Computer Networks 269 (2025) 111437

journal homepage: www.elsevier.com/locate/comnet

Contents lists available at ScienceDirect

Computer Networks S

ter
rks

EdgeBoost: Confidence boosting for resource constrained inference via

selective offloading
Naina Said 2®-*, Olaf Landsiedel &P

a Department of Computer Science, Kiel University, Germany

Y Institute for Networked Cyber-Physical Systems (NCPS), Hamburg University of Technology (TUHH), Germany

ARTICLE

INFO

Keywords:

TinyML

EdgeAl

MCU

Model calibration
Temperature scaling
Inference offloading
Lightweight models

ABSTRACT

Deploying large Deep Neural Networks with state-of-the-art accuracy on edge devices is often impractical due
to their limited resources. This paper introduces EdgeBoost, a selective input offloading system designed to
overcome the challenges of limited computational resources on edge devices. EdgeBoost trains and calibrates
a lightweight model for deployment on the edge and, in addition, deploys a large, complex model on the cloud.
During inference, the edge model makes initial predictions for input samples, and if the confidence of the
prediction is low, the sample is sent to the cloud model for further processing, otherwise, we accept the local
prediction. Through careful calibration, EdgeBoost reduces the communication cost by 55%, 27% and 20%
for the CIFAR-100, ImageNet-1k and Stanford Cars datasets, respectively, when compared to an cloud-only
solution while achieving on-par classification accuracy. Furthermore, EdgeBoost reduces the total inference
latency from 148 ms to 123.84 ms per inference compared to a cloud-only solution. Our evaluation also
shows that calibrating the edge model for such a collaborative edge-cloud setup results in accuracy gains
of up to 8 percent point, compared to an uncalibrated edge model. Additionally, EdgeBoost, when used as
an abstaining classifier, can improve accuracy by up to 9 percent points over an uncalibrated model. Finally,
EdgeBoost outperforms the Early Exit and Entropy thresholding baselines and achieves comparable accuracy

to state-of-the-art routing-based methods without the need for hosting the router on the edge.

1. Introduction

In recent years, Deep Neural Networks (DNNs) have found
widespread use. The deployment of these models on edge devices, such
as smartphones, embedded systems, and IoT devices, poses significant
challenges due to the resource constraints of edge devices and the high
computational demands of DNNs.

Lightweight models [1-4], tailored to the constraints of edge device
resources, however, often show reduced predictive performance. For
example, for the popular ImageNet-1k [5] dataset, the lightweight
MobileNet model [1], with 4.3 million parameters, suffers from an
accuracy loss of approximately 7% compared to the state-of-the-art
ResNet152 model with 60.4 million parameters [6]. Similarly, when
considering modern vision transformers, this trade-off is even more pro-
nounced. The Vision Transformer (ViT) Large model [7], for instance,
achieves 85.8% top-1 accuracy on ImageNet-1k. However, its size of
307 million trainable parameters makes it impractical for deployment
on resource-constrained edge devices. Some approaches use early exit
techniques [8-10], where the initial layers of a powerful model run
on the edge while the remaining layers run in the cloud. The initial
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network allows an early exit for the samples with sufficiently high
prediction confidence. However, for such networks, splitting in the
early layers results in high communication costs, while splitting in the
later layers imposes high computational demands on the edge, making
it ineffective for collaborative edge—cloud setup.

To address this challenge, today’s approaches split the input data
at runtime into easy and hard samples [11-13]: The edge device
uses a lightweight model to classify the easier samples locally while
sending the harder ones to the cloud for processing by a more powerful
network. As lightweight models commonly show good performance
when classifying easy inputs, this design improves overall classification
performance, as we also show in our evaluation in Section 4. To
separate easy and hard samples, many approaches directly use the
output probabilities of the edge model [11]. However, due to the
inherent miscalibration of models, this reduces the overall accuracy of
the system, as our evaluation shows. Others train a pre-classifier as a
router to split the input into easy and hard samples [12,13]. This pre-
classifier, however, adds extra overhead and often needs to be designed
and trained specifically for each dataset.
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Addressing the above limitations, this paper introduces Edge-
Boost, which instead of directly relying on the model probabilities for
confidence calculation, calibrates these probabilities before using them
for any decision-making. Thus, EdgeBoost utilizes a calibrated vari-
ant of a resource-efficient MobileNet or MCUNet [4] on the constrained
edge device, to locally classify easy inputs while reliably identifying
difficult inputs that exceed the local model’s abilities, and offloads these
to a large model in the cloud.

For the ImageNet-1k dataset, EdgeBoost, using MobileNetV3-
Small as the edge model and EfficientNetV2-L as the cloud model,
achieves an accuracy on par with the cloud by offloading 73% of
the input samples to the cloud, thus saving 27% communication cost
compared to an all-Cloud system where all the input samples need to be
offloaded to the cloud. For this dataset, we reduce the total inference
latency from 148 ms to 123.84 ms, demonstrating that EdgeBoost
enables faster and more efficient inference compared to a cloud-only
approach. Similarly, for CIFAR-100 [14] and Stanford Cars [15], we
reduce the communication cost by 55% and 20% respectively, while
achieving cloud accuracy. Our evaluation also demonstrates the effec-
tiveness of edge model calibration for decision-making. We achieve
accuracy gains up to 6, 8 and 1.5 percent points by calibrating the edge
models trained on CIFAR-100, Stanford Cars, and ImageNet-1k datasets,
respectively. A calibrated edge model also allows more accurate ab-
stention decisions, leading to a 9 percent point accuracy improvement
for the Stanford Cars dataset, compared to an uncalibrated model.
Furthermore, we also show that high-confidence predictions from the
calibrated model are significantly more reliable, resulting in a 10
percent point accuracy gain on easy samples. We further show in our
evaluation that EdgeBoost achieves superior accuracy compared to
early exit and entropy thresholding baselines. Moreover, we achieve
comparable accuracy to state-of-the-art routing-based approaches while
keeping the computational demands on the edge low.

Overall, this paper makes the following contributions:

Design and development of EdgeBoost, a lightweight system for
intelligent cloud offloading based on input hardness that achieves
cloud accuracy with up to 55% reduced communication cost
in CIFAR-100, 27% on ImageNet-1k and 20% on Stanford cars
datasets.

