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Abstract—Integrated sensing, communication, and computa-
tion (ISCC) is a key enabling technology for 6G networks and can
significantly enhance the overall performance of edge intelligent
systems through the joint optimization of data acquisition,
transmission, and computation processes. This paper investigates
an unmanned aerial vehicle (UAV) assisted ISCC edge inference
system that enables adaptive inference via an early-exit mech-
anism. To establish a quantitative relationship between system
resource allocation and inference accuracy, discrimination gain is
introduced as a performance metric, and the relationship among
discrimination gain, early-exit point selection, and inference
accuracy is derived based on Bayesian decision theory. On this
basis, an optimization problem is formulated to minimize the
total system energy consumption while maximizing the number
of completed inference tasks. The problem jointly optimizes
sensing power, communication power, UAV hovering location,
and early-exit point selection strategy. To solve this mixed-integer
nonlinear programming problem (MINLP), an efficient algorithm
based on an alternating optimization framework is proposed.
Simulation results demonstrate that, compared with benchmark
schemes, the proposed algorithm significantly reduces system
energy consumption while ensuring the task completion rate,
which verifies the effectiveness of the proposed scheme.

Index Terms—Integrated sensing, communication, and com-
putation, edge inference, early-exit, unmanned aerial vehicle,
resource allocation.

I. INTRODUCTION

With the ongoing research on the sixth-generation mobile
communication system (6G), integrated sensing and communi-
cation (ISAC) has become one of the key research directions.
This technology enables the cooperative implementation of
communication and sensing functions on the same hardware
platform, thereby significantly improving the utilization effi-
ciency of spectrum and hardware resources [1], [2]. Mean-
while, the explosive growth of Internet of Things devices
has led to a large number of intelligent applications that are
sensitive to computational resources. Traditional mobile termi-
nals, constrained by limited computing capability and battery
capacity, struggle to support complex artificial intelligence
models [3]. Although cloud computing provides powerful
centralized computing resources, the latency introduced by

long-distance data transmission often fails to satisfy real-time
requirements. Mobile edge computing (MEC) deploys servers
at the network edge to process computational tasks locally,
which effectively reduces transmission latency and provides
a feasible solution for low-latency intelligent applications
[4]. ISAC and MEC are typically studied from the sensing-
communication and communication-computation perspectives,
respectively. At the same time, the low-altitude economy is
emerging as a new growth area. Unmanned aerial vehicles
(UAVs), owing to their high mobility and rapid deployment
capability, can serve as aerial mobile intelligent platforms
that provide flexible communication and computing services
for remote areas or emergency scenarios, thereby acting as
an important complement to ground-based fixed infrastructure
[5].

For future 6G networks, the intelligent inference capability
of terminal devices is of critical importance. To achieve high-
performance inference, it is necessary to jointly optimize the
entire process of sensing, communication, and computation
from a system-level perspective [6]. Consequently, the inte-
gration of ISAC and MEC to enable integrated sensing, com-
munication, and computation (ISCC) has become a promising
research paradigm [7], [8]. However, conventional inference
performance metrics, such as accuracy, are difficult to ana-
Iytically connect with system resource allocation. To address
this challenge, discrimination gain is introduced as a tractable
metric to characterize inference performance by measuring
class separability in the feature space. By establishing the
relationship between system resources and discrimination gain,
theoretical guidance for ISCC resource optimization can be
obtained [9].

In addition, early-exit techniques in deep neural networks
provide an effective mechanism to reduce inference latency
and energy consumption by allowing adaptive termination
of inference at different network depths according to task
requirements [10]-[12]. This flexibility makes early-exit in-
ference particularly suitable for resource-constrained edge
environments.
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Despite recent advances, most existing task-oriented ISCC
designs primarily focus on data-level optimization, while
the joint consideration of model structure, such as early-
exit mechanisms, remains largely unexplored [9], [13]. To
fill this gap, this paper proposes a UAV-assisted ISCC edge
inference framework with an early-exit mechanism, which
jointly optimizes system resources from both data and model
structure perspectives. The main contributions of this paper
are summarized as follows.

o An integrated system model covering the entire process
of sensing data acquisition, wireless transmission, and
edge inference is established, which incorporates sensing
models, communication models, and an inference model
based on the early-exit mechanism. Based on Bayesian
decision theory, the relationships among discrimination
gain, early-exit point selection, and inference accuracy
are derived, thereby providing a theoretical foundation
for system optimization.

