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Abstract—Multi-view collaborative inference through deep
neural networks (DNNs) aggregates views from mobile devices,
thus achieving holistic situational awareness in applications
such as surveillance and autonomous driving. Since on-device
execution incurs significant resource consumption, offloading
DNN computation to edge servers can alleviate latency demands.
To this end, split computing partitions DNNs across devices
and transmits intermediate compressed features to decrease
the networking load. Nevertheless, unreliable wireless links
between mobile devices and edge servers can increase end-to-end
latency during offloading. Accordingly, we propose a novel multi-
view inference framework named Multi-TAB to optimize the
trade-off between DNN performance and networking resource
consumption. In contrast to prior work, Multi-TAB supports
split computing while adaptively compressing the intermediate
latent representations at runtime based on current capacity of
the wireless channel. We demonstrate the effectiveness of our
framework on two challenging pedestrian density detection tasks
on the WILDTRACK and MULTIVIEWX datasets. We pro-
totyped Multi-TAB on the Colosseum network emulator and
evaluated its latency and overhead data volume on Jetson Nano
and Raspberry Pi 4. Experimental results show that Multi—-TAB
can reduce end-to-end inference latency by 33.7% compared
to state-of-the-art approaches while maintaining accuracy loss
within 2.4%.

I. INTRODUCTION

Many applications such as smart drones, robotics, and
security camera systems [1] require cooperative inference
tasks based on computer vision to implement person iden-
tification [2], pedestrian density measurement [3], multi-view
object detection [4] and target tracking [5], among others.
The key issue is that the volume of the collected data (e.g.,
images, high-definition videos, and point clouds) may lead
to excessive communication overhead. Multi-view inference
multiplies the networking requirements through simultaneous
streaming from several cameras. Excessive packet queues or
retransmissions force late frames to be dropped (degrading
task accuracy) or stall processing (increasing latency). Balanc-
ing this trade-off is therefore paramount in multi-view edge
computing [6].

Existing Issues. Most existing multi-view methods [3, 4, 7—
11] assume that rich deep features are readily available, either
by running heavy backbones on every device or by offloading
substantial intermediate data, and therefore do not address on-
device resource constraints. For instance, multi-view image
classification can tolerate loosely correlated views, whereas
person re-identification requires tightly aligned, highly infor-
mative features from every camera [12]. In practice, edge
devices are often resource-constrained (e.g., low-power em-

bedded boards), making it infeasible to run deep feature
extractors locally. Split computing [13] offers a partial remedy
by offloading deeper layers to an edge server, but early-
layer features are generic and not task-aligned; aggressive
compression of such features increases task error and makes
reconstruction difficult.

Task-oriented multi-view/multi-device inference [14] was
proposed to reduce transmission cost and manage latency, but
these methods are difficult to deploy at the edge because their
feature extraction modules are parameter-heavy, especially as
the number of devices or task-related complexity grows [9].
Figure 1 illustrates the key challenges in a multi-view edge
inference system. None of these approaches directly solves the
central dilemma in low-power multi-view edge inference: how
to extract and transmit only the most task-relevant information
under strict compute and bandwidth limits, without sacrificing
downstream performance.
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Figure 1: Challenges of Multi-view Inference at the Edge.

Proposed Approach. To address the above challenges, we
propose Multi-TAB to enable split computing for multi-
view edge inference. Split computing partitions a DNN be-
tween the device and the edge server, running the early layers
locally and off-loading the deeper layers. Specifically, we take
a pretrained model (trained on a large dataset) and split it into
a head and a tail deep neural network (DNN). The head part
is deployed on mobile devices and the tail part on the edge
server. We apply a light-weight encoder-decoder architecture
to encode task-oriented distributed features.

In contrast to existing split-computing work [13], the multi-
view scenario imposes additional unique constraints, namely
asynchronous latency across participating mobile devices dur-
ing inference. To address these issues, we design a new
information-theoretic framework to train the encoder-decoder
structure to operate with task-oriented feature-maps under a



tight resource budget. As such, Multi-TAB enables selec-
tive transmission that adapts to missing camera views and
unfavorable wireless conditions, thereby reducing data trans-
mission without compromising task performance. In addition,
we employ a lightweight, wireless channel context-aware
masking policy that evaluates every feature map using two
criteria — how valuable the view is to the task and the
current wireless channel condition. Based on this, we apply
sparsification on the feature map to reduce transmission
data size. By combining information-bottleneck compression
with adaptive sparsification, Multi—-TAB delivers a better
accuracy-versus-bandwidth trade-off with respect to existing
state of the art [15-19].

Summary of Novel Contributions

e We propose Multi-Head Task-Adaptive Bottleneck
(Multi-TAB), a novel multi-view inference framework
that splits a pretrained multi-view model into edge-side
lightweight “head” and server-side “tail” networks with an
encoder—decoder in between, so that intermediate feature
maps are compressed on-the-fly into task-relevant, view-
prioritized representations. Unlike prior work that hard-codes
split points or relies on task-agnostic tensor compression,
Multi-TAB requires no extensive architectural modification.
Guided by a distributed information-bottleneck objective,
Multi-TAB produces task-relevant multi-view latent
features, while an SNR-conditioned masking mechanism
induces structured sparsity to prune redundant feature maps.

