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Abstract

We propose a communication-efficient collaborative inference framework in the domain of edge inference, focusing on the

efficient use of vision transformer (ViTs) models. The partitioning strategy of conventional collaborative inference fails to

reduce communication cost because of the inherent architecture of ViTs maintaining consistent layer dimensions across the

entire transformer encoder. Therefore, instead of employing the partitioning strategy, our framework utilizes a lightweight

ViT model on the edge device, with the server deploying a complicated ViT model. To enhance communication efficiency and

achieve the classification accuracy of the server model, we propose two strategies: 1) attention-aware patch selection and 2)

entropy-aware image transmission. Attention-aware patch selection leverages the attention scores generated by the edge device’s

transformer encoder to identify and select the image patches critical for classification. This strategy enables the edge device

to transmit only the essential patches to the server, significantly improving communication efficiency. Entropy-aware image

transmission uses min-entropy as a metric to accurately determine whether to depend on the lightweight model on the edge

device or to request the inference from the server model. In our framework, the lightweight ViT model on the edge device acts

as a semantic encoder, efficiently identifying and selecting the crucial image information required for the classification task.

Our experiments demonstrate that the proposed collaborative inference framework can reduce communication overhead by 68

% with only a minimal loss in accuracy compared to the server model.
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Attention-aware Semantic Communications for
Collaborative Inference

Jiwoong Im, Nayoung Kwon, Taewoo Park, Jiheon Woo, Jaeho Lee, and Yongjune Kim

Abstract—We propose a communication-efficient collaborative
inference framework in the domain of edge inference, focusing
on the efficient use of vision transformer (ViTs) models. The
partitioning strategy of conventional collaborative inference fails
to reduce communication cost because of the inherent archi-
tecture of ViTs maintaining consistent layer dimensions across
the entire transformer encoder. Therefore, instead of employing
the partitioning strategy, our framework utilizes a lightweight
ViT model on the edge device, with the server deploying a
complicated ViT model. To enhance communication efficiency
and achieve the classification accuracy of the server model,
we propose two strategies: 1) attention-aware patch selection
and 2) entropy-aware image transmission. Attention-aware patch
selection leverages the attention scores generated by the edge
device’s transformer encoder to identify and select the image
patches critical for classification. This strategy enables the edge
device to transmit only the essential patches to the server,
significantly improving communication efficiency. Entropy-aware
image transmission uses min-entropy as a metric to accurately
determine whether to depend on the lightweight model on the
edge device or to request the inference from the server model.
In our framework, the lightweight ViT model on the edge device
acts as a semantic encoder, efficiently identifying and selecting
the crucial image information required for the classification task.
Our experiments demonstrate that the proposed collaborative
inference framework can reduce communication overhead by
68% with only a minimal loss in accuracy compared to the server
model.

Index Terms—Collaborative inference, edge computing, edge
inference, Internet of Things (IoT), semantic communications,
split inference, vision transformer.

I. INTRODUCTION

The rapid advancement of computational resources, coupled
with the proliferation of massive datasets, has significantly
enhanced the practicality of artificial intelligence (AI) ser-
vices. Integrating AI techniques with edge devices, including
smartphones, wearable devices, and Internet of things (IoT)
devices, seeks to seamlessly incorporate AI services into a
wide range of daily life. This effort to advance AI technologies
in the domain of edge computing is commonly known as edge
AI [1]–[3].

An important research theme in edge AI is edge inference,
focused on efficiently executing inference tasks within the
edge network [2]–[5]. Traditionally, raw data is sent from
edge devices (clients) to a server, where a complicated model

J. Im, N. Kwon, T. Park, J. Woo, J. Lee, and Y. Kim are with the
Department of Electrical Engineering, Pohang University of Science and
Technology (POSTECH), Pohang 37673, South Korea (e-mail: {jw3562,
kwonna, parktaewoo, jhwoo1997, jaeho.lee, yongjune}@postech.ac.kr).

conducts the inference task, i.e., server-based inference. How-
ever, this method incurs significant communication overhead,
particularly in scenarios dealing with large volumes of raw
data [3], [6]. An alternative is on-device inference, which
executes the inference task directly on resource-constrained
devices, thereby minimizing communication costs. However,
this approach often leads to lower performance due to the
limited computational capabilities of edge devices [3], [4].

