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Abstract— Efficient neural architecture search (ENAS)
achieves novel efficiency for learning architecture with
high-performance via parameter sharing and reinforcement
learning (RL). In the phase of architecture search, ENAS employs
deep scalable architecture as search space whose training process
consumes most of the search cost. Moreover, time-consuming
model training is proportional to the depth of deep scalable
architecture. Through experiments using ENAS on CIFAR-10,
we find that layer reduction of scalable architecture is an effective
way to accelerate the search process of ENAS but suffers from
a prohibitive performance drop in the phase of architecture
estimation. In this article, we propose a broad neural architecture
search (BNAS) where we elaborately design broad scalable archi-
tecture dubbed broad convolutional neural network (BCNN) to
solve the above issue. On the one hand, the proposed broad scal-
able architecture has fast training speed due to its shallow topol-
ogy. Moreover, we also adopt RL and parameter sharing used in
ENAS as the optimization strategy of BNAS. Hence, the proposed
approach can achieve higher search efficiency. On the other hand,
the broad scalable architecture extracts multi-scale features and
enhancement representations, and feeds them into global average
pooling (GAP) layer to yield more reasonable and comprehensive
representations. Therefore, the performance of broad scalable
architecture can be promised. In particular, we also develop
two variants for BNAS that modify the topology of BCNN.
In order to verify the effectiveness of BNAS, several experiments
are performed and experimental results show that 1) BNAS
delivers 0.19 days which is 2.37× less expensive than ENAS who
ranks the best in RL-based NAS approaches; 2) compared with
small-size (0.5 million parameters) and medium-size (1.1 million
parameters) models, the architecture learned by BNAS obtains
state-of-the-art performance (3.58% and 3.24% test error) on
CIFAR-10; and 3) the learned architecture achieves 25.3%
top-1 error on ImageNet just using 3.9 million parameters.
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I. INTRODUCTION

AS A biologically inspired deep learning technique,
convolutional neural networks (CNNs) have powerful

ability to solve many intractable issues, e.g., computer vision
tasks [1]–[4], game artificial intelligence [5], [6], intelligent
transportation system [7] and intelligent robot [8]. However,
its remarkable performance mainly depends on human experts
with a considerable amount of expertise. Recently, neural
architecture search (NAS) [9] which automates the process of
model design has gained ground in recent several years. Com-
puter vision tasks (e.g., image classification [10]–[13], seman-
tic segmentation [14]) and other artificial intelligence-related
tasks (e.g., natural language processing [9], [15], [16]) can
all be solved by NAS with surprising performance. However,
early approaches [9], [11], [17] suffered from the issue of inef-
ficiency. To solve this issue, some one-shot approaches [10],
[15], [16], [18]–[20] were proposed. Generally, one-shot NAS
approaches sample Cells (normal Cell and reduction Cell),
micro search space presented in [11], from a family of prede-
fined candidate operations depending on a policy. The sampled
Cells are treated as a building block of deep scalable architec-
ture, i.e., child model, whose performance is used for updat-
ing the parameters of the policy. These one-shot approaches
avoid retraining each candidate deep scalable architecture from
scratch so that high efficiency can be promised.

In particular, efficient neural architecture search
(ENAS) [16] delivers the efficiency of 0.45 GPU days
(ranks the best in reinforcement learning (RL)-based NAS
frameworks) by sharing parameters of the one-shot model
where all possible child models are defined. In order to
improve the performance and robustness of discovered
architecture, ENAS sets the number of Cells to eight
(six normal cells and two reduction cells) and seventeen
(fifteen normal Cells and two reduction Cells) in the phases of
architecture search and architecture estimation, respectively.
There is a loop in the architecture search phase as follows.

1) ENAS trains one-shot model on proxy data set (e.g.,
CIFAR-10) in a single epoch where a recurrent neural
network (RNN) controller is adopted to sample a child
model from the one-shot model in each step.

2) For learning better architecture, the RNN controller is
optimized by RL in fixed steps. Here, a child model
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Fig. 1. Performance (ranks the worst from the best) of ten candidate
architectures of ENAS when using various number of Cells of deep scalable
architecture in search phase on CIFAR-10 without Cutout [21] technique.
Shallow case: Test accuracy of architectures using five Cells in the search
phase and 17 Cells in estimation phase. Deep case: test accuracy of architec-
tures using eight Cells in search phase and 17 Cells in estimation phase.

represented by a sequence is sampled by the RNN
controller.

For RL, the sequence is treated as a token of actions, and the
validation accuracy of the child model is treated as a reward.
On the one hand, time-consuming model training and inference
are proportional to the depth of the model. On the other
hand, the topologies of the one-shot model and child model
are all deep in ENAS. As a result, training one-shot model
and obtaining validation accuracy of child model consume
most of the search cost in ENAS. Fortunately, depth reduction
of scalable architecture in the architecture search phase can
ameliorate the above issues.

