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Abstract—Early Exit Neural Networks (EENNs) endow neural
network architectures with auxiliary classifiers to progressively
process the input and make decisions at intermediate points of the
network. This leads to significant benefits in terms of effectiveness
and efficiency such as the reduction of the average inference time
as well as the mitigation of overfitting and vanishing gradient
phenomena. Currently, the design of EENNs, which is a very
complex and time-consuming task, is carried out manually by
experts. This is where Neural Architecture Search (NAS) comes
into play by automatically designing neural network architectures
focusing also on the optimization of the computational demand
of these networks. These requirements are crucial in the design
of machine and deep learning solutions meant to operate in
devices constrained by the technology (computation, memory, and
energy) such as Internet-Of-Things and embedded systems. In-
terestingly, few NAS solutions have taken into account the design
of early exiting mechanisms. This work introduces, for the first
time in the literature, a framework called Early exit aDAptive
Neural Architecture Search (EDANAS) for the automatic design
of both the EENN architecture and the parameters that manage
its early exit mechanism in order to optimize both the accuracy in
the classification tasks and the computational demand. EDANAS
has proven to compete with expert-designed early exit solutions
paving the way for a new era in the prominent field of NAS.

Index Terms—Neural Architecture Search (NAS), Once-For-
All Network (OFA), Tiny Machine Learning, Early Exit Neural
Networks, Adaptive Neural Networks.

I. INTRODUCTION

Nowadays, deep neural networks [1]] are widely used in
many different application scenarios. In this field, Convolu-
tional Neural Networks (CNNs) [2]] play a major role both
in image classification, and recognition as well as in other
forecasting [3] and detection tasks. However, deep CNN
models generally suffer from many drawbacks. Firstly, even
applying strong regularization, overfitting [4], and vanish-
ing gradient [S5] [6] phenomena can still occur. Secondly,
deep CNN models can be affected by overthinking [7] [8],
a phenomenon that points out that predictions that would
be correct with smaller architectures become incorrect with
deeper architectures. In order to address these problems, Early
Exit Neural Networks (EENNs) have been recently introduced
in the literature [9]. This novel family of neural networks
is characterized by multiple early exits, called Early Exit
classifiers (EECs), placed at different points of the back-
bone architecture to provide intermediate predictions when
enough confidence in the classification is achieved [6]. This
decision is taken by the so-called “selection scheme” which

is a set of decision functions, one per EEC. Interestingly,
Inception [10] architecture exploits these auxiliary classifiers
to counteract the aforementioned drawbacks. Another funda-
mental point supporting EENNs is that, as shown in many
works [11]] [5] [12], the majority of input samples could be
classified by resorting to smaller architectures [13] even in
very complex datasets such as ImageNet [[14]. Indeed, the
majority of input samples are classified by the EENNs in
earlier stages of the neural network by the EECs resulting in
a significant reduction of the average inference time [9)]. We
emphasize that currently, the design of EENNSs is still carried
out manually by the neural network designers. Such a design
phase is a time-consuming task and requires high expertise in
this field.

The need to have automatic tools for the design of neural
networks has been recently addressed in the literature by
Neural Architecture Search (NAS) [[15]]. This technique aims at
automating the design of a neural network exploring different
architectural configurations given a neural network topology,
a task to be accomplished, and a dataset used for training and
validation to provide the optimal architecture. The majority
of works in this field focus on the design of these architec-
tures while taking into account the target hardware, hence
belonging to a family of NAS solutions named Hardware-
Aware NAS [16] [17]. While most of these solutions exploit
model compression techniques such as pruning and quanti-
zation [18]] [19], interestingly, there are very few examples
of NAS for adaptive neural networks in the current literature
[20] [21]] [22] [23] [24]. In particular, the current literature is
still lacking NAS solutions for jointly designing the EENN
architecture and the parameters that manage its early exit
mechanism.