Together, these components dynamically balance band-
width, latency, and accuracy by minimizing mutual infor-
mation while preserving task performance, thereby bound-
ing transmission redundancy and enabling communication-
efficient multi-view inference under fluctuating wireless con-
ditions.

e We have tested Mult i—TAB on the Colosseum [20] digital-
twin network emulator and WiFi based testbed. We bench-
marked resource consumption performance on Jetson Nano
and Raspberry Pi 4 and execute the tail on a workstation. We
assess two multi-view vision datasets based on pedestrian-
density estimation task called the WILDTRACK and MULTI-
VIEWX [3] datasets. For each backbone architecture (ResNet-
18 and ResNet-50), we measure and report the task accuracy,
per-frame end-to-end latency, uplink overhead transmission,
and computation on the device. These results are compared
with those of state-of-the-art multi-view inference baselines
[15-19]. Experimental results show that Multi—-TAB reduces
end-to-end inference latency by 33.7% compared to state-of-
the-art methods, while keeping accuracy loss within 2.4%.

II. SYSTEM MODEL AND PRELIMINARIES

In this section, we walk through the Multi-TAB system
model. Multi-TAB allows splitting a convolutional neural
network (CNN) model and deploying it distributively across
edge devices and the server.

Figure 2 details the Multi—-TAB inference pipeline, sepa-
rated into device-side process in Figure 2a and server-side

process in Figure 2b. The process begins on the mobile
device (Figure 2a) with (Step 1), where the backbone DNN is
partitioned into a lightweight head, and a server-side tail. The
head processes raw input xj, to extract latent features £. This
is followed by (Step 2), the task encoder trained to generate
task-oriented latent representations zy. In (Step 3), a masking
policy uses the pooled representation from & and the current
Signal-to-Noise Ratio (SNR) to generate a binary mask 7, to
be applied on the task-oriented feature z; and convert it into
sparse feature-maps 2. Then 2y, is transmitted after encoding
according to the communication protocol.

The server-side process Figure 2b handles reconstruction
and fusion. In (Step 1), the incoming separate bitstreams from
k are received and decoded by the task decoder to reconstruct
the sparse representations from the %k devices. Since edge
devices are distributed across different locations, their feature
SNR profiles vary. Next, in (Step 2), the reconstructed
features are forwarded to and processed by the tail DNN.
Finally, in (Step 3), the task layers concatenate the outputs
to form the combined feature set Z;.;, which is fed into the
prediction layer to perform the downstream inference task.
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Figure 2: Multi—-TAB Inference Model. (a) The feature ex-
traction steps at edge devices. (b) The edge server processing
steps.

A. Probabilistic Modeling

Random variables are denoted by upper-case letters (e.g.,
X,Y) and their specific realizations by bold lower-case
letters (e.g., x,y). A collection of N random variables
{X1,..., XN} is abbreviated as Xi.ny. We use H(Y),
H(Y|X), and H(X,Y) to represent the entropy of Y, the



conditional entropy of Y given X, and the joint entropy
of (X,Y), respectively. The mutual information between X
and Y is defined as I(X;Y). For distributions p(x) and
g(x), their Kullback-Leibler (KL) divergence is Dxr(pl|q)
and their cross-entropy is H(p,q). The expectation of a
random variable X is denoted by E[X]. A Gaussian distri-
bution with mean vector 1 and variance o is expressed as
N (u,diag(c?)). A uniform distribution over an interval (a, b)
is denoted by U(a,b). We indicate quantization as |x].

Multi-device cooperative inference involves K mobile de-
vices and an edge server. The input views of different mobile
devices, denoted as (xi,...,x), and the target variable
y, are denoted as different realizations of the random vari-
ables (X1,...,Xk,Y). The data from @) and y can be
sampled from the joint distribution p(x1,...,xk,y). Let us
consider a latent representation of features zj; containing only
task-relevant information extracted from input variable x,
which is further encoded into vector v;, for efficient wireless
transmission to the edge server. After receiving the encoded
features from the mobile devices, the edge server performs
further processing to derive inference result. The extracted
features (z1,...,zx) are instantiated by random variables
(Z1,...,Zk). Thus, we define a Markov chain comprising
these random variables as follows:

Y o Xp o Zy Ve e{l,... K}, (1)

Equation (1) satisfies the conditional probability distribution
p(ze, zkly) = p(zklze)p(zly), VE € {1,...,K}. The
high dimensionality of the input X} produces information
redundancy — for example, background, irrelevant objects, etc.
— that is not relevant to correctly predict Y. As such, the
latent representation Zj should capture only the task related
information from the observation variable Xj, according to
system constraints. Next, we detail the proposed distributed
feature extraction.