To address the dual challenges of excessive communication
overhead and limited computational resources, the concept
of collaborative inference has been introduced [2]–[7]. This
strategy involves dividing a deep neural network (DNN) model
into separate parts for the edge device and the server. Within
this framework, the edge device first uses its component to
extract features from the raw data and then transmits them
to the server. As these extracted features are typically more
compressed than the raw data, the communication cost can be
aggressively reduced. The server then utilizes these features
and its portion of the model to determine the final inference
result, which is sent back to the device [5]. The selection of the
split point is critical as it significantly impacts the computa-
tional load on the device and the communication overhead [3].
This approach is also known as split inference [5], [8] and
device-edge co-inference [3], [7]. Notably, collaborative infer-
ence is closely connected to semantic communications [9]–
[14], considering that the extracted features are essentially
semantic information tailored for the inference task.

Transformers, originally developed for natural language
processing (NLP) [15], have been widely adopted across mul-
tiple domains. Particularly, the vision transformer (ViT) [16],
[17] has demonstrated superior performance and efficiency
in image classification tasks. However, the deployment of
ViTs on resource-constrained edge devices is challenging due
to their substantial model size and intensive computational
requirements [18].

In collaborative inference scenarios, the strategy of parti-
tioning ViT models fails to effectively reduce communication
overhead. This limitation stems from the inherent architecture
of ViTs, which maintains consistent layer dimensions across
the entire transformer encoder [16], in contrast to convo-
lutional neural network (CNN) models whose intermediate
layer dimensions can be significantly smaller than the raw
data dimensions. Consequently, partitioning a ViT model for
collaborative inference still requires the transmission of sig-
nificant data volumes, thereby failing to substantially mitigate
the communication load.

We propose an efficient collaborative inference framework
utilizing pre-trained ViT models. Instead of partitioning a
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TABLE I
THE COMPARISON OF DEIT MODEL PARAMETERS AND CLASSIFICATION

ACCURACY ON IMAGENET DATASET [17]

Model Parameters (million) Classification Accuracy (%)

DeiT-Tiny 5 72.2
DeiT-Small 22 79.8
DeiT-Base 86 81.8

single model, the edge device operates a lightweight ViT
model (e.g., DeiT-Tiny), while the server utilizes a complex
ViT model (e.g., DeiT-Base). As shown in Table I, DeiT-Tiny
(DeiT-Ti) is notably lightweight, making it suitable for edge
deployment. However, its classification accuracy is approxi-
mately 10% lower than that of DeiT-Base (DeiT-B) [17].

Our objective is to develop a collaborative inference strategy
that achieves classification accuracy comparable to the server
model while also minimizing communication overhead be-
tween the edge device and the server. This strategy is designed
to leverage the strengths of both models: the efficiency and
low resource demand of the tiny model at the edge, and the
higher classification accuracy of the base model at the server.
In our proposed framework, the edge device utilizes its tiny
model to conduct an initial inference without transmitting the
image to the server. Subsequently, the edge device assesses
whether to accept this initial inference or to send the image to
the server for a more accurate inference using the base model.
By doing so, we aim to achieve an optimal trade-off between
classification accuracy and communication cost in edge-server
collaborative systems.

To enhance communication efficiency in our framework,
we propose two primary strategies: 1) attention-aware patch
selection, which involves selectively transmitting only the most
relevant patches of the image, and 2) entropy-aware image
transmission, where the decision to transmit the image to the
server is determined by the level of uncertainty or confidence
in the edge device’s initial inference.

• Attention-aware patch selection: In cases where the edge
device needs to transmit the image to the server, our
strategy is to transmit only the essential patches that are
crucial for classification, rather than the entire image.
This selective transmission approach is guided by the
attention scores from the class token [16] to the image
patches, as processed by the tiny model. These atten-
tion scores indicate the relevance of each patch to the
classification task. We investigate several techniques to
effectively select these key patches based on the attention
scores, showing that the tiny model is capable of accu-
rately identifying the most informative patches, even in
cases where it may not classify the image correctly. Our
experimental results validate that this approach enables
the base model to maintain its classification accuracy,
although it processes only selectively transmitted patches.
Hence, attention-aware patch selection can effectively
reduce the communication cost between the edge device
and the server while maintaining classification accuracy.

• Entropy-aware image transmission: It is critical for the
edge device to make an accurate determination between

relying on the tiny model’s inference and requesting the
inference of the more accurate base model. This deci-
sion is particularly important due to the communication
overhead involved in transmitting images. Ideally, the
edge device should transmit only those images incorrectly
classified by the tiny model while avoiding the transmis-
sion of images where the initial inference is correct. To
facilitate this decision, we utilize the min-entropy derived
from the softmax output values of the classification
head in the tiny ViT model. Our experimental findings
reveal that the decisions based on the min-entropy yield
higher accuracy compared to those based on the Shannon
entropy.

