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Abstract—Integrated Sensing, Communication, and Comput-
ing (ISCC) has been recognized as a key enabler for realizing
the intelligent connectivity vision of 6G. Conventional pipelines
struggle to extract high-quality, task-relevant sensing features,
degrading the overall performance of the ISCC system. To
address this, we propose a UAV-assisted ISCC edge-inference
architecture with intelligent feature extraction. A denoising
autoencoder (DAE) is employed to achieve intelligent noise
suppression during the sensing stage, while a controlled latent-
space variational autoencoder (CL-VAE) with a scenario-specific
loss function is utilized to perform nonlinear feature extraction
and dimensionality reduction of high-dimensional sensing data,
thereby learning compact semantic representations. Based on this
intelligent sensing architecture, a tightly coupled joint modeling
framework among sensing, communication, and computing is
further established, and a system resource optimization problem
is formulated to maximize the overall discriminant gain. To tackle
the non-convexity of the formulated problem, a hierarchical opti-
mization framework is developed, where the outer layer handles
the fractional programming via quadratic transformation and
enumeration, and the inner layer solves subproblems through
second-order cone programming (SOCP) and a Karush-Kuhn-
Tucker (KKT)-based water-filling algorithm for fine-grained
resource allocation. Simulation results show that the proposed
scheme improves inference accuracy by 0.5% to 7.75% over
the strongest baseline across the tested bandwidth, energy, and
multi-device configurations, reaching up to 97.5% accuracy and
demonstrating its feasibility and effectiveness as a promising
design paradigm for future 6G systems.

Index Terms—Integrated sensing, communication, and com-
putation, artificial intelligence, edge inference, denoising autoen-
coder, variational autoencoder.
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TO realize the vision of Intelligent Network of Every-
thing, future 6G networks will impose higher demands

on transmission rates, connection numbers, and task latency
[1]. This requires larger bandwidth, more intelligent sensing
capabilities, and more efficient computing capabilities. How to
effectively utilize the limited spectrum resources and how to
achieve low-latency intelligent applications for massive edge
devices have become key research topics. In response, inte-
grated sensing and communication (ISAC) [2] and integrated
communication and computation (ICAC) technologies have
emerged, each focusing on different aspects. ISAC focuses
on the integration of sensing and communication functions
to enhance spectrum efficiency [3], reduce hardware costs,
and achieve efficient signal processing, while ICAC focuses
on task and resource scheduling based on network and com-
putational resources, maximizing resource utilization to meet
the real-time computational demands [4]. The primary en-
abling technologies in this domain are mobile edge computing
(MEC) [5] and over-the-air computation (AirComp) [6]. It
is evident that communication, sensing, and computing are
tightly interconnected. From a global perspective, intelligently
integrating these three capabilities, referred to as integrated
sensing, communication, and computation (ISCC), will enable
wireless networks to possess sensing capabilities anywhere and
anytime while efficiently processing large amounts of sensing
data, thus achieving seamless mapping from the physical world
to the digital world [7].

With the continuous development of technology, an in-
creasing number of intelligent devices are being deployed
at the network edge. However, the limited computational
power and resources of edge devices are insufficient to meet
the growing demands of intelligent tasks [8]. At the same
time, the coverage of future high-frequency communication
base stations is expected to shrink, making it increasingly
difficult to achieve ultra-high precision, reliability, and low-
latency sensing, transmission, and processing. In this context,
unmanned aerial vehicles (UAVs), with their unique mobility,
offer a promising solution. UAVs can provide flexible, on-
demand communication and computing capabilities and offer
complementary wide-area sensing perspectives for ground
devices. Additionally, UAVs can serve as efficient relay nodes,
connecting ground edge devices with remote base stations, and
help establish a seamless, highly integrated low-altitude edge
intelligence infrastructure. This makes UAVs a key enabler
for applications in areas such as smart cities and emergency
response, with great potential [9].
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Data quality control and task-relevant feature extraction are
crucial within the ISCC framework. On one hand, noise and
interference can significantly degrade the accuracy of down-
stream inference tasks. On the other hand, fixed or empirically
set compression ratios often fail to adapt to the semantic
granularity required for optimal task discriminability. This not
only consumes communication resources with redundant data
but also increases the computational burden. To address these
issues, this paper introduces a denoising autoencoder (DAE)
[10] to enhance raw data quality and employs a variational
autoencoder (VAE) [11] with a scenario-tailored controlled
latent-space loss to learn compact task-relevant semantic rep-
resentations, while enabling adaptive latent-dimension selec-
tion according to system conditions. This approach reduces
communication and computation overhead while maintaining
inference accuracy.

In this paper, we design a task-oriented UAV-assisted ISCC
edge inference framework with a two-stage semantic process-
ing pipeline and adaptive latent-dimension control. Unlike
traditional schemes, this architecture is designed for intel-
ligent transformation from raw sensor data to task-oriented
semantic features, performing resource coordination and lo-
cation optimization centered around final task effectiveness.
The discriminant gain serves as a bridge linking physical
resources and inference performance. The main contributions
are summarized as follows:

• We develop a task-oriented two-stage data processing
pipeline that cascades a denoising autoencoder (DAE)
with a controlled latent-space variational autoencoder
(CL-VAE). The DAE suppresses sensing noise and inter-
ference before feature extraction, and its residual effect
is characterized by a single measurable factor, allowing
the trained denoiser to be represented analytically within
the resource-allocation model. Rather than adopting a
conventional VAE, the CL-VAE augments the recon-
struction and KL objectives with class-center and clas-
sification constraints, which encourage compact intra-
class representations and enhanced inter-class separability
in the latent space. The resulting latent features are
therefore compact for transmission while remaining task-
discriminative, and the latent dimension is further treated
as an adjustable decision variable that can be selected
according to the available system resources.

• We derive a closed-form expression for the discriminant
gain that jointly accounts for the quality of the processed
sensing data and the physical resources of the system.
This expression shows how the achieved sensing qual-
ity, reflecting both the allocated sensing power and the
residual effect of the denoising stage, combines with the
communication distortion, the latter shaped by the UAV’s
position and the allocated transmit power, to determine
the separability of the features received at the edge server.
Based on this expression, we formulate an optimization
problem that maximizes the overall discriminant gain
jointly over the sensing and communication power, the
communication time, the latent dimension, the bandwidth,
and the UAV’s position.

• To solve the formulated mixed-integer non-convex opti-
mization problem, we design a two-layer iterative algo-
rithm. The outer layer handles the fractional objective and
the integer latent dimension via quadratic transformation
together with a problem-specific bounded enumeration,
in which explicit constraint-derived upper bounds and a
dynamic feasibility test sharply reduce the search set. The
inner layer employs a block coordinate descent approach,
solving the subproblems through closed-form updates,
second-order cone programming for the coupled power-
and-position block, and a Karush-Kuhn-Tucker (KKT)-
based water-filling algorithm for bandwidth.

• We conduct extensive simulations comparing the pro-
posed scheme against several baselines. The results vali-
date the effectiveness of the individual components (DAE,
CL-VAE) and the overall optimization algorithm, demon-
strating the superiority of the proposed framework and
method.

The remainder of this paper is organized as follows. Section
II reviews the related work. Section III presents the system
model for the ISCC framework. The problem formulation is
provided in Section IV. Section V proposes the joint optimiza-
tion algorithm. Simulation results and corresponding analyses
are discussed in Section VI. Finally, Section VII concludes the
paper.

II. RELATED WORK

The related work can be categorized into two parts. The
first part reviews studies on ISCC systems with or without
the involvement of UAVs. The second part classifies existing
ISCC studies according to their research objectives.

In ISCC research without UAV participation, the typical ar-
chitecture consists of edge devices and base stations equipped
with edge servers. Depending on the entity that performs the
sensing function, these systems can be divided into device-
sensing [12]–[14] and base-station-sensing [15], [16] architec-
tures. In device-sensing scenarios, edge devices are equipped
with both communication and sensing capabilities. They sense
environmental targets using the sensing function and offload
computation tasks to the base station via communication
links. The base station, serving as an edge server, assists
in processing these tasks. In base-station-sensing scenarios,
the base station itself is equipped with ISAC capabilities,
enabling it to both process computation tasks and sense
targets within its service region. Furthermore, [16] introduces
a cloud computing layer to assist base stations in handling
computational workloads. These studies primarily focus on
terrestrial cellular networks, which are suitable for relatively
static user environments. However, with the rapid increase in
mobile users and smart devices, UAVs have been introduced
as flexible aerial platforms to serve in scenarios where ground
base station coverage is insufficient, such as remote areas
or large-scale events. In UAV-assisted ISCC research, two
main directions have emerged. The first replaces the ground
ISAC device in the aforementioned architecture with UAVs
[17], [18], enabling them to flexibly sense larger areas, while
base stations assist UAVs in performing computation tasks.
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The second approach involves employing UAVs as aerial
platforms [19]–[21], primarily assisting ground-based ISAC
devices in completing communication and computation tasks.
This approach effectively leverages the sensing capabilities
of ground devices to obtain perception data from multiple
perspectives, while the mobility and flexibility of UAVs ensure
that the communication and computation requirements of the
ground devices are satisfied.