III. THE MuLTI-TAB INFERENCE FRAMEWORK

The prediction performance of Multi—TAB is mostly related
to the quality of the extracted features. However, compressing
the information degrades the quality of the extracted features.
As a result, we pursue a communication-performance trade-
off. From an information-theoretic standpoint, Multi-TAB
aims at generating feature Z; from K devices as a maxi-
mally compressed version of input X while being maximally
predictive of output variable Y. We leverage the Information
Bottleneck (IB) [21], whose objective is formulated as fol-
lows:

Lip(B) = —I1(Y; Zx) + BI(Xk; Zk)
=-—H(Y|Zy)+ H(Y) + BI(Xy; Z,)

= E[ B[~ logp(ylzw)] + 8 Dicr(p(zlzr) [p(z1))]

2)

where 5 > 0 is a weighting factor controlling the commu-
nication and performance tradeoff. The term H(Y") can be
eliminated as it is constant. Since minimizing Equation 2

requires obtaining the marginal distribution of Zj, which is
computationally expensive, we adopt the variational method
[22] to reformulate the upper-bound of the objective.

A. Variational upper-bound formulation

For each device k, we define pg, (zx|xx) as the condi-
tional distribution parameterized by 6. The function fg, (.)
encodes the input x; to latent representation zy. Given the
joint distribution p(xy,y) and the Markov chain in (1), the
marginal distribution p(zj) and the conditional distribution
p(y|z) are fully determined by the conditional distribution
Do, (zk|xk) as follows:

plzx) = / p(@)po, (zu|zx)dzy,

p(ylzr) = /p(wk’ylzlz’gz)(zdwk)dmk’

Since the integrals above are computationally expensive,
we approximate them using variational approximation [23].
Specifically, we introduce two probability distributions gy (z)
and gy, (y|2x) as the variational distributions to approximate

p(zr) and pe, (y|2), respectively. The first term of Equation
) is

Ep(ona) [Epay (sxfon) [~ 082y | 20)]]

= Ep(mkﬁy) [Epek (zklzk) [_ log q¢, (y | Zk)]}
p(y | zk) ”

Ao (y ‘ zk)
= Ep(mlwy) [Epek (zklzk) [ log a6, (Y | Zk)]]

—Epay) []Epsk(zkmk) [log

which is the upper-bound of task performance. The upper-
bound of the next term of Equation 2 is

Dict(po (zi | @) || po, (1)) )
= Dict(po, (2 @) || g6 (20))

~ Dict(po (21 | 46, (22) )
< DKL(pek(Zk|wk) | qzm(zk))- S

where the term Dxr, (po, (2&) || 4, (2)) is > 0. The family
of variational conditional distributions is parameterized by
@y.. With these approximations, we re-write the VIB objective
as

Lvip (B; 0, 1) = E{E[ ~ log 4, (y | 21)]

+ 8 Dica(po, (2 | 1) [l ag, (24)) }.

B. Training the VIB Objective with DNN.

The DNN-based training of the VIB objective in Equation
5 is summarized in Algorithm 1. We model the encoder
distribution pg, (zk|xr) as a multivariate Gaussian, where
both the mean vector p;, € R? and the standard deviation
vector o, € R are predicted by a DNN parameterized
by 6y. The covariance matrix is assumed diagonal, i.e.,

&)



diag{a,%,l, cee O']%,d}. The decoder distribution pg, (y|2x) is
also parameterized by a DNN with parameters ¢j. As a
regularizer, the variational marginal ¢4, (2;) is set as an
isotropic standard Gaussian, A(zy|0, I'). These notations are
consistently used in both the objective and Algorithm 1.

To enable end-to-end training, we leverage the reparam-
eterization trick [24]: for each sample, the latent code is
generated as z, = i + o © €, where €, is sampled from
N(0,1I). Th2e KLz-divergence term in Equation (5) simplifies
mzilﬂi%d=bym}mmmMmMMMmd
Doy (Y|21) is formulated based on the output of the decoder
network and a task loss function £(y, §;), with pg, (y|zi) o
exp(—£(y, §i)). Monte Carlo sampling is used to estimate the
objective and its gradients, allowing stochastic optimization
with respect to both encoder and decoder parameters.

M
1 m
Lvig,k(B; Ok, dr) i > {—logpg, (¥

m=1

d 2 2
Wi, top,—1
+621{W10g0k’i}}'
i=

(0)

Algorithm 1 proceeds as follows. The training dataset D,
batch size M, and initial model parameters 0y and ¢; are
initialized (line 1). At each iteration, a mini-batch of samples
{(z7,y™)}M_, is drawn from D (line 2). For each mini-
batch sample, the encoder network outputs the corresponding
mean p;' and standard deviation o' (line 3). Standard
Gaussian noise € is sampled (line 4), and latent codes z;"
are constructed using the reparameterization trick (line 5). The
VIB loss Lvy1p,k, as described in Equation (6), is computed
for the batch (line 6). The model parameters are updated via
stochastic gradient descent (line 7). Training continues until
the validation loss fails to improve for a set number of epochs,
which serves as the convergence criterion (line 8 and line 9).

