n∈K αn

i α
n
j

pn
i /µ

n
j!

f∈K αf
i α

f
j p

f
i

.2

+
"

n∈K αn
i α

n
j

-
pn
i /µ

n
j!

f∈K αf
i α

f
j p

f
i

.2
/
·
$"

n∈K αn
i α

n
j λ

n
i

%

2

0
1−

$"
n∈K αn

i α
n
j λ

n
i

%
·
-"

n∈K αn
i α

n
j

pn
i /µ

n
j!

f∈K αf
i α

f
j p

f
i

.1 . (8)
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Fig. 3. Illustration of the proposed solution S4.

That way, the associated Lagrange function is obtained by

L (α,β, τ )

=
#

i∈V

#

j∈Vi

βi↬jδi↬j +
#

i∈V
τi

2

3
#

j∈Vi

βi↬jθi↬j − θ0

4

5

=
#

i∈V

#

j∈Vi

βi↬j (δi↬j + τiθi↬j)− θ0
#

i∈V
τi

≜ 6Lτ (α,β)− θ0
#

i∈V
τi,

(10)
where 6Lτ (α,β) is defined for expression brevity. Then, the
Lagrange dual problem of P0 should be formulated as

D0 : max
τ

D (τ ) = gα,β (τ )− θ0
#

i∈V
τi (11)

s.t. τi ! 0, ∀i ∈ V, (11a)

where we have

gα,β (τ ) = inf
α,β

6Lτ (α,β)

s.t. (9a) − (9d), (9f), (9g).
(12)

Notably, the optimality of the convex problem D0 gives at
least the best lower bound of P0, even if P0 is nonconvex,
according to the duality property [25]. Hence, our focus now
naturally shifts to seeking the optimal solution to D0.

Given the initial dual variable τ , we can solve problem (12)
in the first place to find the optimal solution α and β, the
details of which will be presented in the next subsection. After
that, a subgradient method is employed for updating τ to solve
D0 in an iterative fashion, as shown in Fig. 3. Specifically, the
partial derivatives with respect to τ in the objective function
D (τ ) are set as the subgradient direction in each iteration.
Now suppose that in a certain iteration, say iteration t, each
dual variable τi(t) (i ∈ V) is updated as

τi(t+1) =

7

8τi(t)− ν(t) ·

2

3θ0 −
#

j∈Vi

βi↬j (t) θi↬j (t)

4

5

9

:
+

.

(13)

The operator [·]+ here is to output the maximum value between
its argument and zero, ensuring that τ must be non-negative
as constrained in (11a). ν(t) is the stepsize in iteration t and
generally, the convergence of the subgradient descent method
can be ensured with the proper stepsize [26].

B. Two-Stage Method Based on KBC and VSP
As discussed before, for a given τ in each iteration, the op-

timal α and β need to be determined by solving problem (12).
However, solving such a problem is still rather tricky due to the
mathematical inseparability of α and β in the highly complex
objective function 6Lτ (α,β). To this end, we propose a two-
stage method to obtain the exactly optimal α and β with a
low computational complexity.

In the first stage, we focus on multiple independent KB
construction subproblems, each corresponding to a potential
VUE pair in the SCVN. In particular, here the performances
of the VUE i-VUE j pair (i.e., the sender VUE i and the
receiver VUE j) and the VUE j-VUE i pair (i.e., the sender
VUE j and the receiver VUE i) need to be considered
together, and for ease of distinction, we refer to the two as
a VUE i, j pair, ∀ (i, j) ∈ V × Vi, j > i. In other words,
for any KBC subproblem, we have βi↬j = βj↬i = 1 in
6Lτ (α,β) corresponding to a given VUE i, j pair, while all
other VUE pairs are not considered. Therefore, different KBC
subproblems can be solved independently, and in this way, let

ωi,j = (δi↬j + τiθi↬j) + (δj↬i + τjθj↬i) . (14)

Obviously, we have ωi,j = ωj,i, thus only one case of j > i
needs to be investigated for each potential VUE i, j pair.