According to research objectives, ISCC studies can be
categorized into joint optimization-oriented and task-oriented
approaches. In the joint optimization category, the goal is
to simultaneously optimize multiple functions such as com-
munication, sensing, and computation. For example, [17]
formulates a joint optimization of radar beampattern design
and UAV energy consumption; [22] minimizes both radar
beampattern error and computational offloading energy; [18]
aims to minimize sensing data collection time and UAV energy
consumption; and [12] introduces a utility function combining
three functional metrics to balance system performance. In
Aircomp systems, another important metric is the Aircomp
error [23], [24]. These studies mainly focus on optimization
targets such as beampattern error, energy consumption, and
latency, as summarized in tables of [25]. Overall, these refer-
ences optimize one or more system metrics depending on the
specific application scenario. In contrast, task-oriented ISCC
research [26]–[29] focuses directly on the task performance
itself, regarding sensing, communication, and computation as
integrated processes contributing to the final task outcome.
For edge inference tasks, the objective is to achieve the best
inference accuracy under limited resources, which requires
coupling task accuracy with sensing, communication, and
computation processes. [26]–[29] introduce the concept of
discriminant gain as an intermediary metric. Specifically, [26]
proves the relationship between discriminant gain and infer-
ence accuracy, and subsequent studies adopt the maximization
of discriminant gain as the system optimization objective. This
task-oriented line of research elegantly links the three domains
to achieve overall system optimality. Within this framework,
data acquisition, processing, and transmission all influence
final inference performance, where sensing data quality is a
key factor. Clean and informative features not only improve in-
ference accuracy but also reduce communication overhead. To
the best of our knowledge, representative prior task-oriented
ISCC studies [26], [27] mainly optimize sensing, communica-
tion, and computation resources under fixed-dimensional linear
feature representations. The feature-extraction method and
feature dimension are therefore generally determined before
resource optimization, while DAE-based denoising is not com-
monly incorporated into the ISCC pipeline. Moreover, when
VAE-type models are considered in related ISAC or edge-
inference settings, they are typically used in a standard form
or as standalone feature-processing modules, rather than be-
ing specifically designed to provide task-discriminative latent
representations that can be analytically incorporated into sub-
sequent resource optimization. Motivated by these limitations,
we develop a two-stage DAE-CL-VAE semantic-processing
framework with task-oriented latent representation learning
and adaptive latent-dimension selection for UAV-assisted task-
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Fig. 1. UAV-assisted ISCC edge-inference network.

oriented ISCC. The denoising and feature-extraction stages
are designed so that their outputs can be analytically incor-
porated into resource-aware optimization, while discriminant
gain provides the analytical bridge connecting the resulting
data-processing pipeline to the joint optimization of sensing,
communication, and computation resources, together with the
UAV position.

Based on the above analysis, we consider a UAV-assisted
ISCC scenario, where UAVs act as aerial platforms to assist
ground ISAC devices in communication and computation
tasks. The ground ISAC devices cooperatively sense targets
from multiple perspectives, and the sensing data are processed
through a DAE and a CL-VAE for denoising and dimensional-
ity reduction. The goal is to obtain clean and effective semantic
representations that maximize discriminant gain.

III. SYSTEM MODEL

We consider an edge-inference network consisting of N
single antenna ISAC devices and a UAV equipped with an
edge server, as shown in Fig. 1. Each ISAC device imple-
ments sensing and communication functions in a time-division
manner. The communication between the edge server and the
devices employs orthogonal frequency-division multiplexing,
allocating different bandwidth resources to each device to
enable simultaneous transmission. The preprocessed sensing
data from all devices are aggregated at the edge server and
then used as the input for the edge inference task. The overall
workflow proceeds as follows:

• Task Announcement: The edge server broadcasts a
sensing-inference task to all ISAC devices.

• Multi-View Sensing: Each ISAC device acquires envi-
ronmental observations from its own viewpoint, produc-
ing multi-view sensing data.

• Local Preprocessing: Onboard each device, the raw
sensing measurements are sampled, denoised, and di-
mensionally reduced. The DAE and VAE models used

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3736281

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on October 01,2026 at 17:18:01 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON MOBILE COMPUTING 4

for preprocessing are trained offline on the edge server
with sufficient computational resources, while only the
trained models are deployed at the devices for real-time
inference.

• Data Transmission: The dimension-reduced sensing data
are uploaded from each ISAC device to the edge server
via the wireless uplink.

• Edge-Server Aggregation and Inference: The edge
server aggregates the received data streams from all
devices and performs further inference on the fused multi-
view data.

A. Sensing Model
When a sensing task arrives, each ISAC device uses its sens-

ing function to transmit a sensing signal. We adopt the com-
monly used frequency-modulated continuous-wave (FMCW)
waveform for sensing. After the sensing signal probes the
target region, the transmitted FMCW signal returns as an echo
containing the target’s state information. Upon reception of
the echo, each device performs data preprocessing to facilitate
subsequent communication and inference.

1) Sensing Signal: The transmitted signal consists of M
chirps, each of duration T0 =

Ts,n

M , where Ts,n is the sensing
period of device n. The sensing signal is then given by

sn(t) =
√
Ps,n

M−1∑
m=0

rect
( t−mT0

T0

)
cos
[
2πf c

n(t−mT0)

+π
Bs,n

T0
(t−mT0)

2
]
,

(1)
where f c

n is the carrier frequency of the sensing signal, Bs,n

is the bandwidth of the sensing signal, rect(·) denotes the
rectangular window function, defined as

rect
( t−mT0

T0

)
=

{
1, mT0 < t < (m+ 1)T0,

0, otherwise.

2) Echo Signal: The received echo signal at device n
contains both the direct-path and the multi-path components,
and is given by

yn(t) =
√

Ps,n Hs,n(t) sn(t− τ) +
√

Ps,n

L∑
l=1

Gn,l(t) sn(t− τl)

+ws,n(t),
(2)

where Hs,n(t) is the direct-path channel response, Gn,l de-
notes the complex gain of the l-th indirect multi-path com-
ponent, τ and τl are the propagation delays of the direct and
l-th indirect paths, respectively, ws,n(t) denotes the additive
noise in the sensing process, modeled as a zero mean Gaussian
random process.

3) Normalization: The echo signal is normalized as

yNOR,n(t) = an(t) + bn(t) +
ws,n(t)√

Ps,n

, (3)

where an(t) = Hs,n(t) sn(t − τ) is the target signal, and
bn(t) =

∑L
l=1 Gn,l(t) sn(t− τl) is the clutter from non-direct

paths. We assume that bn(t) follows a zero-mean Gaussian
distribution.

B. Sensing Signal Processing

1) Intermediate Frequency Signal: To extract target infor-
mation such as range and velocity from the echo signal, the
normalized signal is mixed with the original transmit signal
sn(t) to obtain the intermediate frequency signal:

yIF,n(t) = yNOR,n(t) ·sn(t) = aIF,n(t)+bIF,n(t)+
wIF,n(t)√

Ps,n

.

(4)
Since the transmitted signal sn(t) is known and the mixing
process is linear, both bIF,n(t) and wIF,n(t) remain zero-
mean Gaussian random processes. Specifically, the interfer-
ence component bIF,n(t) ∼ N (0, σ2

n,b), and the noise term
wIF,n(t) ∼ N (0, σ2

w).
2) Sampling: Assume the sampling rate is fn,s. The num-

ber of samples per chirp is given by O = fn,sT0. Af-
ter sampling, the signal is first reshaped from a 1 × OM
complex-valued vector yn into a matrix Yn ∈ CO×M ,
where Yn = [yn(o,m)], with O representing the fast-time
dimension (containing range information), and M representing
the slow-time dimension (containing velocity information).
The sampled signal can be expressed as

ySAM,n(o,m) = aSAM,n(o,m)+bSAM,n(o,m)+
wSAM,n(o,m)√

Ps,n

.