In the context of semantic communications, our framework
is aptly characterized as attention-aware semantic communi-
cations. The tiny model’s transformer encoder on the edge
device acts as a semantic encoder, particularly when the
decision is made to transmit the image to the server. The edge
device leverages attention scores generated by the transformer
encoder to identify the most essential image patches, which are
critical for accurate classification. Interestingly, our findings
reveal that the tiny model functions effectively as a semantic
encoder, in spite of its lower classification accuracy compared
to the base model.

Moreover, the proposed collaborative inference framework
offers the advantage of reducing the computational complexity
on the server model, as the server’s inference is conducted
solely on the selected patches. While our primary goal focuses
on minimizing communication overhead between the edge
device and the server, this framework also yields the ancillary
benefit of server-side computational efficiency.

The rest of this paper is organized as follows. Section II
offers a brief overview of the ViT and related work. Section III
details our collaborative inference framework. Section IV and
V present our main contributions, which include attention-
aware patch selection and entropy-aware image transmission,
respectively. Section VI provides experimental results, fol-
lowed by conclusions in Section VII.

II. BACKGROUNDS

A. Vision Transformer

The ViT [16] is a transformer-based model for computer
vision tasks, setting a standard in vision models. A simplified
overview of the ViT model is shown in Fig. 1. An input
image x ∈ RH×W×C is reshaped into a sequence of flattened
2D patches xp ∈ RN×(P 2·C), where (H,W ), C, and (P, P )
denote the resolution of the original image, the number of
channels, and the resolution of each image patch, respectively.
Note that N = HW

P 2 is the resulting number of patches. These
patches are then linearly projected to a consistent dimension D
across the transformer layers via E ∈ R(P 2·C)×D. The input
embedding of the ViT’s transformer encoder z0 ∈ R(N+1)×D

is given by

z0 =
[
xcls;x

1
pE; . . . ;xN

p E
]
+Epos, (1)

where Epos denotes the standard learnable position embedding.
The class token z00 = xcls ∈ R1×D is particularly prepended
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Fig. 1. Overview of the ViT model [16].

to the sequence of embedded patches [16]. This class token
is crucial in classification tasks, serving as a key element
in aggregating the information from the entire sequence of
patches for the final classification output.

The transformer encoder is composed of alternating layers
of multi-head self-attention (MSA) and multi-layer perceptron
(MLP) blocks as follows:

z′l = MSA (LN (zl−1)) + zl−1, l = 1, . . . , L; (2)
zl = MLP (LN (z′l)) + z′l, l = 1, . . . , L; (3)

y = LN(z0L), (4)

where LN represents the layer normalization. In particular, the
image representation y is the encoder output of the class token
z00. This image representation y then serves as the input for
the MLP head as shown in Fig. 1.

In the MSA block for an input sequence z ∈ R(N+1)×D, a
weighted sum of all values v is computed using query q, key
k, and value v, where q,k,v ∈ R(N+1)×Dh . The standard
self-attention (SA) is formalized as follows [15], [16]:

[q,k,v] = zUqkv, (5)

A = softmax
(

qk⊤
√
Dh

)
, (6)

SA(z) = Av, (7)

where Uqkv ∈ RD×3Dh and A ∈ R(N+1)×(N+1) denote the
projection matrix and the attention weight matrix, respectively.
The MSA extends the standard self-attention (SA) by perform-
ing H parallel SA operations (i.e., heads) and concatenating
their outputs [16]:

MSA(z) = [SA1(z), · · · ,SAH(z)]UMSA, (8)

where UMSA is the projection matrix for the MSA output.

B. Related Work

Prior work on collaborative inference has primarily focused
on CNN architectures [2]–[7]. The exploration of collaborative
inference with transformer models has been limited because of
the consistent dimension of the MSA blocks in the transformer
encoder.

Recent studies have delved into on-device inference utilizing
lightweight ViT models [18]–[20], yet achieving the accuracy

(a)

(b)

Fig. 2. The proposed collaborative inference framework utilizing pre-trained
ViT models (DeiT-Tiny on client and DeiT-Base on server). (a) Case 1: The
edge device (client) transmits the selected image patches to the server when
the entropy of client’s inference is high. (b) Case 2: The edge device confirms
its tiny model’s classification outcome when the entropy of edge device’s
inference is low.

of server models is challenging. To improve classification
accuracy of the edge device, an ensemble strategy employing
multiple edge devices was proposed in [21]. In this approach,
a central edge device disseminates raw data to nearby edge
devices, which then conduct inference using compact ViT
models and return their intermediate inference results to the
central edge device. The central edge device obtains the final
inference outcome by aggregating the received intermediate
results. However, this approach leads to increased communi-
cation overhead among the edge devices.

