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Abstract

This paper proposes a risk-calibrated heteroge-
neous collaborative inference framework that de-
ploys a lightweight CNN at the edge and a high-
capacity ViT at the server. The proposed method
uses Conformal Risk Control (CRC) to calibrate
the edge-side acceptance threshold with a finite-
sample guarantee on the risk of incorrect local
acceptance, while Adaptive Prediction Sets (APS)
and Grad-CAM are combined to generate class-
aware saliency maps for selective patch transmis-
sion. By transmitting only semantically informa-
tive patches when server inference is required, the
proposed framework reduces communication cost
while preserving inference accuracy. Experimen-
tal results on ImageNet demonstrate that the pro-
posed method achieves 81.05% Top-1 accuracy
with a communication cost of 0.26, corresponding
to a 74% reduction over full-image transmission.

1. Introduction
Wireless communication systems are evolving toward AI-
native infrastructures that support intelligent services within
the network (Wu et al., 2021; Jung, 2024). Emerging applica-
tions such as real-time perception and interactive AI require
timely and accurate inference near the network edge (Zhou
et al., 2019; Chen & Ran, 2019). However, executing high-
capacity neural networks entirely on edge devices remains
challenging due to limited on-device computation resources.
To address this issue, collaborative inference has emerged
as a promising deployment strategy in which edge devices
and remote servers jointly execute inference (Kang et al.,
2017; Teerapittayanon et al., 2017; Ren et al., 2023).

A representative approach to collaborative inference is split
inference, where the early layers of a neural network are ex-
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ecuted at the edge and intermediate features are transmitted
to the server (Kang et al., 2017; Li et al., 2018). However,
the communication benefit of split inference is limited when
the intermediate representation is not sufficiently compact.
This issue is pronounced in Vision Transformers (ViTs),
whose token representations often maintain comparable di-
mensionality across transformer layers. Therefore, recent
collaborative inference methods have shifted toward patch-
level transmission, where only task-relevant image patches
are offloaded to the server (Dosovitskiy et al., 2021).

Recent attention-aware collaborative inference methods ad-
dress this issue by transmitting only a subset of image
patches selected from edge-side attention scores. Despite
these advances, these methods still rely on heuristic confi-
dence thresholds for offloading decisions (Im et al., 2024). In
addition, their patch selection is typically tied to class-token
attention from an edge ViT, which restricts the framework to
homogeneous ViT-to-ViT architectures and may fail when
the edge model is uncertain or incorrect (Im et al., 2024;
Touvron et al., 2021).

To address these limitations, we propose a communication-
efficient and risk-calibrated framework for heterogeneous
collaborative inference. The proposed framework deploys
a lightweight CNN at the edge and a high-capacity ViT at
the server. To enable theoretically grounded risk control
without additional training or large-scale auxiliary data, we
use Conformal Risk Control (CRC) to calibrate the edge-
side decision threshold with statistical risk guarantees (An-
gelopoulos et al., 2024). For patch transmission, we intro-
duce a class-aware saliency score that combines APS with
Grad-CAM (Romano et al., 2020; Selvaraju et al., 2017). It
enables the edge device to transmit only informative image
patches to the server. Experimental results show that the
proposed framework achieves a 74% reduction in commu-
nication cost while keeping the accuracy loss within 1 pp
compared to the server-only model.

The rest of the paper is organized as follows. Section 2
reviews conformal methods and Grad-CAM. Section 3
presents the proposed framework, including CRC-based
edge decision and APS-guided saliency-based patch trans-
mission. Section 4 reports the experimental setup and results.
Section 5 concludes the paper.
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Risk-Calibrated Semantic Transmission for Collaborative Inference

2. Background
2.1. Conformal Prediction and Risk Control

Conformal prediction is a distribution-free uncertainty quan-
tification framework that provides marginal coverage guar-
antees for arbitrary underlying prediction models (Romano
et al., 2020). This coverage guarantee relies only on the ex-
changeability of the calibration and test samples. Therefore,
conformal prediction can be applied post hoc to a pre-trained
model without modifying its architecture or retraining its
parameters. This property makes conformal methods partic-
ularly suitable for deployed edge inference systems, where
reliability guarantees must be incorporated without modify-
ing the pre-trained model.