In this context, we now construct U =
$"

i∈V |Vi|
%
/2

subproblems, each of which is denoted as P1i,j to seek the
optimal KBC sub-policy only for an individual VUE i, j pair.
Herein, it is worth pointing out that the optimal KBC solution
to problem (12) cannot be achieved by simply combining the
obtained sub-policies of these P1i,j , but these sub-policies
will be used to construct the subsequent VSP subproblem to
finalize the joint optimal solution of α and β for (12). Given
the dual variable τ in each iteration,5 P1i,j becomes

P1i,j : min
{αn

i },{αn
j }

ωi,j (15)

s.t.
#

n∈K
αn
i · sn # Ci, (15a)

#

n∈K
αn
j · sn # Cj , (15b)

ηi ! η0, ηj ! η0, (15c)
αn
i ∈ {0, 1} ,αn

j ∈ {0, 1} , ∀n ∈ K.
(15d)

By solving P1i,j ,6 we can obtain the optimal KBC sub-
policies for VUE i (denoted as α∗

i(j)
) and VUE j (denoted

as α∗
j(i)

),7 corresponding to the individual VUE i, j pair. The

5For simplicity, we omit τ from all notations associated with P1i,j and
P2 in this paper.

6The solution details of P1i,j as well as P2 will be introduced in the
subsequent Subsection C and D, respectively.

7For auxiliary illustration, we use (·) in the subscript to specify the VUE
pair attribute (relation) for each VUE’s KBC sub-policy obtained from P1i,j .
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following proposition explicitly shows how the sub-policy of
P1i,j correlates to the solution of problem (12).

Proposition 1. Let α∗ = [α∗
1,α

∗
2, · · · ,α∗

V ]
T be the optimal

KBC solution to the problem in (12) given the dual variable τ ,
where α∗

i represents the optimal KBC policy of VUE i. Then
we have ∀i ∈ V , ∃j ∈ Vi, such that α∗

i(j)
= α∗

i .

Proof: Please see Appendix A.
From Proposition 1, it is observed that the optimal KBC

policy of each VUE can be found by solving a certain P1i,j .
Hence, considering the single-association requirement of V2V
pairing, the optimal VSP strategy becomes the only key to
finalize the optimal solution to (12). To achieve this, we first
obtain the optimal coefficient matrix for β in (12) to account
for all VSP possibilities. By calculating optimum ωi,j (denoted
as ω∗

i,j , ∀ (i, j) ∈ V × Vi) in P1i,j , the optimal coefficient
matrix is formed as

Ω =

7

;;;;;8

+∞ ω∗
1,2 ω∗

1,3 · · · ω∗
1,V

ω∗
2,1 +∞ ω∗

2,3 · · · ω∗
2,V

ω∗
3,1 ω∗

3,2 +∞ · · · ω∗
3,V

...
...

...
. . .

...
ω∗
V,1 ω∗

V,2 ω∗
V,3 · · · +∞

9

<<<<<:
. (16)

Ω is a V × V symmetric matrix where ω∗
i,j = ω∗

j,i, and all
elements on its main diagonal are set to +∞ to indicate the
fact that a VUE cannot communicate with itself, i.e., j ∕= i.
Besides, note that some ω∗

i,js in Ω also have a value +∞ if
VUE j is not the direct neighbor of VUE i, i.e., j /∈ Vi.

Next, we concentrate upon the optimal vehicle service
pairing strategy by constructing a new subproblem in the
second stage. In line with the objective 6Lτ (α,β) and β-
related constraints in (12), the VSP subproblem is written as

P2 : min
β

1

2

#

i∈V

#

j∈Vi

βi↬jω
∗
i,j (17)

s.t. (9c), (9d), (9g). (17a)

Given any τ , the optimal VSP strategy β (denoted as β∗ =(
β1↬j∗1

,β2↬j∗2
, · · · ,βV↬j∗V

)T
) can be directly finalized by

solving P2, where βi↬j∗i
(∀i ∈ V) indicates that VUE j∗i is the

optimal SemCom node for VUE i, i.e., βi↬j∗i
= 1. Afterward,

we feed back the obtained β∗ to Ω to further finalize the
optimal KBC policy α∗ for all VUEs. In the context of the
solution to P1i,j , the approach to finalize α∗ can be stated
more precisely as: for any i ∈ V , we have α∗

i = α∗
i(j∗

i
)
.

The rationale behind this is established in accordance with
the following proposition.