In [22], the authors proposed a collaborative inference by
leveraging the masked autoencoder (MAE) [23]. The edge
device selects image patches randomly and transmits them
to the server. The server then reconstructs the entire image
using the decoder of MAE and performs classification on
this reconstructed image. In spite of the benefit of reducing
computational demands on the edge devices, the classification
accuracy is compromised by the random selection of image
patches.

Transformers have been utilized in semantic communi-
cations for the transmission of text [24] and images [25].
Nonetheless, these works do not pertain to classification tasks.
Our approach distinctively employs attention scores, particu-
larly for the class token, setting our work apart from existing
research in semantic communications.

III. COLLABORATIVE INFERENCE FRAMEWORK BASED ON
TRANSFORMER MODELS

We propose a collaborative inference framework that utilizes
pre-trained ViT models. This framework is designed to achieve
server-level classification accuracy with minimized communi-
cation overhead between the edge device and the server.

Due to the consistent layer dimensions of ViTs, conventional
methods of collaborative inference [2]–[7], which typically
partition a single CNN model, are ineffective at reducing com-
munication costs for ViT models. As a solution, we employ
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Algorithm 1 Proposed Collaborative Inference Framework

Input: Images {x(1),x(2), . . . ,x(n)}.
Output: Classification results {y(1), y(2), . . . , y(n)}.

1: for i = 1 : n do
2: y

(i)
c := fc(x

(i)) ▷ Inference on edge device
3: Client computes entropy g(x(i))
4: if g(x(i)) ≥ η then
5: x̃(i) := patch-selection(x(i))
6: Client transmits x̃(i) to server
7: y

(i)
s := fs(x̃

(i)) ▷ Inference on server
8: Server transmits y

(i)
s to client

9: y
(i)
c := y

(i)
s

10: end if
11: end for

a lightweight ViT model (e.g., DeiT-Tiny) at the edge device,
instead of splitting a complex ViT model (e.g., DeiT-Base),
as depicted in Fig. 2. The proposed inference framework
establishes an efficient collaborative protocol between the edge
device and the server, aiming to achieve high classification
accuracy of DeiT-Base model while significantly reducing
communication overhead.

In our collaborative inference framework, the edge device
(client) first performs inference with its tiny model. The edge
device then evaluates the entropy level of this initial inference.
High entropy (low confidence) necessitates transmitting the
image to the server since it indicates that the tiny model’s
inference would be unreliable. In such instances, only essential
patches for classification are transmitted instead of the entire
image patches to minimize communication costs. The server,
utilizing its complex ViT model, conducts inference based
on these selected patches and sends its classification results
back to the edge device, as shown in Fig. 2(a). This process
of selecting critical patches is governed by the proposed
attention-aware patch selection rule, elaborated in Section IV.

If the initial inference’s entropy is low, the edge device
confirms its classification result without further interaction
with the server, as shown in Fig. 2(b). Reducing reliance on
the server to reduce communication costs is achieved through
entropy-aware image transmission rule, detailed in Section V.
By integrating these rules, our framework significantly lowers
communication costs while maintaining classification accuracy
comparable to the server model.

The steps of the proposed collaborative inference are out-
lined in Algorithm 1. Here, Step 2 and Step 3 involve
computing the initial inference result fc(x(i)) and its entropy
g(x(i)), respectively. If the entropy is below a given threshold
η, then fc(x

(i)) is deemed the final classification outcome.
In cases of higher entropy, as identified in Step 4, the client
selects and transmits only essential patches to the server
at Step 5 and 6, effectively lowering communication costs
by ensuring dim(x̃(i)) < dim(x(i)). At Step 7, the server
conducts inference on these selected patches, producing the
result fs(x̃(i)), which is then sent back to the client at Step 8.

The proposed collaborative inference framework can reduce
the computational complexity for the server model by limiting

Fig. 3. The visualization of attention-aware patch selection. The left is an
image of ImageNet dataset that the client model (DeiT-Tiny) inaccurately
classifies as ‘Hammerhead Shark’. The right shows the selected patches by
attention-aware patch selection. These selected patches allow the server model
(DeiT-Base) to correctly classify the image as ‘White Shark’.

