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Abstract—In this paper, a semantic-aware joint communication
and computation resource allocation framework is proposed for
mobile edge computing (MEC) systems. In the considered system,
each terminal device (TD) has a computation task, which needs to
be executed by offloading to the MEC server. To further decrease
the transmission burden, each TD sends the small-size extracted
semantic information of tasks to the server instead of the large-
size raw data. An optimization problem of joint semantic-aware
division factor, communication and computation resource manage-
ment is formulated. The problem aims to minimize the maximum
execution delay of all TDs while satisfying energy consumption
constraints. The original non-convex problem is transformed into
a convex one based on the geometric programming and the
optimal solution is obtained by the alternating optimization algo-
rithm. Moreover, the closed-form optimal solution of the semantic
extraction factor is derived. Simulation results show that the
proposed algorithm yields up to 37.10% delay reduction compared
with the benchmark algorithm without semantic-aware allocation.
Furthermore, small semantic extraction factors are preferred in
the case of large task sizes and poor channel conditions.

Index Terms—Mobile edge computing, semantic-aware,
compute-then-transmit, resource management.

I. INTRODUCTION

Due to the rapid development of Internet of things, the desire
of numerous terminal devices for a huge amount of emerging
computation services has drastically increased the traffic of core
networks. In order to release the burden of core networks,
mobile edge computing (MEC), deploying the network func-
tions at the network edge, provides users with nearby real-
time computing services [1]. Therefore, as a new network
architecture, MEC is considered as a promising paradigm to
remedy the problem of computational resources and energy
shortage of mobile equipments in future wireless networks [2].
In MEC networks, communication and computation resources
can be jointly optimized to improve a certain system utility,
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such as energy consumption [3], delay [4], throughput [5],
computation efficiency [6], etc.

Motivated by Shannon’s classic information theory, existing
works including [3]–[6] are dedicated to research on data-
oriented communications. As a novel paradigm that involves
the meaning of messages in communication, semantic commu-
nications, which concentrate on transmitting the meaning of
source information, have revealed the significant potential to
reduce the network traffic and thus alleviate spectrum shortage
[7], [8]. Different from conventional communications, semantic
information needs to be extracted from raw data before transmit-
ted in semantic-aware networks. The development of semantic
information discipline provides a foundation for semantic com-
munications [9], [10]. Nowadays, the realization of semantic
communications has been demonstrated under different types
of transmitted contents such as text [11], image [12], speech
[13] transmissions, etc. These works studied the feasibility of
semantic communications under different scenarios from the
viewpoint of technical levels. However, the problem of how to
implement resource management in a semantic communication
system also needs to be investigated so as to explore the poten-
tial of practical semantic communication networks. Moreover,
when the network loads are heavy, communication loads can
be converted to computation amounts with the help of semantic
aware technology in MEC systems. Thus a tradeoff between
communications and computations can be achieved, improving
the quality of service (QoS) of terminal devices.

Motivated by above observations, we attempt to investigate a
novel resource management framework, which flexibly orches-
trates communication and computation resources for semantic-
aware MEC systems. The main contributions of this paper are
summarized as follows:

• We propose a semantic-aware MEC system to achieve low
execution latency. In the considered system, each terminal
device (TD) has a computation task to be executed through
offloading to the MEC server. To further decrease the trans-
mission burden, each TD sends the small-size extracted
semantic information of tasks to the server instead of the
large-size raw data. With the help of semantic extraction,
the amount of data uploading to the MEC server is reduced,
and thus lower transmission delay is achieved.

• To coordinate the operations on TDs and MEC server for
minimizing the maximum execution delay of all users, the
problem of joint communication and computation resource
management is studied. In particular, this problem is con-
structed as an optimization framework aiming to acquire



Fig. 1: Flow chart of the semantic-aware MEC networks.

the optimal local computing rate and transmit power,
remote computing capacity, and semantic extraction fac-
tors while satisfying the energy consumption constraints.
Besides, this optimization framework can be applied to
general semantic tasks.

