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Abstract—The rapid emergence of the low-altitude economy
(LAE) is enabling efficient and flexible applications via col-
laborative unmanned aerial vehicles (UAVs) operating in low-
altitude airspace. In multi-view edge inference, UAVs capture
data from diverse viewpoints and transmit features to an edge
server, which fuses multi-view features for accurate recognition.
However, the practical implementation is challenged by UAV-
specific constraints and model architecture, notably UAV deploy-
ment and the view-pooling layer. In this paper, we investigate the
joint design of UAV deployment and model architecture for multi-
view edge inference in a target recognition task. To accommodate
the UAV’s limited onboard resources, we adopt split inference. We
first derive a closed-form accuracy bound that incorporates both
the classification margin and the quantization error. We establish
a closed-form relation that explicitly links UAV deployment and
view-pooling layer placement to the classification margin. Then,
we characterize the quantization error introduced by feature
quantization during wireless transmission. Our analysis shows
that jointly optimizing these factors yields more discrimina-
tive features and a more effective model architecture, thereby
improving inference accuracy. Moreover, these design choices
collectively shape inference latency, revealing a tradeoff between
accuracy and latency. We formulate a joint UAV deployment
and model architecture optimization problem that minimizes
inference latency subject to an accuracy constraint. To solve
the resulting mixed-integer non-convex problem, we develop
an alternating optimization approach that decomposes it into
tractable subproblems. The proposed split, view-pooling, quan-
tization, and position (SVQP) scheme iteratively optimizes the
corresponding decision variables. Simulation results demonstrate
that the proposed SVQP scheme achieves the best tradeoff
between inference accuracy and latency compared with baselines.

Index Terms—Low-altitude economy, edge inference, multi-
view 3D shape recognition, UAV deployment design.

I. INTRODUCTION

The low-altitude economy (LAE) is an emerging ecosystem
characterized by unmanned aerial vehicles (UAVs), ground
stations, and other stakeholders conducting economic activ-
ities within open low-altitude airspace [1]–[3]. This paradigm
significantly enhances the speed, efficiency, and flexibility
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of operations in industries. Its realization is enabled by 6G
networks, which combine distributed sensing with artificial
intelligence (AI), providing an intelligent platform for diverse
inference tasks [4]–[7]. The integration of UAVs further en-
hances this platform through multi-view sensing, making it
especially effective for applications that require comprehensive
situational awareness, such as target recognition, autonomous
control, and autonomous driving. In a typical multi-view infer-
ence system, each UAV employs a lightweight sub-model to
extract features from its observations and wirelessly transmits
them to a server. The server then aggregates these features
through an sub-model, enabling efficient and accurate infer-
ence by pooling information from multiple UAV viewpoints.

Despite these benefits, the effective implementation of
multi-view edge inference in low-altitude airspace faces signif-
icant challenges arising from the UAV deployment and limited
onboard resources. First, UAV deployment affects inference
accuracy. Owing to practical constraints in positioning, the
data (e.g., images) collected by UAVs are strongly dependent
on their viewpoints, which are dictated by their positions.
Certain viewpoints capture more representative features of the
target and thus improve inference accuracy, whereas others
contribute less effectively. Second, UAV deployment affects
inference latency. The transmission rate of a UAV depends on
the quality of the wireless channel between the UAV and the
server. Larger elevation angles favor line-of-sight (LOS) links,
resulting in higher transmission rate [8]. However, prioritizing
communication efficiency can constrain the UAVs to subopti-
mal sensing viewpoints, thereby degrading inference accuracy.
Consequently, UAV deployment should balance a fundamental
tradeoff between inference accuracy and inference latency.
Third, limited onboard resources on UAVs constrain inference
efficiency. The UAVs operate under strict power and hardware
constraints that limit both intermediate feature transmission
and onboard computation, ultimately reducing inference ef-
ficiency. Split inference for multi-view models is an effec-
tive approach to alleviate communication and computation
burdens. However, the model architecture, specifically the
choice of split layer and view-pooling layer, influences the
inference accuracy. Therefore, achieving efficient and accurate
multi-view edge inference requires joint optimization of UAV
deployment and the model architecture.

Prior works [9]–[14] have primarily focused on miti-
gating communication and computation bottlenecks arising
from high-dimensional feature transmission and the time-
consuming loading of models. For instance, efficient feature
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extraction [9]–[11] ensures that only task-relevant informa-
tion is transmitted, reducing payload size and computational
overhead. Sensor scheduling strategies [12] further decrease
bandwidth usage by minimizing the number of concurrently
active transmitters. Over-the-air computation (AirComp) [13],
[14] enables air aggregation, improving the efficiency of
transmission. Moreover, inference accuracy characterization
has been studied in task-oriented edge AI systems [15]–[20].
These studies aim to establish analytical relationships between
inference performance and key system factors, such as sensing
quality, communication distortion, computation capability, and
feature compression. However, these studies rarely account
for UAV mobility when UAVs are used as sensing assets.
The joint impact of UAV deployment and model architecture
on inference performance remains unexplored. Therefore, we
aim to optimize UAV deployment and model architecture to
enhance performance in multi-view edge inference systems.

A. Contributions

In this paper, we propose a novel target recognition ap-
proach for a multi-view edge inference system comprising
multiple UAVs and an edge server. Each UAV acts as a
distributed sensor, capturing the same target from different
viewpoints. We employ a multi-view convolutional neural
network (MVCNN) within a split inference framework. Each
UAV runs a lightweight sub-model to extract features from
its observations, applies quantization to compress the features,
and transmits them to the server. The server hosts an additional
sub-model with a view-pooling layer that aggregates the
received features to perform the final inference. In this frame-
work, inference accuracy is determined by the sensing data
and the model architecture, which depends on the UAV de-
ployment, split layer, and view-pooling layer. We analytically
establish a closed-form relationship between these factors and
the classification margin, a central factor influencing inference
accuracy. In addition, we evaluate how feature quantization
in transmission deteriorates inference accuracy. These design
parameters also affect inference latency, revealing the tradeoff
between accuracy and latency. We minimize latency under an
accuracy constraint by jointly optimizing UAV deployment,
split layer, view-pooling layer, and quantization level.

We summarize the key results and contributions as follows:
• Explicit characterization of inference accuracy: We

analyze inference accuracy via the classification margin
and quantization error. First, we derive a closed-form
relation that explicitly connects UAV deployment and
view-pooling layer placement to the classification margin.
Second, we characterize the quantization error introduced
by feature quantization during wireless transmission. Our
analysis reveals how these factors jointly influence in-
ference accuracy, and shows that optimizing them yields
more discriminative features and a more effective model
architecture, thereby improving inference accuracy.

• Inference accuracy-latency tradeoff: Based on the
above theoretical results of inference accuracy, we for-
mulate a joint UAV deployment and model architecture
optimization problem that minimizes inference latency

subject to an accuracy constraint. To address this mixed-
integer non-convex problem, we adopt an alternating op-
timization approach and decompose it into three subprob-
lems that optimize: (i) the split layer and view-pooling
layer placement, (ii) the quantization level, and (iii) the
UAV positions. The proposed scheme can efficiently
compute high-quality suboptimal solutions.

• Performance evaluation: We validate our approach on
selected real-world datasets with extensive simulations for
a multi-view target recognition task. The results show
that our split, view-pooling, quantization, and position
optimization (SVQP) scheme achieves a superior tradeoff
between inference accuracy and latency compared to
other baseline schemes.

The rest of this paper is organized as follows. Section II
reviews the related work. Section III introduces the system
model. Section IV presents the theoretical analysis of the infer-
ence accuracy. Section V establishes the problem formulation
and optimization. Section VI discusses the simulation results,
and Section VII concludes this paper.

II. RELATED WORKS

Studies on multi-view edge inference commonly adopt the
MVCNN, which fuses features from distributed sensors into
a global feature map for server side inference [12], [21],
[22]. Most existing work targets the communication and
computation bottlenecks that arise during inference. Typical
mitigation strategies include efficient feature extraction [9]–
[11], sensor scheduling [12], and over-the-air computation
(AirComp) [13], [14], [17]. Feature extraction: In [9], the
feature extraction and encoding process is optimized to ensure
that only inference-relevant information is transmitted. The
work in [10] introduced a significance-aware approximation
across multiple nodes, reducing the design space by accounting
for the nonuniform contributions of different views to the
inference. Similarly, [11] proposed significance-aware fea-
ture selection to improve the efficiency of multi-view object
detection. Sensor scheduling: In [12], a bandwidth-efficient
framework is presented that learns optimal group construction
and communication timing. AirComp: In [13], importance-
aware beamforming is enabled by considering the average
discrimination gain per feature dimension. The work in [14]
employed AirComp for feature aggregation and adopted batch
processing to reduce memory access during the inference.