(5)
3) Sensing Data Denoising: To suppress noise and inter-

ference, a DAE is employed. Since the sampled signal is
complex-valued, it is decomposed into its real and imaginary
parts before being fed into the neural network. Specifically,
the complex matrix Yn ∈ CO×M is split into two real-valued
matrices:Yreal

n ∈ RO×M , Yimag
n ∈ RO×M , which are then

combined as a two-channel input. The output of the DAE is
the denoised signal:

Ydenoised
n = fDAE(Yn), Ydenoised

n ∈ CO×M . (6)

The denoised signal at position (o,m) is expressed as

ydenoisedn (o,m) = adenoisedn (o,m) +
√
αn

(
bdenoisedn (o,m)

+
wdenoised

n (o,m)√
Ps,n

)
,

(7)
where the residual interference and noise after denoising are
assumed to have a reduced variance of αn

(
σ2
n,b +

σ2
w

Ps,n

)
,

αn ∈ [0, 1], with αn = 1 indicating no denoising, and αn = 0
representing complete suppression of interference and noise.
The mean of the target signal component is preserved after
denoising. After training the DAE for each device, αn is
estimated offline on a held-out validation set using paired
noisy/clean samples for that device. It quantifies the average
fraction of residual interference-and-noise energy remaining
after denoising under the nominal dataset operating condition.
The estimator is defined as

α̂n =

∑
s

∥∥Ydenoised
n,s −Yclean

n,s

∥∥2
F∑

s

∥∥Ynoisy
n,s −Yclean

n,s

∥∥2
F

,
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Fig. 2. Proposed CL-VAE architecture with data flow and latent space design.

where Ynoisy
n,s is the noisy input sample, Ydenoised

n,s is the
denoised output, and Yclean

n,s is the paired clean reference.
This quantity characterizes the fraction of interference-and-
noise energy that remains after denoising under the nominal
operating conditions.

4) VAE for Dimensionality Reduction: To reduce the com-
munication overhead, it is advantageous to perform dimen-
sionality reduction of data at the edge devices. VAE can better
capture the nonlinear characteristics of the raw data. Moreover,
by modeling a probabilistic distribution in the latent space, a
VAE facilitates quantification and evaluation of the uncertainty
of the reduced-dimension data during subsequent inference
tasks.

a) Controlled Latent-space VAE Model: We extend the
standard VAE by introducing classification and clustering
losses, and by fitting a Gaussian mixture distribution in the
latent space [30], [31]. This ensures that the latent space not
only preserves reconstruction quality and prior consistency,
but also provides class-discriminative features. We denote the
improved model as the Controlled Latent-space VAE (CL-
VAE). The structure of CL-VAE is illustrated in Figure 2.

The total loss is defined as

Lloss =
1

Stotal

N∑
n=1

Sn∑
i=1

(
λ1 L

(n,i)
recon + λ2 L

(n,i)
KL

+λ3 L
(n,i)
center + λ4 L

(n,i)
class

) (8)

where

L(n,i)
recon = −E

qϕ

(
z|Ydenoised

n,i

)[log pθ(Ydenoised
n,i | z

)]
,

L
(n,i)
KL = DKL

(
qϕ
(
zn | Ydenoised

n

) ∥∥ N (0, I)
)
,

L
(n,i)
center =

∥∥µn,i − cyn,i

∥∥2
2
,

L
(n,i)
class = −

K∑
k=1

yn,i,k log p
(k)
n,i ,

where N is the total number of devices; Sn is the number
of training samples collected by device n; Stotal =

∑N
n=1 Sn

is the total number of training samples. Ydenoised
n,i ∈ CO×M

denotes the DAE-filtered spectrogram of the i-th sample from
device n. qϕ(z | ·) is the encoder posterior with mean vector
µn,i and diagonal standard deviation σn,i; pθ(· | z) is the
decoder likelihood, assumed complex Gaussian; N (0, I) is
the standard normal prior. cyn,i

is the centre of class yn,i;
yn,i,k is the one-hot indicator for class k; p(k)n,i is the predicted
probability of class k. Finally, λ1, λ2, λ3, λ4 are the weighting
coefficients for the four loss terms.

b) Encoder and Decoder: The denoised complex-valued
matrix Ydenoised

n ∈ CO×M is split into its real part Ydereal
n ∈

RO×M and imaginary part Ydeimag
n ∈ RO×M , then combined

into a two-channel real tensor:

[Ydereal
n , Ydeimag

n ] ∈ RO×M×2.

The VAE encoder maps the denoised complex signal into a
latent variable with a specified distribution:

zn = fVAE(Y
denoised
n ), zn ∈ RD.

The decoder reconstructs the real and imaginary parts,
which are then recombined into the complex signal Ŷn ∈
CO×M .

c) Statistical Analysis of Latent Variables: For the d-th
element of the feature vector of device n, we decompose it as

zn(d) = atargetn (d) + zresidual
n (d), (9)

where atargetn (d) is the true target signal component, and
zresidual
n (d) is the residual component.
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We assume the following probability density functions:

f
(
atargetn (d)

)
=

1

K

K∑
k=1

N (µn,d,k, σ
2
n,d), (10)

f
(
zresidual
n (d)

)
= N

(
0, s2n,d αn

(
σ2
n,b +

σ2
w

Ps,n

))
, (11)

where
• K is the total number of classes.
• µn,d,k is the mean of class k on latent dimension d at

device n.
• sn,d is the singular value corresponding to dimension d

of the encoder’s Jacobian matrix.
Remark 1: The class-conditional Gaussian mixture assump-

tion on atargetn (d) and the equal-variance structure across
classes, i.e., the shared variance σ2

n,d for different k, are
adopted to obtain a tractable closed-form discriminant-gain
expression in Section III-D. These assumptions are consistent
with the design objective of the proposed CL-VAE. Specifi-
cally, the KL-divergence loss regularizes the latent distribution,
while the centre loss Lcenter and the classification loss Lclass
encourage intra-class compactness and inter-class separability,
thereby promoting an approximately class-conditional Gaus-
sian mixture structure in the latent space. Empirical analysis
of the trained CL-VAE shows that the class-conditional latent
distributions closely follow Gaussian profiles. The coefficient
of variation of the per-class variance traces is 0.164, indi-
cating that the equal-variance assumption provides a reason-
able approximation for the learned latent space. Moreover,
the mean Spearman rank correlation coefficient between the
homoscedastic and heteroscedastic discriminant-gain rankings
is 0.991 across all devices. This indicates that, under the ob-
served level of variance heterogeneity, the dimension-selection
ordering is robust and is not materially affected by the equal-
variance approximation.

d) Computation Energy for Dimensionality Reduction:
After the CL-VAE encoder is trained once with the maximum
latent dimension Dmax, it is deployed on the edge device to
perform dimensionality reduction. The latent dimensions are
indexed in decreasing order of their discriminant-gain contri-
bution, established once from the trained encoder. At runtime,
when the system optimization selects a target dimension D,
only the first D latent outputs of the last layer are activated.
Therefore, the preceding encoder layers remain unchanged,
and only the computation associated with the final latent
projection stage scales with D. The computation time is given
by

T comp
n = T0 +

ρ0NMAC

fn
, (12)

where T0 is the fixed time of the preceding layers, ρ0 (cy-
cles/MAC) is the number of CPU cycles required to complete
a multiply-accumulate (MAC) operation, NMAC = H2 · 2D
is the number of MAC operations in the last layer, H2 is the
output dimension of the penultimate layer, and fn (cycles/s)
is the CPU clock frequency.

Given the average computation power consumption P comp
n

of the device, the computation energy can be expressed as

Ecomp
n = P comp

n T comp
n . (13)

This indicates that both the computation time and the compu-
tation energy vary linearly with the latent dimension D.

C. UAV-Assisted Edge Inference Model

The UAV provides computing resources for ground edge
devices to perform edge inference tasks. Let the UAV fly at
a fixed altitude h, with initial position p0

u = (x0
u, y

0
u, h), and

optimal hovering position pu = (xu, yu, h). After flying to the
destination, the UAV executes the edge inference task. Denote
the UAV flying speed as v. The flying distance is given by

∆p =
∥∥pu − p0

u

∥∥
2
=
√
(xu − x0

u)
2 + (yu − y0u)

2. (14)

The flying time is

Tmove =
∆p

v
. (15)

The energy consumption during flying is given by

Efly
u =

(
η1v

3 +
η2
v

)
Tmove, (16)

where η1 and η2 are constants related to the UAV’s weight
and wing area.

The UAV hovers for a duration of Thover, and the hovering
energy consumption is

Ehover
u = P hover

u Thover, (17)

where P hover
u is the hovering power of the UAV. Ground edge

devices are assumed to be stationary during each time slot t,
and the position of the n-th device is pn = [xn, yn, 0].