• Since the variables are highly coupled with each other,
the formulated problem is non-convex which makes it
intractable. To this end, a geometric programming based
resource management algorithm is proposed to transform
the original problem into a convex one and the optimal
solution is obtained by the alternating optimization al-
gorithm. Simulation results verify the outstanding perfor-
mance of the proposed algorithm in terms of execution
delay. Compared with the benchmark algorithm without
semantic-aware, the proposed algorithm can reduce up to
37.10% delay reduction.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Consider a semantic-aware MEC network which consists of
a set N of N TDs and a MEC server attached to a base
station (BS). Suppose that TD n has a task with An bits to
be executed. All the TDs wirelessly access the MEC server for
task offloading. Assume that the MEC server is equipped with
N core CPUs such that offloaded tasks from different TDs can
be executed in parallel.

To further decrease the transmission burden, each TD
equipped with a semantic processing unit sends the extracted
semantic information of tasks to the server instead of the raw
data. With the help of semantic extraction, the amount of data
uploading to the MEC server is reduced, thus releasing the
traffic loads. Meanwhile, additional workloads for semantic
extraction are brought to each TD and the computation intensity
of tasks gets large for the MEC server in order to process
semantic information, as demonstrated in Fig. 1. Compute-
then-transmit protocol is adopted. Specifically, TDs extract and
transmit the semantic information of raw data to the server. For
examples in Fig. 2, we can utilize the picture cutout method for
image transmission, where a pre-trained deep neural network
is utilized to cut out the part of important character while
discarding the irrelevant background [14]. For text transmission,
we can discard meaningless words and use abbreviations to
replace the raw text without losing valid information by con-
structing knowledge graphs [15]. In the considered scenario,
only simple background knowledge is required to implement
semantic extraction. Hence, the pre-trained model is lightweight
and universal. Compared with task processing, the computation
resource required for semantic extraction is much less [16].

Fig. 2: The schematic diagram of semantic extraction and two
examples.

(a) Accuracy versus extraction factor. (b) Additional computation
overhead versus extraction
factor.

Fig. 3: Performance demonstration of semantic aware model.

Denote βn ∈ [βmin
n , 1] as the extracting factor of the raw data

to be uploaded by TD n, where βmin
n is the minimum extracting

factor to maintain the most important information from TD
n. As shown in Fig. 3(a) [11], [12], [14], the task accuracy
of the computed results decreases when the extraction factor
becomes small. In order to guarantee the predefined accuracy,
βn should not be smaller than βmin

n . Therefore, the amount of
semantics to be uploaded for TD n is equivalent to Anβn and
the transmission delay is given by

TT
n =

Anβn

Rn
, ∀n ∈ N , (1)

where Rn denotes the achievable rate for TD n. Orthogonal
frequency division multiple access (OFDMA) is adopted. Total
bandwidth is divided into N sub-channels each with a band-
width of B (Hz) for each TD. Denote the channel gain between
TD n and MEC server by hn, which keeps stable during the
task offloading period. Therefore, Rn is given as

Rn = B log2

(
1 +

hnp
T
n

σ2

)
, ∀n ∈ N . (2)

where σ2 denotes the additive noise power at the MEC server
and pTn represents the transmit power of TD n.

As shown in Fig. 1, at the transmitter, semantic extraction
brings additional workloads. Meanwhile, at the receiver, addi-
tional computation overhead is required to process the semantic
data rather than raw data. This indicates that communication
loads are converted to computation amounts through seman-
tic transmission. Denote Cn as the workloads for semantic
extraction in CPU cycles. Note that Cn should increase with



the amount of extracted raw data An, while decreases with
extraction factor βn. Without loss of generality, we assume that1

Cn =
aAn

βk
n

, ∀n ∈ N , (3)

where a > 0, k > 0 are constants relevant to the tasks.
Therefore, the additional delay caused by semantic extraction
in the local is expressed as

TL
n =

Cn

fL
n

=
aAn

βk
nf

L
n

, ∀n ∈ N , (4)

where fL
n represents the local CPU frequency of TD n. There-

fore, the local computing power consumption is given as

pCn = κn(f
L
n )

3, ∀n ∈ N , (5)

where κn denotes the energy coefficient of TD n.
Denote In as the computation intensity of TD n in units of

