
EdgeBoost: Confidence Boosting for Resource
Constrained Inference via Selective Offloading

Naina Said, Olaf Landsiedel
Kiel University, Germany

{nas,ol}@informatik.uni-kiel.de

Abstract—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. Due to careful calibra-
tion, EdgeBoost reduces the communication cost by 55%, 29%
and 20% for CIFAR-100, ImageNet and Stanford Cars datasets,
respectively, when compared to an cloud-only solution while
achieving on par classification accuracy. Finally, EdgeBoost
also achieves comparable accuracy to the state-of-the-art routing-
based methods without the need for hosting the router on the
edge.

Index Terms—TinyML, MCU, Model Calibration, Tempera-
ture Scaling, Inference Offloading, Lightweight Models

I. INTRODUCTION

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

Lightweight models [1]–[4], tailored to the resource-
constraints of edge devices, however, often show reduced
predictive performance. For example, for the popular Ima-
geNet [5] dataset, the lightweight MobileNet model [1] with
4.3M parameters suffers from accuracy loss of about 7%
compared to the state-of-the-art the ResNet152 model with
60.4M parameters [6]. Similarly, when considering modern
vision transformers, this trade-off is even more pronounced.
The Vision Transformer (ViT) Large model [7], for instance,
achieves 85.8% top-1 accuracy on ImageNet. However, its
size of 307M trainable parameters makes it impractical for
deployment on resource-constrained edge devices.

To address this challenge, some approaches split the input
data at runtime into easy and hard samples [8]–[10]: The
edge device uses a lightweight model to classify the easier
samples locally while sending the harder ones to the cloud
for processing with a more powerful network. As lightweight
models commonly show a good performance when classifying
easy inputs, this design improves the overall classification
performance, as we also show in our evaluation in Section IV.
To separate easy and hard samples, some approaches directly
use output probabilities of the edge model [8]. However, due
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Fig. 1: Overview of EdgeBoost. First, EdgeBoost passes
an input sample to a small, less powerful DNN on the edge.
Next, we analyze the confidence of the prediction made by the
edge. 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.

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 [9], [10]. This pre-classifier, however, adds
extra overhead and often needs to be designed and trained
specifically for each dataset.

Addressing the above limitations, this paper introduces
EdgeBoost which instead of directly relying on the model
probabilities for confidence calculation, calibrates these prob-
abilities before using them for any decision-making. Thus,
EdgeBoost utilizes a calibrated variant of a resource-
efficient MobileNet or MCUNet [4] on the constrained edge
device, to locally classify easy inputs while reliably identifying
difficult inputs, which exceed the local model’s abilities, and
offloads these to a large model in the cloud.

For the ImageNet dataset, EdgeBoost achieves an ac-
curacy on par to the cloud by offloading 71% of the input
samples to the cloud, hence saving 29% communication cost
compared to an all-cloud system where all the input samples
need to be offloaded to the cloud. For CIFAR-100 [11]
and Stanford Cars [12], we reduce communication cost by
55% and 20% respectively, while achieving cloud accuracy.
Our evaluation also demonstrates the effectiveness of 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
datasets, respectively.

Overall, this paper makes the following contributions:
• Design and development of EdgeBoost, a lightweight

system for intelligent cloud offloading based on the input
hardness that achieves cloud accuracy with upto 55%
reduced communication cost on CIFAR-100, 29% on
ImageNet 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 per-
cent points on CIFAR-100, Stanford Cars and ImageNet
dataset, respectively.

• Demonstration that EdgeBoost achieves comparable
accuracy to state-of-the-art routing-based approaches
without the need for an extra classifier on the edge.
Our system also outperforms entropy thresholding by
achieving a nearly 1.7 percent points increase in accuracy.

The source code for EdgeBoost and the experiments presented
in this paper is available online1. The remainder of the paper
is organized as follows: Section II presents the required
background on DNN confidence and calibration, Section III
introduces the design of EdgeBoost, Section IV evaluates
EdgeBoost on three datasets and on both MobileNetV3
Small and MCUNet architectures and Section V discusses
related work. Section VI concludes the paper.