Inference accuracy characterization has recently been stud-
ied in task-oriented edge AI systems. In [15], the authors
characterized the inference performance of multi-device edge
AI by adopting discriminant gain and derived its closed-form
relationship with sensing, communication, computation, and
quantized feature transmission. The work in [16] investigated
energy-efficient edge inference with adjustable split infer-
ence, model pruning, and feature quantization, and derived
an explicit approximation of inference accuracy. In [17], the
authors proposed over-the-air multi-view pooling and applied
classification-margin theory to relate aggregation errors to
classification accuracy. In [18], they analyzed the view-and-
channel aggregation gain in integrated sensing and edge AI by
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Fig. 1. Multi-view edge inference system in low-altitude airspace.

characterizing end-to-end inference uncertainty and discrimi-
nant gain. Moreover, split-inference studies such as [19], [20]
investigated feature transmission and feature compression to
improve the latency-accuracy tradeoff.

However, these works do not explicitly characterize the
inference accuracy under the impact of UAV positions. This
limitation can substantially impact inference accuracy, as UAV
deployment directly shapes the sensing data. Moreover, the
joint impact of UAV deployment and model architecture on
inference performance remains unexplored. Therefore, we aim
to address the open problem of optimizing UAV deployment
and model architecture to enhance performance in multi-view
edge inference systems.

III. SYSTEM MODEL

As shown in Fig. 1, we consider a multi-view edge inference
system operating in low-altitude airspace with K UAVs and
an edge server. Let the UAV set be K = {1, 2, · · · ,K}.
The UAVs collaborate with the edge server to execute a
joint inference task. Specifically, each UAV acquires data of
a common target from its own viewpoint and extracts local
features using a lightweight sub-model. Then, the edge server
aggregates the received features via its sub-model to perform
inference by fusing information across UAV perspectives.
This architecture supports accurate and efficient inference for
applications, such as multi-view object detection in security
networks and vehicle re-identification in urban surveillance.

A. Multi-view & Split Inference Model

We consider the multi-view convolutional neural network
(MVCNN) architecture for the edge inference [21]. We employ
a pre-trained MVCNN model with a view-pooling layer at lv ∈
L, where L = {1, . . . , L} indexes the model layers. The view-
pooling layer aggregates features across views using average,
max, or other pooling strategies. Moreover, limited onboard
computation on UAVs and wireless resource constraints for
transmitting high-dimensional data to the server make low-
latency inference challenging. To mitigate these issues, we
split the MVCNN at a split layer ls ∈ L. The sub-model
comprising layers LUAV = {1, · · · , ls} is deployed on the
UAV, while the remaining layers Lserver = {ls + 1, · · · , L}
is executed on the edge server. The split is chosen to occur
before the view-pooling layer, i.e., ls ≤ lv, ls, lv ∈ L.

B. Sensing Model

The UAVs are uniformly deployed around the target and si-
multaneously sense data from distinct viewpoints. We consider
that the UAVs remain stationary during the sensing process.
This assumption is reasonable for the considered multi-view
target recognition task, since the UAVs only need to capture
images of the target from different viewpoints within a short
sensing duration. Therefore, even when the target is moving,
e.g., a vehicle or pedestrian, the proposed method can recog-
nize the target based on its instantaneous state at the sensing
time. This model can also be extended to more dynamic
scenarios, such as target tracking and continuous recognition,
by incorporating UAV trajectory control [23].

The sub-model deployed on UAV k takes the captured
image as input and produces a feature vector fk(ls) =
[fk,1, · · · , fk,N(ls)] ∈ RN(ls), where N(ls) denotes the di-
mensionality of the feature at the split layer ls. Let N (ls) =
{1, · · · , N(ls)} denote the index set of feature dimensions at
ls. Moreover, each element of the output feature is bounded
as |fk,n| ∈ [f

k,n
, fk,n],∀n ∈ N (ls). With q quantization

bits, we define the set of quantization levels {δ0, · · · , δ2q−1},
which are uniformly spaced over the interval [f

k,n
, fk,n].

Specifically, each level is given by δi = f
k,n

+ i×
f
k,n

−fk,n

2q−1 ,
i = 0, · · · , 2q−1. Given an arbitrary feature fk,n ∈ [δj , δj+1),
its quantized representation is assigned as [24], [25]

Q(fk,n) =

{
sign(fk,n)× δi, w.p. δi+1−|fk,n|

δi+1−δi
,

sign(fk,n)× δi+1, w.p. |fk,n|−δi
δi+1−δi

,
(1)

where sign(·) denotes the signum function. Based on (1), the
quantized feature of UAV k is expressed as Q(fk(ls)) ≜
[Q(fk,1), · · · , Q(fk,N(ls))]. The server then receives the set
of quantized feature {Q(fk(ls)),∀k ∈ K} and processes them
through the subsequent layers of the model.

C. Communication Model

We denote the three-dimensional positions of UAV k and the
server as uk = (xk, yk, zk) and s = (xs, ys, zs), respectively,
where zk and zs denote their respective altitudes. The channel
between UAV k and the server can be either line-of-sight
(LOS) or non-line-of-sight (NLOS). The LOS probability
between UAV k and the server is given by [8]

qk(uk) =
1

1 + ψ exp(−ζ[θc,k(uk)− ψ])
, (2)

where θc,k(uk) =
180◦

π ×sin−1
∣∣∣ zu,k−zs

dc,k

∣∣∣ is the communication
elevation angle, and dc,k = ∥uk − s∥ is the Euclidean
distance between UAV k and the server. Moreover, the NLOS
probability is 1− qk(uk). The average channel gain between
UAV k and the server is [26], [27]

hk(uk) =
(K0dc,k)

−α

η1qk(uk) + η2(1− qk(uk))
, (3)

where K0 = 4πfc
c , fc is the carrier frequency, c is the speed

of light, and α is the path loss exponent of the link between
the UAV and the server. Here, η1 and η2 (η2 > η1 > 1)
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represent the excessive path loss coefficients for LOS and
NLOS cases1, respectively, which account for shadowing and
reflection effects [8], [28]. Moreover, we assume that each
UAV is allocated a dedicated sub-channel with bandwidth Bk

for feature transmission. Suppose that UAV k uploads the
feature to the server with power pk > 0. The received rate
at the server from UAV k is2

rk(uk, pk) = Bk log

(
1 +

pkhk(uk)

BkN0

)
, (4)

where N0 is the noise power spectral density.

D. Inference Latency

In our system, the end-to-end inference latency comprises
three components: 1) the delay incurred by model inference on
the UAVs, 2) the delay caused by feature transmission between
the UAVs and the server, and 3) the delay incurred by model
inference on the server.

• UAV computation time: The computational overhead on
each UAV is estimated based on the number of floating-
point operations (FLOPs) required by its neural net-
work layers. The computational workload of each layer
i ∈ {1, . . . , ls} denoted as λki, includes operations from
convolutional layer fconv, pooling layer fpool, and ReLU
layer frelu. We define vk as the computation capacity of
each UAV k. The inference latency on UAV k is [29]

T cp
k (ls, vk) =

∑
i∈LUAV

λki
vk
, (5)

where λki = wi1fconv + wi2fpool + wi3frelu, and
wi1, wi2, wi3 denote the number of convolutional layers,
pooling layers, and ReLU layers, respectively. Here,
wi1 + wi2 + wi3 = ls.

• Network transmission time: Each UAV uploads its quan-
tized feature Q(fk(ls)) to the server. According to (1),
let µ be the number of bits used to represent sign(fk,n),
f
k,n

, and fk,n. Since each vector contains N(ls) entries,
it requires N(ls)q + µ bits to encode these parts [24].
Therefore, the transmission time for UAV k’s feature is

T cm
k (ls, q,uk, pk) =

N(ls)q + µ

rk(uk, pk)
. (6)

• Server computation time: For the server, the computa-
tional workload of each layer i ∈ {ls, . . . , L} denoted
as λs,i, includes operations from fconv, fpool, frelu, fully-
connected layer fconn, and a softmax layer fsoftmax. We
define vs as the computation capacity of the server. The
inference latency on the server is [29], [30]

T cp
s (ls) =

∑
i∈Lserver

λsi
vs
, (7)

where λsi = wi4fconv + wi5fpool + wi6frelu + wi7fconn +
fsoftmax, and wi4, wi5, wi6, wi7 denote the number of

1The parameters η1 and η2 can be adjusted to simplify the model to the
LoS case.

2Each UAV uploads its quantized feature within one uplink transmission
phase using OFDM-based wireless transmission. In practice, the payload can
be packetized and transmitted over multiple OFDM symbols or frames.

convolutional layers, pooling layers, ReLU layers, fully-
connected layers, and softmax layer, respectively. Here,
wi4 + wi5 + wi6 + wi7 = L− ls.