In this work, we use two variants of conformal methods:
Adaptive Prediction Sets (APS) and Conformal Risk Control
(CRC). APS is used to construct a candidate class set for
saliency generation, while CRC is used to calibrate the edge-
side offloading decision.

Adaptive Prediction Sets. Adaptive Prediction Sets
(APS) construct a prediction set S(x) ⊆ Y instead of pro-
ducing a single top-1 prediction. Given a user-specified
miscoverage level α, APS guarantees

Pr (Yn+1 ∈ S(Xn+1)) ≥ 1− α, (1)

where (Xn+1, Yn+1) denotes a unseen test point exchange-
able with the calibration samples (Romano et al., 2020).

Let π(x) be the softmax output of the classifier, and let
π(k)(x) denote the k-th largest softmax probability. For
each calibration sample (xi, yi), APS defines the conformity
score as the cumulative softmax probability up to the true
class:

saps(xi, yi) =

r(xi,yi)∑
k=1

π(k)(xi), (2)

where r(xi, yi) is the rank of the true label yi in the descend-
ing order of softmax probabilities. Given a calibration set of
size n, the APS threshold is computed as

q̂ = Quantile

(
{saps(xi, yi)}ni=1 ;

⌈(n+ 1)(1− α)⌉
n

)
.

(3)
At test time, the prediction set is formed by including the
smallest number of top-ranked classes whose cumulative
probability exceeds q̂.

In our framework, APS is used to identify candidate classes
when the edge model is uncertain. These candidate classes
are then used to construct a class-aware saliency map for
patch transmission.

Conformal Risk Control. Conformal Risk Control (CRC)
extends the coverage guarantee of conformal prediction to

a more general risk-control setting (Angelopoulos et al.,
2024). Instead of only controlling whether the true label
is included in a prediction set, CRC allows a user-defined
bounded loss function to be controlled under a specified risk
budget.

Let ℓ(λ;x, y) ∈ [0, B] be a loss function parameterized by
a threshold λ, where B is a known upper bound satisfying

0 ≤ ℓ(λ;x, y) ≤ B (4)

for all (x, y) and λ. If ℓ(λ;x, y) is monotonic non-increasing
with respect to λ, CRC selects a calibrated threshold λ̂ using
the calibration set such that the expected test-time risk is
bounded by a user-specified level αcrc:

E
[
ℓ(λ̂;Xn+1, Yn+1)

]
≤ αcrc. (5)

In this paper, CRC is used to calibrate the edge acceptance
threshold. Specifically, the controlled risk corresponds to
the event that the edge device accepts its own prediction
while the prediction is incorrect. Hence, CRC provides a
finite-sample guarantee on the marginal risk of incorrect
local acceptance:

E
[
1
{
π(1)(Xn+1) ≥ λ̂ ∧ ŷc(Xn+1) ̸= Yn+1

}]
≤ αcrc.

(6)
This guarantee should not be interpreted as a guarantee on
the overall system accuracy or on the server-side prediction
accuracy for offloaded samples.

2.2. Grad-CAM

Gradient-weighted Class Activation Mapping (Grad-CAM)
is a saliency visualization method that identifies which spa-
tial regions of an input image contribute to a CNN classi-
fier’s prediction (Selvaraju et al., 2017). It uses the gradi-
ent of a target class score with respect to the feature acti-
vation maps of a convolutional layer to compute a class-
discriminative localization map.