II. BACKGROUND: CONFIDENCE AND CALIBRATION

In this section, we introduce the required background on
DNN confidence and calibration. We begin by introducing
the basics of model confidence and discussing the need for
calibration. Next, we introduce Expected Calibration Error
(ECE), a metric to measure the degree of calibration of a NN,
and Temperate Scaling, a lightweight method for calibration
of NNs. Finally, we discuss how we utilize the probabilities
of the calibrated models to determine their confidence.

A. Model Confidence and Calibration

The confidence of a model is a metric for how confident
a model is about its classification result for a specific input.
Thus, if it predicts that an input sample is of a specific class
with a confidence of X, this 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 [13], [14]. As a result, uncalibrated DNNs often
produce probability estimates that are not well-aligned with
the true probabilities. Further, as we show in our evaluation
in Section IV, 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 on the edge
is crucial because it dictates whether a local prediction is

1EdgeBoost GitHub repository: https://github.com/ds-kiel/EdgeBoost

accepted or the sample is sent to the cloud for classification.
Thus, our approach demands a good calibration, and we
introduce methods for calibration later in this section.

B. Expected Calibration Error

Expected Calibration Error (ECE) [15] is a metric to
measure 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 over the absolute difference between
the accuracy acc and confidence conf as shown in Equation 1.
Here, B represents “bins”, m the bin number and n represents
the total number of samples. The difference between acc and
conf for a particular bin represents the calibration gap. The
range of ECE is between 0 and 1 where 0 represents poor
calibration and 1 represents perfect calibration. Throughout
this research, we use ECE as a measure to represent the
calibration error of neural networks.

ECE =

M∑
m=1

|Bm|
n

|acc (Bm)− conf (Bm)| (1)

C. Temperature Scaling for NN Calibration

Temperature scaling [13] is a simple yet effective method
for re-calibration of prediction probabilities. Temperature scal-
ing uses a single scalar parameter Temp > 0 , where
Temp is the temperature, to rescale logit scores of a NN
before applying the softmax function as shown in Equation 2.
The optimal value of Temp is determined by minimizing the
Negative Log Likelihood (NLL) on the validation set. While
Temperature Scaling helps to calibrate a model, it does not
impact the accuracy of the model since the maximum of the
softmax remains unchanged.

softmaxTemp (zi) =
ezi/Temp∑K
j=1 e

zj/Temp
(2)

Next to Temperature Scaling, further methods such as
Monte Carlo Dropout [16], extension of binning methods to
Isotonic Regression [17] and Histogram binning [18] enable
NN calibration. However, we select Temperature Scaling due
to its simple implementation and superior performance over
other techniques [13]

D. Calculation of Prediction Confidence

After calibrating a model, EdgeBoost utilizes the softmax
margin [8] 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. If y1 and y2 are the top two most probable labels
for a sample x under a model θ, we represent the softmax
margin by Equation 3. A higher difference represents more
confidence, whereas a small difference value represents less
confidence of the model on its prediction.

Confidence = pθ (y
′
1 | x)− pθ (y

′
2 | x) (3)

https://github.com/ds-kiel/EdgeBoost


III. 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, fo-
cusing on its key components. We then examine the role of the
confidence threshold (T) in balancing prediction accuracy and
communication costs. Finally, we detail on the methodology
for offloading samples to the cloud, emphasizing decision-
making based on calibrated confidence levels.

A. Calibration Analysis of Resource-Efficient DNNs

Before diving into the design of EdgeBoost, we analyze
the calibration of resource-efficient neural networks. While
many works analyze the calibration of large neural networks
[13], [14], the calibration of models tailored for resource
constrained devices has received very little attention as of
today. Thus, as 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 models such as MobileNet and MnasNet [3] for the
edge and MCUNet for microcontrollers on common datasets
such as CIFAR-100, Stanford Cars and ImageNet, see Table I.
Despite the efficiency and good accuracy of resource-efficient
models, our results show that the majority of these models
show a miscalibration after training, evident from their respec-
tive ECE values. Just MCUNet shows very little miscalibration
and does not require further calibration. Others, such as the
MobileNetV3 Small [19] model show strong miscalibration
and on the CIFAR-100 dataset, exhibits a reduction in ECE
from 14.8% to 2.3% after applying Temperature Scaling for
post-training calibration. Overall, the results underline that
Temperature Scaling effectively boosts model calibration.