Above all, the inference latency is3

T (ls, q, {uk}, {pk}, {vk})
= max

k∈K
{T cp

k (ls, vk)+T
cm
k (ls, q,uk, pk)+T

cp
s (ls)} . (8)

IV. INFERENCE ACCURACY ANALYSIS

In this section, we analyze the inference accuracy and derive
a closed-form lower bound. In Section IV-A, we introduce
an inference accuracy metric that jointly captures the effects
of the split layer, view-pooling layer, quantization, and UAV
positions. In Sections IV-B and IV-C, we present lower bounds
for the quantization error and the classification margin, respec-
tively. In Section IV-D, we combine these results to provide a
closed-form bound for inference accuracy.

A. Metric of Inference Accuracy

We analyze factors affecting inference accuracy by focus-
ing on classification tasks as a representative case. Specifi-
cally, the UAVs quantize features before transmission to the
server, introducing quantization errors. The quantized feature
{Q(fk(ls)),∀k ∈ K} are first processed by the intermediate
layers from ls to lv . The resulting features are then aggregated
by the view-pooling operation to produce a single feature vec-
tor at layer lv . Let cpar(·, lv) denote the partial MVCNN from
layer ls up to lv (exclusive). Feature pooling is implemented
via average-pooling given by4

ĝ(lv) ≜
1

K

∑
k∈K

cpar(Q(fk(ls)), lv), (9)

where Q(fk(ls)) serves as the input to the partial model
cpar(·, lv). The pooled feature vector is then processed by the
remaining layers to produce the final inference result.

To assess the theoretical impact on inference accuracy, we
introduce the classification margin, defined as the minimum
distance from any feature vector to the decision boundary [17].
Accordingly, a sufficient condition for correct classification of
ĝ(lv) is that its error induced by quantization and intermediate
processing remains strictly smaller than the margin, i.e.,

∥ĝ(lv)− g(lv)∥2 ≤ ∆(lv, {uk}), (10)

where g(lv) denotes the unquantized feature, defined analo-
gously to (9). The quantization error ∥ĝ(lv)−g(lv)∥2 depends
on the split layer ls, the view-pooling layer lv , and the
quantization level q. The classification margin ∆(lv, {uk})
depends on the model architecture determined by lv , and on
the sensed data determined by the UAV position {uk}. We
present a lower bound for the inference accuracy as follows.

Lemma 1. The lower bound of inference accuracy under
multi-view edge inference system is

Rview (ls, lv, q, {uk})

3For brevity, we write {uk}, {pk}, and {vk} to denote {uk,∀k ∈ K},
{pk,∀k ∈ K}, and {vk, ∀k ∈ K}, respectively.

4The analysis readily extends to max-pooling and other pooling strategies;
average-pooling is adopted here for concreteness.
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≥ R0 (lv, {uk}) Pr [∥ĝ(lv)− g(lv)∥2 ≤ ∆(lv, {uk})]

≥ R0 (lv, {uk})

(
1−

E
[
∥ĝ(lv)− g(lv)∥22

]
∆2(lv, {uk})

)
, (11)

where R0 (lv, {uk}) denotes the correct classification prob-
ability for a input sample sensed by UAVs at {uk} using a
MVCNN model with view-pooling at layer lv . This corresponds
to the ideal scenario in which no quantization error occurs
during task inference. Moreover, the lower bound in (11)
is applicable to a broad class of multi-view target recogni-
tion models that map multiple rendered views into a feature
representation followed by a classifier, including those using
visual geometry group network (VGG), MobileNet, or vision
transformer (ViT) as the backbone network.

Proof. By applying the well-known Markov’s inequality, the
inequality can be derived.

Next, we analyze the quantization error and the classifica-
tion margin in the following.

B. Quantization Error

According to the stochastic quantization method [24], the
expected squared norm of quantization error is bounded by

E
[
∥ĝ(lv)− g(lv)∥22

]
≤ 1

K

∑
k∈K

∑
n∈N (ls)

(fk,n − f
k,n

)2

4(2q − 1)2
σ, (12)

where fk,n and f
k,n

denote the maximum and the minimum
of feature element fk,n for n ∈ N (ls), respectively. Here, σ ≜

sup
x∈Ω

∥Jpar(x, lv)∥22, and Jpar(x, lv) =
lv∏

l=ls+1

∂ϕl(wl−1)
∂wl−1

de-

notes the Jacobian matrix (JM) of the partial model cpar(·, lv).
The function ϕl(·) represents the l-th layer mapping, and wl is
the output of the l-th layer. The dataset Ω = conv(X ({uk}))
consists of samples sensed by UAVs positioned at {uk}.

Proof. According to (9), the expected squared norm of the
quantization error can be written as [31]

E
[
∥ĝ(lv)− g(lv)∥22

]
= E

∥∥∥∥∥ 1

K

∑
k∈K

(cpar(Q(fk(ls)), lv)− cpar(fk(ls), lv))

∥∥∥∥∥
2

2


≤ 1

K

∑
k∈K

E
[
∥cpar(Q(fk(ls)))− cpar(fk(ls))∥22

]
(13)

where the inequality follows from Jensen’s inequality. Based
on Theorem 3 in [31], we have

E
[
∥cpar(Q(fk(ls)))−cpar(fk(ls))∥22

]
≤ σ · E

[
|cpar(Q(fk,n), lv)− cpar(fk,n, lv)|2

]
, (14)

where σ = sup
x∈Ω

∥Jpar(x, lv)∥22, Jpar(x, lv) =
lv∏

l=ls+1

∂ϕl(wl−1)
∂wl−1

is the JM of the partial model cpar(·, lv), comprising layers
from ls up to (but excluding) lv . Here, ϕl(·) represents the
function at the l-th layer, and wl denotes the output of the
l-th layer. The dataset Ω = conv(X ({uk})) consists of data

acquired by UAVs positioned at {uk}. Moreover, with the
stochastic quantization in (1), the quantization error for each
element n is bounded by [24]

E
[
|Q(fk,n)− fk,n|2

]
≤ (

δi − δi+1

2
)2, (15)

where δi − δi+1 =
fk,n−f

k,n

2q−1 . Substituting (14) and (15) into
(13), we have (12). Given the complexity of σ, we treat it as
a constant, estimated empirically through simulation.

C. Classification Margin

Let the set of images captured from different views of
target j be {(xkj(uk), ykj),∀k ∈ K}, where xkj(uk) is
the image acquired by UAV k at position uk, and ykj is
its classification label. The intuition is to identify a single
most representative data point sj = (xj({uk}), yj) for the
set {(xkj(uk), ykj),∀k ∈ K}, ensuring consistent inference
labels across all views, i.e., yj = ykj ,∀k ∈ K. We apply
the score concept from [31] to derive a lower bound on
the classification margin. This facilitates analysis of how the
choices of lv and {uk} affect the margin. Based on this
framework, we present the following proposition.

Proposition 1. In the multi-view edge inference system, the
classification margin of the MVCNN model with view-pooling
layer lv on the entire dataset Ω is bounded by

∆(lv, {uk})>
A−B× max

xkj(uk)∈Ω
∥xkj(uk)−xj({uk})∥2

sup
x∈Ω

∥J(x, lv)∥2
, (16)

where A = min
xkj(uk)∈Ω

o((xkj(uk), ykj), l
′) − 2∥ξ∥2 and

B = 2 sup
x∈Ω

∥J(x, l′)∥2. Here, o((xkj(uk), ykj), l
′) denotes

the score of sample (xkj(uk), ykj) under the reference (no
pooling) model, i.e., l′ = 0. The dataset’s minimum score is
lower bounded by a constant, and the vector ξ is also constant.
The Jacobians J(x, l′) and J(x, lv) are those of the reference
and MVCNN models, respectively.

Proof. To derive a closed-form expression for the classifica-
tion margin, we adopt the score concept from [31]. Consider an
MVCNN model c(x, lv) with a view-pooling layer at lv , which
classifies target j using the sample set {(xkj(uk), ykj),∀k ∈
K} with the score

o(sj , lv,uk) = min
τ ̸=yj

√
2(δyj

− δτ )
T c (xj({uk}), lv) , (17)

where δτ ∈ RC denotess the Kronecker delta vector with
(δτ )τ = 1. Since the features are pooled at layer lv , all samples
in the set {(xkj(uk), ykj), k ∈ K} share the same score.
Accordingly, we define o(sj , lv,uk) as the collective score
for this set. Based on Theorem 4 in [31], the classification
margin of the set {(xkj(uk), ykj),∀k ∈ K} is

∆(sj , lv, {uk}) ≥
o(sj , lv, {uk})
sup
x∈Ω

∥J(x, lv)∥2
, (18)
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Fig. 2. The disturbance vs. average-pooling layer lv under different elevation
angle θs,k(uk).

where J(x, lv) =
L∏

l=lv+1

d ϕl(wl−1,lv)
dwl−1

denote the JM of the

server-side sub-model. Here, ϕl(·) is the mapping implemented
by the l-th layer, and wl denotes the output at layer l.