The goal of this study is to develop Early exit aDAptive
Neural Architecture Search (EDANAS), which is a novel NAS
solution able to optimize jointly the designed architecture of
an EENN and the selection scheme that progressively selects
the EEC that has enough confidence in the classification in
the input. The proposed EDANAS, based on CNAS [17],
handles the selection scheme by introducing a new dimension
to the existing exploration directions (kernel size, depth,
expansion rate, and resolution). This new dimension expresses
the thresholds used in the EECs to evaluate the confidence
and the placement of the EECs. In addition, the proposed
EDANAS jointly optimizes the classification accuracy and a



novel figure of merit, called ADA_MACS, accounting for the
number of Multiply-and-Accumulates (MACs) of the inference
of a candidate EENN. ADA_MACS is defined as the sum of
the MACs of each early exit weighted by the utilization (i.e.,
the percentage of input samples exiting at that EEC) of the
corresponding exit. In addition, EDANAS introduces a MACs
predictor surrogate model to estimate the ADA_MACS of an
EENN during the NAS search.

The proposed EDANAS has been shown to be competitive
with EENNs designed by experts in the field in terms of
accuracy and computational demands suggesting the validity
of this research direction.

To sum up, the novel contributions introduced in this study
are the following:

o a novel NAS solution able to co-design the network
architecture and the selection scheme in EENNS;

« the automatic placement of EECs in the candidate back-
bone of an EENN network;

« anovel figure of merit accounting for the average number
of MACs of an EENN and a predictor surrogate model to
estimate this figure of merit during the NAS exploration.

The source code of EDANAS is released to the scientific
community as a public repositoryﬂ

The remainder of this paper is organized as follows. Sec-
tion [II] introduces the existing solutions for EENNs and NAS.
Section presents the problem formulation of EDANAS.
Section [[V] introduces the EDANAS framework developed in
this study, while in Section |V|the experimental campaign aim-
ing at evaluating the effectiveness of EDANAS is proposed.
Conclusions are finally drawn in Section

II. RELATED LITERATURE
A. Early Exit Neural Networks

In this section, the main families of EENN solutions present
in the literature are discussed. These solutions can be catego-
rized according to the techniques used for training, inference,
and optimization of the selection scheme performed [6].

As regard the training of EENNs we can classify the
possible training approaches as follows:

1) Joint Training (JT): jointly training all EECs by com-
bining the losses of the classifiers [9]. A variant of JT
concerns the computation of a single loss on top of the
combination of all exit outputs [25].

2) Layer-wise Training (LT) aims at separately optimizing
each layer in the NN architecture. At each iteration,
a single EEC is trained jointly with the layers of the
backbone preceding it. This approach is used in Deep
Cascade Learning [12].

3) Knowledge Distillation (KD): the backbone network is
trained separately from each of the EECs. In this ap-
proach, the backbone network is initially trained. Then,
the EECs on top of it are trained by relying on KD [26],
i.e., from the backbone (teacher) to the EECs (students).

Thttps://github.com/matteogambella/NAS

Differently, the inference in EENNs can be performed in
two ways:

« the most trivial approach is to aggregate the outputs of
all the EECs so as to provide a joint prediction [25];

« the most interesting approach is to process the input up
to a given EEC and, then, stop the forward propagation.
This scheme shows to be effective in reducing inference
time, overfitting, and overthinking [9].

Another key point regards the optimization of the selection
scheme. For classification problems, a common choice is to
measure the level of confidence of the neural network on its
own prediction and exploit it to decide whether to early exit
the processed input. A popular approach to trigger the early
exit is to compute the score margin (SM) and compare it to
a threshold to evaluate whether enough confidence has been
achieved [27] [20] as follows:

SM = 1%t score—2"score (1)

where 15 and 2"¢ score represents the largest and the second
largest score value at the classifier layer, respectively. In this
setup, a prediction computed by the n-th EEC is considered
to be enough confident if SM,,, i.e., the SM computed by the
n-th EEC, is greater or equal than a threshold 6#,,. A specific
0., withn =1,.., N, is selected for each EEC. All in all, the
decision functions of the selection scheme rely on the set of
hyperparameters 6 = { 0y, 65 ... 6 }, with N the number of
EECs. The 6,, values can be user-defined or estimated by using
approaches such as static thresholding or dynamic thresholding
adjustment [27].