Experiments on ENAS1 are carried out to compare the
discrepancies with respect to efficiency and accuracy when
using five (shallow case) and eight (deep case, also default
setting for ENAS) cells in the architecture search phase of
ENAS on CIFAR-10. Experimental results (see Fig. 1) show
that depth reduction of scalable architecture is able to improve
the search efficiency of ENAS, but suffers from prohibitive
performance drop. Moreover, with a single GeForce GTX
2080Ti GPU, the shallow case and deep case cost 0.26 and
0.38 days, respectively. However, the deep case delivers better
performance (about 0.3% between the top-performing archi-
tectures of two cases) than the shallow one. Hence, designing
high-performance scalable architecture with shallow topology
is an effective way to develop a more efficient NAS approach.

In this article, we propose broad neural architecture search
(BNAS), an automatic architecture search approach with state-
of-the-art efficiency. Different from other NAS approaches,
in BNAS, an elaborately designed broad scalable architec-
ture dubbed broad convolutional neural network (BCNN)
instead of a deep one is discovered by parameter sharing and
RL. BCNN consists of convolution blocks and enhancement
blocks. On the one hand, each convolution block is fully
connected with enhancement blocks. On the other hand, all
outputs of convolution blocks and enhancement blocks are fed

1https://github.com/melodyguan/enas

into the global poling layer as inputs. Furthermore, we also
develop two variants for BNAS by modifying the topology
of broad scalable architecture: 1) cascade of convolution
blocks with its last block connected to the enhancement
blocks broad neural architecture search (BNAS-CCLE) and
2) cascade of convolution blocks and enhancement blocks
broad neural architecture search (BNAS-CCE). The proposed
several broad scalable architectures extract multi-scale features
and enhancement representations and feed them into the global
average pooling (GAP) layer to yield more reasonable and
comprehensive representations so that the performance of
architectures learned by BNAS and its two variants can be
promised. Our contributions can be summarized as follows:

1) We propose BNAS to further improve the efficiency of
NAS by replacing the deep scalable architecture with a
broad one dubbed BCNN who is elaborately designed
for satisfactory performance and fast search efficiency
simultaneously. Moreover, we also analyze the universal
approximation ability of BCNN.

2) We also propose two developed versions of BNAS that
modify the topology of BCNN dubbed BNAS-CCLE
and BNAS-CCE. All of BNAS and its two variants excel
in discovering high-performance architecture with fast
search efficiency.

3) We achieve 2.37× less search cost (with a single
GeForce GTX 1080Ti GPU on CIFAR-10 in 0.19 days)
than ENAS [16] which ranks the best in RL-based NAS
approaches. Furthermore, through extensive experiments
on CIFAR-10, we show that the architecture learned by
BNAS obtains state-of-the-art performance (3.58% and
3.24% test error) compared with small-size (0.5 million
parameters) and medium-size (1.1 million parameters)
models.

4) We transfer the learned architecture for large-scale
image classification tasks to shed light on the pow-
erful transferability and multi-scale features extraction
capacity of BCNN. The learned architecture achieves
25.7% top-1 error just using 3.9 million parameters on
ImageNet.

The remainder of this article is organized as follows.
In Section II, we review related work with respect to this
article. Then, the proposed BNAS and the universal approxi-
mation property of BCNN are described in Sections III and IV,
respectively. Subsequently, two variants of BNAS are given in
Section V. Next, experiments on two data set are performed,
and qualitative and quantitative analysis is given in Section VI.
Finally, conclusions are given in Section VII.

II. RELATED WORK

A. Neural Architecture Search

From the point of view of optimization strategy, NAS
approaches can be divided into three categories mainly:
RL-based [9], [11], [16], evolutionary algorithm (EA)-based
[17], [22], [23], and gradient-based [15], [24], [25]. Below,
we will introduce several significant NAS approaches with
respect to various optimization strategies.

In the RL-based NAS framework, an architecture generator
named controller is trained in a loop by policy gradient-based
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Fig. 2. Structure of BLS. BLS consisted of two types of groups, feature mapped nodes group (FMNG) and enhancement nodes group (ENG), where each
one contained a group of neurons. The inputs of each FMNG and ENG were input data and the combination of outputs of every FMNG, respectively.

Fig. 3. Mechanism of parameters sharing. Cell was treated as a directed
acyclic graph (DAG), and trained as follows. (a) Controller sampled a path
in the DAG. (b) Sampled operations were trained with mini-batch data.
(c) Controller sampled another path. (d) Another mini-batch was employed to
train the sampled operations whose weights were inherited from the previous
training step rather than trained from scratch.

