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ABSTRACT
Resource-constrained Edge Devices (EDs), e.g., IoT sensors and
microcontroller units, are expected to make intelligent decisions
using Deep Learning (DL) inference at the edge of the network.
Toward this end, developing tinyML models is an area of active re-
search – DLmodels with reduced computation and memory storage
requirements – that can be embedded on these devices. However,
tinyML models have lower inference accuracy. On a different front,
DNN partitioning and inference offloading techniques were studied
for distributed DL inference between EDs and Edge Servers (ESs).
In this paper, we explore Hierarchical Inference (HI), a novel ap-
proach proposed in [19] for performing distributed DL inference at
the edge. Under HI, for each data sample, an ED first uses a local
algorithm (e.g., a tinyML model) for inference. Depending on the
application, if the inference provided by the local algorithm is incor-
rect or further assistance is required from large DL models on edge
or cloud, only then the ED offloads the data sample. At the outset,
HI seems infeasible as the ED, in general, cannot know if the local
inference is sufficient or not. Nevertheless, we present the feasibil-
ity of implementing HI for image classification applications. We
demonstrate its benefits using quantitative analysis and show that
HI provides a better trade-off between offloading cost, throughput,
and inference accuracy compared to alternate approaches.
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Figure 1: HI framework for DL inference at the network edge.

1 INTRODUCTION
Deep Learning (DL) models are compute and memory intensive and
have been traditionally deployed in the cloud. However, recently, an
increasing number of applications in Cyber-Physical Systems (CPS),
remote healthcare, smart buildings, intelligent transport, etc., use
DL inference at the network edge. This initiated a major research
thrust in developing small-size ML models (S-ML) – ML models
with reduced computation and memory storage requirements – and
deploying them on resource-constrained Edge Devices (EDs) such
as IoT sensors, wearable devices, mobile phones, drones, and robots.
Such deployments are enabled by advancements in hardware and
the rapid evolution of model compression techniques [3, 23].

Research works on DL inference at the edge can be broadly
classified into 1) tinyML, 2) DNN-partitioning, and 3) inference
offloading. TinyML research [23] focuses on enabling extremely
resource-limited IoT devices such as micro-controller units (MCUs)
to perform on-device DL inference using custom-designed S-ML
models. Doing inference at the ED using S-ML saves network band-
width, and improves responsiveness and energy efficiency of the
system [7, 27]. Recent advances in tinyML research enable sophis-
ticated applications to perform tasks on images and audio that go
far beyond the prototypical IoT applications such as monitoring
environmental conditions (e.g., temperature, CO2 levels, etc.), ma-
chine vibrations for predictive maintenance, or visual tasks such
as detecting people or animals [21]. However, tinyML models have
relatively poor inference accuracy due to their small size, which
also limits their generalization capability and robustness to noise.

The authors in [14] proposed DNN partitioning that divides the
inference execution of large-size DNNs between an ED and an Edge
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Figure 2: Different approaches for DL inference at the network edge
Server (ES). However, the benefits of this technique were only real-
ized for computationally powerful EDs (such as smartphones) with
mobile GPUs [4]. Finally, works on inference/computation offload-
ing propose load-balancing techniques that divide the inference
computational load between the ED and the ES [8, 20].

In contrast to the above works, we proposeHierarchical Inference,
a novel framework for performing distributed DL inference at the
edge. Consider the system where the ED is embedded with an S-ML
model and enlists the help of ES(s) or cloud on which a state-of-the-
art large-size ML model (L-ML) is available. HI differentiates data
samples based on the inference provided by S-ML. A data sample is
simple data sample if S-ML inference is sufficient, else it is a complex
data sample requiring L-ML inference. The key idea of HI is that
only complex data samples should be offloaded to the ES or cloud.
Figure 1 shows the HI framework. The HI decision module takes as
input the S-ML inference and uses the metadata about S-ML, L-ML,
and the application QoS requirements to decide whether a sample
is complex or simple and accordingly offload it or not.