Calibration analysis of modern lightweight networks, which
shows that these networks are not well calibrated and need
calibration to effectively identify hard samples on the edge.
Through Temperature Scaling, we increase the accuracy of our
edge models up to 6, 8 and 1.5 percent points on CIFAR-100,
Stanford Cars, and ImageNet-1k dataset, respectively.
Performance evaluation of EdgeBoost, showing that Edge-
Boost outperforms both early exit networks and entropy thresh-
olding, achieving an average accuracy improvement of 8.47 and
1.7 percent points over both techniques, respectively. Further-
more, we also achieve accuracy comparable to state-of-the-art
routing-based approaches without the need for an extra classifier
on the edge.

Evaluation of EdgeBoost’s effectiveness, demonstrating its role
as an abstaining classifier with a 9 percent point accuracy im-
provement, enhanced reliability of high-confidence predictions
with a 10 percent point accuracy gain, and latency reduction—
lowering inference time to 123.84 ms from 148 ms in an all-cloud
setup.

The source code for EdgeBoost and for the experiments presented in
this paper is available online.! The rest of the paper is organized as
follows: Section 2 presents the necessary background on DNN confi-
dence and calibration, Section 3 introduces the design of EdgeBoost,
Section 4 evaluates EdgeBoost on three datasets and on the Mo-
bileNetV3-Small and MCUNet architectures, and Section 5 discusses
related work. Finally, Section 6 concludes the paper.

1 EdgeBoost GitHub repository: https://github.com/ds-kiel/EdgeBoost.
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2. Background: Confidence and calibration

In this section, we provide the necessary background on DNN
confidence and calibration. First, we introduce the basics of model
confidence and discuss the need for calibration. Next, we introduce
Expected Calibration Error (ECE), a metric for measuring the degree
of calibration of a NN, and Temperate Scaling, a lightweight method
for calibrating NNs. Finally, we discuss how we use the probabilities of
the calibrated models to determine their confidence.

2.1. Model confidence and calibration

The confidence of a model is a measure of how confident a model is
about its classification result for a given input. Thus, if it predicts that
an input sample is of a particular class with a confidence of X, that
prediction should have an X% probability of being correct. However,
the literature shows that while modern DNNs are highly accurate, they
tend to be uncalibrated [16,17]. As a result, uncalibrated DNNs often
produce probability estimates that are not well aligned with the true
probabilities. Furthermore, as we show in our evaluation in Section 4,
many modern DNNs tend to be overconfident, which further increases
the challenge of reliably separating easy and hard inputs.

For EdgeBoost, the calibration of the model at the edge is crucial,
because it determines whether a local prediction is accepted or the
sample is sent to the cloud for classification. Thus, our approach
requires good calibration, and we introduce methods for calibration
later in this section.

2.2. Expected calibration error

Expected Calibration Error (ECE) [18] is a metric that measures
how well a model’s estimated probabilities match the true (observed)
probabilities. The metric is calculated by partitioning the probabilities
into M equally spaced bins and taking a weighted average of the
absolute difference between the accuracy acc and the confidence conf
as shown in Eq. (1). Here B represents “bins”, m the number of bins,
and n the total number of samples. The difference between acc and
conf for a given bin represents the calibration error. A low value of
ECE indicates good model calibration, while a higher value means that
the model is poorly calibrated. Throughout this paper, we use ECE to
represent the calibration error of neural networks.

M
ECE = Z |B—nm| ‘acc (B,,) — conf (Bm)| @
m=1

2.3. Temperature scaling for NN calibration

Temperature scaling [16] is a simple but effective method for
recalibrating prediction probabilities. Temperature scaling uses a single
scalar parameter Temp > 0 where Temp is the temperature, to rescale
the logit scores of an NN before applying the softmax function as shown
in Eq. (2). The optimal value of Temp is determined by minimizing the
Negative Log Likelihood (NLL) on the validation set. While Tempera-
ture Scaling helps to calibrate a model, it does not affect the accuracy
of the model since the maximum of softmax remains unchanged.

eZi /Temp
softmaXxemp (z;) = W (2)

Besides Temperature Scaling, other methods such as Monte Carlo
Dropout [19], Isotonic Regression [20] and Histogram Binning [21]
allow NN calibration. However, we choose temperature scaling due
to its simple implementation and superior performance over other
techniques [16].
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Fig. 1. Overview of EdgeBoost. First, EdgeBoost passes an input sample to a small, less powerful calibrated DNN on the edge. Next, we calculate the confidence of the
prediction by using the highest and second highest prediction probability. If the confidence of the prediction is sufficiently high, we accept the local classification result. Otherwise,
the sample is sent to the more powerful DNN deployed on the cloud. In our evaluation, we show that this simple design strongly improves overall classification accuracy when

compared to an edge-only approach.

2.4. Calculation of prediction confidence

After calibrating a model, EdgeBoost utilizes the softmax mar-
gin [11] as a measure of the edge model’s confidence which is the
largest softmax value minus the second largest. This represents how
much more confident the model is in its first prediction compared to
the second one. If y; and y, are the top two most probable labels for a
sample x under a model 6, we represent the softmax margin by Eq. (3).
A larger difference represents more confidence, while a small difference
value represents less confidence of the model in its prediction.

Confidence = p, (y'1 | x) — Do (y; | x) ®

3. Design

In this section, we introduce the design of EdgeBoost. First, we
discuss the calibration of resource-efficient DNNs, highlighting model
selection and temperature scaling. This is followed by an overview
of the EdgeBoost architecture, focusing on its key components. We
then examine the role of the confidence threshold (T) in balancing
prediction accuracy and communication cost. Finally, we detail on the
methodology for offloading samples to the cloud, emphasizing decision
making based on calibrated confidence levels.

3.1. Calibration analysis of resource-efficient DNNs

Before diving into the design of EdgeBoost, we analyze the cali-
bration of resource-efficient neural networks. While many works ana-
lyze the calibration of large neural networks [16,17], the calibration of
models tailored for resource-constrained devices has received very little
attention as of today. Thus, as a first step, in the design of EdgeBoost,
we close this gap and analyze their calibration.

We analyze the calibration of state-of-the-art resource-efficient mod-
els such as MobileNet and MnasNet [3] for the edge and MCUNet for
microcontrollers on common datasets such as CIFAR-100, Stanford Cars
and ImageNet-1k, see Table 1. Despite the efficiency and good accuracy
of resource-efficient models, our results show that the majority of these
models show a miscalibration after training, as indicated by their re-
spective ECE values. Only MCUNet shows very little miscalibration and
does not require further calibration. Others, such as the MobileNetV3-
Small [22] model show strong miscalibration and on the CIFAR-100

dataset, for example, show a reduction in ECE from 14.8% to 2.3% after
applying Temperature Scaling. The main result of this analysis is that
(a) many neural networks lack calibration, and (b) Temperature Scaling
drastically improves their calibration.