Next, we introduce a reference score o((xkj(uk), ykj), l
′)

to facilitate deriving the closed-form in (18). This score is
the output for the sample (xkj(uk), ykj) produced by the
reference model without view pooling layer , i.e., l′ = 0.
Then, (18) can be reformulated as

∆(sj , lv, {uk})

≥o ((xkj(uk),ykj),l
′)+o(sj ,lv,{uk})−o ((xkj(uk),ykj),l

′)

sup
x∈Ω

∥J(x, lv)∥2
. (19)

Substituting (17) into (19), we have

o(sj , lv, {uk})− o ((xkj(uk), ykj), l
′)

=min
τ ̸=yj

√
2(δyj

−δτ )T(c(xj({uk}), lv)−c(xkj(uk), l
′)). (20)

Moreover, (20) is equivalent to

−max
τ ̸=yj

√
2(δyj

−δτ )T(c(xkj(uk), l
′)−(c(xj({uk}), l′)+ξ))

≥−max
τ ̸=yj

∥
√
2(δyj

−δτ)T∥2∥c(xkj(uk), l
′)−c(xj({uk}), l′)−ξ∥2

≥−max
τ ̸=yj

∥
√
2(δyj

−δτ)T∥2
(
∥c(xkj(uk),l

′)−c(xj({uk}),l′)∥2+∥ξ∥2
)

≥−2∥ξ∥2 − 2 sup
x∈Ω

∥J(x, l′)∥2 ∥xkj(uk)− xj(uk)∥2. (21)

The above approximation first is obtained by setting
c(xj({uk}), lv) = c(xj({uk}), l′) + ξ, where ξ captures
the logit discrepancy between the model with view-pooling
layer lv and the reference model. Then, it follows directly
from the Cauchy-Schwarz inequality, a⊤b ≤ ∥a∥2∥b∥2.
Next, it follows from the triangle inequality, ∥a + b∥2 ≤
∥a∥2 + ∥b∥2. According to Corollary 2 in [31], the differ-
ence between the model outputs satisfies ∥c(xkj(uk), l

′) −
c(xj({uk}), l′)∥2 ≤ sup

x∈Ω
∥J(x, l′)∥2 ∥xkj(uk)−xj(uk)∥2,

which yields (21). Moreover, o((xkj(uk), ykj), l
′), 2∥ξ∥2, and

2 sup
x∈Ω

∥J(x, l′)∥2 are constants that can be determined via

simulation. Since the lower bound in (21) is derived over the
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Fig. 3. The disturbance vs. max-pooling layer lv under different elevation
angle θs,k(uk).

set {(xkj(uk), ykj),∀k ∈ K}, all data samples must be con-
sidered. Thus, the classification margin for the entire dataset
is (16), where A = min

xkj(uk)∈Ω
o ((xkj(uk), ykj), l

′)−2∥ξ∥2,

B=2 sup
x∈Ω

∥J(x, l′)∥2.

Remark 1. From (16), the classification margin is dominated
by two terms: 1) The disturbance max

xkj(uk)∈Ω
∥xkj(uk) −

xj({uk})∥2 quantifies the fidelity of the feature representation
after the view-pooling layer. Smaller values indicate that the
pooled features preserve more information from the inputs
and are therefore more representative. It is determined by the
data collected by UAVs at position {uk}. 2) The supremum of
the Jacobian norm sup

x∈Ω
∥J(x, ℓv)∥2 characterizes the worst-

case local sensitivity of the model. Smaller values correspond
to increased robustness to infinitesimal input perturbations.
Otherwise, the model is more sensitive (i.e., less robust). It
depends on the model, particularly on where view-pooling
layer lv is applied.

Although the key factors shaping the classification margin
are identified, establishing a closed-form relationship among
lv , {uk}, and the margin remains nontrivial, given the lack of
explicit analytical expressions. Accordingly, we complement
our theoretical discussion with qualitative analysis and use
simulations to elucidate the functional dependencies.

1) max
xkj(uk)∈Ω

∥xkj(uk)− xj({uk})∥2: From (16), a

smaller value of this term increases the lower bound
of ∆(lv, {uk}), thereby enhancing the model’s ability to
separate classes. We evaluate multiple view-pooling strategies,
including average-pooling and max-pooling, spanning multi-
view data generation, model training, and curve fitting (see
Appendix in the online supplemental material for details).

Fig. 2 and Fig. 3 illustrate how max
xkj(uk)∈Ω

∥xkj(uk) −

xj({uk})∥2 varies with the view-pooling layer lv and the
sensing elevation angle θs,k(uk)=90◦−180◦

π ×sin−1 | zu,k−zv
d0

|,
where the target is located at v = (xv, yv, zv), zk and zv
denote the altitudes of UAV k and the target, respectively, and
d0 denotes the distance between UAV k and the target. The
results reveal two key observations: 1) It increases at first and
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Fig. 4. The supremum of the Jacobian norm vs. average-pooling layer lv
under different elevation angle θs,k(uk).

then decreases as lv moves deeper. This indicates that both
early (lv = Conv1) and late (lv = Conv5) view-pooling layers
yield more representative features: shallow layers preserve
richer input details, while deeper layers capture higher-level
abstractions5. 2) It decreases as θs,k(uk) decreases. Smaller
angles lead to more similar multi-view images, reducing cross-
view diversity and thus lowering the disturbance. In the
limiting case θs,k(uk) = 0◦, the multi-view setting collapses
to a single view, making the features nearly identical. Based
on these observations, the disturbance is well approximated
by a Gaussian function

max
xkj(uk)∈Ω

∥xkj(uk)− xj({uk})∥2

≜ αDist exp

(
−
(
lv − βDist

γDist

)2
)
, (23)

where αDist > 0, βDist > 0, and γDist > 0 are fitting parameters
dependent on θs,k(uk). For any fixed θs,k(uk), they can be
estimated via minimum mean square error (MMSE) method.

2) sup
x∈Ω

∥J(x, lv)∥2: From (16), a smaller value of this term

raises the lower bound of ∆(lv, {uk}), thereby enhancing the
model’s ability to separate classes. We empirically estimate the
supremum of the Jacobian norm (see Appendix in the online
supplemental material for details).

Fig. 4 and Fig. 5 show how sup
x∈Ω

∥J(x, lv)∥2 varies with

lv and θs,k(uk). The results reveal two key observations:
1) It first decreases and then increases as lv deepens. 2) It

5For analytical convenience, we assume that both splitting and view pooling
are applied after the convolutional blocks in the MVCNN model; that is,
ls, lv ∈ L = {Conv1,Conv2, . . .} [21].
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Fig. 5. The supremum of the Jacobian norm vs. max-pooling layer lv under
different elevation angle θs,k(uk).

decreases as θs,k(uk) increases6. As θs,k(uk) increases, re-
flecting greater multi-view diversity, these results indicate that
training with more diverse samples enhances generalization
and robustness. Based on these observations, the supremum of
Jacobian norm is well approximated by a quadratic function

sup
x∈Ω

∥J(x, lv)∥2 ≜ αJM × l2v + βJM × lv + γJM, (24)

where αJM ≥ 0, βJM, and γJM > 0 are fitting parameters
dependent on θs,k(uk). For any fixed θs,k(uk), they can be
estimated via the MMSE method.

Next, substituting (23) and (24) into (16), we obtain the
lower bound on the classification margin

∆(lv, {uk}) >
A−B × αDist × exp

(
−
(

lv−βDist
γDist

)2)
αJM × l2v + βJM × lv + γJM

. (25)

D. Inference Accuracy

Leveraging (12) for the quantization error and (25) for
the classification margin, we derive the lower bound on
the classification accuracy in (11) as (22). We approximate
R̂0 by the minimum of R0(lv, {uk}) obtained from sim-
ulations. Moreover, due to model normalization leading to
comparable output-feature statistics across layers, we adopt
(fk,n − f

k,n
)2 = (fmax − fmin)

2, ∀ls ∈ L, ∀k ∈ K [16].
This assumption supports the simplified inference accuracy
expression in (22).

6It depends on the training dataset; our analysis extends to other settings.

Rview(ls, lv, q, {uk}) ≥ R̂0

1− N(ls)(fmax − fmin)
2

4(2q − 1)2
× σ(αJMl

2
v + βJMlv + γJM)2(

A−B × αDist exp

(
−
(

lv−βDist
γDist

)2))2

 . (22)
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V. PROBLEM FORMULATION AND OPTIMIZATION

In this section, we formulate the inference latency mini-
mization problem and solve it via alternating optimization. In
Section V-A, we present the formulation that minimizes the
inference latency subject to an inference accuracy constraint.
In Sections V-B, V-C, and V-D, we decompose the prob-
lem into three subproblems and sequentially optimize their
respective variables. In Section V-E, we introduce the split,
view-pooling, quantization, and position (SVQP) optimization
scheme, which efficiently yields a suboptimal solution.

