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Abstract—Network Architecture Search (NAS) has achieved
impressive results and generated models comparable with hu-
mans’ classifications. Automating the definition of a neural ar-
chitecture reduces the need for expert work efforts and mitigates
human bias from architecture design. NAS techniques usually
consist of an algorithm to search for the best architecture in
a predetermined space of parameters or functions. Due to the
number of deep neural architectures’ parameters, this search
space includes millions of parameters, which makes NAS a cost
procedure and may lead the search to overfit the training set.
To reduce NAS search spaces’ complexity and still obtain com-
petitive results, we propose CoNAS, a committee of NAS-based
models, by restricting the search spaces to perform Differentiable
ARchiTecture Search (DARTS). Our results point to improved
accuracy over DARTS on CIFAR-10, training the networks from
scratch, and Imagenette, using a transfer learning approach.

Index Terms—Neural Architecture Search, Ensemble, DARTS

I. INTRODUCTION

Deep Learning (DL) has achieved great success in many
applications [1], [2] such as image analysis [3], speech recog-
nition [4], and text understanding [5]. DL can be performed in
a supervised or unsupervised way and it is able to learn multi-
level representations and features in hierarchical architectures
for the tasks of classification and pattern recognition [6].

In this context, Neural Architecture Search (NAS) aims to
automatically find the best neural network architecture for
a given learning task and dataset and promises to advance
the field by removing human bias from architecture design.
NAS can automatically suggest neural architectures that are
comparable or outperform those manually designed [7]-[9].

Figure 1 illustrates the search process performed by NAS
in which a search strategy selects an architecture a from a
predefined search space A. The architecture is passed to a
performance estimation strategy, which returns the estimated
performance of A to the search strategy [10].

Elsken et al. [10] categorize the methods applied for NAS
according to three dimensions:

e Search Space: Defines the set of potential candidate
network architectures to explore. To reduce the size of the
search space, NAS takes advantage of prior knowledge
about common properties of architectures that are suitable
for specific tasks.
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Fig. 1. Abstract illustration of Neural Architecture Search methods [10].

e Search Strategy: Guides the investigation through the
search space, trying to find the best architecture by
trading-off exploitation and exploration.

e Performance Estimation Strategy: Defines the process to
estimate the quality of each candidate architecture.

Due to the extensive search space, NAS techniques suffer
from high computational costs. Besides, current NAS algo-
rithms usually look for the weights and architecture of single
neural network architecture, taking risks such as under or
overfitting.

We hypothesize that using combinations of architectures
generated by NAS brings the possibility of using smaller
search spaces and parallel searching, resulting in specific and
different architectures. The advantages of this strategy are
twofold. First, the reduced search space implicates in a reduced
search runtime. Besides, combined (or ensemble) methods can
improve classification results compared to individual models
in a wide variety of applications [11].

Combined neural networks have shown an improvement
of accuracy in classification problems [12], showing that the
possibility of a NAS looking for smaller networks in different
search spaces can be a good search strategy. However, to
ensure this improvement, the combined models need to make
independent decisions [13]. In other words, the ensemble
requires the individual classifiers to be diverse, which requires
a few additional steps to ensure such variety.

In this scenario, we propose using an ensemble of neu-
ral networks obtained with NAS, referred to as Committee
of NAS-based models (CoNAS). To ensure the diversity of
neural architectures in CoNAS, we impose different search
space limitations to the Differentiable ARchiTecture Search
(DARTS) [14] by fixing different sets of search spaces.

Figure 2 illustrates how CoNAS works. From left to right,
the search subspaces are triggered by the training set, and,
from there, DARTS works in the conventional way to search
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for the best network architectures restricted to each search
space. In the end, the combination of the predictions of each
neural network defines the final decision to a given input data.