We dive deeper into the calibration of models used on the edge in
this study. Fig. 2 shows the calibration of MobileNetV3-Small for CI-
FAR100, Stanford Cars and ImageNet-1k and the calibration of MCUNet
for ImageNet-1k. The results show that MobileNetV3-Small is overcon-
fident for CIFAR100 and Stanford Cars datasets. For example, when it
believes that an input is of a class with, for example, 90% confidence,
the actual confidence should only be about 50% and 70% for CIFAR-
100 (see Fig. 2(a)) and Stanford Cars (see Fig. 2(b)), respectively.
Calibrating the models using Temperature Scaling removes this bias.
For the ImageNet-1k dataset, we see similar effects but with much
lower significance, see Figs. 2(c) and 2(d) for MobileNetV3-Small and
MCUNet, respectively. Note that the optimal Temperature (T emp) val-
ues are determined separately for each task by minimizing the NLL
on the validation set. This ensures that the calibration accounts for
differences in the task-specific data distributions and behavior of the
model across these tasks.

3.2. EdgeBoost: Design overview

Based on the insights we derived from the analysis of model cal-
ibration in Section 3.1, we now introduce a simple and lightweight
system design: EdgeBoost uses two models, one resource-efficient on
the edge and a second large model on the cloud, see Fig. 1. Further, we
calibrate the neural network on the edge using Temperature Scaling, as
introduced in Section 2. For each input, we first use the edge model
to make a prediction. Next, we use a confidence checker to assess
the prediction confidence. If the confidence is high, we accept the
local prediction; otherwise, we pass the input to the cloud model for
prediction.

3.3. Assessing confidence & tuning the confidence threshold

We use the probability margin, which is the difference between
the highest and second highest classification probabilities (see Sec-
tion 2), as a metric to assess the confidence of the calibrated edge
model. In EdgeBoost, a user-defined threshold parameter, denoted
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Table 1
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Calibration analysis of resource-efficient models such as MobileNet and MCUNet for common datasets such as CIFAR-100 and ImageNet-1k. As
shown by the ECE value, most of these models are poorly calibrated after training and require Temperature Scaling for post-training calibration.
Only MCUNet-in0 and MCUNet-inl have a negligible calibration error and do not require further calibration.

Dataset Model Accuracy (%) Parameters (M) ECE (%)
Uncalibrated Calibrated
Resnet20 68 0.28 11 2
CIFAR-100 MobnetV3 Small 75 2.5 14.8 2.3
MobnetV2 77 3.5 10.5 2.5
MobnetV3-Small 57.5 2.5 12.6 3.7
Stanford Cars MobnetV2 70.5 3.5 6.74 2.7
MnasNet 71 6.2 8.92 3.16
MCUNet-in0 41.5 0.75 0.4 -
ImageNet-1k MCUNet-in2 60.9 0.73 0.7 -
8 MCUNet-in4 68.41 1.73 3.66 1.4
MobnetV3-Small 67.5 2.5 2.81 1.72
MobileNetV2 71 3.5 2.73 1.87
1.0 {—e— Uncalibrated > 1.0
--»-- Calibrated "/’
8 0.8 Perfectly Calibrated /f" 8 0.8
= =
20.6 20.6
© ©
o o
o <)
a 0.4 a 0.4
o 9]
2 2
0.2 F 0.2
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Classifier Probabilities Classifier Probabilities
(a) CIFAR-100 (MobileNetV3-Small) (b) Cars (MobileNetV3-Small)
1.0 1.0
_a_UJ 0.8 _@ 0.8
506 506
© ©
o o
e <t
a 0.4 x 0.4
o 9]
2 2
0.2 F 0.2
0.0 0.0

0.0 0.2 0.4 0.6 0.8 1.0
Classifier Probabilities

(c) ImageNet-1k (MobileNetV3-Small)

0.0 0.2 0.4 0.6 0.8 1.0
Classifier Probabilities

(d) ImageNet-1k (mcunet-in0)

Fig. 2. Reliability of MobileNetV3-Small and MCUNets, before and after calibration using Temperature Scaling. Each diagram compares the expected accuracy of a model’s
predictions with the observed accuracy at different levels of predicted confidence. The ideal model’s predictions lie on the ‘Perfectly Calibrated’ line, indicating that the predicted
probabilities match the empirical probabilities. The post calibration curves in these plots are close to the perfectly calibrated curve, indicating an improvement in the reliability
of the models for calculating confidence. Thus, Temperature Scaling is effective for calibrating models with high calibration error.

T, acts as a critical decision boundary to determine whether a sample
should be processed locally by the edge model or passed to the cloud
model. Choosing a value for T resembles a trade-off between prediction
accuracy and communication cost: A higher value of T causes the
edge model to predict more conservatively, i.e., to accept fewer local
classification results. As a result, EdgeBoost sends more samples to
the cloud for processing, resulting in higher communication overhead.
Conversely, a lower T value causes the edge model to process a larger
fraction of samples, which reduces communication costs but compro-
mises prediction accuracy, especially for challenging input samples.
In Section 4, we evaluate the overall accuracy and communication
overhead for different values of T to elaborate on this behavior. In
practice, we should choose a value of T that satisfies the cost/accuracy
requirements of a particular application. Since the metric acts only as
a threshold, the confidence checker is designed to be lightweight and
resource efficient.

3.4. Algorithmic details

After training the models on the edge and the cloud, we follow
the process in algorithm 1 to upload samples to the cloud. First, we
feed the input sample to the edge model without softmax to obtain the
logit values. We then calibrate the logits for the input sample using the
temperature value Temp precalculated using the validation set, in line 3
before applying softmax. This calibration provides reliable probability
estimates. Next, in line 7 we calculate the difference between the
highest and second highest probabilities. This difference, which serves
as a measure of confidence, is compared to the threshold value T. A
large difference indicates that the edge model has high confidence in
its prediction, which leads us to accept the local prediction. If not, the
sample is considered difficult to classify and we send the sample to the
cloud model for further prediction.
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Algorithm 1 Inference Using EdgeBoost

1: for all x in input samples do
21 Zeqge = EdgeModel(x) {Edge model’s logits}

w

o _ Zedge
Vedge = softmax(—Temp

Temp}
: Sort Jeqge in ascending order

) {Logits scaling with temperature value

4
51 Vigge = Fedge)n {Highest value}

6 Vo = (Pedge)(n-1) {Second highest value}
7: if (yledge - yzedge) > T then

8: Label : y = argmax(Jeqge)

9: else
10: Veloud = CloudModel(x)
11: Label: 3 = argmax(J¢jouq)
12:  end if
13: end for

4. Evaluation

In this section, we evaluate EdgeBoost. We begin by introduc-
ing the baselines and our experimental setup before presenting our
evaluation results.