A. Problem Formulation

We aim to minimize the inference latency subject to an
accuracy threshold by jointly optimizing split layer ls, view-
pooling layer lv , quantization level q, UAV position {uk},
transmission power {pk}, and computation capacity {vk}.

P1: min
ls,lv,q,

{uk},{pk},{vk}

T (ls, q, {uk}, {pk}, {vk})

s.t. Rview(ls, lv, q, {uk}) ≥ Rc, (26a)

|φs,k(uk)−φs,k+1(uk+1)|=
2π

K
, k∈K\{K}, (26b)

θs,k(uk) = θs,k′(uk′),∀k, k′ ∈ K, (26c)
pk ≤ Pk,max,∀k ∈ K, (26d)
vk ≤ Vk,max,∀k ∈ K, (26e)
ls ≤ lv,∀ls, lv ∈ L, (26f)

q ∈ Z+. (26g)

Constraint (26a) enforces that the inference accuracy
Rview(ls, lv, q, {uk}) meets the threshold Rc. Constraint (26b)
ensures that the UAVs are uniformly distributed around the
target, i.e., the azimuth angle φs,k(uk) between UAV k and the
target are equally spaced at intervals of 2π

K radians. Constraint
(26c) imposes that the elevation angle θs,k(uk) between UAV
k and the target are identical for all k. Constraints (26d)
and (26e) bound each UAV’s transmit power and computation
capacity by Pk,max and Vk,max. Constraint (26f) restricts the
choices of split layer ls and view-pooling layer lv , and (26g)
enforces quantization level q to be an integer variable.

The objective in P1 is consistent with reducing the energy
consumption of UAVs. The reason is that, during inference,
the energy consumption of onboard computation and wireless
communication is usually on the order of a few watts, which is
much smaller than the hovering power of UAVs, typically on
the order of hundreds of watts [32]. Since each UAV hovers
at its optimized position with a fixed power setting during
the inference process, the total UAV energy consumption
is mainly dominated by the hovering duration. Therefore,
minimizing the inference latency can effectively reduce the
energy consumption of UAVs.

Moreover, the objective and constraint (26a) in P1 are
complicated by the coupling among ls, lv , q, and {uk}, with q
further restricted to integers. Therefore, P1 is a mixed-integer
non-convex problem, making global optimization challenging.
To address this, we adopt an alternating optimization approach,
sequentially optimizing the decision variables to minimize the

Algorithm 1: Split and View-pooling Layer Optimiza-
tion

Input: Quantization level q; UAV position {uk};
transmission power p∗k = Pk,max,∀k ∈ K;
computation capacity v∗k = Vk,max,∀k ∈ K;
threshold Rc; probability R̂0; parameters
A,B, αDist, βDist, γDist, αJM, βJM, γJM;

1 for lv ∈ L do
2 Initialize iteration index j;
3 Compute lower bound of ls as ljlow based on (28);
4 Set upper bound of ls as ljup based on (26f);
5 if ljlow ≤ ljup then
6 Determine the optimal ljs;
7 Calculate inference latency

T j(ljs, q, {uk}, {p∗k}, {v∗k});

8 Determine l∗s = ljs, l
∗
v = ljv ,

j = argmin
j=1,...,L

T j(ljs, q, {uk}, {p∗k}, {v∗k});

Output: Optimal split layer l∗s , view-pooling layer l∗v .

objective. Next, we detail how these variables impact inference
accuracy and latency.

Remark 2. The tradeoff between inference accuracy and
inference latency. From (22), the split layer ls, quan-
tization level q, and UAV position {uk} jointly deter-
mine the accuracy Rview(ls, lv, q, {uk}) and the latency
T (ls, q, {uk}, {pk}, {vk}). 1) Increasing either ls or q mit-
igates quantization error and thus enhances accuracy. How-
ever, a larger ls relocates more layers to the onboard sub-
model, elevating the UAV’s computation burden and incur-
ring longer UAV inference time. While a higher q expands
the feature payload size, prolonging uplink transmission and
overall delay. 2) The well-chosen {uk} that captures more
diverse sensing views can boost accuracy. However, such
viewpoints may degrade the uplink channel to the server,
thereby increasing communication time. 3) The view-pooling
layer lv also affects this tradeoff. An early lv may fuse low-
level features with limited semantic information, degrading
accuracy, whereas a late lv requires deeper per-view fea-
ture extraction and increases the UAV computation burden.
Moreover, due to the constraint ls ≤ lv , lv further affects
the feasible split-layer selection and hence the computation
and communication time. Consequently, there is an accuracy-
latency tradeoff: achieving higher inference accuracy typically
requires greater computation and communication resources,
thereby increasing latency.

B. Split Layer and View-pooling Layer Optimization with
Fixed Quantization Level and Position

We consider the subproblem of P1 for optimizing the split
layer ls, view-pooling layer lv , transmission power {pk}, and
computation capacity {vk} by assuming that quantization level
q and UAV position {uk} are fixed. Given that {uk} and q
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Fig. 6. An illustration of the UAV position uk and its geometric relationship
to the server position s in 3D space.

satisfy the constraints (26b), (26c), and (26g), P1 reduces to

P2: min
ls,lv,{pk},{vk}

T (ls, q, {uk}, {pk}, {vk})

s.t. constraints (26a), (26d), (26e), (26f).

From (5) and (6), the computation time T cp
k (ls, vk) and trans-

mission time T cm
k (ls, q,uk, pk) for UAV k are both decreasing

in vk and pk, respectively. Hence, the minimum inference de-
lay is attained by choosing p∗k = Pk,max, v

∗
k = Vk,max,∀k ∈ K.

By (22), constraint (26a) induces a lower bound on ls as

ls ≥ N−1

((
1− Rc

R̂0

)
× 4(2q − 1)2

(fmax − fmin)2

×

(
A−B × αDist exp

(
−
(

lv−βDist
γDist

)2))2

σ(αJMl2v + βJMlv + γJM)2

) (28)

where N−1(·) is the inverse of the function N(ls)
7. Addition-

ally, the constraint ls ≤ lv in (26f) imposes an upper bound on
ls. From (5)-(7), the objective explicitly depends on ls. Thus,
for any fixed lv , the optimal ls can be determined. However,
since (28) involves both exponential and quadratic terms in
lv , solving P2 directly is nontrivial. To tackle this, we propose
Algorithm 1, which efficiently computes a suboptimal solution
for ls and lv . Specifically, we perform a one-dimensional
search over lv . For each lv , we determine the feasible range
for ls by evaluating the lower and upper bounds, denoted ljlow
and ljup, using (28) and (26f). Within this interval, we solve
for the optimal ls corresponding to the fixed lv .

Lemma 2. The split and view-pooling operations can occur at
the same layer, i.e., l∗s = l∗v , when the classification accuracy
threshold satisfies

Rc ≤ R̂0

(
1− N(l̂s)(fmax − fmin)

2σ

4∆(l̂v, {ûk})2

)
, (29)

where l̂s = Conv1, and l̂v, {ûk} = argmin
lv,{uk}

∆(lv, {uk}).

Proof. The minimum achievable lower bound of
Rview(ls, lv, q, {uk}) is R̂0

(
1− N(l̂s)(fmax−fmin)

2σ

4∆(l̂v,{ûk})2

)
,

7The explicit form of N(·) and N−1(·) can be defined and obtained from
the MVCNN architecture.

UAV

x

y

Fig. 7. An illustration of the optimal UAV azimuth angle φs,k(uk) in 2D
space, where ω = π

K
.

which occurs when q = 1, l̂s =Conv1, and
l̂v, {ûk} = argmin

lv,{uk}
∆(lv, {uk}). Therefore, when Rc

does not exceed this lower bound, any choice of ls, lv satisfies
the inference accuracy constraint (26a). The case l∗v = l∗s is
also a potentially optimal solution to P2.

C. Quantization Level Optimization with Fixed Split and View-
pooling Layer and Position

We consider the subproblem of P1 for optimizing quantiza-
tion level q by assuming that split layer ls, view-pooling layer
lv and UAV position {uk} are fixed. Given that {uk}, {pk},
{vk}, and ls, lv satisfy constraints (26b)-(26f), P1 reduces to

P3: min
q

T (ls, q, {uk}, {pk}, {vk})

s.t. q > 0, (30a)
constraint (26a),

where we relax the value of q from integer to real number
q > 0. Based on (22), the corresponding closed-form lower
bound for q can be expressed as

q≥ log2

1+√σN(ls)R̂0

(R̂0−Rc)

(fmax−fmin)(αJMl2v+βJMlv+γJM)

2

(
A−B×αDist exp

(
−
(
lv−βDist
γDist

)2
))
 . (31)

Since T (ls, q, {uk}, {pk}, {vk}) is a monotonically increasing
function of q, the optimal q∗ for P3 is achieved when the
equality in (31) is satisfied.