CPU cycles per raw data bit. Since only extracted semantic
data of the raw data can be received by the MEC server,
the computation intensity of the extracted semantic increases
accordingly. As shown in Fig. 3(b), Gn ∈ [1,+∞], which
denotes the ratio of computation intensity of semantic data to
that of raw data about TD n, increases monotonously with
extraction factor βn getting small. The increase is caused by
computations for processing semantic data and compensations
for enhancing accuracy. Besides, we should have Gn = 1 for
the case that raw data are processed, i.e., βn = 1. Without loss
of generality, we assume that

Gn =
1

βp
n
, ∀n ∈ N , (6)

where p > 0 is a constant relevant to specific task computation.
Thus the remote semantic recovery and tasks execution delay
can be given by

TO
n =

AnβnInGn

fO
n

, ∀n ∈ N , (7)

where fO
n denotes the computation resource of MEC server

allocated to the TD n. Note that the precise formulation
parameters of Cn and Gn can be obtained by fitting the
corresponding data points of abundant prior experiments. We
will show that the proposed framework is well applicable to the
general formulations of Cn and Gn in the simulations.

B. Problem Formulation

Due to the high transmit power of the BS, it is assumed
that the downlink transmission time is negligible. In this case,
the total delay for TD n, which contains delay for semantic
extraction, transmission delay, and remote processing delay, is
given as

Tn = TL
n + TT

n + TO
n , ∀n ∈ N . (8)

1Note that the additional workload formulation for semantic extraction is
provided in (3) as an example, which can be verified via simulations. Our
method can also be applied to different types of workload formulation.

Let ΦΦΦ = {fffL, pppU , fffO,βββ}, where fffL = [fL
1 , · · · , fL

N ]T

and fffO = [fO
1 , · · · , fO

N ]T respectively denote local and re-
mote computation capacity vectors, pppT = [pT1 , · · · , pTN ]T is
the transmission power vector, βββ = [β1, · · · , βN ]T denotes
extraction factor vector of all TDs. We aim at minimizing the
maximum delay of all TDs under the energy consumption of
each TD which consists of semantic extraction and transmission
energy consumption. Mathematically, the optimization problem
is posed as

min
ΦΦΦ

max
n∈N

Tn, (9a)

s.t. pCn T
L
n + pTnT

T
n ≤ En, ∀n ∈ N , (9b)

0 ≤ fL
n ≤ fmax

n , ∀n ∈ N , (9c)
N∑

n=1

fO
n ≤ FMEC , (9d)

0 ≤ pTn ≤ pmax
n , ∀n ∈ N , (9e)

βmin
n ≤ βn ≤ 1, ∀n ∈ N , (9f)

where fmax
n and pmax

n respectively denote the maximum local
computation capacity and maximum transmission power of
TD n, FMEC is the maximum computation capacity of MEC
server, and En represents the maximum energy consumption of
TD n. In problem (9), constraint (9b) reflects that the energy
consumption of TD n should not be larger than its predefined
energy consumption threshold. Constraints (9c) and (9e) enforce
the local computation capacity and transmission power to be
non-negative and should not exceed the predefined budget.
The remote computation capacity allocation is constrained in
(9d); and constraint (9f) specifies the semantic extraction factor
limitations. Different from previous works [3]–[5], [17], [18],
semantic extraction factor βn is considered in problem (9).

III. OPTIMAL ALGORITHM DESIGN

A. Problem Transformation
The objective function (9a) is in a max-min form, which is

complicated. To handle this issue, we introduce an auxiliary
variable t. Hence, problem (9) is transformed into the following
equivalent problem:

min
ΦΦΦ,t

t, (10a)

s.t. TL
n + TT

n + TO
n ≤ t, ∀n ∈ N , (10b)

(9b) − (9f).