4.1. Datasets

We evaluate EdgeBoost on three public vision datasets: CIFAR-
100, Stanford Cars, and ImageNet-1K. The CIFAR-100 dataset contains
50K training images and 10K testing images, categorized into 100
classes, with each image being 32 x 32 pixels in size. The Stanford Cars
dataset focuses on fine-grained classification and includes 16.2K images
of 196 car categories, with 8.1K images for training and 8K for testing.
The ImageNet-1k dataset spans 1K object classes and contains 1.28M
training images, 50K validation images, and 100K test images, with
varying resolutions. We augment the training data using random crops,
random horizontal flips, and normalization, while the testing data is
processed with center crops and normalization to ensure consistency
during evaluation.

4.2. Baselines

We benchmark Edgeboost against the following four baselines:

+ All-Edge Baseline: This baseline represents the scenario where
the edge device is solely responsible for the inference without
using any cloud resources.

All-Cloud Baseline: Unlike the all-edge approach, this baseline
relies entirely on the cloud to perform inference.

Entropy-based Baseline: The entropy-based approach uses the
entropy of the output probability distribution obtained from a
model to determine uncertainty. Entropy measures the degree of
“confidence” or “uncertainty” in the prediction: higher entropy
indicates greater uncertainty. Therefore, when entropy is used
as a measure of prediction confidence, inputs with high entropy
are offloaded to the cloud, while inputs with low entropy are
handled locally by the edge model. We select this technique as
a baseline based on the findings in Kag et al. [13], where entropy
thresholding is found to be superior to methods such as Appeal-
Net [12], BranchyNet [8], and other adaptive networks [23-25].
Entropy-based methods, however, do not take model calibration
into account.

Routing-based Baseline: This baseline involves designing and
training a router to assess the difficulty of input samples. A
lightweight neural network decides whether to process an input
locally or offload it to the cloud. We select Kag et al. [13] as
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the routing-based baseline because of its superior performance
compared to similar prior techniques. Kag et al. train the routing
model as a two-layer feed-forward neural network and deploy
it on the edge alongside the edge model. This hybrid system
includes an edge model, a router, and a cloud model to maximize
on-edge coverage without compromising accuracy. The router is
trained separately for different tasks, and deploying it on the edge
requires additional memory.

Early Exit Baseline: Early exit neural networks add branches
to a neural network and compute later layers only if the out-
put of an early layer does not provide sufficient classification
confidence [8,25]. These networks are typically trained using a
joint optimization strategy, where the early exit branches are
integrated into the training process. During training, each exit
branch is trained with auxiliary classifiers, which are supervised
using the same ground-truth labels as the final output. This en-
sures that each early exit branch learns meaningful intermediate
representations and can make confident predictions. To compare
with this baseline, we assume that the initial part of the cloud
model executes on the edge, while the remaining layers execute
on the cloud. Note that for this baseline, choosing the exit point
is critical, since an exit at an early point in the network may not
provide sufficient classification accuracy, while an exit at later
layers imposes higher computational demands on the edge.

4.3. Experimental setup

Next, we introduce our experimental setup for our comparison to
(a) all-edge and all-cloud baselines and (b) to state-of-the-art baselines.

4.3.1. Comparison with all-edge and all-cloud baselines

We evaluate two different settings for the constrained device: (a)
an edge device utilizing MobileNetV3-Small and (b) an MCU utiliz-
ing MCUNet. MobileNetV3-Small comprises 2.5M parameters and has
an accuracy of 67.5% on the ImageNet-1k dataset. For MCUNet we
use multiple configurations (mcunet-in0, mcunet-in2, mcunet-in4) with
0.75, 0.73, and 1.73 Million parameters and achieve accuracies of
41.5%, 60.9% and 68.4% respectively, on the ImageNet-1k dataset.
As cloud models, we deploy both EfficientNetV2-L (119M parame-
ters) [26], a high-performing CNN model that achieves an accuracy of
86% on ImageNet-1k and a ViT, EVA02 (305M parameters) [27] which
achieves a state-of-the-art accuracy of 89.5% on ImageNet-1k. Both
of these models have a stark increase both in terms of accuracy and
computational demands when compared to MobileNetV3-Small and
the MCUNet variants we deploy on the constrained devices. We note
that the exact choice of the edge and the cloud model is independent
of our approach, and we argue that our design is applicable to any
combination of models, as long as we have a significant performance
gap between the edge and the cloud model. To demonstrate this, we
use the small version of EfficientNetV2 (21.45M parameters and 85%
accuracy on ImageNet-1k) for experiments on Stanford Cars dataset.
Furthermore, our methodology does not rely on any specific hardware
for edge devices or servers, as long as the selected devices are capable
of running these models.

To ensure reproducible results, we use pre-trained networks Effi-
cientNetV2 (large and small versions), EVA02, MobileNetV3-Small and
MCUNet?> where available, otherwise we fine tune the models. We
achieve a base accuracy of 75% and 57% and cloud accuracy of 90%
and 88% on CIFAR-100 and Stanford Cars, respectively. For all our
experiments, we calibrate the edge models using Temperature Scaling,
see Fig. 2.

2 EfficientNetV2-L, MobileNetV3: https://pytorch.org/vision/stable/models
.html; MCUNet: https://github.com/mit-han-lab/mcunet.
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Fig. 3. Accuracy comparison of calibrated and non-calibrated edge model, used as a confidence decider. At different threshold levels, the calibrated model is able to capture the
uncertain samples more effectively than the poorly calibrated one, which is evident from the increase in the accuracy.