o For multi-task scenarios, with the dual objectives of mini-
mizing total system energy consumption and maximizing
the number of completed tasks, a mixed-integer nonlinear
programming problem (MINLP) is formulated by jointly
optimizing sensing power, communication power, UAV
hovering locations, and early-exit point selection strate-
gies. To handle the non-convexity and complexity of the
problem, an efficient algorithm based on an alternating
optimization framework is proposed. By combining of-
fline calibration and online optimization, near-optimal re-
source configurations are achieved. Extensive simulation
results validate the superiority of the proposed scheme in
terms of task completion rate, energy consumption, and
latency.

The remainder of this paper is organized as follows. Section
II introduces the system model and presents the derivation of
the accuracy model. Section III formulates the optimization
problem and presents the proposed optimization framework.
Section IV provides simulation results and performance anal-
ysis. Section V concludes the paper and discusses future
research directions.

II. SYSTEM MODEL
A. System Architecture

Consider an edge inference system consisting of an UAV
equipped with an edge server and IV edge devices, where the
device set is denoted by NV = 1,..., N. Each edge device
is capable of integrated sensing and communication. A deep
neural network with multiple exit points is jointly deployed on
the edge devices and the UAV. The first ¢, layers of the model
are always executed on the device side for unified front-end
feature extraction, while the remaining layers can be executed
either locally on the device or remotely on the UAV according
to task requirements. When the accuracy requirement of an
inference task is low, the model may exit at a shallow layer
to reduce computational and energy consumption. The system
framework is illustrated in Fig. 1.
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Fig. 1. System framework of the proposed UAV-assisted ISCC edge inference
network.

The system operates as follows. After an edge device gener-
ates an inference task, the UAYV, acting as a central controller,
determines the sensing power, communication power, and
inference exit point based on the task-specific latency and
accuracy requirements. The edge device then performs sensing
and front-end feature extraction according to the scheduling
decision, and subsequently either completes the inference
locally or uploads the extracted intermediate features to the
UAV to finish the remaining inference process.

B. Task Model

Let the set of inference tasks be denoted by M =1,... M.
The subset of tasks generated by device n € N is denoted by
M,,, where M,, € M, [ J)_, M, = M, and M, N M, =0
for x # y. Each task m € M,, is associated with a latency
requirement 7774 and an accuracy requirement A7

For task m, the UAV selects an exit point e, € K, where
K =1,...,K denotes the set of available exit points. When
em = 1, the edge device executes all layers of the model after
completing the first i layers. When e,,, > 2, joint inference is
performed, where the edge device executes the first i, layers
and transmits the extracted intermediate features to the UAV,
which then executes the remaining layers up to exit point e,.

The task completion indicator is defined as

s [ i T ST and A, > A,

0, otherwise.

(D

where T;, and A,, denote the actual latency and inference
accuracy of task m, respectively.

C. Sensing Model

Each edge device transmits a frequency-modulated
continuous-wave signal for target sensing. Each sensing time
slot consists of D chirps, and the duration of each chirp is
Toy. Accordingly, the sensing duration of task m is given by
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T° = DTy. The transmitted signal of device n is expressed

as
— dT
v/ P, Z rect ( 0 )
d= 2)
B, 9
x cos| 2w fo(t — dTp) + WT(t —dTy)” |,
0

where PJ denotes the sensing power, f. is the carrier

frequency, and B, is the sensing bandwidth. The energy
consumption required for the sensing process is denoted by
E;, = P; Ty . The rectangular window function is defined as

(t—dTo) 1, dlz<t< (d+ 1)T0,
rect =

T 0,

After mixing the transmitted signal with the normalized re-

ceived signal and filtering out the high-frequency components,
the intermediate-frequency signal is obtained as
Us,n (t)
V.
where e, (t) denotes the target signal, u,(¢) represents clut-
ter following N (0 ( ,02.,)» and v, ,(t) denotes sensing noise
following (0, 02). With a sampling rate f; and Q = f;Ty
samples per chirp, the sampled signal is transformed into a
range-Doppler map R,, € C?*P via fast Fourier transform
along the range and Doppler dimensions.

The target is assumed to belong to one of L classes,
following a Gaussian mixture distribution f(é,) =
1S N, 02).

After sampling the noisy received signal, the resulting
observation 7, follows

3)

otherwise.