In this field, BranchyNet [9] is the first example of EENN.
The training is performed in a JT approach by computing the
weighted sum of the loss functions of each exit branch. In the
inference phase, when an EEC has enough confidence about
the classification of an input sample, the decision is made and
no further computation is performed by the network.

The solution suggested in [28] relies on a training phase
combining the outputs of all the exits in a recursive manner
and replacing each EEC with a soft conditional version.
The decision functions g, (z), with n are binary functions
implementing the logic to decide whether to early exit or not.
The formulation of the soft conditional output y,, of an EENN
x at layer n is the following:

377/1 = gn(‘r)yn(x) + (1 - gn(m)):’j’; (2

where ¢, (z) and y,(z) are the decision function and the
output of the n-th exit respectively. The training of the neural
network is performed on top of a single loss function.

More recent works propose advanced solutions for the
optimization of thresholds. For example, EENet [29] proposes
a framework, leveraging multi-objective learning, to optimize
both the allocation of input samples among the EECs and
the selection scheme in order to maximize accuracy while not
violating a given threshold in inference time.



B. Neural Architecture Search

This section details and comments the main approaches
of Hardware-Aware NAS addressing the problem of energy
efficiency of deep neural networks. In particular, all these
works deal with efficient deep learning inference on resource-
constrained hardware. The approach described in [17] is com-
pletely hardware-agnostic exploiting constraints on network
parameters and other aspects related to the neural architecture
itself, whereas [19] exploits other model compression tech-
niques to retain the model size and uses the real energetic
parameters of the architecture on the hardware. In the last part
of this section, we investigate some recent works proposing
NAS solutions to optimize adaptive neural networks.

One-shot NAS algorithms leverage weight sharing among
models in neural architecture search space to train a Once-For-
All (OFA) supernet [30]. The supernet, which encompasses
many configurations of networks, is trained only once on a
big dataset such as Imagenet [14]. Then, the subnetworks
of the supernet are evaluated without re-training them on a
target dataset, hence significantly reducing the search time
by exploiting fine-tuning on the pre-trained supernet for their
training.

In this direction, Constrained Neural Architecture
Search [17], based on MSuNAS [31]], is an example of
a One-Shot NAS. It performs a bi-objective optimization on
many CNN-based OFAs (e.g., MobileNetV3). In particular,
this solution is able to jointly optimize the accuracy of the
model and a secondary objective. The possible secondary
objectives are the number of parameters of the network, the
number of Multiply-and-Accumulate (MAC) operations, or
the number of activations in the CNN. This work extends
MSUNAS by providing an estimate of the number of
activations, the possibility of optimizing all the secondary
objectives jointly, and imposing functional or technological
constraints. The functional constraints refer to the type
of processing layers and operations that are carried out
in the designed neural network, while the technological
constraints limit the computational and memory demand
of the designed neural network. This NAS exploits a
genetic algorithm NSGA-II [32] for the search strategy
and an accuracy predictor surrogate model to predict the
accuracy of the candidate networks. The accuracy predictor
in MSuNAS is obtained through a selection mechanism that
constructs four types of surrogate models at every iteration
and adaptively selects the best model via cross-validation.
The four considered surrogates are RBF [33]], Multi-Layer
Perceptron (MLP) [34], Classification And RegressionTrees
(CARTS) [35]l, and Gaussian Processes (GP) [36].