4.3.2. Comparison with state-of-the-art approaches

We compare EdgeBoost to (a) to entropy thresholding, (b)
routing-based methods, and (c) early exit methods, as discussed in
Section 4.2. To ensure a fair comparison with state-of-the-art methods,
we select — where available — the same models at the edge and in
the cloud that these papers use. For the entropy thresholding and
routing-based baselines, we use the largest pre-trained model from the
OFA space [28] which achieves 79.9% accuracy on ImageNet-1k as
cloud model, while as edge model we experiment with two versions
of MobileNetV3, one with 2.5M parameters and another with 5.4M
parameters.

To compare EdgeBoost to early-exit approaches, we assume that
the initial part of the cloud model (OFA in this case) executes on the
edge while the remaining layers execute on the cloud. We test two
configurations for this baseline. In the first configuration, we place the
early exit at a point that results in approximately 6.7M parameters on
the edge. In the second configuration, we position the early exit differ-
ently, reducing the number of parameters on the edge to approximately
1.5M. The training follows the BranchyNet [8] approach, optimizing all
exit branches simultaneously with a weighted loss that combines both
early and final classification losses.

4.4. Experimental results

In this section, we present the experimental results that demon-
strate the effectiveness of EdgeBoost as an efficient cloud offloading
system. First, we present the benefits of calibrating the edge model.
Next, we compare EdgeBoost to an all-Edge and all-Cloud baseline
and to state-of-the-art offloading techniques. We then perform the
latency analysis of EdgeBoost. We also demonstrate the effectiveness
of EdgeBoost as an abstaining classifier on the edge. Finally, we
compare the performance of a calibrated and uncalibrated model on
high confidence samples.

4.4.1. Comparison of calibrated and uncalibrated edge model

As noted in our previous evaluation, if our edge model is not
calibrated, it tends to be overconfident and hence processes more
samples locally than it actually should. Fig. 3 shows the accuracy of
EdgeBoost when the edge model is calibrated and uncalibrated for
different user-define thresholds. We see that as a result of calibration,
only confident predictions are accepted by the edge model, thereby
increasing its accuracy when compared to the uncalibrated model. For
example, at a threshold value of 0.1, the uncalibrated model achieves
an accuracy of 76% while the calibrated model achieves an accuracy of
80% for the CIFAR100 dataset when using MobileNetV3-Small as the
edge model (see Fig. 3(a)). At a threshold value of 0.4, the accuracy
of the calibrated model is 6 percent points better than the uncalibrated
model. Furthermore, the calibrated model outperforms the uncalibrated
model in terms of accuracy at every threshold. We observe the same
trend for the in Stanford Cars dataset in Fig. 3(b). For the ImageNet-
1k model (Fig. 3(c)), the accuracy gains are the smallest because the
ECE value difference between the calibrated and uncalibrated value is
small. Nevertheless, we see improvements of up to 1.5 percent points
after calibration.

4.4.2. Comparison with all-edge and all-cloud baselines

Next, we compare EdgeBoost to all-Edge and all cloud method
baselines. We report the results for both EfficientNetV2-L as well as
a ViT used as cloud models.

(A) EfficientNetV2-L as cloud model. We evaluate three datasets (CIFAR-
100, Stanford Cars and ImageNet-1k) and four edge networks
(MobileNetV3-Small and three MCUNet variants). Figs. 4 and 5 show
the relationship between the user-defined confidence threshold for the
edge model and three key performance metrics: overall system accu-
racy, average communication cost per input image, and the percentage
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Fig. 4. EdgeBoost compared to an all-Cloud and all-Edge solution on three standard datasets (CIFAR-100, Stanford Cars, ImageNet-1k). The cloud model used for the CIFAR-100
and ImageNet-1k experiments is EfficientNetV2-L and for Stanford Cars is EfficientNetV2-S while the edge model used is MobileNetV3-Small. The accuracy improves for all three
datasets when a small fraction of the samples are sent to the cloud. The dotted lines represent the threshold at which cloud accuracy is achieved. Thus, EdgeBoost improves

the accuracy on the edge by sending less confident samples to the cloud.

of samples processed by the cloud. First, we find that as the threshold
increases, the system accuracy also increases. This trend is consistent
across all three datasets, suggesting that allowing more input samples
to be processed by the cloud model improves the overall accuracy. The
rate of increase varies across the datasets. However, as the accuracy
approaches the cloud accuracy, all datasets exhibit a diminishing rate of
accuracy improvement, suggesting that after a certain threshold, cloud
offloading yields minimal gains. At a threshold of 0.1, the accuracy
for CIFAR100 in MobileNetV3-Small is 76%, see Fig. 4(a). When we
increase the threshold to 0.4, the accuracy increases by 4 percent
points to 80%. At 0.8, the accuracy jumps to 85% and finally, at a
threshold value of 0.98 when 45% of the samples are processed by the
cloud, the system achieves cloud accuracy of 90%. Thus, we save 55%
communication costs compared to an all-Cloud solution with equivalent
accuracy. In comparison, the Stanford Cars already shows a significant
improvement when the threshold is merely set at 0.1, see Fig. 4(b).
At this value, the accuracy improves from 57% to 69% by offloading
21% of the samples to the cloud. We achieve cloud accuracy by sending
80% of the samples to the cloud, reducing the communication costs by
20% when compared to an all-Cloud solution with equivalent accuracy.
For ImageNet-1k in Fig. 4(c), we approach cloud accuracy of 86% at a
coverage level of 73%, i.e., saving 27% of communication cost.

In the case of the MCUNet variants, we see similar trends. For
instance, for mcunet-in0O the system shows a significant accuracy im-
provement from 40% to 68% by only offloading 40% of the input
samples to the cloud, see Fig. 5(a). At 83% cloud coverage, cloud
accuracy is achieved. Similarly, mcunet-in4 (Fig. 5(c)) and mcunet-in2
(Fig. 5(b)) achieve cloud accuracy at 60% and 73% cloud coverage,
respectively. Overall, we find EdgeBoost to be an effective system for
achieving high inference performance while sending only a subset of
the samples to the cloud.

(B) ViT as cloud model. While CNNs have historically dominated com-
puter vision tasks, ViT based models have recently achieved state-
of-the-art or competitive performance across various computer vision
challenges [29]. Therefore, to leverage the performance of ViTs, we
replace the EfficientNetV2-L model on the cloud with the EVA02 ViT
trained on ImageNet-1k while using the MobileNetV3-Small at the edge.
We show the results in Fig. 6. As Fig. 6 shows that offloading 10% of
the samples to the cloud improves the accuracy from a base accuracy
of 67% to 72%. Similarly, when the threshold value is set to 0.27, the
accuracy of the system improves significantly to 83% by sending 32% of
the samples to the cloud. Finally, we achieve cloud accuracy by sending
73% of the samples to the cloud thus reducing the communication
costs by 27% compared to an all-Cloud solution. By using a more
powerful ViT on the cloud, we achieve a better overall accuracy of
89.5% compared to 86% achieved by using EfficientNetV2-L.