Figure 2 illustrates different approaches for DL inference at the
edge. In contrast to tinyML research, HI considers inference offload-
ing. Further, HI examines the S-ML inference before making an
offloading decision which is in stark contrast to existing inference
offloading algorithms. Unlike DNN partitioning, HI is appealing for
resource-constrained devices as one may design S-ML models for
these devices and use existing L-ML models on ESs or the cloud.

Advantages of HI. On one hand, performing inference on EDs saves
network bandwidth, improves responsiveness (reduces latency),
and increases energy efficiency. On the other hand, doing inference
on ESs results in high accuracy inference. HI reaps the benefits of
performing inference on EDs without compromising on the accu-
racy that can be achieved at ESs. To see this, note that HI offloads
only complex data samples which need further inference assistance
and will (most likely) receive incorrect inference from S-ML at the
ED, while simple data samples which are either redundant or receive
correct local inference are not offloaded, thus saving bandwidth,
reducing latency and energy for transmission and computation
on L-ML. Although we use the term ‘S-ML’, it need not be an ML
algorithm but can be any signal processing or statistical algorithm.

Note that, under HI, performing additional inference locally
on all images incurs an extra cost. However, in scenarios where
the cost of local computation is lower than that of transmission,
this approach would eventually result in significant cost savings,
especially since such scenarios are frequent.

Challenges of HI. There are a few challenges to implementing HI.
(1) Differentiating simple and complex data samples is the key

to HI. However, in general, it is hard to do this differentiation
as the ED does not know a priori if the inference output by
S-ML is the ground truth or not.

(2) There are certain requirements for S-ML in order to enable
HI. The S-ML should be small enough in size such that, 1) it
should be viable for embedding on ED, 2) the computation
energy required for S-ML inference should be less than the
transmission energy required for transmitting a data sample,
and 3) the S-ML should have reasonable accuracy such that
for the application of interest the fraction of simple data
samples should be higher than that of complex data samples.

Despite the above challenges, in this work, we demonstrate
its feasibility by implementing it in two application scenarios: 1)
CIFAR-10 image classification, and 2) dog breed image classifica-
tion. For image classification, we use TFLite and design customized
S-MLs for performing inference on images. For each use case, we
also provide a quantitative analysis of the benefits of HI. Finally,
we also compare the accuracy and delay performance of HI with
existing techniques for DL inference: 1) tinyML (no offload), 2) DNN-
partitioning, 3) Offloading for Minimizing Delay, and 4) Offloading
for Maximizing Accuracy.

Remark:We also implement HI for rolling element fault diag-
nosis, an example use case of machine fault detection, where our
S-ML is a simple threshold rule on the statistical average of the
vibration data. It is presented in [1] due to space limitations.

2 RELATEDWORKS
Since the advent of AlexNet [16] a decade ago, there has been an ex-
plosion in research on bigger DL models with an increasing number
of layers and nodes per layer resulting in models with billions of pa-
rameters. However, large DL models are often over-parameterized
and there has been significant research on model compression
techniques that reduce the model size by trading accuracy for ef-
ficiency, e.g., see [9, 10]. Efficient model compression techniques
have resulted in mobile-size DL models including SqueezeNets [13],
MobileNets [24], and EfficientNet [25]. The efforts for designing
small-size DLmodels were further fueled by the need to perform DL
inference on edge devices, which span moderately powerful mobile
devices to extremely resource-limited MCUs. In the following, we
discuss related work on DL inference at the edge.

TinyML. The tinyML research [23] focuses on embedded/on-device
ML inference using small-size ML models on extremely resource-
constrained EDs such as IoT sensors including MCUs. The moti-
vation for tinyML stems from the following drawbacks of sending
data over a network [21]: 1) unreliable network connection, 2)
communication latency, and 3) significant transmission energy con-
sumption, among others. A suite of tinyML models is now available
for MCUs enabling a wide variety of complex inference tasks such
as image classification, visual wake word, and keyword spotting [6].
However, tinyML models have poor inference accuracy (relative
to large-size DL models) due to their small size, which limits their
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generalization capability and robustness to noise. Further, once a
tinyML model is trained (on an edge server/cloud) and deployed
on an IoT sensor or an MCU, improving its accuracy using active
learning on each data sample may not be possible due to the re-
source constraints of the device. Therefore, to improve inference
accuracy the EDs need to offload the data samples by enlisting the
help of an ES or a cloud, where L-ML models are deployed.