Joint Search for Network Architecture, Pruning, and Quan-
tization Policy (APQ) [19] is a framework to jointly optimize
the neural architecture, pruning policy, and mixed precision
quantization policy. Compared to the separate optimization
approach [37] [38] [39], this work achieves significant benefits
in terms of energy and accuracy. The approach is similar to
CNAS since it relies on OFA and uses an accuracy predictor to

speed up the evaluation, and genetic evolution for the search
strategy. However, this work presents a novel quantization-
aware accuracy predictor that allows to populate a lookup-table
of quantized models with entries consisting of the architecture,
the bit-width precision of each layer, the accuracy, and the
energetic parameters. On top of this lookup-table, the genetic
algorithm is able to search for the optimal candidate quantized
architectures.

Some recent works propose NAS solutions for optimizing
the design of neural networks for adaptive inference. Re-
call that EENNs perform adaptive inference in a layer-wise
fashion, i.e., placing the EECs between layers of the same
network. Differently, some of these works are focused on a
different mechanism of adaptive inference. The work [20]
is a NAS framework for neural networks performing early
exit in a network-wise fashion meaning that EECs are placed
between different networks in cascade. S2DNAS [21]] presents
a NAS for neural networks performing adaptive inference
in a channel-wise fashion, i.e. splitting the network along
the channel width. Other works focus on NAS solutions
specifically for EENNs. EEXNAS [22] is a simple first attempt
to optimize an EENN. It accounts for only one EECC at
a fixed position. ESAI [23|] is a NAS for Early Exit in a
Cloud setting. The network is divided into two sections, the
lighter one processed locally and the heavier one on the server.
The early exit mechanism is used to decide where to send
the samples. HADAS [24] proposes a framework to optimize
the backbone network and EECs, varying their number and
placement, on two levels with two different genetics. So,
this NAS casts the problem of designing an EENN not as
a joint optimization but as a 2-step optimization. On the outer
level, HADAS chooses the optimal backbone networks by
sampling from an OFA supernet and taking into consideration
the hardware constraints, while on the inner level, takes the
best networks optimized by the outer level, mounts the EECs
on top of the backbone networks, trains the obtained EENNSs,
and then selects the optimal EENNs. The EENNs are trained
using the KD approach, explained in Section by keeping
the backbone weights frozen. We emphasize that the current
literature is still lacking NAS solutions for the co-design, on
the same level, of neural networks with many (possible) EECs
with different hyperparameters guaranteeing a sufficient degree
of generality.

III. PROBLEM FORMULATION

The problem addressed by EDANAS consists in selecting
the architecture of an EENN aiming at providing a high
accuracy on a given task and reducing the MACs associated to
the EE. Formally, EDANAS can be defined as the following
joint optimization problem:

minimize G (ACC(Z), ADA_MACS(T)) 3)
S. t. T € Q3

where G is a bi-objective optimization function, Z and Q0 rep-
resent a candidate EENN architecture and the corresponding



search space consisting of the architectural parameters and the
hyperparameters of the selection scheme, respectively, ACC ()
is the classification accuracy of z, and ADA_MACS(Z) is
the number of MACs in the EE inference of z. We emphasize
that the backbone network of an EENN z is referred to x in
the next sections.

The optimization problem described in Eq. |3| will be tackled
by the proposed EDANAS framework that is introduced in the
next Section.

IV. THE PROPOSED EDANAS

This section introduces the proposed EDANAS, which is a
NAS solution able to jointly optimize the design of EENN and
its selection scheme.

An overall description of the EDANAS framework is given
in Fig. (1] In more detail, EDANAS receives as input a dataset
DS, comprising a training part (used to train the candidate
networks) and a validation part (used to validate the candidate
networks), an OFA set €, from which the candidate neural
networks are obtained, and the ADA set 2y from which the
selection scheme parameters are obtained. We emphasize that
this work focuses on the image classification task but what
here proposed can be extended to other classification and
recognition tasks.

At the end of the search, EDANAS returns the set of the
k optimal EENN architectures X° = {z9,..., 2%}, being k
a value specified by the user. We emphasize that the output
of EDANAS is a set of networks enhanced with EECs, while
the OFA given in input consists of single exit neural networks
(i.e., no EECs).