Algorithm 1 Training of Task-Relevant Feature Extractor

Require: Dataset D, small batch size M, initialized param-
eters 0y, ¢p.
Ensure: The optimized parameters 8;, and ¢y
1: repeat
2: Sample a minibatch {(z}"x ym)}i\f:1 from D.
3 Compute {pf'};/—; and {of} ;.
4 for m =1 to M do
5 Sample € ~ N(0,1I).
6: Compute z;' = pj* + o' © €g.
7 Compute the loss Lvip,, based on (6).
8 Update parameters 0y, ¢
9: until Convergence 6 and ¢y

C. Feature Map Compression with masking.

After executing Algorithm 1, Multi-TAB learns to
extract task-relevant latent representations zj; from input
features @) to minimize the mutual information I(Xy; Zy),

while preserving predictive power for label y. Although these
representations are already information-efficient in the varia-
tional sense, transmitting them over a constrained communi-
cation link still requires further encoding. To enable efficient
transmission, we quantize and encode the latent features
into a compact bitstream. Following the entropy bottleneck
framework [19], the quantized features are passed through
an entropy bottleneck model, which estimates the probability
distribution over quantized values and encodes them into a
variable-length binary stream using entropy coding. While this
encoding is a quantized tensor, the number of bits required
to encode depends on the value of each element in the
tensor. Therefore, to reduce the data size, when the wireless
channel condition is poor, we introduce an adaptive sparsity
mechanism.
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Figure 3: Masking policy workflow

Algorithm 2 SNR-Conditioned Masking

Require: Feature map &, € RE*H*W task-oriented feature
2k, SNR ~, candidate set R = {ry < --- < 71},
temperature 7.

Ensure: Contiguous mask 7 € {0,1}“ and masked feature

map Zj.

s + AvgPool(#;) € RY

v < [5;7]

a < MLPpolicy('U) € RE

if Training then
¥ + GumbelSoftmax(a, 7) € RY
¥ + OneHot(arg max, ;) € {0,1}

else
0¥ < arg maxy ag
¥ «+ OneHot(¢*) € {0,1}F

10: for / =1to L do

ty < Zf:é U;

12: ]A% — ZeLzl Vp Ty

13 7* «min{r e R: r> R}

14: m. 0, YVee {1,...,C}

15: for c =1 to r* do

16: Te 1

17: Zp ¢ 2, OT

18: return 7, Zj

> logits over R

R e A A R ol S

—
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Policy mask generation. The structure of the policy mask is
illustrated in Figure 3 and summarized in Algorithm 2. First,
the input feature map &j is average-pooled over the spatial
dimensions to obtain global information on the feature map.
As the encoder is already trained on task-oriented features we



get information from s € R€ (line 1), which is concatenated
with the perceived SNR value v to form a context vector v
(line 2). This context is passed through a lightweight 2-layer
policy MLP (followed by softmax implicitly) to produce logits
a € R over the discrete candidate set R (line 3). The set
R can represent the number of channels to reduce within
this limit. During training, a discrete decision is sampled
via Gumbel-Softmax with temperature 7 to obtain a soft
one-hot vector v (line 5), which is then converted to a
hard one-hot selection v using argmax (line 6), while at
inference the selection is obtained directly from arg max over
logits (lines 8-9). Next, the one-hot decision is transformed
into a thermometer-encoded vector through a cumulative
sum (lines 10-11), which enforces resulting channel mask
always corresponds to contiguous prefix channels of the form
[1,---,1,0,---,0]. The selected channels are computed as
R= Zngl Uere (line 12) and snapped to the nearest feasible
option in R via a conservative rounding (line 13), after which
the contiguous binary mask 7 € {0,1}¢ is constructed by
activating the first * channels (lines 14-16) and applied to
the feature map via elementwise multiplication to produce
Zr = zpOm (line 17), returning both 7 and 2z, for subsequent
transmission and decoding (line 18). We sample the decision
as a one-hot vector using Gumbel-Softmax [25] and transform
it into thermometer encoding of vector 7r; this ensures that
contiguous feature-map channels are always pruned from the
input.

Loss function. During training, we minimize the following
objective function to encourage improving the task accuracy
along with minimizing the number of active feature map
channels to reduce the bandwidth usage. The first term
of the loss is the task based loss (i.e, classification error,
bounding box error) and second term encourages minimizing
the number of feature maps in the output of the transmitted

z;. feature.
c

‘Cmasking,k()‘; ¢k) =E|—log Ay, (y ‘ 21@) + A Z me| - (1)
c=1
In Equation 7, the term A tunes the penalty for over using
the communication bandwidth and task accuracy, detailed in
the Section IV.