Let A(ℓ) ∈ RC′×h×w denote the activation tensor at the last
convolutional stage ℓ of a CNN, where C ′ is the number of
channels and h×w is the spatial resolution. Given the logit
zc of a target class c, Grad-CAM computes the importance
weight of channel c′ by spatially averaging the gradient:

β
(c)
c′ =

1

hw

h∑
u=1

w∑
v=1

∂zc

∂A
(ℓ)
c′,u,v

. (7)

The class activation map is then obtained by taking a
weighted combination of the feature maps:

Mc(x) = ReLU

 C′∑
c′=1

β
(c)
c′ A

(ℓ)
c′

 . (8)
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Risk-Calibrated Semantic Transmission for Collaborative Inference

The ReLU operation preserves regions that positively con-
tribute to the target class. Since the resulting map has a
lower spatial resolution than the input image, it is typically
upsampled to the input resolution using bilinear interpola-
tion.

We use Grad-CAM as an architecture-agnostic interface
between the CNN edge model and the ViT server model
by converting CNN-based saliency into ViT patch-level
importance scores. Instead of using Grad-CAM only for a
single top-1 class, we generalize the Grad-CAM target to an
APS-guided candidate class set. This allows the edge CNN
to generate a saliency map that reflects multiple plausible
classes, which is then converted into a sparse set of ViT
patches for communication-efficient server inference.

3. Proposed Method
We propose a statistically calibrated heterogeneous collab-
orative inference framework for communication-efficient
semantic inference. The proposed system consists of a
lightweight CNN deployed on the edge device and a high-
capacity ViT deployed on the server. Unlike prior attention-
aware collaborative inference methods that require VIT-
based models in both the edge and the server, our framework
enables cross-architecture collaboration by using the CNN
not only as an edge-side classifier but also as a saliency
generator for ViT patch transmission.

Let fc denote the edge-side CNN classifier and fs denote
the server-side ViT classifier. Given an input image x, the
edge CNN first produces class logits

z = fc(x), (9)

and the corresponding softmax posterior

π(x) = softmax(z). (10)

Let π(1)(x) denote the largest softmax probability and

ŷc(x) = argmax
c

πc(x), (11)

denote the edge CNN’s top-1 prediction.

To formalize the edge-side reliability decision, let λ ∈ [0, 1]
denote the confidence threshold for accepting the edge pre-
diction. For a labeled sample (x, y), we define the edge
acceptance loss as

ℓ(λ;x, y) = 1
{
π(1)(x) ≥ λ ∧ ŷc(x) ̸= y

}
. (12)

This loss penalizes the failure event where the edge CNN
accepts its own prediction but the prediction is incorrect. As
λ increases, the edge acceptance criterion becomes stricter,
and fewer samples are accepted locally. Therefore, ℓ(λ;x, y)
is monotonic non-increasing in λ, so the CRC framework
of Section 2.1 directly applies.

Our goal is to avoid server communication when the edge
prediction is sufficiently reliable, while transmitting only
semantically important image patches when server inference
is required.

3.1. Offline Calibration

Before deployment, we use a held-out calibration set

Dcal = {(xi, yi)}ni=1, (13)

to determine two quantities: the CRC-based edge acceptance
threshold λ̂ and the APS quantile q̂. These two calibrated
quantities play different roles in the proposed framework.
The CRC threshold λ̂ determines whether the edge pre-
diction can be accepted locally, whereas the APS quantile
q̂ determines which candidate classes should be consid-
ered when constructing the Grad-CAM saliency map for
offloaded samples.

For CRC calibration, we use the task-specific loss in
Eq. (12), which directly corresponds to the failure event
we want to control in the edge-only decision. Using the
empirical risk

R̂n(λ) =
1

n

n∑
i=1

ℓ(λ;xi, yi), (14)

we select λ̂ according to the CRC rule described in Sec-
tion 2.1. The calibrated threshold is then fixed during online
inference.

For APS calibration, we compute the APS conformity scores
on the same calibration set and obtain the quantile q̂. In
contrast to conventional conformal classification, we do not
use the APS prediction set as the final output. Instead, we
use it as a statistically calibrated candidate class set for
saliency generation. This distinction is important because
the purpose of APS in our framework is not to replace
the classifier output, but to prevent the saliency map from
depending only on a potentially incorrect top-1 prediction.