DNN Partitioning. For the scenarios where the ED is a powerful
mobile device, such as a smartphone, the authors in [14] proposed
DNN partitioning, where the front layers of the DNN are deployed
on mobile devices while the deep layers are deployed on ESs to
optimize the communication time or the energy consumption of
the mobile device. The premise of this technique is that the data
that needs to be transmitted between some intermediate layers
of a DNN is much smaller than the initial layers. Following this
idea, significant research work has been done that includes DNN
partitioning for more general DNN structures under different net-
work settings [11, 17] and using heterogeneous EDs [12], among
others. However, as we will show later, for DNN partitioning to be
beneficial, the processing times of the DNN layers on the mobile
device should be small relative to the communication time of the
data generated between layers. Thus, works on DNN partitioning
(e.g., see [4]) suggest mobile GPUs making this technique infeasible
for extremely resource-constrained IoT sensors and MCUs.

Inference Offloading. Inference/computation offloading is a load-
balancing technique for partitioning the set of data samples between
the ED and the ES for computing the inference. It is worth noting
that computation offloading between EDs and ESs was extensively
studied in the literature, e.g., see [18]. However, the majority of
the works studied offloading generic computation jobs, and the
aspect of accuracy, which is relevant to offloading data samples, has
only been studied recently, e.g., see [8, 20]. These works compute
offloading decisions using one or more of the following quantities:
job execution times, communication times, energy consumption,
and average test accuracy of the ML models. Note, however, that
the average test accuracy may not be the right indicator for the
correct or incorrect inferences provided by an S-ML across different
data samples and thus it may result in adversarial cases where most
of the data samples that are scheduled on S-ML may receive incor-
rect inference. In contrast to inference offloading HI first examines
the S-ML output to determine if the data sample is simple or com-
plex and only offloads if it is a complex data sample. We note that
early exiting within the layers of DNNs, proposed in [26], received
considerable attention recently. This technique could be used in
conjunction with the above DL inference approaches, including HI,
to further reduce the latency in reference.

In our previous work [19], we proposed the idea of HI and used
an online learning framework to compute offloading decisions for
MobileNet as the S-ML model. In contrast, in this paper, we provide
a general definition for HI, consider multiple use case scenarios,
design S-ML algorithms for MCUs, and provide a quantitative com-
parison with existing approaches on DL inference at the edge.

3 HI FOR CIFAR-10 IMAGE CLASSIFICATION
We choose Image classification as our use case as it is a fundamental
task inherent to a variety of applications including object detection,

image analysis, video analytics, and remote sensing. Significant
efforts have been devoted to develop advanced classification ap-
proaches and techniques aiming to improve classification accuracy.

We choose CIFAR-10 image dataset consisting of 50000 training
samples, 10000 test samples and 10 classes. We design and train an
S-ML that can be embedded on a resource-constrained ED such as
MCU with eflash memory size of order 1 MB and SRAM of order
few hundred KB. The details of the ML models are given below.

S-ML: A five-layer CNN is constructed for image classification
using TensorFlow’s Keras API with a convolutional layer, a max-
pooling layer, a flatten layer, and two fully-connected dense layers.
The model is trained on CIFAR-10 dataset and quantized to TFLite
mode, achieving an accuracy of 62.58% and a size of 0.45 MB, suit-
able for MCUs.

L-ML: Existing DNN models have reached up to 99.5% accuracy
on CIFAR-10 [5]. For our work, we choose EfficeintNet [22], which
achieves an accuracy of 95%. Exploring the idea of HI, the data
sample will first undergo inference by the S-ML. The ED will decide
to either accept the inference or consider it incorrect and offload
the data sample to the L-ML on the ES. Simple data samples in this
context are the images that the S-ML is able to classify correctly,
otherwise, they are considered as complex data samples.