D. Server side models and training

At the server side, the received sparse feature maps are
decoded from the bitstream and zero-padded for the encoder
side of the split model. The task decoder extracts the task-
related features from 2 and passes them through the tail
side of the split DNN. For each device, we generate a
concatenation of combined features z1.; to be the input of
the task layers. These task layers vary according to the
architecture of the model and the task-solving algorithm. All
that is required is features extracted from a large DNN, so that
decisions based on those feature maps become more accurate.
Multi-TAB generates these features by splitting the large
feature extractor into a head-tail pair to reduce computation
at the edge devices.

Training is a two stage process, first we train the task
encoder and decoder with Algorithm 1. After that we freeze
the encoder parameters to continue with Algorithm 2 to train
the masking policy. We consider large 7 for Gumbel-softmax
initial epochs and later anneal it down to 0.20 to make the
softmax decision harder at each iteration.

IV. EXPERIMENTAL EVALUATION

We extensively evaluate Multi-TAB with a set of experi-
ments: (1) end-to-end simulations to test the robustness of
Multi-TAB against multiple SNR profiles; (2) using the
Colosseum wireless emulator with two scenarios containing
fixed path loss of 5 dB and 30 dB respectively. More in
detail in IV-B; (3) using an experimental testbed comprising
of Jetson Nano and Raspberry Pi 4 connected to an edge
server using Wi-Fi to experimentally benchmark the end-to-
end offloading latency.

A. Datasets, Models and Metrics

Datasets and Metrics. We evaluate multi-camera pedestrian
occupancy prediction task on the WILDTRACK and MUL-
TIVIEWX [3] datasets. WILDTRACK provides 400 synchro-
nized frames from 7 cameras (each 1080 x 1920 pixels),
covering a 12m x 36 m area. Each frame contains an average
of 20 persons. MULTIVIEWX [3], a synthetic dataset, covers
a 16m x 25m region, with 6 overlapping cameras (also
1080 x 1920). MULTIVIEWX is more challenging, averaging
40 persons per frame. For both datasets, we adopt MVDet [26]
as baseline model architecture for pedestrian occupancy de-
tection. Performance is measured using the Multiple Object
Detection Accuracy (MODA) metric [27]. MODA penalizes
both missed detections (FN) and false positives (FP) by
normalizing their sum with the total number of ground-truth
objects (GT), namely MODA = 1 — EIEHE,

Models. In Multi-TAB, we utilize ResNet-18 , splitting the
DNN after the first stage. Most of the experiments were done
at this split settings. At this split point, the feature map output
is of size 64 x 56 x 56 for ResNet-18. By design, a lightweight
masking policy module is composed of a Global Average
Pooling (GAP) layer followed by a three-layer Multi Layer
Perception (MLP). For ResNet-18, the policy masking MLP
takes as input a 65-dimensional vector (64 feature channels
plus a SNR estimate dimension). For the bottleneck layer, we
design a 2-layer convolutional 2D block to downsample the
feature maps into 16 x 23 x 40 dimension and upsample at
the server side. This entire masking policy pipeline (including
both Bottleneck layers, GAP and MLP) requires only 221,312
MAC:s and 24,864 parameters for ResNet-18. Compared to the
total computation of the backbone models (1.8 x 10° MACs
for ResNet-18), the masking policy module contributes less
than 0.02% computational overhead.

B. Experimental Setup

Simulation Setup. To model a wireless transmission sce-
nario, we segment the application layer data into fixed-size
packets following the typical Maximum Transmission Unit
(MTU) constraint of 1500bytes. At each simulation time



step, the instantaneous SNR is computed based on log-
distance path loss, log-normal shadowing, and co-channel
interference, along with additive thermal noise modeled as
Additive White Gaussian Noise (AWGN). The SNR is then
mapped to an achievable channel throughput using a Shannon-
based capacity approximation over a 2 MHz bandwidth. For
each packet, the transmission latency is calculated as the ratio
of its size to the current channel throughput. We choose this
model to emulate very low channel capacity based simulation.

Office Setup

"fi'i?i?

Mobile 1@--

Device
s T OF |Co|osseum Setup
HE X310 Massive
: Channel | USRP | Base
SrsRAN | USRP X310 [ Station
UE X310 Emulator

Figure 4: Experimental testbed in “Office” environment and
Colosseum.

| Jetson Device Cluster |I Raspberry Pi Cluster |

Figure 5: Emulation testbed setup.