Proposition 2. Given any dual variable τ , (α∗,β∗) is exactly
the optimal solution to the problem in (12).

Proof: Please see Appendix B.
From Proposition 2, it is seen that for problem (12) in each

iteration, the proposed two-stage method is ensured to find the
optimal solution. Apart from this, the optimization difficulty
of each subproblem, either P1i,j or P2, is considered to be
greatly decreased due to the reduced number of the optimiza-
tion variables. In what follows, we will present our optimal
solutions to P1i,j and P2, respectively.

C. Near-Optimal Solution to P1i,j

Carefully examining P1i,j , ∀ (i, j) ∈ V × Vi, j > i, it can
be observed that δi↬j mainly makes the objective function
ωi,j still highly complex and nonconvex with two binary
variables αi and αj . To that end, a modified metaheuristic
algorithm based on tabu search (TS) is employed here to
efficiently determine a near-optimal KB construction policy
for two VUEs in the VUE i, j pair with the consideration of
SemCom features. In detail, the KBC solution is illustrated as
follows:

• Initial Feasible Solution Generation: As the iterative
search algorithm, an initial feasible solution (denoted as
a 2N -dimensional vector αI

i,j) is needed as the search
starting point [27]. To speed up convergence and enhance
optimization performance, we heuristically adopt a KB
preference and KB matching-aware approach to gener-
ate αI

i,j for a better initial solution performance. More
concretely, first let two N -dimensional vectors αI

i and
αI

j denote the KBC solutions of VUE i and VUE j,
respectively, with all elements being 0 for initialization.
Meanwhile, suppose there are two variable sets, denoted
as K̂ and Ǩ, to record KB-relevant information, where
K̂ = K and Ǩ = ∅ are initialized. With these, we attempt
to find a KB n0 with the highest sum of KB preferences
of the two VUEs by

n0 = argmax
n∈K̂

$
pni + pnj

%
. (18)

Then, in order to meet the knowledge mismatch require-
ment, the values of both αI

i and αI
j are updated as

αn0
i = 1 and αn0

j = 1. (19)

Next, we let K̂ = K̂\n0 and Ǩ = Ǩ ∪ {n0}, and
then repeat the two procedures in (18) and (19) until
both VUEs satisfy the minimum knowledge preference
satisfaction requirement in constraint (15c). However,
notice that constraint (15a) or (15b) may be violated
during the above process, in which case we need to find
the maximum-size KB in Ǩ by

n1 = argmax
n∈Ǩ

sn, (20)

and then reset the corresponding KBC indicators in αI
i

and αI
j to 0, i.e.,

αn1
i = 0 and αn1

j = 0. (21)

As a result, we obtain an initial feasible solution

αI
i,j =

(
αI

i ,α
I
j

)
. (22)

• Neighboring Solution Searching: Let a 2N -dimensional
vector αC

i,j store the current solution in each search
iteration, and H

$
αC

i,j

%
denote its neighboring solution

set, which should not include solutions that are already
recorded in a tabu list, denoted as a set I (which will be
explained later). Naturally, our H

$
αC

i,j

%
is defined as

H(αC
i,j) =

=
αi,j : ‖αi,j −αC

i,j‖ # σ,

αi,j /∈ I,αi,j ∈ ψ
>
,

(23)
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where σ is the size of the maximum neighborhood space,
and ψ represents the feasible solution space of P1i,j .
Based on the above definitions, we are able to find the
best solution within the current H

$
αC

i,j

%
that can yield

the minimum value of ωi,j in an iterative fashion.
• Tabu List Update: The tabu list I is a special mem-

ory mechanism for preventing subsequent searches from
looping back to previously visited solutions so as to avoid
trapping into the local optimum [28]. In this way, when-
ever there is a newly obtained αC

i,j , it should be added
into I (cannot exceed its given maximum length [27]).
Besides, let α∗

i,j denote another vector dedicated to
storing the best solution obtained so far. Particularly, once
αC

i,j is found to be better than α∗
i,j in any iteration, it will

not be added into I but we will have

α∗
i,j = αC

i,j . (24)

• Algorithm Termination Check: Before commencing a new
iteration, an algorithm termination criterion needs to
be checked, which can be either a maximum iteration
restriction or a performance improvement threshold of
α∗

i,j under a certain number of consecutive iterations.