3.2. CRC-Calibrated Edge Decision

At test time, the edge CNN first determines whether the in-
put can be processed locally. Given the calibrated threshold
λ̂, the edge accepts its own prediction if

π(1)(x) ≥ λ̂. (15)

In this case, the final output is

ŷ(x) = ŷc(x), (16)

and no image data is transmitted to the server.

Under the exchangeability assumption between the calibra-
tion data and the test point, the CRC-calibrated threshold λ̂

3
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controls the marginal risk of incorrect local acceptance, as
defined in Eq. (6). This risk is marginal over the test distribu-
tion and should be distinguished from the conditional error
rate among locally accepted samples. In addition, this guar-
antee does not cover the server-side prediction for offloaded
samples.

If π(1)(x) < λ̂ the edge model regards the input as uncertain
and offloads it to the server. However, instead of transmit-
ting the full image, the edge constructs a compact set of
semantically informative ViT patches using the procedure
described below.

3.3. APS-Guided Class-Aware Grad-CAM

For an offloaded image, the edge first constructs an APS can-
didate class set S(x). Let σx be the class ordering induced
by descending softmax probabilities. Using the calibrated
APS quantile q̂, we define

k⋆(x) = min

k :

k∑
j=1

πσx(j)(x) > q̂

 , (17)

and obtain the candidate class set

S(x) = {σx(1), σx(2), . . . , σx(k
⋆(x))}. (18)

The key idea is to compute Grad-CAM not from a single
top-1 class, but from the APS candidate class set. For each
class c ∈ S(x), we assign a normalized weight

wc(x) =
πc(x)∑

c′∈S(x) πc′(x)
. (19)

Then, instead of using a single class logit as the Grad-CAM
target, we define an aggregated target logit

g(x) =
∑

c∈S(x)

wc(x)zc. (20)

Grad-CAM is then applied to g(x) with respect to the last
convolutional feature map of the edge CNN.

The intuition behind this aggregated target is to consolidate
the spatial regions that each plausible candidate class deems
important, weighted by the model’s confidence in that class.

Let A(ℓ) ∈ RC′×h×w denote the activation tensor at the
last convolutional stage. The channel importance weight is
computed as

βc′ =
1

hw

h∑
u=1

w∑
v=1

∂g(x)

∂A
(ℓ)
c′,u,v

, (21)

and the class-aware saliency map is obtained by

M(x) = Up

ReLU

 C′∑
c′=1

βc′A
(ℓ)
c′

 . (22)

Here, Up(·) denotes bilinear upsampling to the input image
resolution. The resulting map is then min–max normalized
to [0, 1].

This design allows the saliency map to reflect multiple plau-
sible classes rather than only the top-1 prediction. Therefore,
when the edge CNN is uncertain, the transmitted patches
are less likely to be biased toward an incorrect class-specific
region.

3.4. Saliency-to-Patch Conversion

The server ViT processes the input as a sequence of image
patches. Let the ViT patch grid size be P × P , where P =
H/d for image resolution H ×H and patch size d. To align
the CNN saliency map with the ViT patch grid, we apply
adaptive average pooling

M̃(x) = Norm
(
AvgPoolP×P (M(x))

)
, (23)

where M̃(x) ∈ [0, 1]P×P represents patch-level semantic
importance.

Given a patch selection threshold τ , the edge selects the
patch index set

P(x) =
{
p ∈ {1, . . . , P 2} : M̃p(x) ≥ τ

}
. (24)

If no patch satisfies the threshold, we select the most salient
patch to ensure that the server receives a non-empty input

P(x) =

{
argmax

p
M̃p(x)

}
. (25)

The edge transmits only the selected image patches
{xp}p∈P(x) and their corresponding patch indices P(x) to
the server. Since the patch index overhead is small com-
pared to the image patch payload, the communication cost
is mainly determined by the number of transmitted patches.