Experimental Testbed. The experimental setup is illustrated
in Figure 4. For end-to-end latency benchmarking, as mobile
device, we use an NVIDIA Jetson Nano, quad-core ARM
1.9GHz CPU and mounting a 128-core GPU operating at
0.95GHz and 4GB of 64-bit LPDDR4 memory and a Rasp-
berry Pi 4, housing a quad-core ARM 1.5GHz CPU and 2GB
of LPDDR4 memory. The edge server was implemented by
a Linux-based machine, equipped with an Intel(R) Xeon(R)
CPU, and an NVIDIA A100 GPU. We used an office en-
vironment over-the-air Wi-Fi setup and data was collected
on a single day. We use Linux wavemon tool to gather
corresponding link quality information. As illustrated in the
figure the location A - the link quality was perceived values
as ’70°, whereas, at location ’B the link quality was mea-
sured as ’43’. This setup was to measure per-device latency
and overhead microbenchmark rather than a synchronized
multi-device deployment. By running repeating measurements
across two points for 7 views in WILDTRACK dataset,
we obtain controlled compute/feature-generation costs, while
multi-device end-to-end behavior is evaluated in Colosseum.
In the Colosseum emulator [20], we use CPU-based Linux
container to run the 5G Base Station (BS) (server) and User

Equipments (UEs) (mobile devices). We emulate a scenario
with 7 UEs with uplink TCP traffic [28]. Figure 5 shows
the setup of our emulation testbed using two clusters one
with Raspberry Pi devices and another one with Jetson Nano
device with a GPU server acting as edge server. We set various
limits on the Wireless Local Area Network (WLAN) interface
to simulate different communication bottlenecks,

C. Baseline Methods

We compare Multi-TAB with input compression, split in-
ference, and task-oriented multi-device inference.

Input Compression: We consider JPEG [18], and two state-
of-the-art neural compression techniques, namely hyper prior
(DIC) [19] implemented using CompressAl [29] for input
image compression. For the latency benchmark, we set the
JPEG quality level to 100 to represent the highest-fidelity
input-compression baseline; for DIC we pick the highest
quality compression that provides the highest reconstruction
accuracy. We benchmark the latency for these individual
image compression methods.

Split Inference. We consider Bottlefit (BF) [16], where a
bottleneck encoder-decoder is placed after the early layer
of the DNN to reduce the feature map size. We have used
the first splitting point configuration as mentioned in [16]
and the best bottleneck size (12 x 29 x 29 tensor). We also
consider NeuroSurgeon (NS) [17], where we split after the
first convolutional block of ResNet models as backbone.

Task-Oriented Communication. We consider PIB [15],
which assigns priority based on the fixed SNR profile of
the mobile devices against the edge server, by weighing each
view’s importance. We set the temporal parameters to zero,
only to deal with each frame inference at a time. Collecting
multiple frames for temporal fusion induces extra latency,
which is avoided for fair comparison.

We train our framework with random initialization of all the
DNN parameters. After training the model with Algorithm 1,
we attach the masking policy network with the training loop.
We train the feature extraction algorithm with a learning rate
of maximum 0.1 with continuous annealing and masking pol-
icy with ir = 1072, The value of 3 was set to 10~* and 1073
in most of the experiments and A = 10~2 for experiments
related to latency and overhead data size computation. During
training we sample SNR uniformly from 0-25 dB during
training.

D. Experimental Results

We report on communication overhead, end-to-end task pro-
cessing latency, and performance on inference task. In all our
experiments, we used the dataset images exactly as provided,
without altering their resolution or quality.

Task processing latency. We measure the task processing
latency as the sum of mobile device computing time, offload-
ing latency, and server processing time in the WILDTRACK
dataset. With the “Office” experimental case, we augment the
end-to-end latency calculation by taking the average of the
processing time of all the image frames in the test dataset.



We report the average latency after 100 rounds of testing the
baselines. We compare the latency with distributed inference
methods, additionally reporting the end-to-end latency of only
image offloading (in short, OL).

Figure 6 and 7 report the end-to-end latency results, where
for simplicity Multi-TAB is reported as “TAB”. In terms
of end-to-end latency, Multi-TAB is superior to all the
baselines in all the experimental settings. The breakdown of
the latency between mobile-side computing, offloading and
server-side computing gives us more granular insights. In the
Colosseum scenario with 5dB loss (Figure 6a) Multi-TAB
improves end-to-end latency by 33.7% with respect to BE.
A similar trend can be observed in other experiments. The
baseline NS performs the worst due to the large intermediate
feature maps. Another interesting finding is that in terms
of mobile device processing, BF takes the least amount of
time in all the scenarios. In Jetson Nano with WiFi, we
notice that BF takes 15.09ms in ResNet-18 (Figure 7a)
compared to Multi—-TAB taking 22.9 milliseconds and 17.89
milliseconds. This is because of the two-stage knowledge
distillation in BF backbone, which compresses the backbone
to a smaller-sized model. However, Multi-TAB reduces
communication latency by creating encoded feature maps.
Importantly, Mult i—-TAB increases latency for WiFi position
A to B 43.24% and in Colosseum from 5dB path loss to 30
dB path loss by only 14.73%.