We evaluated the committee of three architectures obtained
by varying search sub-spaces with DARTS in two distinct sce-
narios. First, we trained searched for neural architectures from
scratch using the dataset CIFAR-10. Later, we used the found
architectures to classify images from the Imagenette dataset in
a transfer-learning fashion. In both cases, we achieved slightly
better accuracy rates. Besides, the combined search takes the
same time as searching in the entire search space when done
in parallel.

Thus, the main contributions of this work are:

o We propose and evaluate for the first time the combina-
tion between neural models found by DARTS, favoring
the diversity between these models by limiting their
search spaces with different restrictions.

o The proposed method achieved better classification per-
formance than DARTS on CIFAR-10 data when trained
from scratch. Moreover, we demonstrate the capacity
of reusing discovered network architectures to perform
transfer learning, obtaining an increase of accuracy on
the Imagenette dataset.

o Through our experimental evaluation, we discuss possible
paths for future developments that may bring meaningful
advances in NAS research.

II. RELATED WORK

Currently, NAS methods can successfully handle some of
the deep learning tasks such as image classification, object
detection [14], [15], and semantic segmentation [16]. NAS has
significant overlap with transfer learning [17], for example,
DARTS uses transfer learning on the network generated in
CIFAR-10 for the imagenet.

Next, we present fundamental concepts to define NAS
techniques.

A. Search Space

In the context of a convolutional neural network (CNN), the
search space is parameterized by (i) the maximum number
of layers n; (ii) the type of operation every layer executes,
e.g., convolution, pooling, or more advanced operations like
depthwise separable convolutions [18]; and (iii) hyperparam-
eters regarding operations, e.g., number of filters, kernel size
and strides for a convolutional layer [19], or only the number
of units for fully-connected networks, activation functions
and regularization methods [20]. Figure 3 illustrates a simple
search space of chain-structured neural networks.

In this figure, each node in the graphs corresponds to a
layer in a neural network, e.g., a convolutional or pooling
layer. Different layer types are visualized by different colors.
An edge from layer L; to layer L; denotes that L; receives
the output of L; as input. In the left it is illustrated an element
of a chain-structured space; and in the right we can see a more
complex search space with additional layer types and multiple
branches and skip connections [10].

Many NAS approaches require a large number of layers to
achieve good performance. Furthermore, in many approaches,
each of the neural networks has to be trained from scratch
taking a very long time to output the result [21].

B. Search Strategy

Many different search strategies can be used to explore
the search space of neural architectures including Random
Search (RS), Bayesian Optimization (BO), Evolutionary Meth-
ods (EM), Reinforcement learning (RL) and methods based
on Gradient Descent (GD). The main search strategies are
summarized in Table I.

TABLE I
OVERVIEW OF DIFFERENT METHODS TO SEARCH NETWORK
ARCHITECTURES IN A NAS SEARCH SPACE.

Search Method Results

Randomly selects network architecture
settings [10].

Highly competitive results with humans
in CIFAR-10 and Treebank. [15]
Performance similar to reinforcement
learning, however, generating smaller
models. [22]

Some results of this approach may
also overcome the evolutionary
algorithms [23]

Four hours of GPU on CIFAR-10
with competitive results

compared to reinforcement learning
and evolutionary algorithms. [24]

Random Search

Reinforcement Learning

Evolutionary Algorithms

Bayesian Optimization

Gradient Descent

NAS became one of the top research topics in the machine
learning community after Zoph et al. [15] achieved compet-
itive performance on the CIFAR-10 and Penn Treebank [25]
benchmarks with a search strategy based on RL. Zoph et al.
[15] used huge computational power to achieve this result (800
GPUs for four weeks). After their work, a wide variety of
methods were published to reduce computational costs and
obtain additional performance improvements.

Bayesian Optimization (BO) achieved several early suc-
cesses on NAS by suggesting high-level architectures [26].
NAS algorithms using some search strategies obtained com-
petitive architectures for the CIFAR-10 and generated the
first automatically adjusted neural networks to win some
competitions against human experts.