In order to facilitate the ED to make the offloading decision,
we use two key ideas proposed in [19]. The first idea is related to
how to quantify the confidence of the S-ML’s inference. For image
classification, a DNN outputs a probability mass function (pmf) over
the classes. One can obtain such pmf for other ML classification
algorithms (such as linear classifier) by normalizing the output with
the sum of the values output for each class. We use the maximum
probability value, denoted by 𝑝 , from the pmf as the confidence of
S-ML. This is justified because it is a standard approach to declare
the class corresponding to the maximum probability 𝑝 as the true
class. Based on the value of 𝑝 , the ED will accept the inference
or offload it to the ES. In particular, the ED’s offloading decision
for data sample 𝑖 will be based on comparing 𝑝𝑖 with a threshold
𝜃 ∈ [0, 1). It will be to offload if 𝑝𝑖 < 𝜃 and do not offload, otherwise.

The second idea adopted from [19] is the cost model. If the S-ML’s
inference is rejected and the data sample 𝑖 is offloaded to the ES, a
fixed cost 0 ≤ 𝛽 < 1 will be received for offloading. In practice, 𝛽
may correspond to transmission energy consumption, data transfer
cost , or remote inference delay. We choose to introduce HI using
abstract cost 𝛽 for offloading to enhance flexibility in the decision-
making process and make it adaptable to diverse scenarios and
requirements. Note that 𝛽 may vary across different setups, allowing
our algorithm tomakemore informed decisions that balance various
costs and benefits, such as network conditions, resource availability,
battery life, and user’s personal preferences. Furthermore, denote
by 𝜂𝑖 the cost incurred at the ES for the incorrect L-ML inference
for data sample 𝑖 . It is equal to 1 if L-ML’s inference is incorrect
and is equal to 0, otherwise. If data sample 𝑖’s local inference is
accepted, then the incurred cost, denoted by 𝛾𝑖 , is 0 if the inference
is correct, otherwise, it is 1. Thus, the cost for data sample 𝑖 using
HI is given by 𝛽 and 𝜂𝑖 in case 𝑝𝑖 is less than 𝜃 . Otherwise, it is 𝛾𝑖 .
Figure 3 shows the number of correctly and incorrectly classified
images of the CIFAR-10 dataset using our S-ML model as a function
of 𝑝 . The figure clearly illustrates that for 𝑝 greater than 0.6, the
number of correctly classified images becomes higher than the
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Figure 3: Classification of CIFAR-10 by the S-ML model.

incorrectly classified ones. Thus, it is an apt threshold candidate
to decide whether to accept the local inference or not. Brute-force
search shows that the optimal probability threshold 𝜃∗ that yields
the minimum cost for CIFAR-10 dataset using 𝛽 = 0.5 is 0.607.

HI Approach: All the images will be subjected to inference
using the S-ML embedded on the ED. The ED offloads only the
images for which 𝑝 is less than the optimal threshold 𝜃∗ = 0.607.

Results and Discussion. Under the full-offload approach, which
involves deploying EfficientNet on the ES and offloading all the
10000 images, the ES achieves an accuracy of 95%. Only 500 out of
10000 images were falsely classified. However, it comes at a cost
of 10000 𝛽 + 500. Conversely, the complete local approach, which
involves accepting all of the local inferences produced by the S-ML
can reduce the cost to 3742, which is a significant reduction par-
ticularly when 𝛽 is close to one. However, it entails a significant
trade-off in terms of inference accuracy 62.58%, which is insufficient
to ensure reliability in the majority of use cases.

Using the HI approach with 𝜃∗ = 0.607 (𝛽 = 0.5), only 35.5% of
the images are offloaded (3550 images) of which 71 images were
misclassified by the L-ML. This yields a cost of 3550𝛽+71. Moreover,
out of the 6450 accepted local inferences, 1577 were misclassified
(which contribute an extra 1577 to the cost). This means that the
total cost of HI is 3550𝛽 + 1648. Since 1648 images are misclassified
under HI, it has 83.52% accuracy. Table 1 summarizes the compar-
ison between HI and the previously mentioned approaches(Full-
offload and no offload). Note that HI results in a cost reduction of( 6450 𝛽−1148
10000 𝛽+500 ×100

)
% compared to full offload. For different values of

𝛽 , the cost reduction is in the range 14 − 49%. Thus, HI can provide
the best of both worlds, namely significant cost reduction while
still achieving a dependable level of accuracy, which gracefully
degrades with offloading cost 𝛽 .