4.4.3. Comparison with state-of-the-art approaches

Next, we compare EdgeBoost with state-of-the-art methods,
namely early exit, entropy-based thresholding and a routing-based
model as discussed in Section 4.2., see Table 2. In the routing-based
model, which we use as a baseline, the decision router consists of a
two layer DNN with 256 neurons in the first layer and 64 in the second.
Therefore, in this setting, the edge device must host both the prediction
model and this router. Furthermore, the router is trained together with
the edge model.

First, we see that EdgeBoost achieves near-cloud accuracy using
the 5.3M MobileNetV3-Large at 30% coverage. This reduces the com-
munication costs by 70%. Also note that at 30% coverage, the smaller
MobileNetV3 with 2.5M parameters exceeds the base accuracy of the
larger version. Thus, we achieve the accuracy of the larger version by
deploying the smaller model with approximately half the parameters.
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Fig. 6. EdgeBoost compared to an all-Cloud and all-Edge solution when we use ViT as the cloud model. The powerful ViT results in an overall accuracy of 89.5% by offloading

73% of the samples to the cloud.

In addition, EdgeBoost outperforms entropy thresholding by
achieving nearly 1.7 percent points higher accuracy with MBV3-2.5M
at 30% cloud coverage. Compared to the routing-based model, we
show that while the accuracy of EdgeBoost is slightly lower, we can
achieve comparable accuracy to this method without requiring a router,
i.e., which (a) requires additional memory to host the router on the
resource-constrained edge device, (b) is trained in a complex manner,
(c) is often customized for different datasets and tasks.

Finally, training the OFA model with an early exit layer results
in an edge accuracy of 68.15% (6.7M parameters at the edge) and
60.2% (1.5M parameters at the edge), see Table 2. This baseline also
performs worse than all other methods at all levels of cloud coverage.

For instance, for the 6.7M configuration, when 90% of samples exit
early(leaving only 10% to be handled by the full network on the cloud),
we achieve an accuracy of 69.1%. This is 7.6 percent points lower
than the accuracy achieved with 10% cloud coverage by EdgeBoost
using MobileNetV3 Large at the edge. Overall, using this model at
the edge, EdgeBoost achieves an average accuracy gain up to 8.47
percent point compared to the early exit network. Furthermore, while
the highest accuracy the early exit network can achieve is limited to
the accuracy of the network itself (70% in this case), achieving higher
accuracy would require retraining the entire model with a significantly
more powerful network. In contrast, with EdgeBoost, we can simply
replace the cloud model with a more powerful one (see Section 4.4.2) to
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Comparison of EdgeBoost with baselines. The accuracy of the cloud model, for comparison with Entropy and Routing based model, is 79.9%.
EdgeBoost provides nearly the same accuracy as the routing-based model at different coverage levels while using less memory at the edge.
In case of early exit, the final cloud model is trained jointly with an early exit layer which results in cloud accuracy of 70%. At all coverage

levels, EdgeBoost achieves higher accuracy than early exit baseline.

Edge Model Edge Accuracy (%) Method Cloud Coverage
10% 20% 30%
Entropy 70.7 73.3 74.9
MobnetV3 Small (2.5M) 67.6 Routing based Model 71.6 74.6 76.8
EdgeBoost 70.9 74.2 76.6
Entropy 77.1 78.3 78.9
MobnetV3 Large (5.3M) 75.7 Routing based Model 77.6 79.0 79.6
EdgeBoost 76.7 78.5 79.7
OFA Early Exit (6.7M) 68.15 - 69.1 69.9 70.5
OFA Early Exit (1.7M) 60.02 - 62.4 64.4 66.2
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Fig. 7.
scenario.

achieve higher accuracy without the need for any significant change to
the system architecture, making it a more scalable and flexible solution
for edge—cloud setups.

4.4.4. EdgeBoost latency analysis

In the results presented above, we show that EdgeBoost acts as
an effective offloading system to achieve near-cloud accuracy while
sending only a fraction of the input samples to the cloud. In this section,
we analyze the latency implications of various deployment scenarios on
the ImageNet-1k dataset using MobileNetV3-Small as the edge model
and EfficientNetV2-L in the cloud. In particular, we consider three
scenarios:

1. EdgeBoost: MobileNetV3 processes images locally and selec-
tively offloads to the cloud based on confidence thresholds.
In this scenario, we consider the threshold value at which we
achieve cloud accuracy.

2. All-Edge: All processing is done locally on MobileNetV3-Small.

3. All-Cloud: All images are processed by EfficientNetV2-L in the
cloud.

The latency of MobileNetV3-Small is 15.8 ms on a Pixel 1 device [22]
while that of EfficientNetV2-L large is 98 ms on a V100 GPU [26]. We
assume the network transmission latency to be between 30-120 ms,
based on real-world 4G LTE uplink speeds and ImageNet-1k image
sizes. Fig. 7(a) shows the total inference latency as a function of
communication latency (in log scale) for all three deployment scenar-
ios. As shown, the all-Cloud scenario shows a linear increase in total
inference latency with increasing communication latency, due to the
added delay in transmitting data to the cloud. In comparison, while the
latency of EdgeBoost also increases with increasing communication
latency, it remains lower than the all-Cloud scenario since the cloud

Deployment Scenario

(b) Constant Communication Latency (50 ms)

Latency of EdgeBoost compared to an all-Edge and all-Cloud solution. EdgeBoost achieves cloud accuracy with lower latency compared to an all-Cloud deployment

accuracy is achieved by only offloading 73% of the samples to the
cloud. The all-Edge scenario maintains a constant and the lowest total
inference latency, regardless of the communication latency, because all
processing occurs locally on the edge device. In Fig. 7(b), we show the
latency composition for a communication latency of 50 ms. For Edge—
Boost, we observe an average latency of 123.84 ms per inference. This
includes a local latency of 15.8 ms, an average network transmission
delay of 36.5 ms (as 73% of the samples are offloaded to achieve cloud
accuracy), and a cloud processing time averaging 71.54 ms for the
offloaded samples. In comparison, the All-Edge scenario has a latency
of 15.8 ms. Finally, when we send all the samples to the cloud for
processing, we achieve a latency of 148 ms per inference, due to the
combined latency of the network transmission time (50 ms) and the
cloud computation time (98 ms). Overall, EdgeBoost achieves cloud
accuracy with lower latency compared to the All-Cloud scenario.