D. Optimal Solution to P2

After the KBC sub-policy α∗
i,j is found for each potential

VUE i, j pair, we can determine the optimal coefficient matrix
Ω to solve the VSP subproblem P2. Since its objective
function and two equality constraints (9c) and (9d) are all
linear, the only challenge is the 0-1 constraint in (9g).

With regards to this, we first relax β into a continuous
variable between 0 and 1 to make P2 a linear programming
problem, which can be efficiently solved with toolboxes such
as CVXPY [29]. Then the obtained continuous solution, de-
noted as βR, needs to be restored to the binary state under the
original constraints. Here, we heuristically finalize the optimal
VSP strategy β∗ by

β∗
i′↬j′

= β∗
j′↬i′

= 1, (25)

if and only if
&
i
′
, j

′
'
= arg max

i∈V,j∈Vi,j>i
βR
i↬j . (26)

Meanwhile, for the remaining β∗
i↬j with respect to VUE i

′

and VUE j
′
, we naturally have

!
β∗
i′↬j

= β∗
j↬i′

= 0, ∀j ∈ Vi′ , j ∕= j
′

β∗
j′↬i

= β∗
i↬j′

= 0, ∀i ∈ Vj′ , i ∕= i
′ . (27)

Then we let V = V\{i, j}, and repeat the above progresses
until determining the optimal VSP solution for all VUEs. It
can be seen that the number of variables is actually only$"

i∈V |Vi|
%
/2 when solving P2, which is a fairly acceptable

problem scale in practice. Hence, the performance compromise
of our proposed heuristic VSP solution is believed to be small.

E. Workflow of S4 and Complexity Analysis
In order to further demonstrate the full picture of the

proposed solution S4, we summarize the relevant technical
points and present them in the following Algorithm 1.

Algorithm 1 The Proposed Solution S4

Input: The SCVN parameters sn, Ci, rni , ξi, λi, µn
i , η0, θ0

Output: The optimal KBC policy α∗ and the optimal VSP
strategy β∗ for each VUE i, ∀i ∈ V

1: Initialize t = 0, τi(0) and ν(0) to proper positive values;
2: Set the maximum number of iterations M for D0;
3: while t < M do
4: for i = 1 to V do
5: for each j ∈ Vi do
6: if j > i then
7: Determine the initial solution αI

i,j by (18)-(22);
8: Initialize the TS iteration as t̃ = 0, the Tabu list
9: I(0) = ∅, and αC

i,j(0) = α∗
i,j(0) = αI

i,j ;
10: Set the neighborhood size σ and the maximum
11: number of iterations Z for solving each P1i,j ;
12: while t̃ < Z do
13: Determine H

$
αC

i,j

$
t̃
%%

by (23);
14: Find the best feasible solution in H

$
αC

i,j

$
t̃
%%

15: and assign it to αC
i,j(t̃+ 1);

16: if αC
i,j(t̃+ 1) is better than α∗

i,j(t̃) then
17: Update α∗

i,j(t̃+ 1) = αC
i,j(t̃+ 1);

18: Keep I
$
t̃+ 1

%
= I

$
t̃
%
;

19: else
20: Keep α∗

i,j(t̃+ 1) = α∗
i,j(t̃);

21: Update I
$
t̃+ 1

%
= I

$
t̃
%
∪
=
αC

i,j(t̃+ 1)
>

;
22: end if
23: Update t̃ = t̃+ 1;
24: end while
25: Calculate ω∗

i,j by substituting α∗
i,j(Z) into (14);

26: Assign ω∗
j,i = ω∗

i,j ;
27: end if
28: end for
29: end for
30: Renew the optimal coefficient matrix Ω (t) by (16);
31: Solve the relaxed P2 by CVXPY and obtain βR (t);
32: Finalize β∗ (t) by (25)-(27);
33: Finalize α∗ (t) by feeding β∗ (t) back into Ω (t);
34: Update τi(t+ 1) by (13);
35: Update ν(t+ 1) under a given rule;
36: Update t = t+ 1;
37: end while

In line with this algorithm, the main flow of S4 working in
the practical SCVN is demonstrated as follows:

• Network Initialization: In the initial phase, each VUE i
(∀i ∈ V) generates a Lagrange multiplier parameter τi
and records all KBC-related status information, including
its available KB storage (i.e., Ci), preferences for differ-
ent KBs (i.e., rni , ∀n ∈ K, and ξi), and average local
arrival rate as well as interpretation time for semantic
data packets (i.e., λi and 1/µn

i ). Then, all VUEs need to
upload the above parameters to the RSU for subsequent
implementation.
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• Optimal Policy Determination for KBC and VSP: In this
phase, the RSU first measures the SINR between VUEs to
determine each VUE i’s communication neighbors, i.e.,
Vi. Having these, the RSU is capable of computing the
current optimal KBC sub-policy for each individual VUE
i, j pair (j ∈ Vi) (referring to steps 4-29 in Algorithm 1).
Afterward, the current optimal VSP and KBC policies
can be jointly obtained in steps 30-33. Nevertheless,
the Lagrange multiplier of each VUE is required to be
updated with a given rule (steps 34-36), thus the RSU
should repeat the procedures in steps 4-33 until satisfying
the algorithm termination criterion, so as to finalize the
optimal KBC and VSP policies α∗ and β∗.

• SemCom-Empowered Service Provisioning: Once each
VUE receives the feedback information, it can request
and download KBs from the RSU (according to α∗), and
then pair with one of its neighbors (according to β∗) to
provide corresponding services for each other.

Herein, it is worth pointing out that the above workflow
of S4 is executed in a periodic timeline, and all decisions
to update relevant parameters should be made at the end
of each period. Besides, it can be observed that there are
only four rounds of signaling interactions to implement a
completed and successive KBC and VSP process, including
vehicular information collection, optimal KBC and VSP policy
assignment, KB downloading, and vehicle pairing. For each
signaling interplay, only a few bits are needed to complete
the functional confirmation work, hence the overall signaling
overhead should be an apparently tolerable level in practice.

In terms of the computational complexity of S4, it is first
seen that for a single P1i,j , each feasible KBC solution within
H

$
αC

i,j

%
needs to be computed once in any of its iterations.

Combining that σ is given as a small parameter compared to
N in (23), the complexity in each iteration can be estimated by
O
&$

2N
σ

%'
= O (Nσ). If the maximum number of its iterations

is assumed to be Z, then solving each P1i,j would require
complexity O (ZNσ). In addition, the linear programming
method is utilized for the relaxed P2, where O

$
V 4

%
com-

plexity is needed [30] to solve a group of
$"

i∈V |Vi|
%

VSP
variables. Moreover, note that in any iteration of D0, a total of$$"

i∈V |Vi|
%
/2
%

subproblems P1i,j and one subproblem P2
need to be solved simultaneously, thereby its corresponding
complexity is O

$
V 2ZNσ + V 4

%
. If denoting the maximum

number of iterations that can make D0 to converge as M , the
proposed S4 would have a polynomial-time overall complexity,
given as O

$
MV 2

$
ZNσ + V 2

%%
.

V. NUMERICAL RESULTS AND DISCUSSIONS

In this section, numerical evaluations are conducted to
demonstrate the performance of the proposed solution S4 in
SCVNs, where we employ Python 3.7-based PyCharm as the
simulator platform and implement it in a computer with six
CPU cores and Inter Core i7 processor. To preserve generality,
we model a multi-lane freeway passing through a single cell
with the RSU at its center, and multiple VUEs are dropped
on the lanes according to the spatial Poisson process [32].
The main parameters of the basic network setup as well as

TABLE I
SIMULATION PARAMETERS

Parameters Values

Number of VUEs (V ) 60

Number of KBs (N ) 12

Size of KB n (sn) 1 ∼ 5 units (randomly)

KB storage capacity of VUEs (Ci) 24 units

Skewness of the Zipf distribution
with respect to each VUE’s KB
preference (ξi)

1.0

Average arrival rate of total
semantic data packets of VUEs (λi)

100 packets/s [31]

Average interpretation time of KB
n-based semantic data packets of
VUEs (1/µn

i )

5× 10−3 ∼ 1× 10−2 s/packet
(randomly)

Cell radius of the RSU 500 m

VUE drop model Spatial Poisson process [32]

Number of lanes 3 in each direction (6 in total)