Approach No Offload Full Offload Hierarchical Inference
Offloaded Images (%) 0(0%) 10000(100%) 3550(35.5%)
Misclassified Images (%) 3, 742(37.42%) 500(5%) 1, 577ON ED + 71ON ES (16.48%)

Accuracy (%) 62.58% 95% 83.52%
Cost (𝛽) 3742 10000 𝛽 + 500 3550 𝛽 + 1648

Table 1: Image classification performance comparison for
CIFAR-10 dataset.

4 HI FOR DOG BREED IMAGE
CLASSIFICATION

In this section, we introduce another use case that comes in align-
ment with the concept of hierarchical inference naturally. Suppose
that we have the same set-up (ED connected to an ES) and that
we are only interested in classifying the dog breeds of the dogs
present in CIFAR-10. On one hand, achieving high accuracy for this

complicated task using tinyML models is still challenging due to
the complex nature of dog breed classification and the limited re-
sources of tinyML devices. On the other hand, fully offloading all of
the images can result in high accuracy but is, however, very costly.
Under HI, we propose to use an S-ML to classify dog images and
non-dog images and only offload the dog images to ES for an L-ML
to classify the dog breed. Note that, in this use case the dog images
are complex as they require further assistance for classification at
the ES. All non-dog images are simple.

The approach used in this use case generalizes to any context
where the data samples of interest would be sufficiently complex
that almost none of them could be accurately inferred on the edge
device. Then, the S-ML will not do any final inference for the data
of interest. Instead, its job would be just to eliminate a large part of
the irrelevant data and only delegate the data samples of interest.

S-ML: The ED requires a small binary ML model to recognize if
an image features a dog or not. We construct and train a compact
CNNwith five layers for binary classification, with a ReLU-activated
dense layer of 32 neurons and a sigmoid-activated final layer. The
SML produces probability score 𝑝 ranging from 0 to 1, indicating
the likelihood of a positive class, i.e., dogs. The model is converted
to a quantized TFLite format for resource-limited devices, resulting
in a 0.23 MB model with 63.86% accuracy.

L-ML:We assume a perfect L-ML with 100% accuracy. The S-ML
will classify dog images, which are then offloaded to the ES for
breed determination by L-ML. The lack of true labels for CIFAR-
10 necessitates this assumption for comparison with the ideal ES
accuracy. In fact, it is not unrealistic, as there are multiple mod-
els achieving exceptional accuracy in dog breed classification for
various datasets [2].

For data sample 𝑖 , the S-ML outputs 𝑝𝑖 , the probability that it
features a dog. The EDwill utilize this probability to decide whether
to offload the sample or consider it irrelevant and disregard it. The
ED’s objective is to offload only the dog images, and since the S-ML
is a binary classification model, 𝑝 = 0.5 serves as a threshold for
dog classification and thus the decision rule for data sample 𝑖 , will
be to Offload if 𝑝𝑖 ≥ 0.5 and Do not offload otherwise.
If the data sample 𝑖 has to be offloaded to the ES, the cost received
will depend on its L-ML’s inference. A fixed cost 0 ≤ 𝛽 < 1 will
be received for offloading a sample from the dataset of interest (if
it was true dog image). Alternatively, if the data sample offloaded
was irrelevant (does not feature a dog), a cost of 1 will be incurred.

Figure 4a represents the actual non-dog (simple data samples)
and dog images (complex data samples) in our dataset distributed
as a function of 𝑝 . The images having 𝑝 ≥ 0.5 will be classified as
dog images (complex) by the S-ML. The figure clearly shows that
most of the dog images were correctly identified by the S-ML, i.e.,
the precision of the trained S-ML is high. Specifically, only 88 dog
images out of 1000 dogs are misclassified and are not offloaded.
These are the false negatives. This means that for the task of clas-
sifying the dog breeds of CIFAR-10, 912 out of 1000 dogs will be
identified by the S-ML and delegated to the L-ML to determine their
correct breed. This yields a 91.2% accuracy. Also, the figure illus-
trates that the S-ML will incorrectly classify a substantial number
of non-dog images, 3521 to be precise, as dog images, leading to
their unnecessary offloading to the L-ML. These misclassifications
are false positives. These false positives will only affect the total
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(a) Classification of CIFAR-10:
Dog and Non-dog images.