4.4.5. EdgeBoost as an abstaining classifier

In this section, we explore the effectiveness of using the edge model
as an abstaining classifier within the EdgeBoost framework. We remove
the cloud model from the experimental setup and rely only on the
edge model for predictions. The edge model withholds predictions for
the samples for which it lacks sufficient confidence ensuring that only
confident predictions are locally accepted when the cloud model is
unavailable. Thus, the accuracy reported for this experiment is the
accuracy of the edge model only and the cloud model is not queried for
any input samples, compared to the results reported in Fig. 4, where the
accuracy is the combined accuracy obtained from both edge and cloud.

To evaluate the impact of calibration on abstention, we conduct
experiments using both the calibrated and uncalibrated MobileNetV3-
Small models trained on CIFAR-100, Stanford Cars and ImageNet-1k.
We test both these models for different thresholds, such that the pre-
dictions of the samples with confidence falling below the threshold are
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Fig. 8. Accuracy comparison of calibrated and non-calibrated edge models, used as an abstaining classifier. At different threshold levels, the calibrated model is able to capture
the uncertain samples more effectively than the uncalibrated one, as shown by the increase in accuracy.

rejected. Fig. 8 shows that the rejection rate for the calibrated and
uncalibrated model differs for similar threshold values. For CIFAR-100,
8(a), at a threshold value of 0.3, the calibrated model rejects predic-
tions for 25% of the samples, resulting in an accuracy of 86% while the
uncalibrated model rejects 11% of the samples as uncertain resulting
in an accuracy of 78%. Similarly, at a threshold value of 0.7, the cal-
ibrated model rejects predictions for 45% of the samples compared to
only 23% by the uncalibrated model resulting in an accuracy increase
of 9 percent points. We observe similar trends for the Stanford Cars
8(b), and ImageNet-1k 8(c) datasets, where the uncalibrated model has
a lower rejection rate than the calibrated model at all thresholds. This
lower rejection rate of the uncalibrated model indicates that this model
cannot effectively capture samples with uncertain prediction compared
to the calibrated model, resulting in lower accuracy.

4.4.6. Performance of edge model on the high confidence samples

To further demonstrate the effectiveness of model calibration, we
now focus on the samples for which the edge model has high confi-
dence. Our goal is to illustrate that while an uncalibrated edge model
may have high confidence in its predictions, its accuracy on these high-
confidence samples is significantly lower compared to the calibrated
model. We choose the edge model trained on the Stanford Cars dataset
because it has the highest calibration error among the models used
in this study. By setting different confidence thresholds, we measure
the accuracy of both models on samples they classify as easy. Fig. 9
shows that the accuracy of the calibrated model is consistently higher
than that of the uncalibrated model across all thresholds. For example,
when we set the decision threshold to 0.5, the uncalibrated model
has an accuracy of 68%, while the calibrated model achieves 78%.
These results highlight the effectiveness of the calibration process,
which ensures that high-confidence predictions are more reliable and
accurate, thereby improving the trustworthiness of the edge model.
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<
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Fig. 9. Accuracy comparison of calibrated and uncalibrated edge models for high
confidence samples. At different threshold levels, the calibrated model achieves higher
accuracy than the uncalibrated model on these samples.

4.4.7. Analysis of easy and hard samples

To gain further insights into EdgeBoost’s performance, we ana-
lyze the samples that are classified as easy and hard at the edge. The
goal is to illustrate how the system effectively distinguishes between
these cases. To demonstrate this, we set the decision threshold at the
edge to 0.6. Thus, any sample with confidence equal to or greater
than the threshold is processed locally at the edge (easy sample),
otherwise, the cloud prediction is requested (hard sample). In Fig.
10, we show randomly selected hard and easy images from both the
Cars and ImageNet-1k datasets. Below each image, the probability
score of the edge model (MobileNetV3-Small) is shown, along with
symbols indicating whether the edge and cloud model (EfficientNetV2-
L) correctly classified the sample. As the Figure shows, the edge model
often classifies hard samples incorrectly in both datasets. However, the
cloud model frequently classifies these samples correctly. Overall, the
figures visualize that low-confidence predictions tend to be incorrect

10
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Fig. 10. Samples identified as easy and hard by EdgeBoost in the Stanford Cars and ImageNet-1k dataset. The samples identified as easy are mostly correctly classified by the
edge model. On the other hand, the edge model is less accurate for the hard samples. Therefore, it is useful to offload these samples to the cloud to get more accurate predictions

from a powerful cloud model.

when handled by the edge model only, but offloading these hard cases
to the cloud results in improved accuracy. We summarize the accuracy
of the edge model on the easy and hard samples for all three datasets
in Table 3.

5. Related work

The high computational cost associated with modern DNNs has mo-
tivated researchers to explore methods for efficient inference, especially
for devices with limited memory and compute power. Several ap-
proaches exist, including lightweight models, model compression, split
computing, early exit strategies, model partitioning, and hybrid models
that combine edge and cloud inference. In the following subsections, we
discuss key related work in each category.

5.1. Lightweight models

One approach to reduce inference complexity is to design
lightweight neural networks. MobileNetV1 [1] uses depth-wise and
point-wise convolutions for size reduction. Others such as MobileNetV2
[30] and MobileNetV3 [22] reduce the model size and improve ac-
curacy. For extremely resource-constrained devices such as microcon-
trollers, MCUNet [4] achieves ImageNet-1k-scale inference with up to
63.5% accuracy. While most of these small models are often designed
manually, many studies in the literature also propose automating the
process by using Neural Architecture Search (NAS) [31]. For exam-
ple, [2] proposes NASNet, a family of Convolutional Neural Networks
designed using NAS. This study uses a small dataset to search for a good

11

architecture and then transfers the learned architecture to ImageNet-1k.
Some studies [3,32] also use the concepts of NAS to design architec-
tures tailored to the resources available on specific devices. Although
designing lightweight models offers a straightforward solution, it often
involves a trade-off between complexity and accuracy, making high-
performance goals challenging. In contrast, EdgeBoost effectively
utilizes a lightweight edge model and a powerful cloud model to
achieve high accuracy while maintaining communication efficiency.