Tn(t) = en(t) + un(t) + “4)

2

L
_ 1 fops
f(n) = 7 E N (,ul’n,az + J?Mu + Ps ) . (5)
=1 m

D. Computation Model

During inference, different network layers incur different
computational loads. The layer type of the i-th layer is denoted
by 7(i) € CV,MP,FC, corresponding to convolution, max-
pooling, and fully connected layers, respectively [14]. The
number of floating-point operations required by layer ¢ is given
by

(21(i = D)2 = Da@Bi)y(), (i) = CV,
AGD) = § a(@)BG)y ()b (i)? r(i) = MP,
(2n(i") — 1)n(7), m(i) = FC,(6)

where «(i), 8(i), v(¢), and (i) denote the height, width,
number of channels, and kernel size of the output feature
map, respectively. For a fully connected layer, n(:) denotes the
number of neurons. The computational capacities of the edge
device and the UAV are denoted by c. and cg, respectively.
TomP and ECo™P denote the computation time and energy
consumption of task m, respectively. Given the exit point e,
the total number of layers that need to be executed in the

inference network is denoted by I. . When e,,, = 1, all layers

are executed on the edge device, yielding

I

A(d)
Tcomp —
W= ()
=1
I
B™ = 51 > A(i)e2. ®)

When e,,, > 2, the edge device executes the first ¢, layers, and

the UAV executes the remaining layers up to I, resulting in

m?

o . Tep,
TeomP — i: + Z 9)
= Ce i=ie+1
ECOmP — i, ZA 2+ Ky Z (i (10)
1=1e+1

where k1 and ko denote computation energy coefficients.

E. Communication Model

When e, > 2, the edge device is required to transmit the
intermediate feature vector z,, with a size of 1, bits, to the
UAV. The location of the edge device is denoted by q., and the
UAV hovers at location q,. The Euclidean distance between
the edge device and the UAV is given by ||q,—qe|- Let g, (qu)
denote the channel power gain between the edge device and
the UAV, which is modeled as g,,(q,) = Hqﬁ#HQ, where [
represents the channel power gain at the reference distance of
1m.

The achievable communication rate between the edge device
and the UAV is given by

(1)

PC n u
Rm = Bmlog2 <1+ 'm‘g(q))’

2
Oc

where B,,, denotes the allocated bandwidth, P, is the trans-
mission power, and o2 is the noise power.

Accordingly, the transmission latency and communication
energy consumption for task m are expressed as T\, =
Yo BS = PTS,.

F. Classification Accuracy Analysis and Early-Exit Modeling

1) Feature Distribution and Discrimination Gain Modeling:
The fixed front-end network consisting of the first i, layers
maps the sensed data to an intermediate feature vector denoted
by z, = ®(7,). For task m, the class-conditional distribution
of the extracted feature is given by

&lLZNMWWM% (12)

2
where ¥, = 02 + on v+ P” , and n? characterizes the
compression effect of the front-end network on the input data
distribution.
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When the intermediate feature is transmitted over the wire-
less channel, the equivalent noise variance increases to

0.2

_— (13)
PS5, gn(qu)

Accordingly, the minimum discrimination gain between
class [ and class !’ for task m is defined as

2 2
Ototal,m = 1 Yo +

. ||l’l'l,n - l"’l’,n”2
m-——s—.

DGmin,m = 1AL

5 (14)
gtotal,m
According to Bayesian decision theory, under a two-class
Gaussian model with equal prior probabilities [15], the error
probability for class pair (I,1) is given by
/ /DGy
pl) — Q < b > , (15)

e

2

2
where Q(z) = \/%f;o e~z dt. Since DGy > DGrinm
for all | # I/, we have P < @ @
For an L-class classification problem with equal prior

probabilities, the overall error probability P, = Pr(Y # Y)
satisfies the following inequality (by the union bound):

L

1 ’ V DGmin m

P.< 5 PO < (L-1)Q <2> . (16)
1=1,1'#1
Therefore, a lower bound on the classification accuracy is
given by
\ DGmin

Ap > |1 = (L - 1)Q<2’mﬂ ,an

(1/L)+

where [](1/1)+ = max{-,1/L} prevents the bound from
falling below the random-guessing probability 1/L.