(b) False Negatives and False Pos-
itives of CIFAR-10 by the S-ML.

Figure 4: Proposed S-ML output for dog breed classification.
cost incurred but not the accuracy of HI. Figure 4b presents the
instances of false positives and false negatives as a function of 𝑝 .

Full offloading can achieve maximal accuracy but at a cost of
9000𝛽 for offloading irrelevant images. On the other hand, imple-
menting HI can tremendously reduce the accrued cost while main-
taining a reliable level of accuracy. Table 2 compares HI with the
full-offload approach. Using HI leads to a reduction of offloaded
images by 55.67% which reduces the cost by ( 88𝛽+5479

10000𝛽+9000 × 100)%
while maintaining an accuracy of 91.2%. The relative cost reduction
for different values of 𝛽 , is in the range 50 − 60%.

From the above use case analysis, we conclude that HI offers a
balanced solution that strikes a middle ground between the two
extremes of no offload and full offload. On one end, fully offloading
the samples yields maximum accuracy but comes with high costs.
On the other end, performing all inferences locally reduces costs but
requires significant compromises in accuracy. HI approach has the
potential to offer the best of both worlds, allowing for a significant
reduction in costs while still maintaining a reliable level of accuracy.

Approach Full offload HI
Number of Offloaded Images 10, 000 4, 433
Accuracy (%) 100% 91.2%
Cost 1000 𝛽 + 9000 912 𝛽 + 3521
Cost Reduction (%) 0% ( 88𝛽+5479

1000𝛽+9000 × 100)%
Table 2: HI binary classification for CIFAR-10 dataset perfor-
mance comparison with Full offload.

5 COMPARISON WITH EXISTING
APPROACHES

In this section, we compare HI with tinyML, two algorithms related
to inference offloading, and DNN partitioning. We use the CIFAR-
10 dataset and use throughput, accuracy, and number of offloaded

images as metrics. Below, we present the algorithms, describe the
experimental setup, and discuss the results.

(1) TinyML: Embedded ML approach where all the inferences
of the S-ML are accepted (no offload).

(2) Offloading for Maximizing Accuracy (OMA): Computation of-
floading approach that partitions inference jobs between the
ED and ES for maximizing accuracy given a time constraint.
The time constraint we subject is equal to the makespan of
the HI approach, where makespan is defined as the total time
required to process all the jobs. Two cases are investigated:
1) Partitioning the images between ED and ES randomly,
and 2) OMA Worst Case, where the offloaded inference jobs
belong to the set of simple samples.

(3) Offloading for Minimizing Delay (OMD):A work-conserving
schedule that schedules the images one after another on S-
ML and L-ML whenever either of them becomes idle. This
schedule minimizes the makespan.

(4) DNN-partitioning [15]: Since the CIFAR-10 dataset has 32×32
images, DNN-partitioning approach results in full offload
in our context. Further explanations and measurements are
provided in the Appendix of [1].