RL, where architecture sequence and validation accuracy are
treated as a list of tokens of actions and reward, respectively.
Zoph and Le [9] adopted REINFORCE to sample a whole
child model that was trained from scratch with a considerable
computational cost. A micro search space named Cell was
proposed to improve the search efficiency of NAS in the
following work dubbed NASNet [11], where the child model
consists of several Cells, and was trained with an unacceptable
computational resource (i.e., 1800 GPU days) due to the
trained weights were thrown away yet. ENAS [16] delivered
1000 × faster search efficiency (i.e., 0.45 days with a single
GeForce GTX 1080Ti GPU) than NASNet via parameters
sharing shown in Fig. 3. All trained weights were inherited
from the previous training process rather than trained from
scratch.

Furthermore, validation accuracy is treated as the fitness
to guide the EA-based NAS approaches for finding bet-
ter architecture. Moreover, crossover and variation are also
employed for architecture evolution [17]. The combination of

multi-objective EA and Lamarckian inheritance mechanism
was proposed to improve the performance of NAS in LEMON-
ADE [22]. Pareto-optimal architectures were discovered for
device-related and device-agnostic objectives in DPP-Net [23].
Beyond that, the strategy of progressive search [26] was
employed in DPP-Net to accelerate its efficiency of 4 GPU
days that was about 800× less expensive than AmoebaNet [17]
using 3150 GPU days for architecture search.

Different from the previous two types of NAS,
gradient-based framework transferred the architecture
optimization issue from discrete space to continuous one.
Liu et al. [15] proposed differentiable architecture search
(DARTS). DARTS discovered the computation Cells within a
continuous domain for formulating NAS in a differentiable
way. DARTS achieved three order of magnitudes less
expensive than previous approaches [9], [11]. Subsequently,
several developed versions of DARTS (e.g., P-DARTS [24],
PC-DARTS [25]) were proposed. Based on the framework
of DARTS, P-DARTS modified the scalable architecture in
a progressive way, and delivered a novel search efficiency
of 0.3 GPU days. PC-DARTS activated partial channel
connections of Cell to reduce the memory usage of DARTS
so that larger batch sizes could be set in the architecture
search phase. Lager batch size contributed to reduce the
search cost and uncertainty in NAS. Moreover, PC-DARTS
achieved state-of-the-art efficiency (0.1 days) on a single
GeForce GTX 1080Ti GPU.

B. Broad Learning System

BLS [27], [28] was proposed as a developed model of
random vector functional-link neural network (RVFLNN) [29],
[30] who took input data directly to build enhancement nodes.
Different from RVFLNN, a set of mapped features were
established in BLS by the input data firstly for achieving
satisfactory performance.

We show the structure of BLS in Fig. 2. Feature mapping
nodes and enhancement nodes were two main components
of BLS. In [27], the mechanism of BLS was introduced as
follows.

1) Nonlinear transformation functions of feature mapping
nodes were applied to generate the mapped features of
input data.
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Fig. 4. Topology of broad scalable architecture dubbed BCNN employed in BNAS. The proposed BCNN stacks u convolution blocks one after another
and feeds outputs of every convolution block into each enhancement block as the input for obtaining enhancement feature representations. The convolution
and enhancement features from every convolution and enhancement block (i.e., multi-scale feature fusion) are all connected with the GAP layer to yield
more reasonable and comprehensive representations for achieving promised performance of the proposed BCNN. Moreover, we also insert prior knowledge
into: 1) the connection between convolution and enhancement blocks and 2) the connection between all blocks and the GAP layer, to achieve satisfactory
performance.

2) The mapped features were enhanced to generate
enhancement features by enhancement nodes with ran-
domly generated weights.

3) All the mapped features and enhancement features were
used to deliver the final result.

Chen et al. introduced several variants of BLS in [28],
e.g., a cascade of convolution feature mapping nodes broad
learning system (CCFBLS), a cascade of feature mapping
nodes broad learning system (CFBLS), and a cascade of
feature mapping nodes and enhancement nodes broad learning
system (CFEBLS). Below, CCFBLS, CFBLS, and CFEBLS
are introduced in detail.

Feature mapping nodes and enhancement nodes made up
CCFBLS. As described in [28], the mapped features were
generated by a cascade of convolution and pooling operations
in feature mapping nodes. Then, these mapped features were
enhanced by a nonlinear activation function to obtain a series
of enhancement features. Finally, all of the mapped features
and enhancement features were connected directly with the
desired output. CCFBLS was not only broad but also deep.
As a result, CCFBLS could extract multi-layer features and
representations which were more reasonable and comprehen-
sive compared with other models only with deep structure.
There were two main discrepancies among CCFBLS and other
two variants: 1) the feature mapping nodes of CFBLS and
CFEBLS were neurons rather than convolution and pooling
operations and 2) their topologies were different. For CFBLS,
the output of each group of feature mapping nodes was fed
into every enhancement nodes group as input. For CFEBLS,
the first enhancement nodes group accepted those outputs from
each feature mapping node group as input. Other enhancement
node groups treated the output of its previous one as input.