We now detail the main parts of EDANAS. Section [[V-A]ex-
plains the training phase of the EENNs. Section presents
the inference phase of the EENNs. Section provides the
definition of the novel figure of merit ADA_MACS. Lastly,
Section [V=D] introduces the EDANAS framework.

A. Training phase of the EENNs

The optimization objective in classification tasks of
EDANAS relies on the softmax cross-entropy loss function.
The design goal of each EEC is to minimize this loss function.
In line with the JT approach, described in Section [[I-A] to aim
at training the entire EENN, we design the joint optimization
problem as a weighted sum of the loss functions of the
classifiers of the EENN (including the final exit):

Lepenn(9,y,0 an (Jn:y,0n) + wnp1L(GN+1,Y)

“)

where N is the total number of EECs, w, is the weight
assigned to the n-th loss term, ¢ is the set of predictions
computed by each classifier of the EENN (including the final
exit), y is the set of true values, and 6, is the threshold of the
n-th EEC. We emphasize that the term L(jn41,y) does not
depend on 6 since it refers to the last exit of the EENN.

The steps performed to train EENNs in the EDANAS
framework are the following ones:

o Sample a neural network x from 2, and a selection
scheme 6 from Qy;

o Load the available pre-trained weights on x;

e Use x as a backbone network and add EECs to x
following the specifications of the selection scheme 6.
We refer to the resulting EENN as z.

e Train 7 in a JT approach, combining the losses of each
classifier, for a user-defined number of epochs.

B. Inference phase of the EENNs

Once trained, the EENN can be used for EE inference by
classifying samples as soon as enough confidence is achieved
during the processing. As presented in Section [[I-A] such a
decision is made by using the Score Margin (SM) approach.
At the n-th EEC, given the vector P,, containing the estimated
posterior probabilities (score values) for all possible class
labels, we compute SM,, as the difference between the first
and the second largest score value and compare it with the
corresponding threshold 6,, which is the n-th entry of the set
of thresholds used for the selection mechanism. If SM,, is
greater or equal than 6,,, the output of the EENN ¢ becomes
the output of the n-th EEC ¥,,, hence skipping the execution
of the remaining M-n blocks. This mechanism is shown in

Fig. 2|
C. Definition of ADA_MACS

The novel metric ADA_MACS proposed in this work is
defined as the sum of the number of MACs of each EEC

weighted by the utilization of the corresponding EEC. This
metric is computed as follows:

ADA_MACS(% Z MACS(2,)Wo(0,) (5
n=1
+MACS($N+1)WN+1 (Hn)

where N is the total number of EECs, x,, is the subnetwork
consisting of the backbone network up to the n-th exit followed
by the auxiliary classifier of the n-th exit, xny4; is the
backbone network, 6,, is the threshold of the n-th EE and
W, (+) is accounting for the percentage of samples classified
by the n-th EEC (intuitively W1 (-) refers to the final exit of
the EENN). We emphasize that ), W, (6,) + Wy41 = 1.
We can reformulate the secondary ObJeCtIVC of EDANAS as
the problem of increasing the gap between M ACS(x) and
ADA_MACS(Z) with ADA_MACS(z) <= MACS(x) to
stress the reduction in inference time of an early exit neural
network with respect to a single exit one.