D. Position Optimization with Fixed Split and View-pooling
Layer and Quantization Level

We consider the subproblem of P1 for optimizing UAV
position {uk} by assuming that split layer ls, view-pooling
layer l, and quantization level q are fixed. Given that {pk},
{vk}, ls, lv , q satisfy constraints (26d)-(26g), P1 reduces to

P4: min
{uk}

T (ls, q, {uk}, {pk}, {vk})

s.t. constraint (26a) − (26c).

The complexity of P4 primarily arises from the dependence on
the azimuth angle φs,k(uk) between each UAV and the target
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Algorithm 2: UAV Position Optimization
Input: Split layer ls; view-pooling layer lv;

quantization level q; transmission power
p∗k = Pk,max,∀k ∈ K; computation capacity
v∗k = Vk,max,∀k ∈ K; threshold Rc; probability
R̂0; parameters
A,B, αDist, βDist, γDist, αJM, βJM, γJM; step size
ϑ;

1 Initialize the inference time Tmin to infinity.;
2 for θs,k(uk) = 0 : ϑ1 : π

2 do
// Homogeneous UAVs

3 Compute the optimal azimuth angle {φs,k(uk)}
using (34) in Proposition 2;

4 Compute T (ls, q, {uk}, {pk}, {vk}) using (8);
5 if T (ls, q, {uk}, {pk}, {vk}) < Tmin then
6 Update Tmin = T (ls, q, {uk}, {pk}, {vk}) and

{u∗
k} = {uk};

7 end
// Heterogeneous UAVs

8 for φs,1(u1) = 0 : ϑ2 : 2π
K do

9 Find the azimuth angles φs,k(uk) =
φs,1(u1) + (k − 1)× 2π

K ,∀k ∈ K ̸∈ {1};
10 Compute T cp

k (ls, vk) and T cm
k (ls, q,uk, pk)

using (5), (6);
11 Sort {T cp

k (ls, vk)} and {T cm
k (ls, q,uk, pk)},

map highest {T cp
k } to lowest {T cm

k };
12 Compute T (ls, q, {uk}, {pk}, {vk}) using (8);
13 if T (ls, q, {uk}, {pk}, {vk}) < Tmin then
14 Update Tmin = T (ls, q, {uk}, {pk}, {vk})

and {u∗
k} = {uk};

15 end
16 end
17 end

Output: Optimal UAV position {u∗
k}.

in constraint (26b). However, if all UAVs are homogeneous,
the problem admits further simplifications. Accordingly, we
consider two cases:

1) Homogeneous UAVs: Assume that all UAVs have
identical transmission power and computation capacity, i.e.,
Pk,max = Pk′,max, Vk,max = Vk′,max,∀k, k′ ∈ K. Then,
following Section V-B, the optimal choices for each UAV
are p∗k = Pk,max and v∗k = Vk,max. Under these settings,
the UAV computation time T cp

k (ls, vk) (see (5)) is identical
across all k, and the server computation time T cp

s (ls) (see
(7)) is a constant. With ls, lv , q, {pk}, and {vk} fixed, the
only component of the objective that depends on {uk} is the
transmission rate rk(uk, pk) appearing in the communication
time T cm

k (ls, q,uk, pk) (see (6)). Thus, P4 is equivalent to

P4’: max
{uk}

min
k∈K

rk(uk, pk)

s.t. constraint (26a) − (26c).

Since the objective depends on the azimuth angle φs,k(uk)
through the transmission rate rk(uk, pk), we introduce the
following lemma to characterize this dependence.

Lemma 3. For a given θs,k(uk), the transmission rate
rk(uk, pk) is a monotonically decreasing function of φs,k(uk)
over [0, π), and a monotonically increasing function of
φs,k(uk) over [π, 2π).

Proof. As shown in Fig. 6, the squared distance between
UAV k and the server is d2c,k = ρ2 cos2(θs,k(uk)) +

ρ2 sin2(θs,k(uk)) + ∥s − v∥2 − 2ρ sin(θs,k(uk)) × ∥s −
v∥ × cos(φs,k(uk)), and the elevation angle θc,k(uk) =

arctan(
ρ cos(θs,k(uk))

ρ2 sin2(θs,k(uk))+∥s−v∥2−2ρ sin(θs,k(uk))∥s−v∥ cos(φs,k(uk))
).

It follows that as φs,k(uk) increases, d2c,k decreases and
θc,k(uk) increases. According to (3) and (4), rk(uk, pk)
decreases monotonically as φs,k(uk) increases over
φs,k(uk) ∈ [0, π), and increases monotonically as φs,k(uk)
increases over φs,k(uk) ∈ [π, 2π).

Based on Lemma 3, we present the following proposition
regarding the optimal solution.

Proposition 2. The optimal solution to P4’ is achieved when
one of {uk} satisfies

φs,k(uk) =

{
2π
K × k − π

K , if K is even,
2π
K × (k − 1), if K is odd.

(34)

It highlights that the optimal {uk} depends on whether
the number of UAVs K is even or odd, leading to distinct
requirements for their angular placement.

Proof. Based on Lemma 3, P4’ can be reformulated
as min

{uk}
max
k∈K

φs,k(uk) for φs,k(uk) ∈ [0, π), and as

max
{uk}

min
k∈K

φs,k(uk) for φs,k(uk) ∈ [π, 2π). As shown in Fig.

7, the optimal value of {φs,k(uk)} is achieved when ω = π
K .

Therefore, the optimal φs,k(uk) is given by (34).

2) Heterogeneous UAVs: Assume that UAVs have hetero-
geneous transmission power and computation capacity. When
Pk,max and Vk,max differ among UAVs, P4 becomes highly
nonlinear due to the coupling introduced by φs,k(uk). To
address this, we propose Algorithm 2. We begin with a one-
dimensional discrete search over φs,1(u1) for UAV 1, then
compute φs,k(uk) for all k ∈ K \ {1}. Next, we determine
{uk}, enabling calculation of both UAV computation and
transmission times. We then pair the UAV with the highest
computation time T cp

k to the lowest transmission time T cm
k

to minimize the total inference time. Finally, we record {uk}
and Tmin for each φs,k(uk) and select the optimal {u∗

k}.
The proposed SVQP scheme determines the optimized

UAV positions for inference, Then existing trajectory planning
or collision-avoidance methods, such as waypoint planning
and safe-distance-constrained trajectory optimization, can be
adopted to guide the UAVs to these positions safely [33], [34].

E. Iterative Split, View-pooling, Quantization, and Position
Optimization (SVQP)

Based on the solutions to the three subproblems discussed
in the preceding sections, we propose an iterative algorithm for
P1, as summarized in Algorithm 3. Specifically, we alternately
solve subproblems P2, P3, and P4, which ensures convergence
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Algorithm 3: Iterative Split, View-pooling, Quantiza-
tion, Position Optimization (SVQP)

Input: UAV set K; transmission power {Pk,max};
computation capacity {Vk,max};

1 Set the iteration index of the following three steps to
i = 0;

2 Initialize {u(i)
k } and q(i) to satisfy constraints (26b),

(26c), and (26g);
3 repeat
4 Fix q(i) and {u(i)

k }, optimize split point l(i)s ,
view-pooling layer l(i)v , transmission power
{p(i)k }, and computation capacity {v(i)k } by
solving P2 in Section V-B;

5 Fix l(i)s , l
(i)
v , {u(i)

k }, {p(i)k }, {v(i)k }, optimize q(i) by
solving P3 in Section V-C;

6 Fix l(i)s , l
(i)
v , q(i), {p(i)k }, {v(i)k }, optimize {u(i)

k } by
solving P4 in Section V-D;

7 Let T (i) be the objective value of P4;
8 Update i = i+ 1;
9 until |T (i) − T (i−1)|/T (i−1) ≤ τ ;

Output: l∗s = l
(i)
s , l∗v = l

(i)
v , q∗ = ⌈q(i)⌉,

{u∗
k} = {u(i)

k }, and
p∗k = p

(i)
k , v∗k = v

(i)
k ,∀k ∈ K.

within a finite number of iterations [35]. Therefore, we state
the following proposition.

Proposition 3. P1 can be efficiently solved by the SVQP
scheme (i.e., Algorithm 3), which achieves a polynomial time
complexity of O

(
I
(
L+ π

2ϑ1
×K

))
for homogeneous UAVs,

and O
(
I
(
L+ π2

ϑ1ϑ2

))
for heterogeneous UAVs.

Proof. Suppose the alternating optimization algorithm requires
I iterations to converge. In each iteration, we solve P2-P4
with the following computational complexities: 1) P2 can
be solved with time complexity O(L). This is because we
perform a one-dimensional search over lv ∈ L, while the
optimal ls is obtained analytically. 2) According to (31), P3
reduces to a linear problem in q, which can be solved directly
with time complexity O(1). 3) Solving P4 involves two cases.
For homogeneous UAVs, we perform a grid search over
θs,k(uk) = 0:ϑ1 :

π
2 and compute the optimal φs,k(uk) based

on (34) for all K UAVs. The optimal solution is then selected
accordingly. Therefore, the time complexity is O

(
π

2ϑ1
×K

)
.