1) Communication Model: Similar to [20], [32], [33], the
link between the UAV and the ground devices is assumed to
follow a line-of-sight (LoS) channel model, as UAVs typically
operate at altitudes where the probability of LoS conditions is
significantly higher than in terrestrial networks. The channel
power gain therefore depends only on their Euclidean distance.
We define the 3-D distance

pu,n =
∥∥pu − pn

∥∥
2

=
√
(xu − xn)2 + (yu − yn)2 + h2.

(18)
With the free-space path-loss exponent β = 2, the corre-

sponding channel power gain is

Hu,n =
H0

p 2
u,n

=
H0

(xu − xn)2 + (yu − yn)2 + h2
, (19)

where H0 is the channel power gain at the reference distance
of 1 m.

After dimensionality reduction (to a common size D),
device n enters the communication phase and uploads its latent
vector zn=

[
zn(1), . . . , zn(D)

]
. The d-th element received at

the UAV is

z′n(d) =
√
Pc,nHu,n zn(d) + cn(d), (20)

where Pc,n is the transmit power of device n, Hu,n is the
channel gain in (19), and cn(d) ∼ CN

(
0, δ2n,c

)
is complex

Gaussian noise.
The achievable uplink rate is
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Fig. 3. The data processing workflow of ISCC.

Ru,n = Bc,n log2

(
1 +

Pc,nHu,n

δ2n,c

)
, (21)

with bandwidth Bc,n.
The received signal is normalized as follows:

z̃n(d) =
z′n(d)√
Pc,nHu,n

= zn(d) +
cn(d)√
Pc,nHu,n

. (22)

Substituting the decomposition zn(d) = atarget
n (d) +

zresidual
n (d) yields

z̃n(d) = atarget
n (d) + zresidual

n (d) +
cn(d)√
Pc,nHu,n

. (23)

The probability density function (PDF) of z̃n(d) is given by

fk
(
z̃n(d)

)
= N

(
µn,d,k, σ

2
n,d+s2n,d αn

(
σ2
n,b+

σ2
w

Ps,n

)
+

δ2n,c

Hu,nPc,n

)
.

(24)
2) Inference Model: The volume of data to be transmitted

after dimensionality reduction is Q = ρD, where ρ is the
number of bits per dimension. The UAV aggregates the data
from all devices to obtain multi-view sensing information. The
total amount of data received by the UAV is Qu = NQ. The
inference time at the UAV is calculated as

Tu =
Quf0
fu

, (25)

where f0 is the number of CPU cycles required to process one
bit of data, and fu is the UAV’s computing capability.

The energy consumption for inference is given by

Einf
u = κQuf0 f

2
u , (26)

where κ is a hardware-dependent constant of the UAV.

D. Discriminant Gain

To evaluate the inference performance of the sensing task
at the edge server, we adopt the discriminant gain as the
evaluation metric. Intuitively, the discriminant gain measures
the separability between class-conditional feature distributions.
A larger value indicates more distinguishable features and, as
motivated by a geometric interpretation of class separability
and confirmed empirically in [26] (see Fig. 5 therein), a lower
inference error. Maximizing the discriminant gain therefore
provides an analytically tractable surrogate for maximizing
the downstream inference accuracy, which is precisely why
it is adopted as the objective of our optimization. For any
two classes k and k′, the discriminant gain of the normalized
feature element z̃(dn) is defined as

Gk,k′
(
z̃n(d)

)
= DKL

(
fk(z̃n(d)) ∥ fk′(z̃n(d))

)
+DKL

(
fk′(z̃n(d)) ∥ fk(z̃n(d))

) (27)

=

(
µn,d,k − µn,d,k′

)2
σ2
n,d + s2n,d αn

(
σ2
n,b +

σ2
w

Ps,n

)
+

δ2n,c

Hu,nPc,n

,∀ (k, k′).

Summing over all devices n = 1, . . . , N and feature
dimensions d = 1, . . . , D gives the per-class-pair discriminant
gain

Gk,k′
(
z̃
)
=

N∑
n=1

D∑
d=1

Gk,k′
(
z̃n(d)

)
. (28)

Finally, the global discriminant gain is defined as the average
over all K(K−1)

2 unordered class pairs:

G =
2

K(K − 1)

N∑
n=1

D∑
d=1

K−1∑
k=1

K∑
k′=k+1

Gk,k′
(
z̃n(d)

)
. (29)

The entire data processing workflow is illustrated in Fig. 3.
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IV. PROBLEM FORMULATION

A. Constraints

1) Energy Constraints: Each edge device must satisfy an
individual energy budget constraint given by:

Ps,nTs,n + P comp
n T comp

n + Pc,nTc,n ≤ Emax
n , 1 ≤ n ≤ N,

(C1)
where Ps,n and Ts,n denote the sensing power and sensing
time of device n, P comp

n and T comp
n represent the local

computation power and time, Pc,n and Tc,n denote the com-
munication power and time, and Emax

n is the maximum energy
budget of device n.

The UAV must also operate within a total energy constraint,
which includes inference, flight, and hovering energy:

Einf
u + Efly

u + Ehover
u ≤ Emax

u . (C2)

2) Latency Constraints: Each inference task is subject to
a latency constraint, which includes the sensing stage, local
computation stage, communication stage, UAV flight time, and
inference time. It is assumed that the UAV starts flying as soon
as the edge devices begin sensing and processing the data. The
latency constraint for each device is given by:

max (Ts,n + T comp
n , Tmove) + Tc,n + Tu ≤ Tmax, (C3)

where Ts,n is the sensing time, T comp
n is the local computation

time, Tmove is the UAV flight time, Tc,n is the transmission
time, and Tu is the inference time at the UAV. Tmax denotes
the maximum tolerable delay for each task.

Since the UAV must remain hovering during the communi-
cation and inference stages, the hovering time must be no less
than the sum of the transmission time and inference time:

Tc,n + Tu ≤ Thover. (C4)

3) Bandwidth Constraint: The total communication band-
width at the edge server is Btotal, thus

N∑
n=1

Bc,n ≤ Btotal (C5)

4) Communications Transmission Constraint: The amount
of data to be transmitted (after dimensionality reduction) must
not exceed the achievable capacity under the given latency
Tc,n, bandwidth Bc,n, and channel conditions:

ρD ≤ Tc,n Bc,n log2

(
1 +

Pc,nHu,n

δ2n,c

)
(C6)

5) Variable Value Range: The variable D is discrete,
whereas all other variables are continuous, subject to the
following constraints:

Tc,n, Ps,n, Pc,n, Bc,n ∈ R+, ∀n (C7)

Dmin ≤ D ≤ Dmax, D ∈ Z+ (C8)

Ps,n, Pc,n ≤ Pmax (C9)

B. Optimization Problems

P1: max
{Tc,n, Ps,n, Pc,n,

D,Bc,n,pu}

G

s.t. (C1)–(C9).
(30)

Substituting the definition of G into P1 yields

P2: max
{Tc,n, Ps,n, Pc,n,

D,Bc,n,pu}

2

K(K − 1)

N∑
n=1

D∑
d=1

K−1∑
k=1

K∑
k′=k+1

Gk,k′
(
z̃n(d)

)
s.t. (C1)–(C9),

(31)
where

Gk,k′
(
z̃n(d)

)
=

(
µn,d,k − µn,d,k′

)2
σ2
n,d + s2n,d αn

(
σ2
n,b +

σ2
w

Ps,n

)
+

δ2n,c

Hu,nPc,n

.

The formulated optimization problem involves both contin-
uous and discrete variables. The objective function consists
of multiple fractional summation terms containing nonlinear
components such as 1/Ps,n and 1/Pc,n. The denominators
include non-convex terms, and the coupling of variables
in constraints C1 and C6 further introduces non-convexity.
Therefore, the overall problem is classified as a mixed-integer
nonlinear programming (MINLP) problem and is inherently
non-convex.

C. Problem Transformation

To facilitate the transformation from problem P2 to prob-
lem P3, we first define

ζn,d,k,k′ =
2
(
µn,d,k − µn,d,k′

)2
K(K − 1)

, (32)

and

gn,d(Ps,n, Pc,n, pu) = σ2
n,d + s2n,d αn

(
σ2
n,b +

σ2
w

Ps,n

)
+

δ2n,c
Hu,nPc,n

,

(33)

where ζn,d,k,k′ denotes the normalized squared difference
between µn,d,k and µn,d,k′ , and gn,d(·) characterizes the
effective noise-plus-interference component as a function of
Ps,n, Pc,n, and pu.