Fig. 4. The visualization of images and attention scores. In the left column, we
have the original images of ImageNet dataset. The middle column displays
the attention score maps generated by DeiT-Tiny. The right column shows
the patches selected by the attention-sum threshold selection. The images are
labeled as ‘Brambling’, ‘Irish Setter’, and ‘Snow Leopard’, respectively.

the inference process to only the selected patches. The com-
putational complexity of DeiT-Base, according to [26], [27],
is specified by the formula:

144ND2 + 24N2D, (9)

where N is the number of patches. Assuming the number
of patches of x̃(i) is represented by Ñ such that Ñ < N ,
our framework not only reduces communication overhead but
also enhances computational efficiency on the server side. This
results in a significant secondary benefit of our collaborative
inference framework.

IV. ATTENTION-AWARE PATCH SELECTION

This section introduces our attention-aware patch selection
method, motivated by an intriguing observation: the tiny ViT
model is capable of identifying the essential patches for
classification, even when its classification is incorrect (see
Fig. 3). Consequently, the tiny model on the edge device
acts as a semantic encoder, effectively extracting essential
information for the classification task.
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Fig. 5. The comparison of image patches selected by DeiT-Tiny (middle
column) and DeiT-Base (right column). The same number of patches are
selected according to the mean attention scores. The left column displays the
original images of ImageNet dataset. The images are labeled as ‘Miniature
Schnauzer’, ‘Great Gray Owl’, and ‘Magpie’, respectively.

To enhance communication efficiency and classification
accuracy, we address two key questions: 1) how to accurately
quantify the importance of each patch and 2) how to determine
the optimal number of selected patches.

A. Quantifying Patch Importance

To quantify the importance of each patch for classification,
we utilize the attention scores generated by the SA mecha-
nism. The attention score for the class token in a single-head
attention is calculated as follows:

a = softmax

(
qclsk

⊤
p√

Dh

)
, (10)

where qcls ∈ R1×Dh represents the query for the class
token of the last layer and kp ∈ RN×Dh denotes the keys
corresponding to the image patches in the last layer. The mean
attention score is then obtained by averaging the attention
scores from all multi-heads.

Our experimental findings indicate that the mean attention
scores, as computed by the tiny model, effectively assess the
significance of each patch in contributing to the classification
task. Fig. 4 presents a side-by-side comparison of ImageNet
dataset images (left column) and their corresponding attention
score maps (middle column). These maps clearly reveal that
patches crucial for classification are distinguished by higher
attention scores, setting them apart from less critical areas,
such as background patches, which receive lower attention
scores.

This observation supports that the tiny model on the edge
device is adept at identifying and selecting the most in-
formative patches for classification. Within ViT models, the
class token aggregates information from other tokens (image

Fig. 6. The comparison of attention score maps computed by DeiT-Tiny
(middle column) and DeiT-Base (right column). The left column displays the
original images of ImageNet dataset. The images are labeled as ‘Miniature
Schnauzer’, ‘Great Gray Owl’, and ‘Magpie’, respectively.

patches) via the attention mechanism. For the final classifica-
tion, the ViT relies on the MLP head, which considers only
the information associated with the class token from the last
layer, disregarding any other inputs. Thus, the attention score
as defined in (10) serves as a key metric for quantifying the
contributions of individual image patches to the class token. In
the context of semantic communications, the tiny model of the
edge device acts as a semantic encoder, tasked with extracting
essential information for the classification task. This role
aligns with the broader objectives of semantic communications
to emphasize meaning and relevance in the transmission of
information [10]–[12]

An interesting finding is that DeiT-Tiny can act more
effectively as a semantic encoder than DeiT-Base in spite
of its inferior classification accuracy. Fig. 5 compares the
patches selected by DeiT-Tiny (middle column) and those
by DeiT-Base (right column), showing DeiT-Tiny’s superior
ability to discard irrelevant image patches. This seemingly
contradictory finding can be elucidated by the insights from
recent work [28], which shows that large ViT models tend to
allocate high attention scores to less informative background
areas. It is because the large models adeptly identify patches
with minimal information, such as background areas, repur-
posing the corresponding tokens to assimilate global image
information while neglecting their spatial information. High
attention scores are allocated to these repurposed patches
containing global information, particularly in the background
areas, as shown in Fig. 6. Although this strategy enhances the
classification accuracy of larger ViT models, it compromises
their effectiveness as semantic encoders. The experimental
results on how model complexity affects the efficacy of
semantic encoders are presented in Section VI-E.