5.2. Model compression

Network compression is another approach to “compress” a large
model into a smaller one. Two notable compression are pruning and
quantization [33-35]. Pruning removes parameters from a network
while quantization uses fewer bits to represent them. [36] achieves an
improved tradeoff between accuracy and inference time by quantizing
MobileNet, compared to the original floating point version. On the
other hand, [37] reduces the computational cost of CNN inference by
pruning filters. While pruning and quantization are promising tech-
niques to reduce the model size, they are often not sufficient on their
own and also degrade the accuracy of DNN models. Knowledge Dis-
tillation [38] is another approach used for model compression. While
pruning and quantization reduce the size of trained models, Knowledge
Distillation uses a large model (called the teacher) to guide the training
process of a smaller model (called the student). Knowledge from large
model is distilled into a small model thereby increasing its accu-
racy without increasing the model complexity. Similar to lightweight
models, aggressive pruning and quantization can also degrade model
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Accuracy of MobileNetV3-Small on samples identified as hard and easy at a threshold value of 0.6. For all three datasets, the
accuracy of model is low on the hard samples hence requiring cloud offload.

Model Dataset Accuracy (%)
Hard samples Easy samples
CIFAR100 45.6 89.8
MobnetV3 Small Cars 36.9 85.2
ImageNet-1k 39.0 88.6

performance. EdgeBoost, on the other hand, improves the accuracy
by leveraging both a lightweight edge model and a powerful cloud
model.

5.3. Split computing

To leverage the computational power of the cloud for edge-based
applications, split computing executes a model partially, typically the
first layers of a DNN, on a resource-constrained edge device and then
transmits intermediate results, i.e., feature maps, to the cloud for
further processing. [23,39] searches for the best partitioning layer in a
DNN to reduce latency and energy consumption. Compressive offload-
ing [40-42] extends this approach, by compressing the intermediate
output (or the raw input signal) using a lightweight neural network
to further reduce communication requirements. [43,44] use lossy
compression techniques for intermediate DNN outputs. While these
approaches provide high classification accuracy, they have a significant
drawback: For each input, communication between an edge and a cloud
device is needed. This communication is often wireless, i.e., via WiFi or
cellular technologies, and thus time and energy consuming [40]. An-
other study [45] proposes Edgent, which dynamically allocates a part
of the DNN computation to the edge server, instead of the cloud. This
approach reduces the latency by moving the computation closer to the
source. However, it still requires communication with the edge server
for each input sample. In addition, because edge servers have fewer
computational resources than the cloud, they may struggle to efficiently
handle computationally intensive tasks, limiting scalability in high-
demand scenarios. EdgeBoost, on the other hand, processes confident
predictions locally and offloads only the most challenging samples to a
powerful model deployed on the cloud, thereby reducing both latency
and communication costs while maintaining high accuracy.

5.4. Early exit networks

Early exit [8-10] adds branches to a neural network, computes later
layers only if the output of an early layer does not provide sufficient
classification confidence. [46] divides a DNN inference pipeline into
multiple stages and incorporates early exit points to enable energy-
efficient inference, while the authors in [47] propose a strategy to
dynamically adjust the losses of early exit points during training. [48,
49] combine Knowledge Distillation with early exit where all early
exits act as students and their final classifier acts as the teacher model.
Combined with split computating, early exits reduce communication
overhead in DNNs [50]. However, this approach often suffers from
the problem that the early layers, i.e., those deployed on an edge
device, typically do not provide sufficient classification accuracy [13].
Moreover, the accuracy of an early exit network is limited by the
performance of the model itself, and improving it requires retraining
the entire network with a more powerful architecture. On the other
hand, the design of EdgeBoost allows accuracy improvement by
simply replacing the cloud model with a more powerful one, without
requiring significant changes to the system architecture.

5.5. Model partitioning

Model partitioning techniques allow IoT devices to jointly execute
a DNN by distributing the computational workload among them [51].
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Many approaches in the literature, such as [52,53], and [54], partition
the model vertically by assigning layer-by-layer computations to dif-
ferent devices in the IoT environment. Although these methods assign
different layers to different devices, they fail to fully utilize the avail-
able computational resources due to the lack of intra-layer parallelism.
To address this limitation, many recent studies, including [55-57], pro-
pose horizontal partitioning. These methods allow devices to execute
a model’s layers in parallel and distribute the input data. However,
these approaches largely ignore the varying computational and network
resources of IoT networks. DISNET [58] addresses this gap by com-
bining horizontal and vertical partitioning while taking into account
the IoT devices’ computational and communication resources. This
work enables resource-aware cooperative DNN inference. Although dis-
tributed ML effectively utilizes the collective computational resources
of IoT devices, it introduces high communication overhead and syn-
chronization complexity due to frequent inter-device data exchanges.
In contrast, EdgeBoost eliminates the need for complex inter-device
synchronization by leveraging a lightweight edge model for confident
predictions and selectively offloading only challenging samples to the
cloud, thereby reducing communication overhead while maintaining
high inference accuracy.

5.6. Neural network routers

Some works [12,13] propose techniques where an edge and a cloud
model are trained together with a so-called “router”. The router decides
whether an input sample should be processed locally or should be sent
to the cloud for prediction. While such methods achieve good results,
deploying the router along with the model at the edge requires a custom
router design, additional memory at the edge and offer custom training
procedures. EdgeBoost, in contrast, achieves near-cloud accuracy by
sending only a fraction of the input samples to the cloud depending
on the hardness. It achieves a performance comparable to router-
based approaches, while relying only on the output probability of the
calibrated edge model to determine the confidence.

6. Conclusion

In this paper, we introduce EdgeBoost, a selective input of-
floading system for resource-constrained edge devices. In contrast to
an all-Cloud solution where all samples must be sent to the cloud,
EdgeBoost offloads only those samples to the cloud for which an edge
model is not confident in its prediction. On the large-scale ImageNet-
1k dataset, for example, we reduce the communication costs by 27%
and achieve comparable accuracy to an all-Cloud solution with lower
latency. We also show that calibrating the neural network at the edge
results in capturing the less confident prediction more effectively. For
example, it increases the overall accuracy of the system by up to 8
percent points. By using a calibrated model at the edge as an abstention
classifier, we achieve an accuracy gain of 9 percent points over an
uncalibrated model. EdgeBoost also outperforms the early exit and
entropy thresholding methods and achieves comparable accuracy to
routing based offloading methods without the need to host the router
on the resource-constrained edge devices.
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