For heterogeneous UAVs, we search over φs,1(u1) = 0 : ϑ2 :
2π
K . We compute the inference components for all K UAVs,
sort both the UAV computation time and the communication
time, and apply the optimal mapping procedure. Consequently,
the time complexity is O

(
π2

ϑ1ϑ2
× K+logK

K

)
. As a result,

the overall time complexity of solving P1 with the SVQP
scheme is O(I(L + π

2ϑ1
×K)) for homogeneous UAVs, and

O(I(L+ π2

ϑ1ϑ2
)) for heterogeneous UAVs.

Table I: System Parameters

Parameter Value
Number of UAVs, K 6
Communication bandwidth, Bk 6 MHz [36]
UAV maximum transmit power, Pk,max 20 dBm [36]
UAV computation capacity, Vk,max 7× 108 FLOPs/s
Server computation capacity, vs 1.0× 1011 FLOPs/s
Carrier frequency, fc 60 GHz [37]
Noise power spectral density, N0 −174 dBm/Hz [37]
Path-loss exponent, α 2 [38]
Path-loss for LOS, NLOS, η1, η2 3, 23 dB [38]
Environment parameters, ψ, ζ 11.95, 0.14 [38]

VI. SIMULATION RESULTS

In this section, we present the numerical results to evaluate
the performance of our proposed SVQP scheme. In Section
VI-A, we present the basic simulation settings. In Section
VI-B, we introduce the baseline schemes. In Section VI-C,
we demonstrate and compare the performance of the proposed
SVQP scheme with the baseline schemes.

A. Simulation Settings

1) Multi-view edge inference system: We consider a multi-
view edge inference system with K = 6 UAVs and an edge
server. Each UAV captures a distinct view of the target and
processes it locally using a sub-model. The resulting features
are transmitted to the server, where view pooling and final
inference are performed. The target is located at the origin,
with all UAVs positioned around it. Each UAV maintains the
same elevation angle {θs,k(uk)}, while their azimuth angle
{φs,k(uk)} is uniformly distributed over [0, 2π). Additional
simulation parameters are in Table I.

2) Inference model and synthetic datasets: We adopt an
MVCNN architecture with a VGG11 backbone [21]. The
ModelNet40 dataset, comprising 3D CAD models across 40
categories, serves as the source of geometric shapes. Existing
public datasets typically contain images captured from fixed
viewpoints, often with predetermined elevation angles. To
rigorously analyze how UAV positioning affects inference
performance, we construct a synthetic dataset with controlled
viewing parameters. Specifically, for each ModelNet40 target,
K = 6 UAVs are positioned at uniform 360◦/K = 60◦

azimuthal intervals with distinct elevation angles, producing
6 views per target. All views are rendered with realistic
shading, resulting in a comprehensive multi-view dataset for
recognition tasks. Further details are provided in Appendix of
the online supplemental material.

B. Baseline Schemes

• Baseline 1: (Det-UAVposition) In this scheme, the UAV
position {uk} is given in Section V-D. The split layer ls,
view-pooling layer lv , quantization level q, transmission
power {pk}, and computation capacity {vk} are opti-
mized according to Section V-B and Section V-C.

• Baseline 2: (Fix-Split/Viewpooling) In this scheme, the
split layer and view-pooling layer are fixed, i.e., ls = l′s
and lv = l′v as defined in Section V-B. The variables q
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Fig. 8. Testing accuracy versus inference time under the SVQP scheme
and Baseline 1.

Fig. 9. Testing accuracy versus inference time under SVQP scheme and
Baseline 2 with fixed view-pooling layer lv .

Fig. 10. Testing accuracy versus inference time under the SVQP scheme
and Baseline 2 with the fixed split layer ls.

Fig. 11. An illustration of the total inference time and its components when
the testing accuracy is set to 0.82.

and {uk} are then optimized according to Section V-C
and Section V-D, respectively.

• Baseline 3: (Fix-Quantize) This scheme uses the fixed
quantization level q = q0 in Section V-C. The variables
ls, lv , and {uk} are optimized following Section V-B and
Section V-D.

• Baseline 4: (On-UAV) In this scheme, each UAV con-
ducts the entire inference process locally, including view-
pooling. The variables lv , and q are optimized as detailed
in Section V-B and Section V-C. Unlike the previous
baseline, transmission time is not included in the infer-
ence time. This scenario represents an extreme case for
comparative analysis.

• Baseline 5: (On-Server) In this scheme, UAVs transmit
all raw data to the server, where the entire inference
process is conducted centrally. The variables lv and q are
optimized as described in Section V-B and Section V-C.
Similar to Baseline 4, transmission time is excluded from
the inference time. This also serves as an extreme case
for comparison.

C. Performance Evaluation

1) Impact of UAV position {uk} on inference perfor-
mance: Fig. 8 compares the inference performance of the
proposed SVQP scheme with Baseline 1 (Det-UAVposition)
under various UAV positions. All UAVs are assigned fixed

azimuthal angles, while the elevation angle θs,k(uk) is varied
in Baseline 1 to represent different UAV positions. We plot
testing accuracy against total inference time by varying the
inference accuracy threshold Rc. The result shows that testing
accuracy increases with inference time for both the SVQP
scheme and Baseline 1. This is because adopting a deeper split
layer ls and a higher quantization level q enhances inference
accuracy (see (22)), but at the cost of increased computation
on the UAVs and longer feature transmission times, leading
to greater total inference time. This demonstrates a tradeoff
between inference accuracy and inference time. Moreover,
the SVQP scheme achieves near-optimal testing accuracy
among all baseline methods, owing to its ability to optimize
UAV positions8. Additionally, the results indicate that multi-
view inference consistently outperforms single-view inference.
Specifically, when θs,k(uk) = 0◦, corresponding to the single-
view scenario where all UAVs capture identical data, the
testing accuracy does not exceed 0.82. This demonstrates that
multi-view data yields better model performance than with
single-view data, consistent with the findings in [21].

2) Impact of view-pooling layer lv on inference perfor-
mance: Fig. 9 shows testing accuracy versus inference time
for the SVQP scheme and Baseline 2 (Fix-Split/Viewpooling)

8Although the simulations are conducted under a homogeneous UAV
setting, the proposed SVQP scheme is also applicable to heterogeneous
UAV scenarios and can achieve superior inference performance in both cases
compared with the considered baseline schemes.
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Fig. 12. Inference time versus maximum transmission power Pk,max for
different baseline schemes with testing accuracy 0.82.
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Fig. 13. Testing accuracy versus inference time under the SVQP scheme
with different number of UAVs K.

under different view-pooling layer lv . The SVQP scheme
achieves the highest testing accuracy among all baselines.
This improvement is attributed to the closed-form relationship
derived between Rview(ls, lv, q, {uk}) and lv in (22), enabling
the optimization of lv . Furthermore, when view-pooling is
performed after Conv1 or Conv2, the testing accuracy does not
exceed 0.82. This is because view-pooling at shallow layers
alters the model structure and may fail to capture sufficiently
representative features. In contrast, performing view-pooling
at deeper layers provides more abstract and discriminative
features, leading to higher accuracy.

3) Impact of split layer ls on inference performance:
Fig. 10 shows testing accuracy versus inference latency for
the SVQP scheme and Baseline 2 (Fix-Split/Viewpooling)
under different split layer ls. The SVQP scheme achieves
the highest testing accuracy among all baselines, as it can
select the optimal ls to balance UAV computation time,
feature transmission time, and inference accuracy. To further
analyze how the total inference time varies with ls, Fig. 11
presents the total inference time and its three components
when the testing accuracy is 0.82. As ls increases, more
layers are assigned to the UAV, resulting in longer UAV
computation time T cp

k (ls, vk). In contrast, the transmission
time T cm

k (ls, q,uk, pk) decreases, since the feature size N(ls)
becomes smaller with a higher ls. In addition, the server com-
putation time T cp

s (ls) decreases because fewer layers remain
to be processed at the server9. Overall, the total inference
time first slightly decreases and then increases as ls increases,
indicating a tradeoff among these three components. Thus, the
optimal ls should be selected to ensure efficient inference.

4) The comparison of inference time: In Fig. 12, we com-
pare the inference time required to achieve testing accuracy
0.82, across different baseline schemes. The proposed SVQP
scheme achieves the shortest inference time among all base-
lines. In comparison, Baseline 1 (Det-UAVposition) employs
deterministic UAV positioning with θs,k(uk) = 90◦, Baseline
2 (Fix-Split/Viewpooling) uses a fixed split or view-pooling
layer with ls =Conv3 or lv =Conv1, and Baseline 3 (Fix-

9We assume that all UAVs possess the same maximum transmission
power Pk,max and computation capacity Vk,max. Thus, the computation time
T cp
k (ls, vk) is identical for all UAVs. In Fig. 11, the transmission time

corresponds to max
k∈K

T cm
k (ls, q,uk, pk).