D. The EDANAS framework
In EDANAS, the optimization problem defined in Eq6] has
been reformulated as follows:

minimize G (Sacc(Z), Sapa_macs(T)) (6)
s. t. 7 € Oz

2L(-) and Wy (-) depends on 6,, as well as on all the terms 61, 62, ..,
6p,—1. In the formulas, we wrote only 6, for simplicity.
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Fig. 1: The proposed EDANAS framework, composed of an OFA Adapter and a Search Strategy module.
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Fig. 2: Early Exit Inference: a detail of the 15 EEC.

where S4cc () is the predictor of the classification accuracy
of T introduced in MSuNAS and Sapa muacs(T) is the
predictor of the number of MACS in the EE inference of =
introduced in Section

In more detail, the OFA Adapter module takes in input
the ADA set 0y and the OFA set {2, and enhances each
z, candidate network of the OFA, with a possible selection
scheme configuration 6 by the ADA set. The output is a new
OFA set )z, called ADAOFA, consisting of EENNs. More
specifically, given M building blocks of the backbone network,
the OFA Adapter can place up to a maximum of N =M - 1
EECs, one between each of these building blocks. To handle
the exit EECs placement, we imposed that for 6,, equal to 1,
with n =1, .., N the EEC is not placed for that intermediate
poinﬂ This makes sense since 6,, equal to 1 means that a
decision is made by the EEC only when the EEC has 100%
confidence, resulting in no samples exiting from that EEC (i.e.,
that EEC is switched off). We emphasize that the possible
position of the EECs is fixed given the building blocks of the
backbone network, while whether using or not the EEC in that
specific position depends on the values of the thresholds.

The fundamental part of EDANAS is the Search Strategy
module. It adopts the genetic algorithm NSGA-II [32] to
solve the bi-objective problem introduced in Eq. [f] by jointly
optimizing the objectives Sacc(Z) and Sapa macs(T) on
the dataset DS, and by evaluating network architectures candi-
dates from €2;. Before starting the search, a representative set

3 After the placement of the EECs, 6., values equal to 1 are removed from
the selection scheme since they are used only in the EENN definition. In this
way, the cardinality of the set € is equal to the number of the EECs of the
corresponding EENN.

of the OFA (3, is sampled (usually around 100 samples) and
the EENNS are trained for a few epochs and their classification
accuracy and ADA_MACS are computed. We call this set the
archive. The number of samples is a parameter chosen by
the user. The search process is iterative: at each iteration, the
two surrogates are chosen by means of a mechanism called
“adaptive-switching”, the same method used by MSUNAS
[31], which selects the best surrogate model according to a
correlation metrics (i.e., Kendall’ s Tau [40]) and training
the possible surrogate models using the archive as the dataset.
Then, a ranking of the candidate networks, based on their
predicted accuracy and predicted ADA_MACS, is computed
and a new set of candidates is obtained by NSGA-II and added
to the archive, available for evaluation in the next iteration.

V. EXPERIMENTAL RESULTS

This section shows the results of the experimental campaign
aiming at assessing the effectiveness of EDANAS. In more
detail, the purpose of this section is to point out that EDANAS
is able to design network architectures that are effective
(i.e., providing high accuracy for the considered task) and
characterized by a reduced computational demand (i.e., a low
number of MACs in EE inference) with respect to state-of-
the-art EENNs that have been manually designed by experts.

A. Dataset

The dataset used in the experimental campaign is the
CIFAR-10 [41]], which consists of 32x32 color images repre-
senting 10 classes of objects. The training set comprises 60000
images, while the testing set comprises 10000 images.

B. Experimental setup

The setup of the experiments is the following:

o dataset is CIFAR-10;

o the 1% objective is topl accuracy and the 2" objective
is ADA_MACS;

o the weights w; of the training loss function are set to 1;

« the initial number of samples populating the archive is
100;

« the training epochs for the candidate networks is 5;

o the 2, OFA supernet is MobileNetV3;

« the number of exit points (i.e., the points of the network
where EECs are possibly placed) is set to 4;

« the possible values of ADA set ¢y for the thresholds of
the selection scheme are 0.1, 0.2, and 1. Recall that 6,
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(a) General architecture of an EENN designed by EDANAS.
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(b) Architecture of an EENN designed by EDANAS with no EEC after the first block and an
EEC with #2 = 0.1 placed after the second block.

Fig. 3: Early Exit Neural Network in the EDANAS framework.

equal to 1 results in no EEC placed at that n-th exit point
of the network;

o the number of EDANAS iterations is 30;

« the number £ of optimal architecture in output is 4.