III. BROAD NEURAL ARCHITECTURE SEARCH

BNAS employs the combination of broad scalable architec-
ture and parameters sharing to deliver faster search efficiency
than ENAS who ranks the best in RL-based NAS approaches.
First of all, we introduce the design details of the proposed
broad scalable architecture dubbed BCNN who can solve the
side-effect of layer reduction in Cell-based NAS approaches.
Subsequently, the efficient optimization strategy of BNAS is

Fig. 5. Structure of convolution block.

given. At last, we show the differences between BLS and the
proposed BCNN.

A. Broad Convolutional Neural Network

As described in Section I, we conclude a set of comparative
experiments that layer reduction is able to improve the search
efficiency of ENAS but suffers from prohibitive performance
drop. Inspired by BLS that achieves satisfactory performance
using broad topology, we propose a broad scalable architecture
dubbed BCNN that can deliver fast training and inference
speed, to ameliorate the above issue. For intuitional under-
standing, the structure of BCNN is depicted in Fig. 4. The
proposed BCNN consists of u convolution blocks denoted
as Conv_i (i = 1, 2, . . . , u) and v enhancement blocks
denoted as En_ j ( j = 1, 2, . . . , v) which are used for feature
extraction and enhancement, respectively. In the convolution
block, there are k + 1 convolution Cells: k deep Cells and
a single broad Cell which are utilized for deep and broad
features extraction, respectively. Moreover, u is determined by
the size of input images. For example, we set u = 2 for the
experiments on CIFAR-10 with 32 × 32 pixels. The other two
parameters k and v need to be defined by the user. Through
substantial experiments on CIFAR-10, we will analyze the
influence with regard to k and v in Section VI-D1. In the fol-
lowing, we will introduce the details about four important parts
of BCNN: convolution block, enhancement block, multi-scale
feature fusion, and prior knowledge embedding.

1) Convolution Block: We visualize the structure of con-
volution block in Fig. 5. In each convolution block, the deep
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Fig. 6. Structure of enhancement block.

Cells and broad Cell have the same topologies but various
strides: one for the deep and two for the broad. In order to
extract broad features from the output features of the final
deep Cell, the broad Cell returns the feature maps with half-
width, half- height, and double channels (i.e., broad features).
For convolution block Conv_i , its deep feature mapping
ZZZ (i)h (h = 1, 2, . . . , k) and broad feature mapping ZZZ (i)k+1 can
be defined as

ZZZ (i)h = φ

⎛
⎜⎝ZZZ (i)h−2, ZZZ (i)h−1;

⎧⎪⎨
⎪⎩WWW

(i)deep

h︸ ︷︷ ︸
stride=1

,βββ
(i)deep

h

⎫⎪⎬
⎪⎭
⎞
⎟⎠, i = 1, 2, . . . , u

(1)

ZZZ (i)k+1 = φ

⎛
⎜⎝ZZZ (i)k−1, ZZZ (i)k ;

⎧⎪⎨
⎪⎩WWW (i)broad

k+1︸ ︷︷ ︸
stride=2

,βββ
(i)broad
k+1

⎫⎪⎬
⎪⎭
⎞
⎟⎠, i = 1, 2, . . . , u

(2)

where {WWW (i)deep

h ,βββ
(i)deep

h } and {WWW (i)broad
k+1 ,βββ

(i)broad
k+1 } are the weight,

bias matrices of deep Cells and broad Cell in convolution
block i , respectively. Moreover, φ(·) is a set of transfor-
mations (e.g., depthwise-separable convolution [31], pooling,
skip connection) by the deep Cells and broad Cell. In other
words, each Cell in the convolution block uses the outputs
of its previous two Cells as the inputs for combining various
features. However, there is a doubt in (1) that ZZZ (i)−1 and ZZZ (i)0
are not defined. A complementary expression is given as

{
ZZZ (i)−1, ZZZ (i)0

}
=

{
ZZZ (i−1)

k , ZZZ (i−1)
k+1

}
, i = 2, 3, . . . , u. (3)

Moreover, a convolution with 3 × 3 kernel size is inserted as
a stem of BCNN to provide the input information for the first
and second convolution Cell. As a result, the output of 3 × 3
convolution can be represented as ZZZ (1)ξ , where ξ ≤ 0.

2) Enhancement Block: The structure of enhancement block
is shown in Fig. 6. In each enhancement block, there is a
single enhancement Cell with one stride and different topology
from those convolution Cells. For enhancement block En_ j
( j = 1, 2, . . . , v), its enhancement feature representations

Fig. 7. Prior knowledge embedding.