The mean attention score from the last layer has previously
been leveraged for purposes such as model interpretation [29],
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Fig. 7. The normalized histogram of the mean attention scores obtained by
DeiT-Tiny on the ImageNet dataset.

[30] and knowledge distillation [27]. Our approach distinc-
tively utilizes the mean attention score to reduce commu-
nication costs within our collaborative inference framework,
differentiating our methodology from previous applications.
Additionally, while attention rollout [31] is an established
technique for interpreting transformer models, we opt for the
mean attention score. This decision is based on the observation
that attention rollout tends to produce more uniform attention
scores, which do not align well with our objective of attention-
aware patch selection. The experimental evidence supporting
this decision is provided in Section VI-C.

B. Patch Selection Rule
In this subsection, we investigate the patch selection rule

utilizing mean attention scores. Selecting an appropriate num-
ber of patches for transmission to the server is crucial, as this
directly impacts both communication costs and classification
accuracy. Our goal is to transmit the fewest possible patches
to the server to minimize communication overhead. However,
this approach poses a trade-off, as reducing the number of
transmitted patches can limit the information available to the
server model, potentially lowering classification accuracy.

The distribution of attention scores reveals that most patches
are assigned low values, as shown in Fig. 7. This property
enables a significant reduction in the number of transmitted
patches without affecting classification accuracy. By taking
advantage of this beneficial property, we explore the following
patch selection rules:

• Top-k selection: Selecting the top-k patches that have the
highest attention scores.

• Attention threshold selection: Selecting the patches whose
attention scores exceed a predefined threshold δ.

• Attention-sum threshold selection: Selecting the patches
with the highest attention scores until their cumulative
attention sum reaches a predetermined threshold δsum.

The top-k selection method selects a fixed number of
patches based on the highest attention scores, resulting in
consistent communication costs for all input images. Nonethe-
less, it overlooks the variation in attention score distribution

among different images. Fig. 4 shows that the quantity of
patches essential for classification can vary across images,
with important information typically concentrated on the class
object, where the highest attention scores are located. Conse-
quently, to achieve optimal classification accuracy, the number
of selected patches should be tailored to the size of the object
within each image.

Both the attention threshold selection and attention-sum
threshold selection methods provide the capability to adjust
the number of selected patches for transmission, making them
more adaptable than the top-k selection method. For instance,
as shown in Fig. 4, the numbers of selected patches for ‘Bram-
bling’ and ‘Snow Leopard’ are 35 and 124, respectively, by
using the attention-sum threshold selection with δsum = 0.94.
Adopting this method ensures the transmission of a consistent
sum of attention scores, effectively lowering the risk of omit-
ting crucial information. The experimental results show that
the attention threshold selection and attention-sum threshold
selection methods outperform the top-k selection method in
achieving an optimal trade-off between classification accuracy
and communication efficiency, as detailed in Section VI-C.

V. ENTROPY-AWARE IMAGE TRANSMISSION

This section delves into entropy-aware image transmission,
a strategy aimed at reducing communication overhead by con-
sidering the varied classification difficulty inherent to different
images. For less complex images, the edge device’s initial
inference may be accurate enough, eliminating the need for
further interaction with the server. In contrast, more intricate
images necessitate more accurate classification from the server
model, leading to increased communication overhead. It is
critical for the edge device to make an accurate decision
between relying on its initial inference and requesting more
accurate classification from the server model.

Even though the edge device cannot ascertain the correct-
ness of its initial inference, it can estimate the inference’s
confidence through the softmax output values of the MLP
classification head. This softmax output can be interpreted as
the posterior probability pθ(y|x), where y denotes the class
label and θ denotes the tiny model. Then, we set an entropy
function g : RL → R, where L denotes the number of class
labels. The client requests more accurate inference results from
the server if:

g(x) ≥ η, (11)

where η denotes a predetermined threshold. To access the con-
fidence of the client’s inference, we consider two exemplary
entropy measures: 1) Shannon entropy and 2) min-entropy,
with their respective thresholds.

The Shannon entropy, a widely used metric for quantifying
uncertainty [32], is calculated by

gs(x) = −
∑
y∈Y

pθ(y|x) log2 pθ(y|x), (12)

where Y denotes the set of all possible class labels. High Shan-
non entropy indicates that the given image x is challenging for
the tiny model to classify accurately. Therefore, if gs(x) ≥ ηs,
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with the edge device employing DeiT-Tiny and the server employing DeiT-
Base. The black line represents the achievable curve by the proposed collab-
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attention-aware patch selection. For entropy-aware image transmission, the
min-entropy serves as the entropy metric, using a threshold value η = ηm.

the edge device transmits the selected patches to the server for
an inference from the base model.