Quantize) applies fixed quantization with q = 6. Additionally,
Baseline 4 (On-UAV) and Baseline 5 (On-Server) represent
the worst and best cases, respectively. Since the computation
capacity of the server vs is significantly greater than that of the
UAV vk, performing inference entirely on the server achieves
the minimum inference time, while performing inference en-
tirely on the UAV results in the maximum inference time.

5) Impact of the number of UAVs K on inference per-
formance: As shown in Fig. 13, we plot the testing accuracy
versus inference time under different numbers of UAVs K. The
results show that the achievable final testing accuracy generally
increases as K becomes larger. This is because involving
more UAVs provides more viewing perspectives for training
the multi-view target recognition model. It enhances the ro-
bustness of inference and enables the target to be recognized
from diverse viewpoints. However, under stringent inference
time constraints, e.g., when the inference time is less than 15
s, a smaller number of UAVs such as K = 1 can achieve
comparable testing accuracy with shorter inference time than
larger numbers of UAVs, such as K = 3, 6, 12, 24. This is
because all UAVs share the same bandwidth budget. A smaller
K allows each UAV to obtain a larger bandwidth allocation,
thereby reducing the transmission time during inference.

VII. CONCLUSION

In this paper, we studied UAV deployment and model
architecture design in a multi-view edge inference system to
enhance inference performance. Specifically, we analyzed the
impact of UAV deployment and view-pooling layer placement
on inference accuracy, and derived a closed-form boundary
that explicitly connects them to the classification margin. This
analysis reveals that jointly optimizing of these factors enables
the extraction of more discriminative features and supports a
more effective model architecture, thereby improving infer-
ence accuracy. We further quantified the quantization error
introduced by feature quantization during wireless transmis-
sion. Building on this analysis, we formulated an inference
latency minimization problem subject to an inference accuracy
constraint. Then, we employed an alternating optimization
approach that decomposes it into three subproblems. More-
over, we proposed the SVQP scheme to efficiently computes
suboptimal solutions. Simulation results demonstrated that the
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proposed SVQP scheme achieves superior performance in
terms of the inference accuracy-latency tradeoff compared
with existing baseline schemes.

REFERENCES

[1] M. Song, Y. Lin, J. Wang, G. Sun, C. Dong, N. Ma, D. Niyato, and
P. Zhang, “Trustworthy intelligent networks for low-altitude economy,”
IEEE Commun. Mag., vol. 63, no. 7, pp. 72–79, Jul. 2025.

[2] Y. Jiang, X. Li, G. Zhu, H. Li, J. Deng, K. Han, C. Shen, Q. Shi,
and R. Zhang, “Integrated sensing and communication for low altitude
economy: Opportunities and challenges,” IEEE Commun. Mag., pp. 1–7,
Apr. 2025.

[3] D. He, W. Yuan, J. Wu, and R. Liu, “Ubiquitous UAV communication
enabled low-altitude economy: Applications, techniques, and 3GPP’s
efforts,” IEEE Network, pp. 1–1, May 2025.

[4] ITU-R, “Framework and overall objectives of the future development of
IMT for 2030 and beyond,” Nov. 2023. [Online]. Available: https://www.
itu.int/en/ITU-R/study-groups/rsg5/rwp5d/imt-2030/Pages/default.aspx

[5] P. Zhang, W. Xu, Y. Liu, X. Qin, K. Niu, S. Cui, G. Shi, Z. Qin,
X. Xu, F. Wang, Y. Meng, C. Dong, J. Dai, Q. Yang, Y. Sun, D. Gao,
H. Gao, S. Han, and X. Song, “Intellicise wireless networks from
semantic communications: A survey, research issues, and challenges,”
IEEE Commun. Surv. Tutor., vol. 27, no. 3, pp. 2051–2084, Jun. 2025.

[6] M. Lee, G. Yu, and H. Dai, “Decentralized inference with graph
neural networks in wireless communication systems,” IEEE Trans. Mob.
Comput., vol. 22, no. 5, pp. 2582–2598, May 2023.

[7] J. Shao and J. Zhang, “Communication-computation trade-off in
resource-constrained edge inference,” IEEE Commun. Mag., vol. 58,
no. 12, pp. 20–26, Dec. 2020.

[8] A. Al-Hourani, S. Kandeepan, and S. Lardner, “Optimal LAP altitude
for maximum coverage,” IEEE Wireless Commun. Lett., vol. 3, no. 6,
pp. 569–572, Dec. 2014.

[9] J. Shao, Y. Mao, and J. Zhang, “Task-oriented communication for
multi-device cooperative edge inference,” IEEE Trans. Wirel. Commun.,
vol. 22, no. 1, pp. 73–87, Jan. 2023.

[10] A. Das, S. K. Ghosh, A. Raha, and V. Raghunathan, “Toward energy-
efficient collaborative inference using multisystem approximations,”
IEEE Internet Things J., vol. 11, no. 10, pp. 17 989–18 004, May 2024.

[11] M. Singhal, V. Raghunathan, and A. Raghunathan, “Communication-
efficient view-pooling for distributed multi-view neural networks,” in
Proc. Des. Autom. Test Eur. Conf. Exhib. (DATE), Mar. 2020, pp. 1390–
1395.

[12] Y.-C. Liu, J. Tian, N. Glaser, and Z. Kira, “When2com: Multi-agent
perception via communication graph grouping,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), Jun. 2020.

[13] D. Wen, X. Jiao, P. Liu, G. Zhu, Y. Shi, and K. Huang, “Task-oriented
over-the-air computation for multi-device edge AI,” IEEE Trans. Wire-
less Commun., vol. 23, no. 3, pp. 2039–2053, Mar. 2024.

[14] Y. Fu, P. Qin, Y. Wang, L. Chen, M. Li, and X. Zhao, “Over-the-air
edge inference for low-altitude airspace: Generative AI-aided multi-task
batching and beamforming design,” IEEE Trans. Commun., pp. 1–1, Apr.
2025.

[15] D. Wen, P. Liu, G. Zhu, Y. Shi, J. Xu, Y. C. Eldar, and S. Cui, “Task-
oriented sensing, computation, and communication integration for multi-
device edge AI,” IEEE Trans. Wireless Commun., vol. 23, no. 3, pp.
2486–2502, Mar. 2024.

[16] J. Yao, W. Xu, G. Zhu, K. Huang, and S. Cui, “Energy-efficient
edge inference in integrated sensing, communication, and computation
networks,” IEEE J. Sel. Areas Commun., vol. 43, no. 10, pp. 3580–3595,
Oct. 2025.

[17] Z. Liu, Q. Lan, A. E. Kalør, P. Popovski, and K. Huang, “Over-the-
air multi-view pooling for distributed sensing,” IEEE Trans. Wireless
Commun., vol. 23, no. 7, pp. 7652–7667, Jul. 2024.

[18] X. Chen, K. B. Letaief, and K. Huang, “On the view-and-channel
aggregation gain in integrated sensing and edge AI,” IEEE J. Sel. Areas
Commun., vol. 42, no. 9, pp. 2292–2305, Sept. 2024.

[19] Q. Lan, Q. Zeng, P. Popovski, D. Gündüz, and K. Huang, “Progressive
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Fig. 1. Generated multi-view images under varying sensing elevation angle
{θs,k(uk)} and azimuth angle {φs,k(uk)}.

APPENDIX A
CLASSIFICATION MARGIN APPROXIMATION

The classification margin ∆(lv, {uk}) comprises two com-
ponents: the disturbance and the supremum of the Jacobian
norm. To examine how these terms vary with lv and {uk},
we conduct experiments using both average-pooling and max-
pooling strategies. The experiments includes data generation,
model training, and curve fitting, as detailed below.

• Data generation: We use the ModelNet40 dataset as the
source of shapes. Multi-view images are generated in
Python using the BlenderPhong renderer, as illustrated in
Fig. 1. This process produces a total of 56, 694 images
at a resolution of 112 × 112 pixels, with 45,534 images
for training and 11, 160 for validation (see Fig. 1).

• Model training: Using datasets generated with varying
elevation angle {θs,k(uk)}, we train an MVCNN model
with a VGG11 backbone, placing the view-pooling at
different layers. Model checkpoints are saved for each
training configuration.

• The disturbance: After loading the saved checkpoints,
we fix the output features at the selected lv . Using
stochastic gradient descent, we compute the represen-
tative input (xj({uk}), yj) and evaluate the disturbance
∥xkj(uk)− xj({uk})∥2 for different {uk}.

• The supremum of the Jacobian norm: Using the saved
checkpoints and training data, we compute the maximum
JM with respect to lv and {uk} via backpropagation.