Lane width 4 m

Absolute velocity of VUEs 70 km/h [33]

Density of VUEs
Average inter-vehicle distance is
2.5 sec × absolute velocity of
VUEs [32]

Transmit power of VUEs 20 dBm [34]

Noise power −114 dBm

Path loss model 128.1 + 37.6 log (d [km]) [35]

Channel fading model
Log-normal shadowing distribution
with standard deviation of 8 dB +
Rayleigh fast fading [35]

Minimum knowledge preference
satisfaction threshold (η0) 0.5

Maximum knowledge mismatch
degree threshold (θ0) 0.1

their corresponding values can be found in Table I [31]–
[35]. As for the settings relevant to SemCom, a total of 12
different KBs are preset to provide VUEs with a variety
of distinct services, and each of them has a storage size
randomly distributed from 1 to 5 units. Correspondingly, we
set a uniform KB storage capacity of 24 units for all VUEs.
Besides, each VUE’s preference ranking for all KBs (i.e., rni )
is generated in an independent and random manner, where
their respective Zipf distributions are assumed to have the
same skewness 1.0. Likewise, either the average arrival rate
of total semantic data packets, or the average interpretation
time for packets based on the same KB n, is considered to
be the same for all VUEs. Here, we fix the average total
arrival rate λi at 100 packets/s and randomly generate the
value of 1/µn

i in a range of 5×10−3 ∼ 1×10−2 s/packet with
respect to different KB n, as the average interpretation time
of different KBs-based packets is different from each other,
which is to guarantee the steady-state of the queuing system
at each VUE pair, as has mentioned in Footnote 4. Further,
the minimum knowledge preference satisfaction threshold η0
and the maximum knowledge mismatch degree threshold θ0
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Fig. 4. Average queuing latency of a VUE pair vs. varying numbers of VUEs.

are prescribed as 0.5 and 0.1, respectively. Notably, all these
parameter values in Table I are set by default unless otherwise
specified, and all subsequent numerical results are obtained by
averaging over a sufficiently large number of trials.

For comparison purposes, we utilize two different bench-
mark schemes of SemCom-empowered service provisioning
herein: 1) Distance-first pairing (DFP) strategy which assumes
each VUE to choose its nearest unpaired VUE for V2V
pairing; 2) Knowledge-first pairing (KFP) in which each
VUE selects its neighboring unpaired VUE with the highest
KB matching degree for V2V pairing. In the meantime, a
personal preference-first KBC policy is considered for both
benchmarks, which allows each VUE to construct KBs with
the highest preferences until η0 is satisfied, and then randomly
select these unconstructed KBs until reaching respective max-
imum capacity.

Fig. 4 first depicts the average queuing latency performance
of a VUE pair against varying numbers of VUEs, where two
different KB preference skewness ξ = 0.8 and ξ = 1.4
are considered. In this figure, the latency of S4 declines
at the beginning with the number of VUEs, then remains
stable beyond 70 VUEs, and it can always outperform both
benchmarks with an average latency reduction of around 1
ms at any ξ. The rationale behind this trend is that the
more neighbors each VUE can have, the better chance of
achieving the low queuing latency for each VUE pair, which
will be eventually stabilized when reaching the respective best
achievable latency with a fixed bandwidth budget. Moreover,
it is observed that a larger ξ causes a higher latency penalty,
since the vast majority of VUEs’ KBC is concentrated on a
small number of KBs when ξ increases. Clearly, a larger ξ
will make each participant more difficult to find the best VUE
with the low latency under the given knowledge mismatching
requirement θ0, thus resulting in a degraded performance.

The above analysis also applies to Fig. 5, which compares
all the three methods under the same settings as Fig. 4 to
demonstrate the performance of the average throughput in
semantic packets (TSP). Specifically, the TSP represents the

Fig. 5. Average TSP of a VUE pair vs. varying numbers of VUEs.

Fig. 6. Average queuing latency of a VUE pair with varying numbers of
KBs.

total number of semantic packets that can be interpreted by
a VUE pair per second, whose value is determined based
on E [Wi↬j ] in (6). Likewise, a higher TSP is obtained as
the number of VUEs increases, and our S4 is still far better
than the two benchmarks at any point, e.g., with an average
performance gain of 14 packets/s compared with DFP and 20
packets/s with KFP at ξ = 0.8. Again, we see a better TSP
when the KB popularity is diluted by a smaller ξ.