Offload data compression. Figure 8a and Figure 8b report
the offloaded data size with different compression meth-
ods with ResNet-50 backbone in ’Office’ experiment setup.
Multi-TAB only transmits 7.8 KB of data in closer position
’A’. In farther position 'B’, Multi—TAB transmits only 13.45
KB of data. This means the transformed input tensor of
the encoder compresses up to 98.2% data in position A’
and 97.84% compression in position 'B’. Compared to BF,
Multi-TAB compresses 93.84% of the input data. Among
all the baselines, Multi—-TAB compresses the intermediate
representation the most to sustain the processing latency.
Compared to other baselines, BF keeps the offloaded data
size constant due to its fixed bottleneck design. Each baseline
model was trained to achieve accuracy > 85%; specifi-
cally, Multi-TAB achieves 86.23% MODA, satisfying the

> 85.0% MODA threshold.
Head models. Table I compares different head mod-

els along with two widely used CNN-based backbones
specifically optimized for mobile devices, MobileNet [30]
and EfficientNet [31]. The lightweight head architecture of
Multi-TAB with stage-1 split point encoder contains only
0.210 million parameters, representing a 98.1% reduction
compared to ResNet-18-staged 11.18 million parameters.
In addition, the significantly computational complexity of
Multi-TAB translates directly into faster execution times
on resource-constrained hardware, requiring only 17.9 ms per
inference on a Jetson Nano and 157.0 ms on a Raspberry Pi
4, outperforming both MobileNet (33.01 ms and 281.24 ms,
respectively) and EfficientNet (59.10ms and 221.31 ms, re-
spectively). These results clearly illustrate the superior prac-

ticality of Multi—-TAB for deployment at the mobile device
with tight resource budget.

Comparison with Task-oriented Feature Extraction. A
detailed comparison with PIB [15] under varying commu-
nication bottlenecks is provided in Section IV; Multi-TAB
consistently outperforms PIB at tight constraints (10 KB and
25KB) by up to 2.3% MODA on WILDTRACK and up to

2.7% on MULTIVIEWX.

Head FLOPs Latency Avg. Latency
Models GMAC on JTX [ms] on RP4 [ms]
ResNet18-stage4 1.82 35.19 £1.72 263.91 £13.61
ResNet18-stagel 0.0718 17.89 +£0.24 157.07 +45.12
MobileNetv2(full) 0.303 33.01 £0.21 281.24 +23.41
EfficientNet(full) 0.395 59.10 £1.49 221.31 £12.45

Table I: Comparison Between ResNetl8-stage4, ResNetl8-
stagel, MobilenetV2, EfficientNet as head model deployment.

JTX = Jetson Nano, RP4 = Raspberry Pi 4.
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Figure 6: End-to-end task processing latency on Colosseum
for °5 dB’ and 30 dB’ scenarios and ResNet18 as backbone.
All the model task accuracy was > 85.0% MODA.
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E. Ablation study

Loss components performance tradeoff. Table II reports
the effect of the information bottleneck weight 8 and the
masking-policy efficiency weight A on MODA. We perform
this experiment on our simulation testbed with a fixed SNR
of 20 dB during testing and sampling from a range of 0 dB
to 20 dB.When A = 0. IB alone regularizes task-oriented
feature compression and its impact is dataset-specific. On
WILDTRACK, MODA increases from 86.25% at 8 = 0
to 86.61% at = 10~% and 88.2% at S = 1073. On
MULTIVIEWX, the difference is small, from 84.11% to
85.25% and 85.10%. When § = 0. MODA becomes highly
sensitive to A. On WILDTRACK, MODA drops from 86.25%
at A = 0 to 56.14% at A\ = 1071, 56.22% at A = 1072,
and 58.56% at A = 10~3. On MULTIVIEWX, MODA drops
from 84.11% at A = 0 to 58.15%, 55.27%, and 72.56% for
A € {1071,1072,1073}. These results indicate that without
IB regularization, the encoder encodes diverse features and
accuracy degrades once the efficiency objective is introduced.

B=0 B=10"%] =103
Datasets A "MODA % | MODA % | MODA %
0 86.25 86.61 832
0T 3614 70.67 71.56
WILDTRACK | —5=r——5¢ 7 7178 7573
05 | 53836 81,76 81.83
0 8411 85.25 85.10
0-T | 3815 68.65 77,55
MULTIVIEWX (=557 69.78 7327
05 | 72.36 7276 7833

Table II: Simulation on trade-off between loss function com-
ponents and performance for A and 5.

Joint effect of A and 8. A non-zero (3 consistently improves
robustness for A > 0. On WILDTRACK, at A = 10~2 MODA
increases from 56.22% at 8 = 0 to 71.78% at 3 = 104
and 75.73% at 8 = 1073, and at A = 1073 it increases
from 58.56% to 81.76% and 81.83%. On MULTIVIEWX,
at A = 1072 MODA increases from 55.27% to 69.78%
and 73.27%, and at A\ = 1073 it increases from 72.56% to
72.76% and 78.33%. Overall, IB regularization concentrates
task-relevant information and makes the representation more
resilient when training with efficiency objective. There is sweet
spot of choosing these two hyper parameters.