BO [27] is one of the most popular methods for optimiz-
ing hyperparameters, but it has been applied to NAS only
in a few works, since typical BO toolboxes are based on
Gaussian processes and focus on low-dimensional continuous
optimization problems. On the other hand, several works use
tree-based models (in particular, Parzen [26] tree estimators or
random forests [28]) to effectively research high-dimensional
conditional spaces and obtain cutting-edge performance over
a wide range of problems, optimizing neural architectures and
their hyperparameters together [26].

To use NAS as a reinforcement learning (RL) problem [7],
[15], the generation of a neural architecture can be considered
the action of the agent of RL. The agent’s reward is based on
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Fig. 2. Abstract illustration of CoNAS [10].
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Fig. 3. An illustration of different architecture spaces [10].

an estimate of the performance of the architecture trained on
unseen data. RL approaches differ in how they represent the
agent’s policy and how they optimize it.

An alternative to RL is the neuro-evolutionary approaches,
which use evolutionary algorithms to optimize the neural
architecture. For the best of our knowledge, the first neuro-
evolutionary approach was proposed at least three decades
ago (1989) by [29] and their genetic algorithms applied to
propose architectures with backpropagation and to optimize
their weights. Many neuro-evolutionary approaches have used
genetic algorithms to optimize neural architecture and its
weights since then; however, when scaling to contemporary
neural architectures with millions of weights for supervised
learning tasks, weight optimization methods based on Stochas-
tic Gradient Descent (SGD) currently surpass evolutionary
ones [10].

The newest neuro-evolutionary approaches [10], [22], [30],
[31] use gradient-based methods to optimize weights and evo-
lutionary algorithms only to optimize the neural architecture.
Evolutionary algorithms give rise to a population of models,
that is, a set of networks; and at each stage of evolution at
least one model is picked up from the population to generate
children by applying mutations on it. In the context of NAS,
mutations are local operations, such as adding or removing a
layer, changing the hyper-parameters of a layer, adding skip-
connections and changing the training hyper-parameters. After
training the children, their performance (for example, in a
validation set) is assessed and they only the best ones are

added to the population.

Neuro-evolutionary methods differ in the way they select
architectures, update populations and generate children. For
example, [9], [30], [31] use tournament selection to select
parents, while [10] selects parents with multi-objective Pareto.
[9] removes the worst individual from a population, while
[22] considered removing the oldest individual and [31] does
not remove individuals. To generate children, most approaches
initialize a population at random, while [10] employs Lamar-
ckian inheritance where the knowledge (in the form of learned
weights) is passed from a parent network to its children using
morphisms in the network. [9] also allows a child to inherit
(from their parents) all parameters that are not affected by
the applied mutation; even if this inheritance does not strictly
preserve the architecture, it can speed up learning compared
to random startup.

Another possible approach to research network architectures
is by using gradient descent in neural network architectures
[14], [24]. [14] shows that the search for network architecture
through gradient descent achieves highly competitive results in
CIFAR-10, in addition to surpassing the state of the art in Penn
Treebank (PTB). This is a very interesting result, considering
that until now the best architectural research methods used
non-differentiable research techniques, for example, based on
RL [15] or neuro-evolution [9], [31].

Another proposal is a NAS with gradient descent [24]. Such
an approach represents the search space as a directed acyclic
graph (DAG). This DAG can contains billions of subgraphs,
each one representing a type of neural architecture. The results
are surprising: the NAS completed a search procedure in four
hours of GPU on the CIFAR-10, obtaining an error in the test
set of only 2.82% with around 2.5 million parameters.

C. Performance Estimation Strategy

The search strategies presented in section II-B generate
network architectures that need to be evaluated somehow to
conduct the exploration through the search space. The simplest
way to accomplish that is to integrally perform the training
stage and then evaluate the generated architecture with the
test data. However, considering the order of magnitude O(nt)
[21], where n is the number of networks to be evaluated during
the search and ¢ is the average time spent to evaluate each of
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these n architectures, performing the training stage leads to a
high computational and time cost, spending several days in a
GPU [9], [15], [17], [30].