The output set of optimal architectures X° contains one
EENN for each possible number of EECs, ranging from 1 to
4 EECs. These archictectures are pareto optimal using the best
trade-off between top1 accuracy and ADA_MACS as selection
criterion. In particular, each optimal EENN is selected among
a set of EENNs with the same number of EECs.

As a comparison, we considered the following state-of-the-
art EENNSs.

1) an EENN [42] with an auxiliary classifier consisting of
two fully-connected layers with 1024 and 10 neurons
placed after the first max-pooling. We refer to this
network as EECNN

2) a CNN network (designed from scratch) [42] consisting
of a convolutional layer with 32 filters 5x5, a 2x2 max-
pooling with stride 2, a convolutional layer with 64
filters 5x5, a 2x2 max-pooling with stride 2 and two
fully-connected layers with 1024 and 10 neurons. We
refer to this network as standalone CNN,

3) AlexNet, VGG-13, and ResNet-18 modified to handle
32x32 images with multiple EECs [28]]. The networks
are enriched with 5 EECs for AlexNet and 9 for the
other two architectures. Each EEC consists of a con-
volutional layer with 128 filters, a max-pooling, and
a fully-connected layer. We refer to these networks as
EFEAlexNet, EEVGG-13, and EEResNet-18;

4) AlexNet, VGG-13 and ResNet-18 modified to handle
32x32 images [28|]. We refer to these networks as

AlexNet, VGG-13, and ResNet-18;

5) the standalone backbone networks of the optimal net-
works found by EDANAS, which are networks belong-
ing to the MobileNetV3-based OFA supernet (2,. We
refer to these networks as NAS,, being n the number
of EECs in their EENN counterpart.

C. Analysis of the results

Experimental results are presented in Table [ The optimal
networks searched by EDANAS are referred to as EDAN AS,,
being n the number of EECs. These networks are the EENN
counterpart of NAS, being n the number of EECs. The
column NAS specifies if the network is designed by a NAS
procedure (yes) or not (no). The column Exits specifies the
number of EECs (including the final exit). The column 6
specifies the thresholds of the selection scheme. The column
Utils specifies the utilization of the EECs (including the final
exit) in terms of percentage. Note that for a network with a
single exit (i.e., no EECs), ADA_MACS coincides with the
number of MACs, 6 is not present, and the Utils is [1.0].

The reduction of MACs of the EENNs produced by
EDANAS with respect to their single exit counterpart is
0.2x, 0.37x, 0.47x, and 0.7x. The drop in accuracy of the
EENNs with respect to the single exit counterpart is 0.011x,
0.066x, 0.044x, and 0.2x. Interestingly, the reduction in MACs
of EDAN AS,, shows an increasing monotonic trend with
respect to n, while the drop in accuracy does not follow a
monotonic trend with respect to n showing a significant drop
in accuracy of EDANAS,.

The number of MACs is not explicitly given in the
work [42] since the complexity in inference is given as a
number of multiplies. However, we can approximately state



TABLE I: Results for the experimental campaign of EDANAS.