Due to the intractability complex term pTnT
T
n in constraint (9b),

we introduce tTn as the transmission delay for TD n and tttT =
[tT1 , · · · , tTN ]T as the transmission delay vector. Thus, problem
(10) is reformulated as

min
ΦΦΦ,tttT ,t

t, (11a)

s.t.
aAn

βk
nf

L
n

+ tTn +
AnβnIn
fO
n βp

n
≤ t, ∀n ∈ N , (11b)

pCn T
L
n + pTn t

T
n ≤ En, ∀n ∈ N , (11c)

tTnRn ≥ βnAn, ∀n ∈ N , (11d)
(9c) − (9f),



where constraint (11d) implies that all the extracted semantic
information should be uploaded to the MEC server. Since
constraint (11d) is non-convex, we introduce eTn = pTn t

T
n as the

transmission energy consumption variable for TD n. Therefore,
(11d) is transformed into

tTnB log2(1 +
hne

T
n

tTnσ
2
) ≥ βnAn, ∀n ∈ N . (12)

Since function f(eTn ) = B log2(1 +
hne

T
n

σ2 ) is concave with
respect to eTn , its perspective tTnf(e

T
n/t

T
n ) is also concave with

(eTn , t
T
n ). Therefore, constraint (12) is a convex set. Moreover,

due to the coupleness among βn, fL
n , and fO

n , the geometric pro-
gramming (GP) algorithm can be utilized to handle this issue.
In specific, denote βn = eβ̃n , fL

n = ef̃
L
n , fO

n = ef̃
O
n , (∀n ∈ N ).

Problem (11) is transformed into the following problem

min
f̃̃f̃fL,eeeT ,tttT ,f̃̃f̃fO,β̃̃β̃β,t

t, (13a)

s.t. aAne
−kβ̃n−f̃L

n + tTn +AnIne
(1−p)β̃n−f̃O

n ≤ t, ∀n ∈ N ,
(13b)

aAnκne
2f̃L

n −kβ̃n + eTn ≤ En, ∀n ∈ N , (13c)

tTnB log2(1 +
hne

T
n

tTnσ
2
) ≥ eβ̃nAn, ∀n ∈ N , (13d)

f̃L
n ≤ ln(fmax

n ), ∀n ∈ N , (13e)
N∑

n=1

ef̃
O
n ≤ FMEC , (13f)

0 ≤ eTn ≤ pmax
n tTn , ∀n ∈ N , (13g)

ln(βmin
n ) ≤ β̃n ≤ 0, ∀n ∈ N , (13h)

which is convex.

Theorem 1. For problem (13), we have the following proper-
ties:

a) Problem (13) is equivalent to problem (9).
b) For the optimal solution of problem (13), the equality in

(13b) holds for ∀n ∈ N .
c) The equality in (13e) holds for the optimal solution of

problem (13).

Proof. a) can be obtained according to the transformation
procedures from (10) to (13). b) and c) can be derived by contra-
diction. Detailed proof is omitted due to space limitations.

B. Optimal Algorithm

To further decrease the complexity of solving problem (13)
with utilizing the interior-point method, an alternating opti-
mization algorithm is proposed. In the proposed alternating
algorithm, three subproblems requires to be solved, i.e., local
and remote computation rate optimization, transmission delay
and energy consumption optimization, as well as semantic
extraction factor optimization.

1) Optimal Local and Remote Computation Rate: According
to (13b), the optimal t decreases with f̃L

n . Since the left hand
side (LHS) of (13c) increases with f̃L

n , the optimal f̃L
n should

Algorithm 1 Optimal Local and Remote Computing Capacity
Algorithm

1: Initialize: tmax and tmin respectively in (16) and (17), bisection
accuracy ϵ1.

2: Calculate the optimal local computation rate fL
n according to (14).

3: Repeat:
4: Set t← tmax+tmin

2
;

5: For n = 1 : N :
6: Calculate fO

n according to (15).
7: If

∑N
n=1 f

O
n (t)− FMEC < 0:

8: tmax ← t;
9: Else:

10: tmin ← t.
11: End
12: Until: tmax − tmin ≤ ϵ1.
13: Output: optimal fL

n and fO
n .

satisfy either (13c) or (13e). Due to that fL
n = ef̃

L
n , βn = eβ̃n

and setting (13c) with equality, the optimal fL
n is given by

fL
n = min

fmax
n ,

√
βk
n (En − eTn )

aAnκn

 , ∀n ∈ N . (14)

According to Theorem 1, setting (13b) with equality yields

fO
n =

AnInβ
1−p
n

t− aAn

βk
nf

L
n
− tTn

. (15)