B. EdgeBoost: Design Overview

Based on the insights we derived from the analysis of model
calibration in Section III-A, we can now introduce a simple
and lightweight system design: EdgeBoost employs two
models, one resource-efficient on the edge and a second large
model on the cloud, see Figure 1. Further, we calibrate the
neural network on the edge using Temperature Scaling, as
introduced in Section II). For each input, we first use the edge
model to make a prediction. Next, we employ 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.

C. Assessing Confidence & Tuning the Confidence Threshold

We utilize the Probability Margin, i.e., the difference be-
tween the highest and second-highest classification probabil-
ities (see Section II), as a metric to assess the confidence
of the calibrated edge model. In EdgeBoost, a user-defined
threshold parameter, denoted as T, acts as a critical decision
boundary to determine whether to process a sample locally by
the edge model or forward it to the cloud model. Choosing a
value for T resembles a trade-off between prediction accuracy

and communication cost: A higher T value results in the edge
model predicting more conservatively, i.e., accepting fewer
of the local classification results. Consequently, EdgeBoost
sends more samples to the cloud for processing, which incurs
higher communication overhead. Conversely, a lower T value
leads to the edge model handling a greater proportion of
samples, reducing communication costs but compromising
prediction accuracy, especially for challenging samples. In
Section IV), we evaluate overall accuracy and communication
overhead for different values of T to elaborate this behavior.
Practically, we should choose a T value that satisfies the
cost/accuracy requirements of a specific application. As the
metric merely acts as a threshold, the confidence checker is
designed lightweight and resource-efficient.

D. Algorithmic Details

After training the models on the edge and cloud, we follow
the process in algorithm 1 to upload samples to the cloud.
First, we pass the input sample to the edge model without the
softmax to obtain the logit values. We then calibrate the logits
for the input sample using the temperature value Temp, pre-
calculated using the validation set in line 3 before applying the
softmax. This calibration yields reliable probability estimates.
Next in line 7, we calculate the difference between the highest
and second-highest probabilities. This difference, serving as a
measure of confidence, is compared with the threshold value T.
A large difference indicates the edge model’s high confidence
in its prediction, leading us to accept the local prediction.
If not, we send the sample to the cloud model for further
prediction.

Algorithm 1 Inference Using EdgeBoost

1: for all x in input samples do
2: zedge = EdgeModel(x) {Edge model’s logits}
3: ŷedge = softmax

(
zedge

Temp

)
{Logits scaling with tempera-

ture value Temp}
4: Sort ŷedge in ascending order
5: y1edge = (ŷedge)(n) {Highest value}
6: y2edge = (ŷedge)(n−1) {Second highest value}
7: if (y1edge − y2edge) > T then
8: Label : ŷ = argmax(ŷedge)
9: else

10: ŷcloud = CloudModel(x)
11: Label: ŷ = argmax(ŷcloud)
12: end if
13: end for

IV. EVALUATION

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

A. Baselines

We benchmark Edgeboost against four baselines:



Dataset Model Accuracy (%) # of Parameters (M) ECE Uncalibrated (%) ECE Calibrated (%)

CIFAR-100

Resnet20 68 0.28 11 2
MobnetV3 Small 75 2.5 14.8 2.3

MobnetV2 77 3.5 10.5 2.5

Stanford Cars

MobnetV3 Small 57.5 2.5 12.6 3.7
MobnetV2 70.5 3.5 6.74 2.7
MnasNet 71 6.2 8.92 3.16

ImageNet

MCUNet-in0 41.5 0.75 0.4 -
MCUNet-in2 60.9 0.73 0.7 -
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

TABLE I: Calibration of resource-efficient models such as MobileNet and MCUNet for common datasets including CIFAR-
100 and ImageNet. As evident from the ECE value, most of these models are poorly calibrated after training and require
Temperature Scaling for post training calibration. Merely MCUNet-in0 and MCUNet-in1 have a negligible calibration error
and do not require further calibration.