ITII. DARTS

DARTS (Differentiable ARchiTecture Search) is one of
most popular NAS techniques. The new paradigm proposed
by [14] uses gradient descent to search for a computation cell
as the building block of the final architecture. To use gradient
descent, Liu et al. [14] creates a continuous search space by
relaxing the original search space for possible operations with
softmax:

(4,9)
(i exp(as ™)
o9 () = Y o O M)
0eO ZO/EO exp(ao’ )

Darts starts the search with a complete network loaded
with operations, as illustrated in Figure 4. The set of pos-
sible operations on each neural network node is individually
parameterized by the weights represented by a. The gradient
descent allows us to select the operations contributing to a
lower loss. This way, after a fixed number of epochs (50 by
default), we will have the chosen architecture.

DARTS can learn high-performance architecture building
blocks with complex graph topologies in a rich search space
with 10'® architectures.

The following definitions are assumed to define the archi-
tectures explored by DARTS. Each directed edge (i,7) is
associated with some operation o(i,7) that transforms z(z).
Each cell has two input nodes and a single output node. For
convolutional cells, the input nodes are defined as the cell
outputs in the previous two layers [15], where x() is a latent
representation (e.g. a feature map in convolutional networks).

Figure 1 shows an overview of DARTS: (a) Operations on
the edges are initially unknown. (b) Continuous relaxation of
the search space by placing a mixture of candidate operations
on each edge. (c) Joint optimization of the mixing probabilities
and the network weights by solving a bi-level optimization
problem. (d) Inducing the final architecture from the learned
mixing probabilities [14].

[14] conducts NAS experiments on CIFAR-10 and PTB
and transferable architectures to ImageNet and WikiText-2,
respectively.

In CIFAR-10, Liu et al. [14] include the following opera-
tions: 3 x 3, 5 x 5 and 7 x 7 separable convolutions, 3 x 3
and 5 x 5 dilated separable convolutions, 3 x 3 max pooling,
3 x 3 average pooling, identity, and zero. All operations are
of stride one. Liu et al. [14] hold out half of the CIFAR-10
training data as the validation set. A small network of 8 cells
is trained using DARTS for 50 epochs, with batch size 64 and
the initial number of channels 16. The momentum SGD are
used to optimize the weights w, with initial learning rate nw
= 0.025.

Unfortunately, researchers have pointed out that DARTS
suffers from overfitting if executed for too many epochs. For
this reason, we can find proposals to improve the chances of

DARTS finding architectures that generalize better, such as
applying early stopping [32].

IV. ENSEMBLE

The term ensemble is used to identify a set of predictors
whose individual decisions are combined or aggregated in
some way to predict new examples [11]. This article focuses
only on classification problems. However, the combination of
techniques can be used for regression problems with only
minor cost function changes.

According to the no-free lunch theorem [33], there is no
optimal algorithm for all decision problems. For this reason,
ensemble techniques betake the decisions of distinct classifiers
and aggregate them in a single decision, like a decision made
by a committee. Thereby, even if a small number of models
make a mistake, the combined answer can still be correct..

The most straightforward technique to aggregate individual
classifiers decisions is by majority voting. In this case, the
final decision is for the class label with the individual highest
number of votes. A model “votes” for a class label k if
its output is k. Formally, the majority voting is defined by
Equation 2.

argmamkec(z o(i,k)) 2
i=1
where C' is the set of class labels to assign to an example, m
is the number of individual models, and ¢(, k) is defined by
Equation 3.
) 1, if £k = argmaz;ccP;;
oli, k) = et 3)
0, otherwise

where P;; is the output score of the i-th model to the j-th
label in C.