Model ‘ NAS ‘ Exits ‘ ADA_MACS (M) ‘ Accuracy ‘ 6 ‘ Utils
NASy [17] ‘ yes ‘ 1 ‘ 21.67 ‘ 81.8% ‘ - ‘ [1.0]
EDANAS; (our) ‘ yes ‘ 2 ‘ 17.31 ‘ 80.9% ‘ [1.0,1.0,1.0,0.1] ‘ [0.90, 0.10]
NASs [17] ‘ yes ‘ 1 ‘ 37.21 ‘ 86.8% ‘ - ‘ [1.0]
EDANAS;3 (our) ‘ yes ‘ 3 ‘ 23.52 ‘ 81.1% ‘ [0.2,1.0,1.0,0.1] ‘ [0.04, 0.86, 0.10]
NAS3 [17] ‘ yes ‘ 1 ‘ 18.14 ‘ 81.3% ‘ - ‘ [1.0]
EDANAS3 (our) ‘ yes ‘ 4 ‘ 9.65 ‘ 77.7% ‘ [0.2,1.0,0.2,0.2] ‘ [0.03, 0.70, 0.14, 0.13]
NAS4 [17] ‘ yes ‘ 1 ‘ 10.64 ‘ 78.2% ‘ - ‘ [1.0]
EDANAS4 (our) ‘ yes ‘ 5 ‘ 3.15 ‘ 62.3% ‘ [0.1,0.1,0.1,0.1] ‘ [0.15, 0.36, 0.35, 0.09, 0.05]
Standalone CNN [42] ‘ no ‘ 1 ‘ 25.14 ‘ 77.2% ‘ - ‘ [1.0]
EECNN [42] ‘ no ‘ 2 ‘ 7.48 ‘ 76.5% ‘ [0.1] ‘ [1.0, 0.0]
AlexNet |28 ‘ no ‘ 1 ‘ ‘ 73.2% ‘ - ‘ [1.0]
EEAlexNet (28] ‘ no ‘ 6 ‘ ‘ 79.9% ‘ ‘ [0.01,0.82,0.12,0,05]
VGG-13 |28 ‘ no ‘ 1 ‘ ‘ 75.4% ‘ - ‘ [1.0]
EEVGG-13 |28] | no | 10 | | 86.7% | - |
ResNet-18 [28 ‘ no ‘ 1 ‘ ‘ 81.6% ‘ - ‘ [1.0]
EEResNet-18 [28] ‘ no ‘ 10 ‘ ‘ 84.9% ‘ ‘ [0.004,0.22,0.02,0.52,0.14,0.096]

that the number of MACS is two times the number of
multiplies. EECNN, with respect to EDAN AS, performs the
same in terms of reduction of MACs (0.7x) but better in terms
of the drop in accuracy (0.007x). Interestingly, EECNN exits
all the samples in the auxiliary classifier.

The number of MACs is not reported in the work [28]] but
the speed-up in inference time with respect to the baseline
(the single exit counterpart) is given. The 6 is not reported in
the table since, as mentioned in the work [28] uses a
different strategy for the EE so we cannot compare directly
the value of the thresholds with the other EENNs. The value
of Utils of EEVGG-13 is not reported in the table due to the
inconsistency of this result since the total utilization, obtained
by summing the utilization of each EEC and the final exit
given in the work [28]], is greater than 1. The hand-made
EFEAlexNet, EEVGG-13, and EEResNet-18 achieves brilliant
results in terms of accuracy outperforming their single exit
counterpart and shows a speed-up of 0.12x, 0.44x, and 0.58x
in inference time.

Interestingly, most early-exit solutions found with EDANAS
exit only very late into the architecture. The NAS procedure
seems to favor the selection of more complex EENNs since
they tend to perform significantly better in terms of accuracy
with respect to smaller networks on average. It is evident that
these smaller networks would benefit from better optimization,
especially in the training techniques.

All in all, the results point out that EDANAS is able to
provide automatically EENNs comparable with the expert-
designed EENNSs in the current literature.

VI. CONCLUSIONS

This work introduced Early exit aDAptive Neural Archi-
tecture Search (EDANAS), a framework that allows to co-
design both the network architecture and the selection scheme
to perform adaptive inference to achieve optimal accuracy
and number of MACs. The software implementation, built
on top of a state-of-the-art NAS, is released to the scientific

community as a public repository. The framework has proven
to develop EE solutions able to compete with expert-designed
models. Future works will encompass the use of constraints
(which can be enabled in CNAS) in relation to the selection
scheme, a proper setting of the weights of the training loss
function, different multi-objective optimization algorithms,
more application scenarios, new OFAs, and the combination
of EDANAS with other AutoML techniques.
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