3.5. Server-Side Inference

After receiving the selected patches and their indices, the
server ViT performs final classification using only the trans-
mitted patch tokens. The server prediction is given by

ŷs(x) = argmax
c

fs,c(x;P(x)). (26)

The final system output is therefore

ŷ(x) =

{
ŷc(x), π(1)(x) ≥ λ̂,

ŷs(x), π(1)(x) < λ̂.
(27)

Thus, the proposed inference rule combines CRC-calibrated
local acceptance with APS-guided saliency-based patch of-
floading in a heterogeneous CNN-to-ViT architecture.
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4. Experiments
4.1. Experimental Setup

We evaluate the proposed framework on the ImageNet-1K
validation set (Deng et al., 2009). The validation set is di-
vided into 10,000 calibration images and 40,000 test im-
ages. All images are center-cropped to 224 × 224, which
corresponds to 14 × 14 = 196 image patches. The pro-
posed framework employs a pretrained EfficientNet-B0 as
the edge model and DeiT-Base as the server model (Tan &
Le, 2019; Touvron et al., 2021). The CRC risk budget is
fixed at αcrc = 0.05, and the APS miscoverage level is fixed
to α = 0.05. Grad-CAM is applied to the last convolutional
layer of EfficientNet-B0.

We compare the proposed framework with three patch-
selection baselines: random patch selection, top-k patch
selection, and attention-sum thresholding. For all baselines,
DeiT-Tiny is used as the edge model, and the entropy thresh-
old is fixed at η = 0.8, following the evaluation setting of
prior attention-aware collaborative inference work (Im et al.,
2024). The server-only baseline represents the upper-bound
setting in which all 196 patches are transmitted to DeiT-
Base. Communication cost is measured as the ratio of the
total transmitted bytes to the total raw image bytes over the
test set, following the same definition.

4.2. Experimental Results
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Figure 1. Communication-accuracy trade-off on ImageNet dataset.

Accuracy. Figure 1 shows the communication–accuracy
trade-off of the proposed framework and the three patch-
selection baselines. The trade-off curves are generated by
varying the patch-selection threshold τ in the proposed
method, the attention-sum threshold δsum in Att-Sum, and
the number of transmitted patches k in Top-k and Random.

Table 1. Accuracy–communication trade-off under two evaluation
settings. Communication cost is normalized by full-image trans-
mission to the DeiT-Base server, which achieves 81.80% Top-1
accuracy.

Method Best Acc. Within 1 pp Gap

Cost Acc. (%) Cost Acc. (%)

Random 0.43 81.07 0.39 80.86
Top-K 0.43 81.07 0.35 80.82
Attention Sum 0.43 81.06 0.32 80.84
Proposed 0.33 81.60 0.26 81.05

Table 1 summarizes two representative operating points se-
lected from Figure 1. At the best-accuracy operating point,
the proposed method achieves 81.60% Top-1 accuracy with
a communication cost of 0.33. This corresponds to a 67%
reduction in communication cost relative to full-image trans-
mission, while incurring only a 0.20 pp accuracy loss com-
pared with the server-only DeiT-Base model, which achieves
81.80% Top-1 accuracy. In contrast, the baseline methods
require a communication cost of 0.43 to achieve around
81.07% Top-1 accuracy.

When a 1 pp accuracy gap from the server-only model is
allowed, the proposed method achieves 81.05% Top-1 accu-
racy with a communication cost of 0.26, corresponding to a
74% reduction relative to full-image transmission. In both
evaluation settings, the proposed method achieves the lowest
communication cost while maintaining the highest Top-1 ac-
curacy among the compared methods. These results demon-
strate the effectiveness of combining CRC-calibrated local
acceptance with APS-guided saliency-based patch transmis-
sion.

Transmission Latency Analysis. We further evaluate the
practical impact of communication cost reduction in terms
of transmission latency under realistic wireless conditions.
Following (Im et al., 2024), we estimate the data size of
a full image as 147 KB based on a 224 × 224 × 3 byte
representation. We consider upload data rates of 1, 8, and
20 Mb/s, consistent with the setting in (Zhang et al., 2023).

Table 2. Settings (a) and (b) correspond to the best-accuracy and
within 1 pp gap cases.