F. Comparison with Task-oriented Baseline

Figure 9 reports emulation-based experiments where we
train a PIB model under a fixed data-rate constraint of 250 KB
and subsequently test its performance across various tighter
communication bottlenecks (10 KB, 25 KB, etc.), which in
our simulation settings corresponds to approximately —4 dB.
In contrast, Multi-TAB is trained using a masking pol-
icy conditioned on a uniform SNR profile from 0dB to
20dB. To test generalization, we trained Multi-TAB and
PIB on WILDTRACK and evaluated on MULTIVIEWX.
On WILDTRACK, Multi-TAB consistently outperforms
PIB under strict communication constraints: at the lowest
bottlenecks of 10 KB and 25 KB, Multi—-TAB achieves 2.3%
and 1.8% higher MODA, respectively. On MULTIVIEWX,

Multi-TAB obtains MODA improvements of 1.3% and
2.7%. The communication bottleneck was simulated by set-
ting the link rate to emulate channel capacity with a com-
parable SNR value from the wireless channel model; in the
testbed, this was achieved by limiting the Wi-Fi interface
capacity via Linux commands. The key observation is that
because of variable-SNR-conditioned training, Multi—-TAB
achieves higher task performance even when trained once on
a single SNR distribution profile. Other task-oriented commu-
nication baselines fail to adapt uniformly to different channel
conditions. Mult i—TAB also achieves better generalization to
the challenging MULTIVIEWX dataset even when not trained
on it.

—+— PIB--*-- Multi-TAB-e- DIC—=- JPEG

WildTrack MultiViewX
=
<
@)
O
= 30 10 25 50 100 200 10 25 50 100 200
Communication Communication
Bottleneck [KB] Bottleneck [KB]

Figure 9: Evaluation of a simulation-based experiment under
different communication bottlenecks using ResNet-18 back-
bone. The x-axis shows the communication bottleneck in KB.
PIB is trained with a 250 KB bottleneck. JPEG quality was
set to 50%.

V. RELATED WORK

Feature Compression. Recent studies show that deep net-
works can jointly learn task-oriented feature extraction and
compression. BottleNet [32] combines an on-device CNN
with a JPEG encoder for image classification, while related
methods address image retrieval [33], point-cloud analyt-
ics [34], and accuracy-preserving neural compression [35].
Although effective for reducing single-device offloading traf-
fic, these methods ignore correlations among features from
multiple devices, motivating distributed feature encoding.
The IB principle has been widely used to remove task-
irrelevant redundancy in edge inference [21]. Prior works
extend this idea to multi-device cooperative inference [36],
edge video analytics with spatio-temporal redundancy [14],
and priority-based route selection [15]. However, these frame-
works do not directly support split inference because they
depend on deep feature extractors, non-differentiable device-
ranking routines, and fixed target-rate or SNR training pro-
files. In contrast, we propose a lightweight encoder that
compresses task-relevant intermediate features and enables
adaptive compression under dynamic wireless channels. Split
Computing. Most existing approaches choose the split layer
to balance edge—cloud computation [17]. Since convolutional
activations and feature maps expand rapidly in early lay-
ers [37], practical systems favor split points at backbone
bottlenecks. This has led to “bottleneck injection” [32, 38],



followed by retraining with only the task objective (e.g.,
cross-entropy) [39]. DeepOCD [40] further analyzes such
splits and quantizes intermediate features for transmission.
To compensate for capacity loss introduced by narrow la-
tent spaces, later work augments training with Knowledge
Distillation (KD) [41]. PhyDNN [42] is another IB-based
framework that reduces transmission latency by executing
DNN at the physical layer of the wireless network protocol.
SplitNets [43], which statically partitions DNNs for single-
device execution, unlike our framework enables SNR-aware,
task-adaptive compression for multi-camera split comput-
ing under dynamic wireless conditions. All of this work
addresses the communication vs. performance vs. resource
consumption trade-off—but none tackles the multi-device
edge inference problem. In our framework, we propose a
distributed Variational Information Bottleneck (VIB)-based
approach to efficiently tackle split computing in multi-device
edge computing.

VI. CONCLUSION

In this paper, we presented Mult i—TAB, a novel resource-
aware split computing framework tailored for multi-view
computer vision at the edge. By splitting pretrained DNNs
into lightweight head models on mobile devices and robust
tail models on servers, Multi—TAB effectively optimizes
the trade-off between inference accuracy and communica-
tion overhead. A core innovation is the combination of an
SNR-conditioned masking mechanism with an information
bottleneck-based encoder-decoder, enabling adaptive com-
pression of intermediate feature maps according to wireless
channel conditions and view relevance. Through extensive
experiments on pedestrian density detection using WILD-
TRACK and MULTIVIEWX, Multi-TAB achieves up to
33.7% lower end-to-end latency while maintaining accuracy
within 2.4%. Our implementation on the testbeds ensures the
viability of Multi-TAB. Importantly, the masking mecha-
nism ensures resilience under variable SNR profiles which
is common in real-world deployments but seldom addressed
by existing solutions. Overall, Mult i-TAB advances collab-
orative inference by enabling latency-optimized multi-camera
systems in dynamic, bandwidth-constrained environments.
Codes will be available at https://github.com/tanzilhassan/
Multi-TAB.git
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