Although simple, the majority voting disregards the confi-
dence of each classifier in its decision. For instance, consider
a scenario with three individual binary classification models.
Besides, consider the following obtained scores for a given
instance: P10 = 051, P11 = 049, P20 = 051, P21 = 049,
P;5 = 0.01, P31 = 0.99. The committee would decide for the
class 0, despite the models who voted for this class have low
confidence in their decisions.

An alternative to avoid this limitation of majority voting is
considering the models output scores when aggregating their
votes in a weighted voting manner. The ensemble technique
uses a simple function of each class’s scores, Sk, and de-
cides for that with the highest obtained value. Two examples
of aggregation rules are the sum (Equation 4) and product
(Equation 5).

Sk =Y P €
i=1

S =1 P )
i=1
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Fig. 4. DARTS starts with a Directed-Acyclic Graph where the edges define the operations. Then, it uses the Gradient Descent to choose the most adequate

functions from a pre-defined group of functions.

[34] concludes that the sum rule is the most conservative
and most used. The product may have superior results but they
are risky.

A good observation regarding the ensemble is that combin-
ing similar models is useless. The variability of characteristics
and domain spaces are crucial for good ensemble results.
Thus, the models to be combined must have a certain level
of disagreement.

V. OUR PROPOSAL

Our proposal is to create CoNAS. CoNAS is based on
the diversity of search spaces, due to the need for diversity
between the models to be combined. For this, we defined 3
search darts sub-spaces. The 3 sub-spaces have the following
operations:

o Space A: 3 x 3, 5 x 5 separable convolutions, 3 x 3 and
5 x 5 dilated separable convolutions, 3 x 3 max pooling,
3 x 3 average pooling, identity, and zero.

o Space B: 5 x 5 and 7 x 7 separable convolutions, 5 x 5
dilated separable convolutions, 3 x 3 max pooling, 3 x 3
average pooling, identity, and zero.

o Space C: 3 x 3 and 7 x 7 separable convolutions, 3 x 3
dilated separable convolutions, 3 x 3 max pooling, 3 x 3
average pooling, identity, and zero.

Although we set specific parameters, our proposal is a
framework. Therefore, changing fundamental elements of the
algorithm is straightforward. We implemented our proposal so
that these changes are made by execution parameters.

This paper will use the sum of scores to combine the
models. The first reason for that choice is because DARTS
convolutional networks return probabilistic values. Besides,
the sum rule technique is the most conservative and widely
applied.

Several previous works use an ensemble strategy based on
neural networks of the most diverse types [35]-[40]. The most
common approach found in these works is the use different
subsets of data for training each network architecture and,
then, making up the combination. In this paper, we use an
alternative technique, changing architectures instead of data,
using DARTS.

VI. EXPERIMENTS

Liu et al. [14] determines the architecture for final eval-
vation by running DARTS four times with different random
seeds and pick the best cell based on its validation performance
obtained by training from scratch for a short period (100
epochs on CIFAR-10).

Our experiments' run DARTS a single time for each specific
subspace, with the same seeds, and pick the best cell based
on its validation performance to determine the final evaluation
architecture. We run the DARTS algorithm in each search
space and generate the models to combine them.

Figure 5 shows how the accuracy obtained by DARTS, with
complete and the three proposed reduced search spaces, and
CoNAS evolves through the training epochs on CIFAR-10. All
experiments used the default cutout from DARTS.

The results show a difference between the models generated
in different search spaces. Specifically, we can note that the
accuracy decreases for a model in some epochs while it
increases to another one. It seems a piece of evidence that these
models are making independent decisions. This difference may
have contributed to a superior result in the combination. The
combination results were superior to the individual search

IThe experiments were performed on a computer with Intel (R) Core (TM)
i9-7900X CPU @ 3.30GHz, 128 GB of RAM, and a single NVIDIA 2080
TI 12GB RAM GPU.
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spaces and the full DARTS search space during the entire
process.