2) Early-Exit Modeling and Accuracy Approximation: Let
ok denote the benchmark accuracy of the k-th exit point under
ideal conditions. To jointly capture model capability and data
quality, the inference accuracy of task m is approximated as

1 1

Am ~ = e - T my 1

7 (glm L> p (13)
where
\ DGmin.m,
[1—(L—1)Q(2)] -1
L

Pm = 1— 1 Ak € [07 1]

- (19)

is a normalized quality factor satisfying p,,, — 0 when data is
indiscriminable and p,,, — 1 under ideal conditions, ensuring
Apm € [1/L, ge,,]-

The total energy consumption of the UAV consists of the
hovering energy and the computation energy incurred at the
UAV side. Specifically, it is expressed as

Euav = Phoverﬂ)over + §

miem>2

[Ecomp
m,u

(20)

where Pjover denotes the hovering power, Tiover 1S the max-
imum task latency within the current scheduling period, and
B represents the computation energy consumption of task

m at the UAV.

ITI. PROBLEM FORMULATION AND PROPOSED
OPTIMIZATION FRAMEWORK

A. Problem Formulation

Given the task set M, and subject to the latency requirement
T7°9 and accuracy requirement A’°? of each task, we jointly
optimize the sensing power P;, communication power Py,
exit point selection e,,, and UAV hovering location q, to
maximize the number of completed tasks while minimizing
the total energy consumption. The optimization problem is
formulated as

Z (0, — WEp,)

meM

max
{P’r§17 Pﬁl,em,qu}

st. 0< P’ < PP V¥me M,
0< P, < PP ¥me M, (21)
em € {1,2,...,K}, VYmeM,
qu € 9,
Euav < By’

where € > 0 and w > 0 are weighting factors that balance
the importance of task completion and energy consump-
tion, respectively. Q denotes the feasible hovering region of
the UAV, which is constrained by flight altitude limits and
operational area requirements. P"** and P'®* denote the
maximum allowable sensing power and communication power,
respectively, and E3% represents the total energy budget of

the UAV.

B. Optimization Framework

The formulated problem is a MINLP problem involving
both discrete and continuous decision variables. For a given
UAV hovering location q,, and a selected exit point k£ € K,
the sensing energy consumption E, = P, T monotonically
increases with the sensing power P, while the task accuracy
A, monotonically increases with P?,. Therefore, within the
feasible region satisfying the accuracy constraint A,, > A9,
the optimal sensing power that minimizes the energy con-
sumption is the minimum power that satisfies the accuracy
constraint. Consequently, the accuracy constraint is tight at the
optimal point. Similarly, since the communication delay T,
monotonically decreases with the communication power Py,
the optimal communication power under the delay constraint
is the minimum power that satisfies the delay budget. Hence,
the delay constraint is tight at the optimal point. Based on
the above monotonicity properties and the resulting tight
constraints, the original problem can be efficiently solved
using a hierarchical alternating optimization framework, as
illustrated in Fig. 2.
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Fig. 2. Alternating optimization algorithm flowchart.

1) Inner Layer: Task Configuration and Selection for a
Given q,: Given a UAV location q, and the corresponding
channel gain g,(q,), we compute the minimum power pair
(P> Prry,) for each task m and exit point k € K satisfying
latency and accuracy constraints, subsequently evaluating the
associated costs and utility.

a) Closed-form Communication Power for k > 2: Let
T & T 4T and TR £ Trea—THx I THu! <0, the
exit point k 1s 1nfeasible Otherwise, the required transmission

rate is given by R % #d By inverting the Shannon ca-

pacity formula, the minimum communication power required
to satisfy the latency constraint is obtained as
2
o m,k
Pﬁ:k R - <2 Bm

~1), k>2.
In(Qu) )

If Pr, > P, the corresponding exit point is infeasible.
For k =1, we set P, = 0.

b) Sensing Power Minimization: Given k and P*,, the
inference accuracy is approximated by

m,k

R4

(22)

1 1
A (B, Py P du) = — — | Pm, 23
( pG) =7 F (ak L) P (23)
where p,,, is defined in (19) with
— w12
DGmm = rlgélln H)u’l n Ml n” . ) (24)
"2 (g2 2
g (Un + Rt Pt P ,an(qu))
As accuracy A,, and sensing energy ES = PST? both

monotonically increase with P7,
lies on the constraint boundary:

the optimal sensing power

Py = mm{Ps € [0, P™] ; A, (k,PS PC*k,qu) > A:,eﬁ} .
(25)
This is efficiently solved via bisection search over [0, PX].
Infeasibility is declared if no solution exists.