Setting Method Acc. (%) Upload Data Rate

1 Mb/s 8 Mb/s 20 Mb/s

(a)
Server-only 81.80 1176.00 147.00 58.80
Att-Sum 81.06 503.33 62.92 25.17
Proposed 81.60 391.26 48.91 19.56

(b)
Server-only 81.80 1176.00 147.00 58.80
Att-Sum 80.83 380.55 47.57 19.03
Proposed 81.05 303.29 37.91 15.16
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Figure 2. Transmission latency comparison across upload data rates on the ImageNet dataset. (a) Each method operates at its best-accuracy
point. (b) Each method operates at the point where its top-1 accuracy is within 1 pp of the server-only baseline (≥ 80.8%). Stars denote
the operating points reported in Figure 1.

Figure 2 and Table 2 show the transmission latency at
the representative operating points selected from Figure 1.
Across all upload data rates, the proposed method achieves
the lowest latency in both the best-accuracy setting and the
setting within 1 pp of the server-only baseline.

5. Conclusion
In this paper, we proposed a risk-calibrated semantic trans-
mission framework for communication-efficient heteroge-
neous collaborative inference. The proposed method com-
bines a lightweight CNN on the edge device with a high-
capacity ViT on the server, enabling CNN-to-ViT collab-
orative inference. Conformal Risk Control (CRC) is used
to calibrate the risk of incorrect local acceptance, while
Adaptive Prediction Sets (APS) and Grad-CAM are used
to selectively transmit only semantically informative image
patches when server inference is required. Experimental re-
sults on ImageNet show that the proposed method maintains
high Top-1 accuracy with lower communication cost than
existing patch-selection baselines. In particular, under the
setting within a 1 pp accuracy gap from the server-only base-
line, the proposed method reduces communication cost by
74% while achieving 81.05% Top-1 accuracy. The transmis-
sion latency analysis also shows that the proposed method
achieves the lowest latency across different uplink data rates,
demonstrating its effectiveness in improving both reliability
and communication efficiency.
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Risk-Calibrated Semantic Transmission for Collaborative Inference

A. Detailed Algorithms
Algorithm 1 describes the offline calibration procedure. Algorithm 2 describes the online inference procedure.

Algorithm 1 Offline calibration
Require: Edge CNN fc, calibration set Dcal = {(xi, yi)}ni=1, CRC budget αcrc, APS miscoverage α

Ensure: CRC threshold λ̂, APS quantile q̂
C ← ∅, Q ← ∅
for i = 1, . . . , n do

πi ← softmax(fc(xi))
si ← πi,(1)

ℓi ← 1{argmaxc πi,c ̸= yi}
C ← C ∪ {(si, ℓi)}
ri ← rank(yi) in descending order of πi

sapsi ←
∑ri

k=1 πi,(k)

Q ← Q∪ {sapsi }
end for
λ̂← smallest λ such that R̂n(λ) ≤ αcrc − B−αcrc

n
on C

q̂ ← Quantile
(
Q; ⌈(n+1)(1−α)⌉

n

)
return (λ̂, q̂)

Algorithm 2 Online inference with class-aware patch transmission

Require: Test image x, edge CNN fc, server ViT fs, thresholds (λ̂, q̂, τ), patch grid size P
Ensure: Final prediction ŷ

z ← fc(x)
π ← softmax(z)

if π(1) ≥ λ̂ then
ŷ ← argmaxc πc

return ŷ
end if
k⋆ ← min

{
k :

∑k
j=1 π(j) > q̂

}
S(x)← {σx(1), . . . , σx(k

⋆)}
wc ← πc/

∑
c′∈S(x) πc′ for all c ∈ S(x)

g ←
∑

c∈S(x) wczc

Backpropagate g to obtain ∂g/∂A(ℓ)

Compute Grad-CAM map M(x) and apply min–max normalization
M̃(x)← Norm

(
AvgPoolP×P (M(x))

)
P(x)← {p : M̃p(x) ≥ τ}
if P(x) = ∅ then
P(x)← {argmaxp M̃p(x)}

end if
Transmit {xp}p∈P(x) and P(x) to the server
ŷ ← argmax fs(x;P(x))
return ŷ
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