Table II shows the test set’s accuracy after 50 training
epochs on CIFAR-10. We note that the ensemble of DART
sub-spaces outperforms the complete DARTS by approxi-
mately 1.72%. The accuracy rates of the subspace models
shows a small difference between them.

TABLE 11
EXPERIMENTAL RESULTS ON CIFAR-10. ACCURACY, NUMBER OF
PARAMETERS AND GPU COST.

Architecture ACC P?rl\‘/lll;lb (I?(E}é)
DARTS 90.36% 1.93 6
DARTS space A 90.58% 1.93 6
DARTS space B 89.80% | 0.92 4
DARTS space C 89.56% 1.14 4
DARTS ensemble | 92.08% | 3.99 14%

* This time considers we run each search space sequentially.

It is worth mentioning that we executed the DARTS en-
semble sequentially (one at a time in the GPU). However,
CoNAS is embarrassingly parallel. If we execute the base
models simultaneously, we will obtain a runtime similar to
the maximum runtime for a single model. In this case, ap-
proximately six hours.

Figure 6 presents the confusion matrix obtained by our
method and DARTS using the complete search space.

The ensemble proves to be more efficient than DARTS with
the complete search space. The results show a substantial
increase in the number of correctly classified examples in
almost all classes of CIFAR-10. The only exception is the
class “cat”, where CoNAS mislabeled two examples more than
DARTS.

Figures 7, 8, and 9 illustrate the differences obtained in
the final architectures caused by the segmentation of the
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Fig. 6. Confusion matrix obtained by CoNAS (left) and DARTS (right) on
CIFAR-10.

search spaces, showing that it is possible to obtain diversity
of representations by segmenting the DARTS search space.
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Fig. 7. Snapshots of the most likely normal conv from search space 1.

The Imagenette dataset [41] consists of a subset of 10
“easy” classes from the Imagenet dataset [42]. The goal behind
assembling a small version of the Imagenet dataset was mainly
because running new experiments using Imagenet takes a long
time.
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Fig. 9. Snapshots of the most likely normal conv from search space 3.

We experimented with the Imagenette training with transfer
learning from the networks trained in CIFAR-10. Since Im-
agenette does not have a test set, the results shown in Table
III refer to the validation set. Overall, the results show that
CoNAS presents an increase of about 0.76% in accuracy when
compared to the regular DARTS.

TABLE III
EXPERIMENTAL RESULTS ON IMAGENETTE. ACCURACY, NUMBER OF
PARAMETERS AND GPU COST.

Architecture ACC Pzz;a/l[r)ns (I—Cl}(il[rjs)
DARTS 88.05% | 4.71 2
DARTS space A 87.23% | 4.83 2
DARTS space B 85.63% | 5.47 2
DARTS space C 86.67% | 4.65 2
DARTS ensemble | 88.81% | 14.95 6*

* This time considers we run each search space sequentially.

Figure 10 illustrates the results of the evaluations in the
training stage. The results show the possibility of using early
stopping to avoid a possible overfit and reduce the time to
evaluate the architecture.

VII. CONCLUSION

We presented CoNAS, a committee of NAS-based models,
to classify images. To the best of our knowledge, this is the

first proposal of an ensemble algorithm based on automated
neural architecture search to explore different search spaces to
provide diversity to the induced models.

CoNAS resulted in superior results in the experimented
datasets over sub-spaces of DARTS and full DARTS. These
results may indicate that investigation on ensemble-based
network architecture is a promising path for NAS researchers’
future efforts.

As future work, we intend to extend CoNAS to a broader
set of data, including different modalities, such as text and
time series. Moreover, we plan to evaluate how the limitation
of different functions impacts creating more (or less) diverse
models, improving the committee’s effectiveness. Finally, to
generalize our findings and allow CoNAS to scale to more
complex domains, we plan to investigate the effects of ran-
domly defining the functions of each sub-spaces and allowing
the user to define the number of sub-spaces CoNAS will use.
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