Using these definitions, the function Gk,k′
(
z̃n(d)

)
in P2 can

be rewritten as

Gk,k′
(
z̃n(d)

)
=

ζn,d,k,k′

gn,d(Ps,n, Pc,n, pu)
. (34)

Applying the quadratic transform to each fractional term
and introducing nonnegative auxiliary variables yn,d,k,k′ ≥ 0
yields the equivalent problem formulation:
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P3: max
{Tc,n, Ps,n, Pc,n,

D,Bc,n,pu,
yn,d,k,k′}

N∑
n=1

D∑
d=1

K−1∑
k=1

K∑
k′=k+1

(
2 yn,d,k,k′

√
ζn,d,k,k′

− y2n,d,k,k′ gn,d(Ps,n, Pc,n, pu)
)

s.t. (C1)–(C9),
(C10) yn,d,k,k′ ≥ 0, ∀n, d, k, k′.

(35)

For conciseness, P3 is rewritten in the following form as
P4.

P4: max
{Tc,n,Ps,n,Pc,n,
D,Bc,n,pu,yγ}

∑
γ∈I

(
2yγ
√
ζγ − y2γ gγ

)
s.t. (C1)–(C10),

(36)

where γ ∈ I, I = {(n, d, k, k′) : 1 ≤ n ≤ N, 1 ≤ d ≤
D, 1 ≤ k < k′ ≤ K}, and for γ = (n, d, k, k′) we define
ζγ = ζn,d,k,k′ and gγ = gn,d(Ps,n, Pc,n,pu).

V. OPTIMIZATION PROBLEM SOLVING

To address the aforementioned non-convex optimization
problem, a three-layer iterative framework combined with
a block-coordinate strategy is employed. Specifically, the
quadratic transform is first applied to reformulate P2 as P4.
The feasible values of D are then enumerated, and for each
candidate D, the resulting AO procedure is repeated until
convergence. After all candidates have been evaluated, the
solution yielding the largest objective value is selected as the
final output. The overall solution framework is illustrated in
Fig. 4.

A. Closed-Form Auxiliary-Variable Update

For a fixed candidate D, the auxiliary variables {yγ} are
first updated in closed form according to (37) using the current
values of (Ps,n, Pc,n,pu):

y⋆γ =

√
ζγ

gγ
, ∀γ ∈ I. (37)

With {yγ} fixed, the four variable blocks are subsequently
optimized in sequence. This update cycle is repeated until
convergence.

B. Dimension Enumeration

To reduce the number of enumeration points and avoid inef-
fective computations, explicit filtering and feasibility detection
are performed according to the constraint conditions, enabling
rapid iterations. The detailed procedure is as follows.

Enumerate D

Initialization

Outer Layer 1

Quadratic Transform

Outer Layer 2

Dimension Enumeration 

Inner AO

Converged? 

,s n
P ,c n

P
u
p

,c n
T

,c n
B

Block 1

Optimize  

Block 2

Optimize  

Block 3Block 4

Optimize  Optimize  

YES

NO

Reformulate P2 as P4

      Update yg

Update best(G*, D*)

Output

Next D

All D evaluated

Fig. 4. The framework for solving the problem.

1) Explicit Filtering: To obtain the most relaxed condition,
we set Ps,n = 0, Pc,n = 0, and Tc,n = 0. Under this setting,
constraint (C1) can be transformed into an upper bound on D
as

D ≤ D(C1)
max =

(
Emax

n − P comp
n T0

)
fn

2ρ0H2 P
comp
n

. (38)

By setting the UAV displacement term in (C2) to zero, i.e.,
letting Efly

u = 0, the relaxed upper bound of D is obtained as

D ≤ D(C2)
max =

Emax
u − P hover

u Thover

ρκNf0f2
u

. (39)

Since (C3) contains a max term, it can be decomposed
into two branches, namely the computation branch and the
displacement branch. For notational simplicity, let

at =
2ρ0H2

fn
, bt =

Nρf0
fu

.
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The relaxed constraints are then expressed as

Ts,n + T0 + atD + btD ≤ Tmax

⇒ D ≤ D(C3a)
max =

Tmax − Ts,n − T0

at + bt
, (40)

∆p

v
+ btD ≤ Tmax

⇒ D ≤ D(C3b)
max =

Tmax − ∆p
v

bt
. (41)

To make the explicit upper bound independent of the
variables, the effect of the UAV displacement is ignored. In
this case, D(C3b)

max = Tmax

bt
is larger than D

(C3a)
max , and therefore,

constraint (C3) is relaxed as (40).
Constraint (C4) is relaxed as

D ≤ D(C4)
max =

Thover

bt
. (42)

Combined Explicit Upper Bound: The minimum among the
previously obtained upper bounds of D is taken to obtain the
explicitly filtered upper bound:

D ≤ Dexp
max = min

{
D(C1)

max , D
(C2)
max , D

(C3a)
max , D(C4)

max

}
. (43)

2) Dynamic Tightening: After the explicit filtering, a rel-
atively small range of feasible values for D is obtained.
Within this range, enumeration of D is carried out. For each
enumerated D, a secondary filtering is conducted based on
the constraints before entering the alternating optimization, so
as to exclude infeasible values of D from the optimization
loop. The mechanism of this secondary filtering is described
as follows.

Step 1: Positive Available Communication Time for Each
Device. Based on the current enumerated value of D and
the constants, the maximum available communication time for
each device is computed as

Tmax
c,n (D) = min

{
Thover − btD,

Tmax −
(
Ts,n + T0 + atD

)
− btD

}
.

(44)

A necessary condition is Tmax
c,n (D) > 0,∀n. If this fails for

any n, the candidate D is impossible.
Step 2: Total bandwidth check. The main idea is that, for

a given D, under the optimal transmission rate condition, we
check whether the total bandwidth is sufficient to complete
the data transmission within Tmax

c,n . First, the available flight
time is computed. Since Tc,n > 0, from constraints (C2) and
(C3), we obtain

Tmax
move(D) = min

{
Emax

u − Ehover
u − κNρf0f

2
u D

η1v3 + η2/v
,

Tmax − btD

}
.

(45)

Within this duration, the UAV can travel a maximum radius
of

Rreach(D) = v Tmax
move(D). (46)

For each device, starting from the initial position p0
u, the

minimum possible distance between the UAV and device n
after the maximum flight is given by

rn(D) = max
{
0, ∥p0

u − pn∥2 −Rreach(D)
}
. (47)

Since a smaller distance yields a stronger channel gain, the
upper bound of the channel gain can be expressed as

H↑
u,n(D) =

H0

rn(D)2 + h2
. (48)

By taking the maximum transmit power Pmax, the achiev-
able rate upper bound is

R↑
n(D) = log2

(
1 +

Pmax H
↑
u,n(D)

δ2n,c

)
. (49)

From constraint (C6), the minimum bandwidth required for
each device can then be derived by considering the maximum
communication time Tmax

c,n and the achievable rate upper
bound:

Breq
c,n(D) =

ρD

Tmax
c,n (D)R↑

n(D)
. (50)

This represents the minimum bandwidth required to ensure
that device n can transmit all its data within the longest
communication window and the best achievable rate.

Finally, from constraint (C5), the feasibility criterion is
given by

N∑
n=1

Breq
c,n(D) ≤ Btotal. (51)

If this condition is not satisfied, it indicates that the sum of
the minimum bandwidth requirements of all devices exceeds
the total available bandwidth. In this case, the corresponding
D is discarded directly without entering the AO process.

C. Inner Alternating Optimization

1) Block 1: Optimization of Sensing Powers Ps,n: After the
quadratic transform, in each inner iteration, given yγ , D, and
(Pc,n,pu, Bc,n, Tc,n), problem P4 can be simplified as

P4.1: max
{Ps,n}

∑
γ∈I

(
Aγ −

Bγ

Ps,n

)
s.t. (C1), (C9),

(52)

where

Aγ = 2yγ
√

ζγ − y2γ

(
σ2
n,d + s2n,d αnσ

2
n,b +

δ2n,c
Hu,nPc,n

)
,

Bγ = y2γs
2
n,d αnσ

2
w.

Constraint (C1) can be equivalently expressed as

Ps,n ≤
Emax

n − P comp
n T comp

n − Pc,nTc,n

Ts,n
. (53)

Since Aγ and Bγ are constants with Bγ ≥ 0, the term
− Bγ

Ps,n
is concave for Ps,n > 0. Moreover, constraint (C1)

is linear, and thus problem P4.1 is convex. In addition, since
− Bγ

Ps,n
is monotonically increasing within the feasible range
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of Ps,n, the optimal solution is attained at the upper bound of
Ps,n, given by

P ⋆
s,n = min

{
Pmax,

Emax
n − P comp

n T comp
n − Pc,nTc,n

Ts,n

}
.