Another key metric, min-entropy, evaluates uncertainty in
the most conservative manner [33]. The min-entropy is defined
as

gm(x) = − log2 max
y∈Y

pθ(y|x), (13)

which is directly associated with the confidence level of the
initial inference. If gm(x) ≥ ηm, the edge device transmits the
selected patches to the server for an inference from the base
model.

Our experimental results in Section VI-D show that the
min-entropy serves as a better metric within our collabora-
tive inference framework. Entropy-aware image transmission
utilizing the min-entropy improves communication efficiency
for a given level of classification accuracy when compared to
using the Shannon entropy.

Shannon entropy has been utilized in diverse applications,
such as prioritizing unlabeled data inputs in active learn-
ing [34] and wireless data acquisition [35]. Our work leverages
min-entropy as a metric to evaluate the quality of initial
inferences made by edge devices, setting our application apart
from its previous utilization.

VI. EXPERIMENTAL RESULTS

A. Experiment Settings

Our experiment employs the ImageNet validation dataset
and resizes each image to a resolution of 224× 224 pixels by
center cropping. An image is flattened to N = 196 patches
before the inference. We utilize the DeiT models pre-trained
on the ImageNet dataset, as presented in Table I.

We evaluate the impact of varying the number of transmitted
patches on communication cost and classification cost. The
communication cost in our collaborative inference system is
quantified by the ratio of the number of transmitted patches to
the total number of patches. Consequently, if the edge device

TABLE II
ATTENTION-SUM PATCH SELECTION THRESHOLD VALUES AND

EXPECTED NUMBER OF TRANSMITTED PATCHES

δsum Expected Number of Transmitted Patches

0.87 88.40
0.9 100.84
0.92 110.82
0.93 116.51
0.94 122.80
0.95 129.86
0.96 137.89
0.97 147.24
0.98 158.47
0.99 172.76

TABLE III
MIN-ENTROPY THRESHOLD VALUES AND EXPECTED RATIO OF

TRANSMITTED IMAGES

ηm Expected Rate of Transmitted Images

1 0.3567
0.8 0.4290
0.6 0.5116
0.4 0.6246
0.3 0.7109
0.2 0.8445
0.1 0.9714

sends all image patches to the server, the communication cost
is quantified as 1.

When the edge device transmits the selected patches, it is
required to transmit the position information of these selected
patches. For instance, assigning one bit per patch as a marker
of its selection status is a practical solution. The overhead of
these additional bits for position information is negligible in
comparison to the size of the image itself, given that only one
bit is appended for each image patch containing 6, 144 bits.

B. Communication Cost vs. Classification Accuracy

In our collaborative inference framework, we assess the
trade-off between communication cost and classification ac-
curacy. We utilize the attention-sum threshold selection for
attention-aware patch selection and the min-entropy for
entropy-aware image transmission.

Fig. 8 shows the trade-off between communication cost and
classification accuracy, employing DeiT-Tiny on the edge de-
vice and DeiT-Base on the server. We achieve a 68% reduction
in communication cost while attaining a classification accuracy
of 80.84%, with only a minimal loss in accuracy compared
to DeiT-Base’s accuracy of 81.8%. This communication cost
reduction is achieved by the attention-sum threshold selection
method with a threshold δsum = 0.97 and the min-entropy with
the threshold ηm = 0.8. The black line indicates the optimized
trade-off curve achieved by selecting the optimized threshold
values of δsum and ηm. Table II and Table III detail the resulting
communication costs depending on threshold values.

Additionally, we investigate a case where the server employs
DeiT-Small instead of DeiT-Base. Fig. 9 shows the trade-off
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Fig. 9. Trade-off between communication cost and classification accuracy,
with the edge device employing DeiT-Tiny and the server employing DeiT-
Small. The black line represents the achievable curve by the proposed col-
laborative inference. We utilize the attention-sum threshold selection method
for attention-aware patch selection. For entropy-aware image transmission, the
min-entropy serves as the entropy metric, using a threshold value η = ηm.
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Fig. 10. Comparison of the MAE-based offloading for transformer inference
(MOT) [22] and our proposed collaborative inference, with the edge device
employing DeiT-Tiny and the server employing DeiT-Small.