HHH ( j) can be mathematically expressed as

HHH ( j)=ϕ
⎛
⎝δ(ZZZ (1)0 , ZZZ (1)k+1, . . . , ZZZ (u−1)

k+1

)
, ZZZ (u)k+1;

⎧⎨
⎩ WWW ( j)︸︷︷︸

stride=1

,βββ( j)

⎫⎬
⎭
⎞
⎠
(4)

where WWW ( j) and βββ( j) are the weight and bias matrices of
enhancement Cell in En_ j , respectively. Moreover, ϕ(·) is a
set of transformations by the enhancement Cell, and δ(·) is a
function combination of 1 × 1 convolution and concatenating.

3) Multi-Scale Feature Fusion: For achieving promised
performance of BCNN, all outputs of each convolution and
enhancement block (with various feature scales) are connected
directly with the GAP layer to yield more reasonable and
comprehensive representations. Here, the output of the last
deep Cell in each convolution block is connected for feeding
multi-scale features into the GAP layer, so that the final output
of GAP layer can be expressed as

OOO = ψ
(

ZZZ (1)k , ZZZ (2)k , . . . , ZZZ (u)k ,HHH (1),HHH (2), . . . ,HHH (v)
)

(5)

where ψ(·) is a function combination of 1 × 1 convolution,
concatenating and GAP.

4) Prior Knowledge Embedding: A priori knowledge whose
position is shown in Fig. 7, is incorporated into the proposed
BCNN. Depending on substantial experiments, we find that
those low-pixels feature maps are more important than those
feature maps with high resolutions for achieving high perfor-
mance. In other words, for designing BCNN with novel perfor-
mance, more deep and broad feature maps of Conv_r instead
of Conv_s should be fed into the enhancement block and GAP
layer, where r > s and 0 < s, r ≤ u. In order to insert the
above prior knowledge into BCNN, a group of convolutions
with 1×1 kernel size are employed in each connection between
the convolution block (except the last one) and enhancement
block. These 1 × 1 convolutions accept those feature repre-
sentations from the final deep Cell in each convolution block,
and output a group of feature maps with different importance.
Moreover, the importance is represented by the number of
output channels which the larger is the more important it is.
Furthermore, these 1×1 convolutions employ different strides
for concatenating all input feature maps with the same size.
As a result, the output of δ(ZZZ (1)0 , ZZZ (1)k+1, . . . , ZZZ (u−1)

k+1 ) in (4) is
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Fig. 8. Overview of efficient optimization strategy of BNAS. There are
two interleaving phases, one-shot BCNN and LSTM training, for architecture
search. In the first phase, one-shot BCNN contained all possible child BCNN
is training with parameters sharing mechanism. In the second phase, policy
gradient-based reinforcement learning algorithm is employed to update the
LSTM for discovering better architecture.

obtained by concatenating those outputs of 1 ×1 convolutions
whose inputs are ZZZ (1)0 , ZZZ (1)k+1, . . . , ZZZ (u−1)

k+1 .
In order to discover the broad scalable architecture with sat-

isfactory performance and extreme fast efficiency, an efficient
optimization strategy is necessary. In the following, we will
introduce the efficient optimization strategy adopted in BNAS.

B. Efficient Optimization Strategy

In BNAS, the combination of parameter sharing presented
in ENAS [16] and reinforcement learning is adopted for find-
ing broad scalable architecture with satisfactory performance.
Here, a long short-term memory (LSTM) [32] controller with
parameter θ is trained in a loop with two phases: one-shot
BCNN training and LSTM training whose details can be
found in Fig. 8. Moreover, the one-shot BCNN defines all
possible broad scalable architectures under a set of pre-defined
candidate operations.

In the first phase, the one-shot BCNN is trained in a
single epoch, where each step sample a child BCNN from
the one-shot BCNN by the LSTM.

1) LSTM first samples two types of Cells, convolution
Cell and enhancement Cell, with a list of tokens a1:T
according to a sampling policy π(·).

2) A child BCNN m can be determined according to the
sampled convolution Cell and enhancement Cell, and its
weights www is inherited from the one-shot BCNN.

3) A training mini-batch data is fed into m (a sub-network
of one-shot BCNN) to obtain a loss.

4) The above loss is used to compute the gradient with
respect to the one-shot BCNN.

5) Update the sample part of the one-shot BCNN.

In the second phase, the LSTM is trained by reinforcement
learning in fixed steps.

1) LSTM first samples two types of Cells, convolution
Cell and enhancement Cell, with a list of tokens a1:T
according to a sampling policy π(·).

2) A child BCNN m can be determined according to the
sampled convolution Cell and enhancement Cell, and its
weight www is inherited from the one-shot BCNN.