Therefore, the bisection method can be adopted to find the
optimal t and fO

n . The upper bound and lower bound of t can
be respectively provided as

tmax = max
n∈N

aAn

βk
nf

L
n

+ tTn +
AnInβ

1−p
n N

FMEC
, (16)

tmin = max
n∈N

aAn

βk
nf

L
n

+ tTn +
AnInβ

1−p
n

FMEC
. (17)

The detailed steps are summarized in Algorithm 1.
2) Optimal Transmission Delay and Energy Consumption:

With fixed f̃̃f̃fL, f̃̃f̃fO, and β̃̃β̃β, problem (13) is reduced to the
following N parallel subproblems:

min
eTn ,tTn

tTn , (18a)

s.t. eTn ≤ En − aAnκn(f
L
n )

2/βk
n, (18b)

tTnB log2(1 +
hne

T
n

tTnσ
2
) ≥ βnAn, (18c)

0 ≤ eTn ≤ pmax
n tTn . (18d)

Similarly, bisection method can be used to solve problem (18).
Specifically, given tTn , eTn should satisfy the following condition
according to (18b) and (18d):

0 ≤ eTn ≤ νn, (19)

where νn = min
{
En − aAnκn(f

L
n )

2/βk
n, p

max
n tTn

}
. If

tTnB log2(1 + hnνn

tTnσ2 ) ≥ βnAn, problem (18) is feasible; oth-
erwise, it is infeasible. The detailed procedures are summarized
in Algorithm 2.



Algorithm 2 Optimal Transmission Delay and Energy Con-
sumption Algorithm
1: Initialize: ub←sufficiently large, lb←0, bisection accuracy ϵ2.
2: For n = 1 : N :
3: Repeat:
4: Set tTn ← ub+lb

2
;

5: If tTnB log2(1 +
hnνn
tTnσ2 ) ≥ βnAn:

6: ub← tTn ;
7: Else:
8: lb← tTn .
9: End

10: Until: ub− lb ≤ ϵ2.
11: End
12: Output: the optimal tTn and eTn .

3) Optimal Semantic Extraction Factor: With fixed
f̃̃f̃fL, tttT , eeeT , f̃̃f̃fO, problem (13) is reduced to

min
βββ,t

t, (20a)

s.t.
aAn

fL
n β

k
n

+ tTn +
AnInβ

1−p
n

fO
n

≤ t, ∀n ∈ N , (20b)

aAnκn(f
L
n )

2

βk
n

+ eTn ≤ En, ∀n ∈ N , (20c)

βnAn ≤ tTnB log2

(
1 +

hne
T
n

tTnσ
2

)
, ∀n ∈ N , (20d)

βmin
n ≤ βn ≤ 1, ∀n ∈ N . (20e)

Problem (20) can be further equivalent to

min
βn

aAn

fL
n β

k
n

+ tTn +
AnInβ

1−p
n

fO
n

, (21a)

s.t. η1 ≤ βn ≤ η2, (21b)

where η1 = max
{
βmin
n , k

√
aAnκn(fL

n )2

En−eTn

}
and η2 =

min
{
1,

tTn
An

B log2

(
1 +

hne
T
n

tTnσ2

)}
. We consider the following

two cases for parameter p.
Case 1: p ≥ 1. In this case, (21a) decreases with βn.

Therefore, the optimal βn = η2.
Case 2: 0 < p < 1. Since (21a) is convex with re-

spect to βn and the stationary point can be derived by µ =
k+1−p

√
akfO

n

fL
n In(1−p)

. Therefore, the closed-form optimal solution
is given as

βn =


η1, if µ ≤ η1,

µ, if η1 < µ ≤ η2,

η2, if η2 < µ.

(22)

Remark: According to (22), semantic extraction factor βn

decreases with task size An since the data amount to be
uploaded can be greatly reduced with a small βn. Moreover,
bad channel conditions results in a small βn as a small βn

can alleviate the negative impacts incurred by bad channel
conditions. Furthermore, according to (19), energy consumption
decreases with βn decreasing. This is due to the fact that
transmit power is reduced with the aid of semantic transmission.

Algorithm 3 Overall Semantic-Aware MEC Resource Alloca-
tion Algorithm

1: Initialize: N , An, κn, fmax
n , pmax

n , βmin
n , FMEC , En.