between communication cost and classification accuracy. In
this case, we achieve a 71% reduction in communication cost
while attaining a classification accuracy of 78.8%, with only a
minimal loss in accuracy compared to DeiT-Small’s accuracy
of 79.8%. It is observed that greater communication cost
reductions can be realized when the accuracy gap between
the edge device and the server is reduced. Furthermore,
Fig. 10 presents a comparison between two different infer-
ence systems: MAE-based offloading for transformer inference
(MOT) [22] and our collaborative inference framework. The
experimental results show that our proposed collaborative
inference framework significantly improves performance by
employing the tiny model on the edge device, which adeptly
transmits essential image patches for classification. In contrast,
the edge device of MOT [22] transmits randomly selected
image patches to the server.
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Fig. 11. Comparison of mean attention score and attention rollout, with
the edge device employing DeiT-Tiny and the server employing DeiT-Base.
The patch selection rule is the attention-sum threshold selection. (a) shows
the overall trade-off between communication cost and classification accuracy,
while (b) zooms in on the region of interest, focusing on areas near the server
model’s classification accuracy.

C. Attention-aware Patch Selection

In this subsection, we delve into identifying the most effec-
tive metrics for determining patch importance and the optimal
rules for patch selection. First, we examine and compare the
efficacy of mean attention scores versus attention rollout. Next,
we evaluate different patch selection methodologies, including
top-k selection, attention threshold selection, and attention-
sum threshold selection. We maintain a consistent environment
with DeiT-Tiny on the edge device and DeiT-Base on the
server. For this analysis, we specifically focus on attention-
aware patch selection, excluding considerations of entropy-
aware image transmission.

Fig. 11(a) reveals that both the mean attention score and
attention rollout have distinct advantages. In situations de-
manding substantial reductions in communication cost, atten-
tion rollout is better than the mean attention score. However,
as shown in Fig. 11(b), the mean attention score is a better
metric for attaining accuracy comparable to that of the server.
Consequently, we adopt the mean attention score for our
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Fig. 12. Comparison of the patch selection rules: Top-k selection, attention
threshold selection, and attention-sum threshold selection. The edge device
and the server employ DeiT-Tiny and DeiT-Base, respectively. The patch
importance is quantified by the mean attention score.
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Fig. 13. Comparison of min-entropy and Shannon entropy with the edge
device employing DeiT-Tiny and the server employing DeiT-Base.

primary experiments.
Fig. 12 shows that both attention threshold selection and

attention-sum threshold selection outperform the performance
of the top-k selection. These methods offer the capability
to adjust the number of selected patches for transmission,
facilitating the maintaining classification accuracy while min-
imizing communication costs.

D. Entropy-aware Image Transmission

To determine the most effective entropy measure, we com-
pare the min-entropy and the Shannon entropy within our col-
laborative inference framework. For this analysis, we specifi-
cally focus on entropy-aware image transmission, deliberately
setting aside the aspect of attention-aware patch selection. The
entropy values are derived from the softmax output of the
MLP classification head in the DeiT-Tiny model used on the
edge device. As shown in Fig. 13, the min-entropy is a better
metric for our collaborative inference, demonstrating a more
effective distinction between correctly and incorrectly inferred
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Fig. 14. Comparison of DeiT-Tiny and DeiT-Base as semantic encoders. The
classification accuracy is obtained by DeiT-Base.

images compared to the Shannon entropy. Consequently, min-
entropy is chosen as the preferred metric for entropy-aware
image transmission.

E. Model Complexity of Semantic Encoder

As discussed in Section IV-A, DeiT-Tiny can act more
effectively as a semantic encoder than DeiT-Base in spite
of its inferior classification accuracy, which is supported by
Fig. 5 and Fig. 6. In our experiments, we concentrate solely
on attention-aware patch selection to evaluate and compare
DeiT-Tiny and DeiT-Base. Both models select only important
patches based on the mean attention scores, disregarding initial
inference outcomes. The classification accuracy is obtained by
DeiT-Base, which processes only these selected image patches.
Fig. 14 shows that DeiT-Tiny more effectively identifies the
essential image patches for classification better than DeiT-
Base.

VII. CONCLUSION

We presented a novel attention-aware collaborative infer-
ence system using pre-trained ViT models. The edge device
employs a compact ViT model as a semantic encoder, selecting
pivotal patches that focus on objects crucial for classification.
Our results confirm that this framework not only significantly
lowers communication costs but also preserves accuracy com-
parable to that of server models. Furthermore, it offers the
added benefit of diminishing the server model’s computational
complexity. Extending this approach to encompass a broader
range of tasks beyond classification provides an intriguing
direction for future research.
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