(54)
2) Block 2: Joint Optimization of (Pc,n,pu): By fixing yγ ,

D, Ps,n, Bc,n, and Tc,n, problem P4 reduces to

P4.2: max
{Pc,n,pu}

∑
γ∈I

(
Cγ −

Dγ

∥∥pu − pn

∥∥2
2

Pc,n

)
s.t. (C1), (C2), (C3), (C6), (C9),

(55)

where

Cγ = 2yγ
√
ζγ − y2γs

2
n,d αn

(
σ2
n,b +

σ2
w

Ps,n

)
, (56)

Dγ =
y2γδ

2
n,c

H0
. (57)

In the objective function (55), Cγ and Dγ are constants. The
part involving Pc,n and pu is a sum of negative quadratic-
over-linear terms, which is therefore convex.

• Constraint (C1) is linear with respect to Pc,n.
• Constraint (C2) is a norm inequality(second-order cone)

with respect to the variable pu, and it is convex:

Einf
u +

(
η1v

3 + η2

v

)∥pu−p0
u∥2

v︸ ︷︷ ︸
Efly

u (pu)

+Ehover
u ≤ Emax

u .

• The max operation in constraint (C3) follows the same
idea as in (40) and (41). Since the variable pu is related
to the displacement branch, the part involving pu is
equivalent to the following form:

∥pu − p0
u∥2 ≤ v

(
Tmax − Tc,n − Tu

)
, ∀n, (58)

which is a convex constraint.
• Constraint (C6) can be equivalently rewritten as a lower

bound on the transmit power:

Pc,n ≥
δ2n,c
H0

(
2

ρD
Tc,nBc,n − 1

)∥∥pu − pn

∥∥2
2
, ∀n, (59)

which takes the form of a convex quadratic constraint.
Problem P4.2 is reformulated as a standard second-order

cone programming (SOCP) problem as follows. Let vn =
[xu − xn, yu − yn, h ]⊤ and introduce auxiliary variables
tγ ≥ 0 for each γ ∈ I. The objective function is equivalently
written as

min
∑
γ∈I

Dγ tγ , (60)

where tγ serves as an upper bound on the quadratic-over-linear
term, i.e., tγ ≥ ∥vn∥22/Pc,n. This constraint is equivalently
enforced by the following second-order cone (SOC) constraint:∥∥ [ 2vn; tγ − Pc,n ]

∥∥
2
≤ tγ + Pc,n, tγ ≥ 0, Pc,n ≥ 0.

(61)
Together with the convex constraints discussed above, problem
P4.2 is thus reformulated as a standard SOCP, which can be
efficiently solved using off-the-shelf conic solvers.

3) Block 3: Optimization of Transmission Durations Tc,n:
Since the objective function does not involve Tc,n, by fixing
the other variables, the constraints in problem (36) with respect
to Tc,n are convex (affine in Tc,n). Therefore, the optimal
strategy for selecting Tc,n is given as follows.

The lower bound is determined by constraint (C6):

Ln =
ρD

Bc,n log2
(
1 +

Pc,nHu,n

δ2n,c

) . (62)

The upper bounds are derived from constraints (C1), (C3),
and (C4):

Uhover,n = Thover − Tu, (63)
Udelay,n = Tmax − Tu −max{Ts,n + T comp

n , Tmove},
(64)

Uenergy,n =
Emax

n − Ecomp
n − Ps,nTs,n

Pc,n
, (65)

Un = min
{
Uhover,n, Udelay,n, Uenergy,n

}
. (66)

Thus, the optimal solution is obtained as

T ⋆
c,n =

{
Ln, if Ln ≤ Un,

infeasible, if Ln > Un.
(67)

4) Block 4: Bandwidth Allocation: With all other variables
fixed, the objective function does not involve Bc,n. Therefore,
during bandwidth allocation, the strategy is to first assign
the minimum bandwidth required to satisfy constraints (C5)
and (C6). If additional bandwidth resources remain, they are
redistributed to accelerate the optimization of Block 2 in the
next iteration.

The procedure is as follows:
a) Minimum bandwidth computation and allocation:

Bmin
n =

ρD

Tc,n Rn
=

ρD

Tc,n log2

(
1 +

Pc,nHu,n

δ2n,c

) , (68)

and each user is allocated its minimum bandwidth:

Bc,n ← Bmin
n , n = 1, . . . , N. (69)

b) Total bandwidth check:

Smin =

N∑
n=1

Bmin
n . (70)

If Smin > Btotal, the current solution is infeasible; if
Smin = Btotal, the current block terminates; otherwise, if
Smin < Btotal, the surplus bandwidth is redistributed among
users according to the maximum marginal gain principle1.

1The maximum marginal gain principle refers to the greatest power savings
achieved per unit of bandwidth. The system allocates bandwidth preferentially
to users with higher marginal gain, thereby minimizing the total communi-
cation power. This approach balances the bandwidth allocation for each user
via the water-level equation, ensuring an optimal bandwidth distribution.
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Algorithm 1 Optimization Scheme via Quadratic Transfor-
mation, Enumeration, and Block-Coordinate Descent (QTE-
BCD)

1: Input: System parameters Btotal, Emax
n , Emax

u , Tmax,
Thover, Pmax, p0

u, Dmin, Dmax; convergence tolerance ϵ;
maximum number of inner iterations Imax.

2: Output: D⋆ and {P ⋆
s,n, P

⋆
c,n,p

⋆
u, T

⋆
c,n, B

⋆
c,n}.

3: Transform problem (31) into problem (36); set G⋆ ←
−∞.

4: Compute Dexp
max according to (43).

5: for each integer D ∈ [Dmin,min{Dmax, D
exp
max}] do

6: Apply dynamic tightening according to (44)–(51); if
infeasible, discard D and continue.

7: Initialize {Ps,n, Pc,n,pu, Tc,n, Bc,n} to a feasible
point; set i← 0 and G(0) ← −∞.

8: repeat
9: i← i+ 1.

10: Update yγ according to (37).
11: Block 1: Update Ps,n according to (54).
12: Block 2: Update (Pc,n,pu) via the SOCP (60)–(61).
13: Block 3: Update Tc,n according to (67).
14: Block 4: Update Bc,n via the KKT-based water-

filling (78)–(82).
15: Compute G(i) according to (31).
16: until i ≥ 2 and

∣∣G(i) −G(i−1)
∣∣ ≤ ϵ, or i = Imax

17: Check feasibility; if feasible and G(i) > G⋆, update
G⋆ ← G(i), D⋆ ← D, and store the current solution.

18: end for
19: return D⋆ and {P ⋆

s,n, P
⋆
c,n,p

⋆
u, T

⋆
c,n, B

⋆
c,n}.

c) KKT-based water-filling: Consider the following con-
vex optimization problem:

min
{Bc,n}

N∑
n=1

gn(Bc,n)

s.t. Bc,n ≥ Bmin
n , n = 1, . . . , N,

N∑
n=1

Bc,n = Btotal,

(71)

where
gn(B) = Cn

(
2Fn/B − 1

)
, B > 0, (72)

with

Cn =
δ2n,c
H0
∥pu − pn∥22, Fn =

ρD

Tc,n
,

and gn(B) is a decreasing convex function.
The Lagrangian function is given by

L =

N∑
n=1

gn(Bc,n) + λ
( N∑
n=1

Bc,n −Btotal

)
−

N∑
n=1

ηn (Bc,n −Bmin
n ),

(73)

where λ and ηn ≥ 0 are the dual variables.