3) A validation mini-batch data is fed into m to obtain an
accuracy R(m;www).

4) According to R(m;www), a loss with respect to θ can be
obtained on the desired task.

5) Reinforcement learning is employed to calculate the
policy gradient with respect to θ .

6) Using the above policy gradient to update the LSTM
also the sampling policy π(·) for discovering various
Cells with better performance.

Here, BNAS demands the LSTM controller to maximize the
expected reward J (θ), where

J (θ) = Eπ(a1:T ;θ)[R(m;www)]. (6)

Moreover, a gradient policy algorithm, REINFORCE [33] is
applied to compute the policy gradient ∇θ J (θ), where

∇θ J (θ) =
T∑

t=1

Eπ(a1:T ;θ)
[∇θ logπ

(
at |a(t−1):1; θ

)
R(m;www)]. (7)

After many iterations of this loop are repeated, novel Cells
with satisfactory performance can be found.

C. Comparison of BCNN and BLS

Inspired by the topologies of BLS and its variants CCFBLS
and CCEBLS, we propose BCNN and several variants with
different topologies (see Section V). Therefore, the proposed
BCNN is of a similar topology with BLS rather than other
characteristics.

1) Element: The primary component of BCNN is Cell with
powerful feature extraction ability that consists of convolution,
pooling and skip connection, instead of neuron in BLS.

2) Connection: For the promising performance of image
classification, prior knowledge embedding is inserted in the
connections between convolution Cell and enhancement Cell,
convolution Cell and GAP layer, and enhancement Cell and
GAP layer.

3) Topology: BCNN and its variants are proposed with the
motivation of traditional BLS and its variants with differ-
ent topologies. However, they are not identical in terms of
topology. In BLS, training data is fed into each group of
mapped feature nodes as input. BCNN only takes training data
in the first convolution block as its input. Moreover, other
convolution cells take outputs of the previous two cells as
input, i.e. BCNN is not only broad but also deep.

4) Design: Different from human-designed BLS, the pro-
posed BCNN is designed automatically. In other words, BNAS
can design appropriate BCNN for a specific task with satis-
factory performance.
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5) Optimization: Incremental learning algorithms are
employed to optimize the weights of BLS. Differently,
we adopt the gradient descent-based algorithm to update the
weights of BCNN iteratively.

IV. UNIVERSAL APPROXIMATION PROPERTY OF BCNN

As a new paradigm of deep neural networks, we also
analyze the universal approximation ability of BCNN, and
prove a theorem to verify the effectiveness of the proposed
architecture.

As described in Section III-A, the input of GAP layer comes
from all convolution and enhancement blocks with various
significance, i.e., number of channels. After the processing
of GAP layer, each channel can be treated as the output of a
neuron with respect to input data xxx . Here, we assume that the
number of channels of ZZZ (1)k from the first convolution block
is c. As a result, the number of channels of the outputs of con-
volution blocks ZZZ (i)k (i = 2, . . . , u) and enhancement blocks
HHH ( j)( j = 1, . . . , v) are c × 2(i−1) and c × 2 j , respectively.
Accordingly, u convolution and v enhancement blocks provide
U = c× (2u −1) and V = c×v×2u channels (i.e., the output
of neurons) for fully connected layer, respectively.

For standard hypercube Id = [0; 1]d of R
d , any continuous

function f ∈ C(Id) and activation function σ , the BCNN can
be equivalently expressed as

fpppu,v =
U∑

i=1

wiσ
(
xxx; {φ,ψ,WWW conv

i ,βββconv
i

})

+
V∑

j=1

wU+ jσ
(
xxx; {δ, ϕ,ψ,WWW en

j ,βββ
en
j

})
(8)

where, pppu,v = (u, v, c, w1, . . . , wU+V ,WWW conv,βββconv,WWW en, βββen)
is the set of overall parameters for the proposed BCNN,
{WWW conv,βββconv} and {WWW en,βββen} are the corresponding para-
meters of convolution and enhancement blocks, respectively.
Moreover, we employ ξξξ u,v = (w1, . . . , wU+V ,WWW conv,βββconv,
WWW en,βββen) to represent the randomly generated variables that
are defined on the probability measure ζu,v . For compact set
� of Id , the distance between the continuous function f and
fpppu,v can be computed as

χ�
(

f, fpppu,v

) =
√

E

[∫
�

(
f (xxx)− fpppu,v (xxx)

)2
dxxx

]
. (9)

Based on the above hypotheses, we present our results as
below.