2: Repeat:
3: With given transmission delay, energy consumption and se-

mantic extraction, obtain local and remote computation rate ac-
cording to Algorithm 1.

4: With given local, remote computation rate, and semantic
extraction, obtain transmission delay and energy consumption
according to Algorithm 2.

5: Update semantic extraction factors through solving problem
(21).

6: Until: the objective value (13a) converges.
7: Output: the optimal fffL, eeeT , tttT , fffO , βββ, and t.

TABLE I: Simulation parameters

σ2 = −174 dBm/Hz B = 1 MHz In = 70 cycles/bit
κn = 10−26 An = 3 Mbits fmax

n = 1 GHz
pmax
n = 1 Watts βmin

n = 0.6 FMEC = 13 GHz
a = 10−5 k = 4 p = 3

En = 0.5 Watts ϵ1 = 10−7 ϵ2 = 10−7

IV. SIMULATION RESULTS

In this section, numerical results are conducted to evaluate the
performance of the proposed framework. There are N = 10 TDs
with each equipped with a semantic extracting processing unit
to implement semantic-aware edge computing. The distances
between TDs and BS are evenly set in [120, 255] meters. The
channel model follows in [20]. The other parameters are set as
in Table I unless otherwise mentioned.

Fig. 4 illustrates the total delay performances versus the pre-
defined energy threshold. The following benchmark algorithms
are provided to compare with the proposed semantic-aware
MEC framework: 1) MEC without semantic, i.e., βn(t) = 1 for
all TDs. This algorithm corresponds to the conventional MEC
scenario that TDs directly upload raw data to the MEC server
[4]. 2) Local Execution Algorithm, where the tasks are executed
locally under the energy and power constraints. As can be seen
in Fig. 4, maximum delay of all users decreases with energy
thresholds. Moreover, the proposed framework significantly
outperforms benchmark algorithms under different tasks sizes.
On average, the proposed framework yields up to 37.10% and
69.35% delay reduction compared with MEC without semantic
algorithm and local execution algorithm, respectively. This is
due to the fact that semantic-aware MEC can extract key data,
thus efficiently reducing transmission delay while maintaining
accuracy.

To test the framework in applications to various semantic-
aware scenarios, in Fig. 5, we plot the performance compar-
isons between different workload expressions Cn and additional
computation overhead expressions Gn under various minimum
extraction factors. Note that the case when βmin

n = 1 is
equivalent to the traditional MEC without semantic-aware. As
can be seen, as the minimum extraction factor decreases from
1.0 to 0.5, the total delay becomes small. This can be explained
by that a smaller extraction factor significantly reduces the
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Fig. 4: Performance comparisons between different algorithms
under different energy thresholds and tasks sizes.
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Fig. 5: Performance comparisons between different Cn and Gn

expressions under different minimum extraction factors.

amount of data to be uploaded, thus the transmit delay is
reduced. Furthermore, the performance of the proposed algo-
rithm is similar even under different workload expressions. This
shows its ability to apply to different semantic-aware scenarios.
Besides, larger a and k can result in a larger delay. This is
because as a and k become large, more workloads for semantic
extraction shall be finished at TDs according to (3), which incurs
a larger processing delay. Similarly, a larger p leads to a higher
delay in Fig. 5. This is due to the fact that Gn becomes larger
when p gets bigger, which indicates that processing a bit of
semantic data requires more CPU cycles at the MEC server.
Thus a higher execution delay is needed for semantic recovery.

V. CONCLUSIONS

In this paper, we have proposed a joint communication and
computation resource allocation framework for MEC systems
with the aid of prevalent semantic transmission technology. An
optimization problem has been formulated to optimize semantic
extraction factors, communication and computation resources to
minimize the maximum delay of all TDs by taking into account
energy consumption constraints. The original non-convex prob-
lem is transformed into a convex one based on GP, which can be
efficiently solved through the proposed alternating optimization
algorithm. Simulation results demonstrate the superiority of the
proposed framework over the benchmark schemes with respect

to delay. Besides, the maximum delay of all users is significantly
reduced as the semantic extraction factor gets small.
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