The KKT conditions imply that, for any user n,g′n(B
⋆
c,n) + λ = 0, if B⋆

c,n > Bmin
n ,

g′n(B
min
n ) + λ ≥ 0, ifB⋆

c,n = Bmin
n ,

(74)

where

g′n(B) = −Cn(ln 2)Fn
2Fn/B

B2
< 0, (75)

with constants Cn =
δ2n,c

H0
∥pu − pn∥22 and Fn = ρD

Tc,n
. For

users with B⋆
c,n > Bmin

n (inactive lower bound), the KKT
stationarity g′n(B

⋆
c,n) + λ = 0 yields

Cn(ln 2)Fn
2Fn/B

⋆
c,n

(B⋆
c,n)

2
= λ. (76)

Let In = Fn/B
⋆
c,n. Then the stationarity becomes(
Cn ln 2

Fn

)
I2ne

(ln 2) In = λ. (77)

Define ϑ = ln 2
2 and note that I2ne

(ln 2) In =
(
Ine

ϑIn
)2

. Thus

Ine
ϑIn =

√
λFn

Cn ln 2 , which gives the closed form via Lambert-
W :

In(λ) =
2

ln 2
W0

(
ln 2

2

√
λFn

Cn ln 2

)
, (78)

Bwf
c,n(λ) =

Fn

In(λ)
, (79)

where W0(·) denotes the principal branch of the Lambert-W
function. Therefore, the water-filling solution is

B⋆
c,n(λ) = max

{
Bmin

n , Bwf
c,n(λ)

}
, (80)

where the multiplier λ ≥ 0 must satisfy
N∑

n=1

B⋆
c,n(λ) = Btotal, (81)

otherwise the problem is infeasible. Since Bwf
c,n(λ) is strictly

decreasing with respect to λ, the aggregate
∑N

n=1 B
⋆
c,n(λ) is

also monotonically decreasing. Thus, in practice, λ can be
efficiently determined by a bisection search over the interval
[0, λmax], until all the bandwidth resources are allocated,
where

λmax = max
n

λmax
n = max

n
Cn(ln 2)Fn

2Fn/B
min
c,n

(Bmin
c,n )2

. (82)

According to the preceding analysis, the solution procedure
of the original optimization problem (30) is outlined in Algo-
rithm 1.

D. Complexity Analysis

Let M = NDK2 denote the number of transformed
fractional terms for a given D, and let Q denote the number
of feasible enumerated values of D after explicit filtering and
dynamic tightening. For each feasible D, each inner iteration
first updates yγ , which has complexity O(M). Blocks 1 and 3
admit closed-form solutions and thus each requires O(N).
Block 4 solves a one-dimensional dual problem by bisection;
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TABLE I
SIMULATION PARAMETERS

Parameter Value Parameter Value

Number of ISAC devices, N 3 Weighting coefficients (λ1, λ2, λ3, λ4) (1, 0.1, 0.5, 1.0)
Number of classes, K 5 MAC cycles per operation, ρ0 1
Sensing time, Ts,n 0.1 s Device CPU frequency, fn 0.6GHz
Sensing carrier frequency, fc

n 77GHz Device computation power, Pcomp 0.3W
Sensing bandwidth, Bs,n 150MHz UAV energy coefficients, (η1, η2) (10−3, 2.5× 102)
Permitted latency, Tmax 2 s UAV speed, v 15m/s
Clutter variance, σ2

n,b {0.15, 0.2, 0.25} Channel power gain at 1m, H0 −50 dB
Noise variance, σ2

w 1 Bits per latent dimension, ρ 12
Communication channel noise power, δ2n,c 10−12 W UAV CPU frequency, fu 3GHz

each bisection step evaluates all N users, yielding complexity
O(NIbi), where Ibi is the number of bisection iterations.
The dominant computational cost lies in Block 2, where
(Pc,n,pu) are optimized via SOCP. After standard epigraph
reformulation, the SOCP size grows linearly with N , and the
corresponding complexity is O(Isocn3

soc), where nsoc is the
SOCP problem size and Isoc is the number of solver iterations.
Hence, the overall complexity of the proposed algorithm is
O
(
QIAO

[
M + Isocn

3
soc +NIbi

])
, where IAO is the number

of inner iterations for each feasible D, each consisting of one
update of yγ and one sweep over the four blocks.

VI. SIMULATION RESULTS

This section evaluates the proposed ISCC framework and
optimization algorithm through simulations on a human mo-
tion recognition task. First, the simulation environment and
parameter settings are described. Next, five baseline schemes
are introduced for comparison to validate the effectiveness
of the proposed method. We then systematically compare the
classification accuracy of our scheme with those of the base-
lines under various bandwidth and energy consumption con-
straints. To further demonstrate the advantage of multi-device
data fusion, the system performance is analyzed under single-
device, two-device, and three-device configurations. Moreover,
we further visualize the VAE latent space and compare it with
PCA. Finally, a heatmap analysis is conducted to reveal the
correlation between UAV position and the system’s average
accuracy.

A. Simulation Setup

The simulated system comprises three ISAC devices and
one UAV. The UAV is initially positioned randomly within
a [-300 m, 300 m] square area at a fixed altitude of 80 m.
The devices are randomly located within a circular area of
a 50 m radius centered at [0, 0], while the target is placed
randomly within an annular region centered at [0, 0] with an
inner radius of 50 m and an outer radius of 100 m. All reported
inference accuracy results are averaged over 10 independent
runs. Following the high-fidelity wireless sensing simulation
methodology in [34], we construct a dataset for a five-class
human activity recognition task, including “standing,” “walk-
ing,” “running,” “waving,” and “sitting.” The resulting dataset
contains 12,000 samples from three edge devices. Each motion

realization is observed by three devices at fixed positions
around the target, producing three view-specific frames that are
subsequently fused through feature concatenation. The dataset
is partitioned at the motion-realization level using a strati-
fied 64/16/20 train-validation-test split, which is consistently
adopted for the DAE, CL-VAE, and multi-view CNN. For
each device, the DAE is trained separately on paired clean and
noisy frames, where the noisy frames are generated by adding
multipath clutter and Gaussian noise to the corresponding line-
of-sight frames. The DAE uses a learning rate of 10−4, a batch
size of 8, and 10 training epochs. The CL-VAE is trained on
the pooled denoised data with a learning rate of 10−4, a batch
size of 32, and 200 epochs. The multi-view CNN classifier
is trained on the concatenated latent features with a learning
rate of 10−3, a batch size of 64, and up to 50 epochs. Other
key parameters are summarized in Table I. All simulations are
performed on a desktop equipped with an Intel Core i7-13700
CPU, 16 GB RAM, and Windows 11, using Python 3.10.

B. Model Architectures

The DAE architecture consists of an encoder with three
convolutional layers followed by three pooling layers, and a
decoder with three transposed convolutional layers. A final
1×1 convolution layer is used to reconstruct the input. For the
VAE, the encoder comprises four convolutional and pooling
layers. The latent mean and log-variance are parameterized
by fully connected layers, with the decoder consisting of
transposed convolutions for reconstruction. The CNN classifier
is constructed from a stack of four convolutional and pooling
layers, followed by three fully connected layers.

C. Baselines and Proposed Scheme

The following baselines are used to evaluate the effects of
denoising, feature compression, and resource optimization.
Baseline 1 (No-DAE+VAE): The raw sensing data are directly
compressed by the CL-VAE without DAE-based denoising.
Baseline 2 (DAE+PCA): The sensing data are denoised by
the DAE and compressed using PCA with a fixed feature
dimension. This baseline represents the conventional fixed-
dimensional PCA-based design adopted in existing task-
oriented ISCC studies.
Baseline 3 (Equal+DAE+VAE): The system employs equal
resource allocation. The sensing data are first denoised using
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Fig. 5. Inference accuracy versus discriminant gain.

the DAE and then compressed through dimensionality reduc-
tion by the CL-VAE.
Baseline 4 (DAE+SupCon): The denoised sensing data are
encoded using supervised contrastive learning [35], which
encourages samples from the same class to have similar rep-
resentations while separating samples from different classes.
This scheme provides a non-generative learning-based feature-
compression baseline.
Baseline 5 (DAE+SAE): The denoised data are processed
by a supervised autoencoder with the same encoder-decoder
capacity as the proposed CL-VAE. The SAE uses a determin-
istic latent representation and is trained with reconstruction
and classification losses, without KL-divergence regularization
or center loss. This scheme evaluates whether reconstruction
and classification supervision alone can achieve performance
comparable to the complete CL-VAE.
Proposed Scheme: The data are processed by the DAE for
noise suppression and the CL-VAE for latent feature extrac-
tion. System resources are then optimally allocated according
to the proposed optimization algorithm.

D. Simulation Results

To comprehensively evaluate the effectiveness of the pro-
posed scheme, we first show the correlation between discrim-
inant gain and inference accuracy. Its classification accuracy
is then compared with the baseline methods under varying
bandwidth, energy consumption, and multi-view configura-
tions. In addition, to further demonstrate the VAE’s contri-
bution to system performance, we visualize its learned latent
space. Finally, a heatmap analysis is conducted to reveal the
correlation between UAV position and the resulting system
accuracy.