Next, we explore the impact of varying number of KBs on
the average queuing latency of a VUE pair with different VUE
capacities C = 18 and C = 24, as demonstrated in Fig. 6.
It can be found that the latency drops fast at the beginning,
and then rises slightly after exceeding 10 KBs, whereas the
performance of our S4 still surpasses the benchmarks. This
trend is attributed to the fact that more KBs imply less
discrepancy in VUEs’ preferences for different KBs given the
fixed ξ, thereby at first leading to the higher probability for
two paired VUEs constructing the KBs with high interpretation
rates so as to render a lower delay. However, such performance
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Fig. 7. Average TSP of a VUE pair with varying numbers of KBs.

Fig. 8. Average knowledge preference satisfaction reached at a VUE with
varying numbers of KBs.

gains will be saturated and even worsen when these KBs
with low interpretation rates become inevitably dominant in
order to meet the minimum knowledge preference satisfaction
threshold η0. Besides, it is seen that different VUE capacities
have little effect on the latency of S4, although the larger
capacity can construct more KBs. This is due to the latency-
minimization objective we particularly focus on in the delay-
sensitive SCVN, and only the KBs with low interpretation time
should be selected. Afterward, we draw the TSP performance
against different numbers of KBs with η0 = 0.4 and η0 = 0.6,
as shown in Fig. 7. The similar trend to Fig. 6 is observed here
as well, i.e., the TSP of S4 rises at the beginning and then falls
after 10 KBs, and a much higher TSP is provided compared
with the benchmarks. Meanwhile, it is noticed that a lower η0
brings a better TSP, as fewer KBs need to be constructed to
guarantee the high average interpretation rates in the queue,
as mentioned earlier.

In addition, we validate the average knowledge preference
satisfaction η̄ = 1

V

"
i∈V ηi reached at each VUE with varying

Fig. 9. Average queuing latency of a VUE pair with varying skewness of
VUEs’ KB preferences.

Fig. 10. Average knowledge matching degree of a VUE pair vs. different
knowledge preference satisfaction requirements.

numbers of KBs as shown in Fig. 8, where ξ = 0.8, ξ = 1.4,
θ0 = 0.1, and θ0 = 0.2 are taken into account. As the
number of KBs increases, a lower η̄ is obtained, which is to
prevent these unnecessary KBs from being constructed while
satisfying η0 to the greatest extent. For the two curves with
different ξ, referring to the analysis of Fig. 4, a higher ξ
indicates a more concentrated KB preference, which means
some extra KBs need to be constructed to meet the maximum
θ0 requirement. Because of this, we also see a lower η̄ at a
higher θ0, since a more tolerable knowledge mismatch degree
is more likely to avoid the unnecessary KBC.

Fig. 9 presents the effect of varying ξ on the average
queuing delay compared between different η0 and θ0. As
expected, the latency of all three methods increases with ξ,
and such an upward trend is consistent with the previous
results. Specially, it is observed that the curve of η0 = 0.4
and θ0 = 0.2 brings the best latency performance. This can
be understood as that either the lower satisfaction threshold
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or the higher mismatch tolerance can avoid the construction
of unnecessary KBs with low interpretation rates, as discussed
before. Naturally, the better latency performance is obtained
when the constraints become less stringent.

Finally, we plot the average knowledge matching degree, de-
fined as ρ̄ = 1

V

"
i∈V,j∈Vi

(1− θi↬j), with two different ξ in
Fig. 10. It can be seen that under the threshold of θ0 = 0.1, the
proposed solution S4 is always above a 97.5% match degree,
which is much higher than that of benchmarks. Furthermore, a
higher ξ causes the slight drop of ρ̄, which exactly proves the
conclusion of Fig. 4, i.e., a more concentrated KB preference
makes it more difficult for VUEs to find a highly matching
neighbor in the VSP phase, especially for the one that can
bring lower latency and meet all constraints at the same time.