Theorem 1: For any continuous function f ∈ C(Id) and any
compact set � of Id , BCNN with nonconstant bounded fea-
ture mappings φ, δ, ϕ,ψ , and absolutely integrable activation
function σ (defined on Id so that

∫
Rd
σ 2(xxx)dxxx < ∞), has a

sequence of { fpppu,v } with regard to a corresponding sequence
of probability measures ζu,v , such that

lim
u,v→∞ χ�

(
f, fpppu,v

) = 0. (10)

Moreover, the trainable set of parameters ξξξ u,v is generated by
the distributions of ζu,v .

Proof : Give several definitions that the continuous function
f ∈ C(Id), the approximation function fpppu,v of BCNN,
the weight matrix between fully connected layer and the
output of GAP layer with respect to those feature maps from
convolution blocks wwwc = [wc1, . . . , wcU ], the weight matrix
between fully connected layer and the output of GAP layer
with respect to those feature maps from enhancement blocks
wwwe = [we1, . . . , weV ].

For a BCNN with u (any integer) convolution blocks,
we define

fwwwc =
U∑

i=1

wciσ
(
xxx; {φ,ψ,WWW conv

i ,βββconv
i

})
(11)

where trainable parameters are sampled from the prede-
fined ζu,v . Since the feature mappings φ,ψ are nonconstant
bounded, the resident function of input xxx

fru (xxx) = f (xxx)− fwwwc (xxx) (12)

defined on Id is bounded and integrable. According to the fact
provided in [34], for ∀ε > 0, we always can find a function
fbu ∈ C(Id) that satisfies the following expression as

χ�
(

fbu , fru

)
<
ε

2
. (13)

Moreover, detailed discussions can be found in [28].
In order to approximate fbu , we define

fwwwe =
V∑

j=1

wej σ
(
xxx; {δ, ϕ,ψ,WWW en

j , βββen
j

})
︸ ︷︷ ︸

ϑ j

(14)

where trainable parameters are sampled from the predefined
ζu,v . Similarly, the composition function ϑ j ( j = 1, . . . , V )
in (14) is absolutely integrable due to nonconstant bounded
feature mappings δ, ϕ,ψ . According to Theorem 1 in [35], for
∀ε > 0, we always can find a sequence of fwwwe that satisfies
the following expression as

χ�
(

fbu , fwwwe

)
<
ε

2
. (15)

At last, the distance between the continuous function f and
the approximation function fpppu,v of BCNN can be computed
as

χId

(
f, fpppu,v

) =
√

E

[∫
�

(
f (xxx)− fpppu,v (xxx)

)2
dxxx

]

=
√

E

[∫
�

((
f (xxx)− fwwwc(xxx)

)− fwwwe

)2
dxxx

]

=
√

E

[∫
�

(
fru − fwwwe

)2
dxxx

]
= χ�

(
fru , fwwwe

)
≤ χ�

(
fbu , fru

)+ χ�
(

fbu , fwwwe

)
<
ε

2
+ ε

2
= ε. (16)

Therefore, we can conclude that

lim
u,v→∞ χ�

(
f, fpppu,v

) = 0. (17)
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Fig. 9. Topologies of broad scalable architectures employed in BNAS-CCLE and BNAS-CCE. (a) Topology of broad scalable architecture employed in
BNAS-CCLE. (b) Topology of broad scalable architecture employed in BNAS-CCE.

V. VARIANTS OF BNAS

BLS is a flexible paradigm to be modified under different
constraints. Moreover, several variants have been proposed
in [28], e.g., CCFBLS and CFEBLS. Motivated by the above
two variants of BLS, we also propose two developed ver-
sions for BNAS that employ various topologies of BCNN:
1) BNAS-CCLE and 2) BNAS-CCE. In this section, we only
introduce the difference between BNAS and its two variants,
i.e., the broad scalable architectures used in BNAS-CCLE and
BNAS-CCE which are shown in Fig. 9.

A. BNAS-CCLE

The broad scalable architecture of BNAS-CCLE is a devel-
oped CCFBLS [28] which is not only broad but also deep.
In the broad scalable architecture of BNAS-CCLE, each
enhancement block only treats the output of the last convolu-
tion block as input. In other words, we assume that the output
of the last convolution block takes up all importance of each
enhancement block.

Related expressions with regard to convolution blocks can
be found in (1) to (3). For enhancement block En_ j , its
enhancement feature representations HHH ( j) can be defined as

HHH ( j) = ϕ
(

ZZZ (u)k , ZZZ (u)k+1;
{
WWW ( j),βββ( j)

})
, j = 1, 2, . . . , v (18)

where WWW ( j) and βββ( j) are the weight and bias matrices of
enhancement Cell in enhancement block j , respectively. Simi-
larly, ϕ(·) is a set of transformations by the enhancement Cell.