1) All-Edge Baseline: A baseline representing the scenario
when the edge device solely carries out the inference without
utilizing the capability of the cloud.

2) All-Cloud Baseline: In contrast to an all edge approach,
this baseline entirely relies on cloud for inference.

3) Entropy-based Baseline: This approach uses the
entropy-based decision mechanism for deciding between edge
and cloud. We select this baseline based on the findings of
authors in Kag et al. [10], where they find entropy thresholding
superior to others such as AppealNet [9], BranchyNet [20] and
other adaptive networks [21]–[23].

4) Routing-based Baseline: This baseline involves design-
ing and training a router to determine the difficulty of the input
samples, which is then deployed on the edge in addition to
the base model. We select Kag et al. [10] as a baseline among
the routing-based solutions due to its superior performance to
other similar prior techniques. It is a hybrid system that trains
a base, a router, and a cloud model such that, on average,
coverage on-device is maximized without sacrificing accuracy.

B. Experimental Setup

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 utilizing MCUNet. MobileNetV3 Small comprises 2.5M
parameters and has an accuracy of 67.5% on the ImageNet
dataset. For MCUNet we use multiple configurations (mcunet-
in0, mcunet-in2, mcunet-in4) with 0.75, 0.73, and 1.73 Million
parameters reaching an accuracy of 41.5%, 60.9% and 68.4%
on the ImageNet dataset, respectively. As cloud model, we
employ EfficientNetv2L [24], a state-of-the-art model for
image classification which achieves on par-performance to
modern vision transformers. It has 118.5M parameters and
accuracy of 86%, 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
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 utilize the

small version of EfficientNetv2 (21.45M parameters and 85%
accuracy on ImageNet) for the experiments on Stanford Cars
dataset.

To ensure reproducible results, we utilize pre-trained net-
works EfficientNetv2 (large and small version), MobileNetV3
Small and MCUNet2 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 Figure 2.

2) For Comparison with State-of-the-art: We compare our
results to entropy thresholding and routing based method
as discussed in Section IV-A. We utilize the largest pre-
trained model from the OFA space [25] which achieves 79.9%
accuracy on ImageNet as a cloud model while as our edge
model, we experiment with two versions of MobileNetV3
Small, one with 2.5M parameters and another one having 5.4M
parameters. We select these models for fair comparison with
state-of-the-art as they use these models, too.

C. Experimental Results

1) Model Calibration & Temperate Scaling: At the start
of the design section, we analyze the calibration of modern,
resource-efficient neural networks, see Section III and Table
I. The main result of this analysis is that (a) many neural net-
works lack calibration, and (b) Temperature Scaling drastically
improves their calibration. These results motivate the design
of EdgeBoost.

In our evaluation, we now dive deeper into the model
calibration. Figure 2 shows the calibration of MobileNetV3 for
CIFAR100, Stanford Cars and ImageNet and the calibration of
MCUNet for ImageNet. The results show, that for CIFAR100
and Stanford Cars, MobileNetV3 is overconfident. For exam-
ple, 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 Figure 2a) and
Stanford Cars (see Figure 2b), respectively. Temperate Scaling
practically removes this bias. For the ImageNet dataset, we do

2EfficientNetv2L, MobileNetV3: https://pytorch.org/vision/stable/models.
html; MCUNet: https://github.com/mit-han-lab/mcunet

https://pytorch.org/vision/stable/models.html
https://pytorch.org/vision/stable/models.html
https://github.com/mit-han-lab/mcunet
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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 across different levels of predicted
confidence. The ideal model’s predictions would lie on the ’Perfectly Calibrated’ line, indicating that the predicted probabilities
match the empirical probabilities. The curves after calibration in these diagrams are close to the perfectly calibrated curve,
indicating an improvement in the models’ trustworthiness for confidence calculation. Thus, Temperature Scaling proves to be
effective to calibrate models with high calibration error.

see similar effects but at a much lower significance, see Figure
2c and Figure 2d for MobileNetV3 and MCUNet, respectively.