We use the S-ML and L-ML described in Section 3 for all the above
approaches. Our S-ML can fit on any IoT device but for the cur-
rent work, we deploy it on a Raspberry Pi 4𝐵, which features a
single CPU with 4 cores, a frequency of 1.5𝐺𝐻𝑧, and 5𝐺𝐵 of RAM.
As for the L-ML, it is hosted on an ES featuring 2 CPUs with 16
cores each, a frequency of 2.4𝐺𝐻𝑧, an NVIDIA Tesla T4 GPU, and
256𝐺𝐵 of RAM. Both devices are connected to the sameWLAN and
are linked via 802.11 operating on a 5𝐺𝐻𝑧 channel approved by
ETSI for Multi-access Edge Computing (MEC) communication. The
transmission of images from ED to ES is accomplished through TCP
sockets. In order to estimate the communication time, we utilize
iPerf to determine the communication bandwidth. We conduct 30
experiments, each lasting 60 seconds, to derive our estimates. The
average communication bandwidth between Raspberry Pi and ES
recorded was 10.45𝑀𝐵/𝑠 (SD = 0.6 𝑀𝐵/𝑠). The average inference
time per one sample by the S-ML on the Raspberry Pi is 0.99𝑚𝑠𝑒𝑐 ,
which is significantly lower than the 74.34𝑚𝑠𝑒𝑐 required to offload
the image from the ED to the ES, and to execute the inference on
the L-ML on ES with GPU processing.

We compare HI with the various approaches in terms of through-
put (relating to the makespan and thus delay), accuracy and the
number of offloaded images (which relates to cost). Figure 5a (5b)

(a) Throughput of CIFAR-10 image classifica-
tion for different approaches.

(b) Accuracy of CIFAR-10 image classification
for different approaches.

(c) Number of images offloaded for CIFAR-10
image classification for different approaches.

Figure 5: Different approaches comparison for varying 𝛽 .



NetAISys ’23 , June 18, 2023, Helsinki, Finland Ghina Al-Atat, Andrea Fresa, Adarsh Prasad Behera, Vishnu Narayanan Moothedath, James Gross, and Jaya Prakash Champati

shows the throughput (accuracy) of the four approaches vs HI for
different values of 𝛽 . Note that 𝛽 has an effect only on the results
of HI, but since the chosen time constraint of OMA (and OMA
worst case) is equal to the makespan of HI, we see that OMA is also
sensitive to the choice of 𝛽 . As mentioned in Section 3, 𝛽 models
the transmission energy consumption or data transfer cost. So as 𝛽
increases, accepting the local inference instead of offloading will be
more favorable which in practice leads to the decrease in accuracy
and increase in throughput we notice in Figures 5a and 5b. Figure
5a shows that tinyML has maximum throughput and OMD has
throughput close to it. In addition, tinyML scores the lowest num-
ber of offloaded images (lowest cost) but Figure 5b clearly states
that their accuracy is the lowest and not reliable for most of the DL
inference tasks. Also, note that DNN-partitioning has maximum ac-
curacy but it is the worst in terms of throughput and the number of
offloaded images. HI and OMA have, by design, similar throughput
but HI provides significant gains in terms of accuracy and lower
number of offloaded images (thus cost) compared to OMA.

Compared to other approaches, HI offers a significant reduction
in latency and cost while maintaining high accuracy. In fact, HI
approach was found for example to reduce latency and the number
of offload images by approximately 63.15% and 64.45% respectively
compared to the full offload approach, while still maintaining 83.52%
accuracy for 𝛽 = 0.5. In summary, HI has demonstrated its ability
to provide the best trade-off between accuracy, delay, and cost. As a
result, it represents a promising solution for real-time applications
on resource-constrained devices.

6 CONCLUSION
In conclusion, this paper explored a novel approach, Hierarchical In-
ference (HI), for performing distributed DL inference between edge
devices and edge servers. HI addresses the challenges of resource-
constrained EDs in making intelligent decisions using DL inference.
Through application use cases and quantitative analysis, we demon-
strated the feasibility and benefits of HI. We presented three dif-
ferent use cases for HI: machine fault detection, CIFAR-10 dataset
image classification, and dog breed classification. We provide a
quantitative comparison between HI and existing techniques for
DL inference at the edge which include, tinyML, inference offload-
ing, andDNNpartitioning. Our results demonstrate that HI achieves
significant cost savings while maintaining reliable accuracy. For
instance, following HI’s approach for CIFAR-10 image classification
reduces latency and the number of offloaded images compared to
the full-offload approach, on average for values of 𝛽 ranging from
0 to 1, by 60.84% and 62.18% while maintaining an accuracy greater
than 80%. With minimal compromise on accuracy, HI achieves
low latency, bandwidth savings, and energy savings, making it a
promising solution for edge AI systems.
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