c) Cost and Utility Evaluation: For each feasible exit
point k, the total latency and energy consumption of task m are
computed as Ty, = T3, + T, Tfnor,?p, Ep k= Pyl T+
Per To o + EComlD The utility of task m under exit point k
is then defined as Unk = € = wEy, k, 0, = 1. If exit point
k is infeasible, we set Uy, , = —ooc.

d) Global Selection Under UAV Energy Constraint:
The total UAV energy comprises hovering and computation
components:

Euav (e) = PhoverThover(e) + Z Eycr?ilp7 (26)
miem, >2
where Thover(€) = maxy, T, . To decouple the max

operator given q,, we search over a hovering time threshold
T, restricting choices to T}, ;, < 7. Under the derived energy
budget >, .. o, B < ERY — PhoverT, We solve a
multiple-choice knapsack problem to maximize ) Uy e,
using a value-density based heuristic to efficiently obtain a
near-optimal solution.

2) Outer Layer: UAV Hovering Location Update: In itera-
tion ¢, fixing qgf_l), the inner layer yields the optimal sched-
ule. To update q,,, we minimize the smooth approximation of
the hovering time:

Z exp (P T, o (Qu))

m:eﬁ,?ZQ

~ 1
Thover(qu) = ;1Og2 27

The update is performed via gradient descent with projection
onto Q, ensuring monotonic utility improvement.

IV. SIMULATION RESULTS

The simulation employs a ResNet-18 inference model with
three exit points. The UAV service area is 1000 m x 1000 m,
with a flight altitude of 50 m. Devices are distributed in
clusters, with cluster centers located at (50, 50) and (150, 150)
meters. To validate the effectiveness of the proposed joint
optimization framework, the proposed method is evaluated
against three baseline schemes, as described below.

o No Early-Exit mechanism (NoEE): The intermediate
exit points of the DNN are disabled, and all tasks are
required to perform full inference at the final exit (Exit 3).

« Fixed UAV position (NoPos): The UAV is fixed at the
center of the service area, and only task scheduling is
optimized.

o Greedy scheduling strategy (Greedy): A greedy strat-
egy is adopted to address the coupling between hovering
time and task selection.

Fig. 3 illustrates the number of completed tasks versus
the UAV energy budget under different strategies. It can
be observed that the proposed scheme achieves the highest
number of completed tasks across all energy budget levels. In
contrast, the NoEE scheme performs poorly under low energy
budgets, since executing the complete inference model for
each task incurs high energy consumption, which significantly
limits the number of tasks that can be completed when energy
is constrained. As the energy budget increases, its performance
gradually approaches that of the proposed scheme. The NoPos
scheme suffers from suboptimal channel conditions between
the UAV and edge devices due to the lack of UAV position
optimization, which leads to increased transmission latency
and communication energy consumption. As a result, some
latency-sensitive tasks fail to meet their delay requirements.
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Fig. 3. Number of completed tasks versus the UAV energy budget.

—8— Proposed
NoEE

-4 Greedy

10000 1" - NoPos

8000 4 Wrohc A

Total Utility

o

=3

S

3
L

4000

T T T
40 60 80 100 120
Number of Tasks
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The Greedy scheme, which lacks a global view of resource al-
location, is more likely to converge to local optima, especially
under stringent energy constraints. Its performance becomes
comparable to that of the proposed scheme only when the
energy budget is sufficiently large.

Fig. 4 depicts the total system utility under different num-
bers of tasks. It is shown that the proposed scheme consistently
achieves the highest system utility as the task load increases.
Since the utility function jointly accounts for both task com-
pletion and energy consumption penalty, these results indicate
that the proposed scheme not only completes more tasks but
also provides superior energy efficiency on a per-task basis.

V. CONCLUSION

This paper establishes a UAV-assisted ISCC edge inference
framework based on an early-exit mechanism. An optimization
problem is formulated to minimize the total system energy
consumption while maximizing the number of completed
tasks through the joint optimization of device power, UAV
hovering location, and exit point selection. An alternating
optimization framework is developed to solve the resulting
problem. Simulation results demonstrate the superiority of the
proposed framework in terms of energy efficiency and task

completion performance, and show its capability to dynami-
cally adapt system strategies according to heterogeneous task
requirements. Future work will extend the proposed framework
to multi-UAV collaborative scenarios.
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