For all our experiments, we calibrate the edge models
using Temperature Scaling. In Figure 2 we omit the plots for
mcunet-in0 and mcunet-in2 as these models show negligible
calibration error making calibration unnecessary, We only
show mcunet-in0 in Figure 2d as an example.

2) Benefits of Calibration: As noted in our previous eval-
uation, if our edge model is not calibrated, it tends to be
overconfident and hence processes more samples locally than it
actually should. Figure 3 shows the accuracy of EdgeBoost
when the edge model is calibrated and uncalibrated for dif-
ferent user-define thresholds values. We find 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 instance, at a threshold value
of 0.1, the uncalibrated model achieves accuracy of 76%
whereas the calibrated model achieves accuracy of 80% for
the CIFAR100 dataset when using MobileNetV3 Small as
edge model (see Figure 3a). At a threshold value of 0.4, the
accuracy of the calibrated model is 6 percent points more than
the uncalibrated model. Further, at any threshold the calibrated
model outperforms the uncalibrated one in terms of accuracy.
We observe the same trend for the in Stanford Cars dataset in
Figure 3b. For ImageNet model (Figure 3c), the accuracy gains
are the smallest because the ECE value difference between the
calibrated and uncalibrated value is small. Nonetheless, we see
improvements of upto 1.5 percent points after calibration.

3) Comparison with All-edge and All-Cloud Baselines:
Next, we compare EdgeBoost to all edge and all cloud method
baselines, see Figure 4. We evaluate three datasets (CIFAR-
100, Stanford Cars and ImageNet) and four networks (Mo-
bileNetV3 Small and three MCUNet variants). Figure 4 shows
the relationship between the user-defined confidence threshold
for the edge model and three key performance indicators:
overall system accuracy, average communication cost per input
image, and the percentage of samples processed by the cloud.

Firstly, 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 different datasets.
However, as accuracy approaches 100%, 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 Figure 4a. 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 cost 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 Figure 4b. 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, thus decreasing the
communication cost by 20% when compared to an all-cloud
solution of equivalent accuracy. For ImageNet in Figure 4c,
we approach cloud accuracy of 86% at a coverage level of
71%, i.e., saving 29% of communication cost.

In the case of the MCUNet variants, we see similar trends.
For instance, for mcunet-in0 the system shows a significant
accuracy improvement from 40% to 68% by only offloading
40% of the input samples to the cloud, see Figure 4d. At
83% cloud coverage, cloud accuracy is achieved. Similarly,
mcunet-in4 (Figure 4f) and mcunet-in2 (Figure 4e) achieve
cloud accuracy at 60% and 73% cloud coverage, respectively.
Overall, we find EdgeBoost to be an effective system to
achieve high inference performance while sending only subset
of the samples to the cloud.

4) Comparison with State-of-the-Art Approaches: Next, we
compare EdgeBoost with state-of-the-art methods, namely
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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.

Edge Model Edge Accuracy (%) Method 10% coverage Acc 20% coverage Acc 30% Coverage Acc

MobnetV3 Small (2.5M) 67.6
Entropy 70.7 73.3 74.9

Routing based Model 71.6 74.6 76.8
EdgeBoost 70.9 74.2 76.6

MobnetV3 Large (5.3M) 75.7
Entropy 77.1 78.3 78.9

Routing based Model 77.6 79.0 79.6
EdgeBoost 76.7 78.5 79.7

TABLE II: Comparison of EdgeBoost with baselines. Cloud model accuracy is 79.9%. EdgeBoost offers almost the same
accuracy as routing based model at different coverage levels while keeping the memory requirements on the edge lower.

entropy-based thresholding and a routing-based model as we
discussed in Section IV-A., see Table II. In the routing-
based model, which we use as a baseline, the decision router
comprises a two layer DNN with 256 neurons in the first
layer and 64 in the second. Hence, in this setting, the edge
device needs to host both the prediction model and this router.
Further, the router is trained together with the edge model.