VI. CONCLUSIONS

In this paper, we proposed a novel solution S4 to address
the SemCom-empowered service provisioning problem in the
SCVN. To align with the stringent xURLLC requirements, the
KB matching based queuing latency expression of semantic
data packets was first derived, and then we identified and
formulated the fundamental problem of KBC and VSP to
minimize the queuing latency for all VUE pairs. After the
primal-dual problem transformation, a two-stage method was
developed specifically to jointly solve multiple subproblems
related to KBC and VSP with low computational complexity,
and the solution optimality has been theoretically proved. Nu-
merical results verified the sufficient performance superiority
of S4 in terms of both latency and reliability by comparing it
with two different benchmarks.

This work can be served as a pioneer in exploring the
potential of applying SemCom in vehicular networks for
provisioning pertinent communication services with the aim
of meeting the xURLLC requirements. Besides, other ad-
vanced networking issues in the SCVN, such as semantic-
aware resource allocation or semantic transceiver design, can
treat this work as the fundamental theoretical framework for
reference. Since this work is limited to determining optimal
instantaneous KBC and VSP policies for VUEs with known
KB popularity, the further problem in an expanded SCVN
scenario of considering high user mobility and unaware user
preferences will be investigated in our future research.

APPENDIX A
PROOF OF PROPOSITION 1

Given the optimal KBC solution α∗, let β∗ =(
β1↬j∗1

,β2↬j∗2
, · · · ,βV↬j∗V

)T
be the corresponding optimal

VSP solution to the problem in (12) under the same dual
variable τ , where βi↬j∗i

(∀i ∈ V) indicates that VUE j∗i is
the optimal SemCom node for VUE i, i.e., βi↬j∗i

= 1.
From ωi,j defined in (14), the objective function 6Lτ (α,β)

in (12) can be rewritten as

6Lτ (α,β) =
1

2

#

i∈V

#

j∈Vi

βi↬jωi,j =
#

i∈V

#

j∈Vi,j>i

βi↬jωi,j ,

(28)

then we substitute β∗ into (28) and yield

6Lτ (α,β∗) =
1

2

#

i∈V
ωi,j∗i

=
#

i∈V,i<j∗i

ωi,j∗i
, (29)

where ωi,j∗i
is the term only related to VUE i, j∗i pair.

Undoubtedly, if α∗ is further substituted into (29), we can
straightforwardly reach the optimality of the problem in (12).
Since different VUE i, j∗i pairs are independent of each other,
it means that different terms related to ωi,j∗i

are independent
of each other as well in 6Lτ (α,β∗). Therefore, we can directly
draw an important conclusion that achieving the optimality of
6Lτ (α,β∗) is equivalent to achieving the optimality of each
ωi,j∗i

, where the optimality can be reached when α = α∗.
In view of the above, we know that α∗

i must be the optimal
solution of ωi,j∗i

, ∀i ∈ V . Further combined with another fact
that ωi,j is the objective of P1i,j , ∀ (i, j) ∈ V × Vi, j > i
where α∗

i(j)
is the corresponding optimal solution, we ensure

that the equality α∗
i(j)

= α∗
i holds when j = j∗i .

APPENDIX B
PROOF OF PROPOSITION 2

Suppose that (α∗,β∗) is not optimal for the prob-
lem in (12), which means there must exist another so-
lution, denoted as ᾱ = [ᾱ1, ᾱ2, · · · , ᾱV ]

T and β̄ =(
β1↬j̄1 ,β2↬j̄2 , · · · ,βV↬j̄V

)T
, such that

6Lτ (ᾱ, β̄) < 6Lτ (α
∗,β∗). (30)

On the one hand, since β∗ is the optimal solution to P2,
for β̄ ∕= β∗, we have 6Lτ (α

∗,β∗) < 6Lτ (α
∗, β̄). On the other

hand, directly applying the conclusions in Proposition 1, it
is seen that ∀i ∈ V , we have α∗

i(j)
= ᾱi when j = j̄i.

Combined with the previous assumption that β̄ is the optimal
VSP solution to problem (12), ω∗

i,j̄i
= ω̄i,j̄i holds such that

6Lτ (ᾱ, β̄) = 6Lτ (α
∗, β̄) > 6Lτ (α

∗,β∗). (31)

However, there is a contradiction between (30) and (31).
Consequently, the assumption cannot hold, which means that
(α∗,β∗) is exactly the optimal solution to problem (12).
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