1) Correlation Between Discriminant Gain and Inference
Accuracy: The relationship between discriminant gain and
inference accuracy is shown in Fig. 5. As the discriminant gain
increases, the measured accuracy rises correspondingly, from
25.5% to 94.75% across the tested conditions. This strong
relationship is confirmed by a Spearman rank correlation
coefficient of 0.996, indicating a strong correlation between
discriminant gain and inference accuracy.
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Fig. 6. Accuracy under different bandwidth thresholds.
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Fig. 7. Accuracy under different energy thresholds.

2) Accuracy vs. Bandwidth Threshold: The total bandwidth
Btotal is set to {5MHz, 10MHz, 15MHz, 20MHz}. The clas-
sification accuracy achieved by different schemes under these
bandwidth settings is illustrated in Fig. 6. The proposed
scheme consistently outperforms all five baselines across all
bandwidth values. Among these, Baseline 1, which operates
without the DAE module, exhibits the lowest accuracy. The
superior performance of the DAE-equipped schemes highlights
the critical role of the DAE module in data preprocessing.
Additionally, Baseline 2 with PCA-based linear compression
performs worse than the schemes using nonlinear or task-
supervised latent representations, underscoring the necessity
of the proposed CL-VAE module in our system. A compar-
ison between the proposed scheme and Baseline 3 further
demonstrates the performance gain attributable to the proposed
optimization algorithm. Compared with DAE+SupCon and
DAE+SAE, it provides accuracy gains of 2.50%–7.75% and
4.50%–9.50%, respectively. These results show that the pro-

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3736281

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on October 01,2026 at 17:18:01 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON MOBILE COMPUTING 15

90.25
92

94.5

51.5

56.5
57.75

81.5

85.25

88.25

82.75

87.5
88.75

83.75
85.15

90.75

70.25

85.75

89

1 2 3

40

60

80

100

Ac
cu
ra
cy
 (
%)

Number of Devices

 Proposed Scheme
 Baseline 1: No-DAE+VAE
 Baseline 2: DAE+PCA
 Baseline 3: Equal+DAE+VAE
 Baseline 4: DAE+SupCon
 Baseline 5: DAE+SAE
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Fig. 9. VAE vs PCA latent space. (a) VAE. (b) PCA.

posed CL-VAE remains effective against both supervised con-
trastive learning and deterministic supervised autoencoding.
A general trend observed across all schemes is the monotonic
improvement in system accuracy with increasing bandwidth,
indicating that greater resource availability directly enhances
performance.

3) Accuracy vs. Energy Threshold: The relationship be-
tween energy thresholds and system accuracy is illustrated

TABLE II
ABLATION STUDY RESULTS.

Model λ1 λ2 λ3 λ4 Acc. (%)

Full CL-VAE 1.0 0.1 0.5 1.0 88.75
Std VAE 1.0 0.1 0 0 20.00
w/o Lrecon 0 0.1 0.5 1.0 82.58
w/o LKL 1.0 0 0.5 1.0 87.67
w/o Lcenter 1.0 0.1 0 1.0 85.50
w/o Lclass 1.0 0.1 0.5 0 20.00

Fig. 10. Sensitivity analysis of loss weights.

in Fig. 7. Overall, system accuracy is positively correlated
with the energy threshold. As observed in previous studies,
the baseline without the DAE module performs the worst.
However, the proposed scheme deviates from the other DAE-
equipped baselines as energy becomes more abundant, achiev-
ing significant performance gains. In particular, compared with
the supervised feature-compression baselines DAE+SupCon
and DAE+SAE, the proposed scheme achieves gains of
0.50%–3.25% and 2.75%–6.25%, respectively. The advantage
becomes more evident as the available energy increases,
indicating that the proposed latent representation can more
effectively utilize the allocated system resources. This result
underscores the effectiveness of our resource allocation al-
gorithm in leveraging available energy to maximize system
performance.

4) Accuracy under Single-View and Multi-View Configura-
tions: Fig. 8 illustrates the impact of the number of views
on system performance. The recognition accuracy consistently
improves as more views are incorporated, owing to the sup-
plementary information provided by additional perspectives
for the inference task. Under each view configuration, the
proposed scheme achieves the highest accuracy among all five
baselines, clearly demonstrating the superior effectiveness of
our approach. Notably, even in the single-view scenario, the
proposed scheme remains comparable to the strongest baseline
in the three-view configuration and outperforms the remain-
ing baselines in the three-view configuration, showing that
the proposed design can maintain high recognition accuracy
even with limited view information. Since the effects of the
DAE, CL-VAE, and optimization algorithm on performance
improvement have been thoroughly analyzed in the bandwidth-
accuracy subsection of this section, a similar trend is observed
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(a) (b) (c)
Fig. 11. Heatmaps of recognition accuracy under different UAV altitudes. (a) h=80m. (b) h=100m. (c) h=120m.

here and will not be further discussed. This range reflects the
small-team cooperative sensing scenario targeted in this work.
More devices can be added if higher accuracy is required,
but since three devices already achieve 94.5% accuracy, the
number of devices used in practice remains bounded, keeping
the solving complexity manageable.

The run-to-run variation in inference accuracy is small, with
the standard deviation remaining below 0.48 percentage points
for all schemes and settings. In addition, paired t-tests are
performed between the proposed scheme and DAE+SupCon,
the most competitive baseline, using matched random real-
izations, yielding p < 0.05 for all considered settings. These
results confirm that the observed accuracy improvements are
statistically significant.

5) Latent Space Visualization via VAE: To provide an
intuitive comparison of dimensionality reduction capabilities,
the latent spaces produced by both the VAE and PCA are
visualized in Fig. 9. The PCA projection shows considerable
overlap among several classes, whereas the VAE latent space
effectively separates the categories into distinct clusters.

6) Ablation Study and Sensitivity Analysis: To validate the
design of the CL-VAE loss function, we conduct an ablation
study and a sensitivity analysis of the loss weights.

Table II reports the test accuracy of six model variants,
each trained under identical conditions with one loss term
removed. Full CL VAE denotes the proposed model with all
loss terms included, while Std VAE refers to the standard VAE
without the center loss and classification loss. The prefix “w/o”
indicates that the corresponding term is excluded. All hyper-
parameters are fixed at the baseline values (λ1=1.0, λ2=0.1,
λ3=0.5, λ4=1.0). The full CL-VAE achieves the highest
accuracy of 88.75%, and every ablated variant performs worse,
confirming that each term makes an independent contribution
to the final performance. The substantial accuracy reduction
after removing Lclass shows that explicit classification super-
vision is essential for adapting the latent representation to the
downstream inference task. This is consistent with the design
objective of the CL-VAE, since the compressed latent features
are directly used for inference rather than for reconstructing
the original sensing data. Without Lcenter, the model retains the
reconstruction, KL-divergence, and classification losses and
achieves 85.50%. Adding the center loss further increases the
accuracy to 88.75%, demonstrating its additional contribution

to intra-class compactness. PCA and the standard VAE are
therefore interpreted as task-agnostic compression baselines,
whereas the variant without Lcenter provides a task-supervised
comparison.

To verify that the baseline weights are well-justified rather
than arbitrarily chosen, we sweep each λi independently over
one to two orders of magnitude while fixing the remaining
three parameters at their baseline values. The results are shown
in Fig. 10. The selected values achieve the best accuracy in
their respective sweeps, confirming that the weight configura-
tion is optimal within the searched range. Furthermore, aside
from the performance collapse observed at very small values
of λ4, where the classification signal is too weak to drive
discriminative learning, accuracy variations across all other
sweeps remain within 3%, demonstrating that the model is
robust to moderate perturbations of the loss weights.

7) Heatmap Analysis: UAV Position vs. Accuracy: Fig. 11
illustrates the relationship between UAV position and system
accuracy at different flight altitudes. The overall trend indicates
that the system accuracy improves as the UAV moves closer
to the ground devices. The proposed optimization algorithm
effectively identifies the optimal UAV position that maximizes
performance. Furthermore, a gradual decline in overall accu-
racy is observed as the UAV’s flight altitude increases.

VII. CONCLUSION

This paper proposes a UAV-assisted ISCC edge inference
framework, featuring a DAE+VAE-based sensing data process-
ing module. Following the direction of the data flow, we model
the sensing, communication, and computation processes and
formulate an optimization problem aimed at maximizing the
discriminant gain. The optimization jointly considers commu-
nication and sensing power allocation, communication time,
dimensionality reduction level, and UAV positioning. To solve
the formulated problem, a QTE-BCD algorithm is developed.
Simulation results verify the effectiveness of the proposed
framework and algorithm. Future work will further investi-
gate UAV-assisted ISCC edge inference, including multi-UAV
cooperative scenarios, mobile device settings such as vehicular
networks, as well as user privacy and security protection.
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