First, we observe that the EdgeBoost achieves near-cloud
accuracy using the 5.3M MobileNetV3 at 30% coverage.
Hence, reducing the communication cost by 70%. Also note
that at 30% coverage, the smaller MobileNetV3 with 2.5M pa-
rameters 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.

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) needs addi-
tional memory to host the router on the resource-constrained
edge device, (b) is trained in a complex manner, (c) often is
customized for different datasets and tasks.

V. RELATED WORK

The high computation cost associated with modern DNNs
has motivated researchers to explore methods for efficient
inference, particularly for devices with limited memory. Al-
though designing lightweight models offers a straightforward
solution, it often involves a trade-off between complexity and

accuracy, challenging high-performance goals. MobileNetV1
[1] employs depth-wise and point-wise convolutions for size
reduction. Others such MobileNetV2 [26] and MobileNetV3
[19] reduce the model size and improve accuracy. For ex-
tremely resource constrained devices like microcontrollers,
MCUNet [4] achieves ImageNet-scale inference with up to
63.5% accuracy. Additionally, network compression tech-
niques [27], [28] minimize DNN parameters and computa-
tional cost.

To leverage the computational power of the cloud for
edge-based applications, split computing executes a model
partially, usually the first layers of a DNN, on a resource-
constrained edge device and then transmits intermediate re-
sults, i.e., feature maps, to the cloud for further processing.
Compressive offloading [29]–[31] extends this approach, by
compressing the intermediate output (or the raw input signal)
with the help of a lightweight neural network to further reduce
communication demands. While providing high classification
accuracy, these approaches have an essential 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 thereby time and energy-
demanding [29]. Early exit [20], [32], [33] adds branches
to a neural network, and only computes later layers if the
output of an early layer does not provide sufficient classifi-
cation certainty. Combined with split computing, early exits
in DNNs reduce the communication overhead [34]. However,
this approach often suffers from the problem that the early
layers, i.e., the ones deployed on an edge device, commonly



(a) CIFAR-100 (MobileNetV3 S) (b) Stanford Cars (MobileNetV3 S) (c) ImageNet (MobileNetV3 S)

(d) ImageNet (mcunet-int0) (e) ImageNet (mcunet-int2) (f) ImageNet (mcunet-int4)

Fig. 4: EdgeBoost compared to an all cloud and all edge solution on three standard datasets (CIFAR-100, Stanford Cars,
ImageNet). The cloud model for CIFAR-100 and ImageNet experiments is EfficientNetv2 large and for Stanford Cars is
EfficientNetv2 small model while the edge model used is MobileNetV3 small and three versions of MCUNet (in0,in2,in4).
The accuracy improves for all three datasets when a small fraction of samples is sent to the cloud. The dotted lines represent
the threshold at which cloud accuracy is achieved. Hence, EdgeBoost improves the accuracy on the edge by sending less
confident samples to the cloud.

do not provide sufficient classification accuracy [10].
Some works [9], [10] propose hybrid models where an edge

and cloud model is trained along 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 on the edge requires a custom router design,
additional memory on the edge and offer custom training
procedures.
EdgeBoost, in contrast, achieves near cloud accuracy by

only sending a fraction of input samples to the cloud depend-
ing on the hardness. It achieves a performance comparable to
router-based approaches, while merely relying on the output
probability of the calibrated edge model to determine the
confidence.

VI. CONCLUSION

In this paper, we propose EdgeBoost, a selective input
offloading system for resource constrained edge devices. In
contrast to an all-cloud solution where all samples need to
be sent to the cloud to achieve cloud accuracy, EdgeBoost
only offloads those samples to the cloud for which an edge
model is not confident on its prediction. On the large-scale

ImageNet dataset, for example, we reduce the communication
cost by 29% in comparison to an all-cloud solution. We further
show that calibrating the neural network on the edge results
in capturing the less confident prediction more effectively.
For example, it increases the overall accuracy of the system
upto 8 percent points. EdgeBoost also 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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