For performance improvement, we also incorporate the
aforementioned priori knowledge used in BCNN into the
connections among convolution blocks, enhancement blocks,
and GAP layer. On the one hand, the importance of each

convolution block (except the last one with all output channels)
is twice as much as its previous one for the GAP layer and
enhancement block. For instance, the GAP layer accepts a and
2a channels from Conv_x and Conv_y (y = x + 1), respec-
tively. On the other hand, the importance of each enhancement
block is equal. For instance, the GAP layer accepts b channels
from both En_x and En_y (1 ≤ x, y ≤ v).

B. BNAS-CCE

The broad scalable architecture of BNAS-CCE is a devel-
oped CCEBLS [28] that employs deeper topology than other
variants of BLS. There are two differences between the broad
scalable architectures of BNAS and BNAS-CCLE: 1) the out-
put of each convolution block is fed into the first enhancement
block as its inputs and 2) enhancement blocks are stacked one
after another rather than in a parallel way.

Similarly, related expressions with regard to convolution
blocks can be represented by (1) to (3). Furthermore, enhance-
ment feature representations HHH ( j) ( j = 1, 2, . . . , v) can be
divided into three cases:⎧⎪⎪⎪⎨
⎪⎪⎪⎩
ϕ
(
δ
(

ZZZ (1)k+1, . . . , ZZZ (u−1)
k+1

)
, ZZZ (u)k+1

)
; {WWW ( j),βββ( j)

}
), if j = 1

ϕ
(

ZZZ (u)k+1,HHH (1); {WWW ( j),βββ( j)
})
, if j = 2

ϕ
(
HHH ( j−2),HHH ( j−1); {WWW ( j),βββ( j)

})
, else

(19)

where WWW ( j) and βββ( j) are the weight and bias matrices of
enhancement Cell in enhancement block j , respectively. Simi-
larly, ϕ(·) is a set of transformations by the enhancement Cell.
And δ(·) is aforementioned function combination of 1 × 1
convolution and concatenating.
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Similar to BNAS and BNAS-CCLE, for the broad scalable
architecture of BNAS-CCE, 1 × 1 convolution-based prior
knowledge is inserted between convolution blocks and the first
enhancement block, also is inserted into the connections of
convolution blocks and GAP layer. Different from BNAS and
BNAS-CCLE, the importance of each enhancement block in
the broad scalable architecture of BNAS-CCE is not equal for
the GAP layer. For instance, the GAP layer accepts c channels
from both En_x and En_y (1 ≤ x, y < v, y = x + 1), and all
channels from En_v.

VI. EXPERIMENTS AND ANALYSIS

In this section, we perform a set of experiments to examine
several novel properties of BNAS and its two variants. First
of all, a large number of experiments are performed by BNAS
and its two variants for hyper-parameters (e.g., the number
of enhancement blocks in two phases, the number of deep
Cell in architecture estimation phase) determination. Next,
BNAS and its two variants are applied to discover novel
architecture on CIFAR-10 for testing the search efficiency and
high performance of the learned architecture. Subsequently,
the learned architecture with the best performance is chosen to
solve large-scale image classification tasks on ImageNet. The
experiment on ImageNet not only evaluates the transferability
of the discovered architectures of BNAS and its two variants
but also examines the powerful multi-scale features extraction
capacity of the proposed broad scalable architectures. Finally,
the qualitative and quantitative analyses are given for the
experimental results on CIFAR-10 and ImageNet.

A. Hyper-Parameters Determination for Broad Scalable
Architectures

For the architecture search phase, we set the number of
deep Cell to zero as a default setting for delivering fast search
speed. Moreover, the number of enhancement block vs is
selected from [1, 2]. For the phase of architecture estimation,
there are two hyper-parameters that need to be determined for
the broad scalable architectures: the number of enhancement
block vd and the number of deep Cell kd . As described in
Section I, a large discrepancy of scalable architectures between
two phases leads to prohibitive performance reduction. As a
result, we choose vd and kd from [1, 2, 3] and [0, 1, 2],
respectively.

The experimental settings for hyper-parameters determina-
tion are identical with the phase of architecture described
in Section VI-B except the number of training epochs in
the architecture estimation phase. The experimental results of
hyper-parameters determination for BNAS and BNAS-CCE
can be found in Table I. Here, related experiments for
BNAS-CCLE perform similarly with BNAS so that we only
show the results of BNAS. In each case, we employ the mean
value and variance of five candidate architectures as evaluation
indices. As a result, we employ the following hyper-parameters
setting for the experiments in this article: 1) BNAS {vs = 2,
vd = 1, kd = 1}; 2) BNAS-CCLE {vs = 2, vd = 1, kd = 1};
and 3) BNAS-CCE {vs = 2, vd = 2, kd = 2}.

B. Architecture Search on CIFAR-10

Similarly, CIFAR-10 is chosen as the search data set and
applied a series of standard data augment techniques which can
be found in ENAS [16] for details. In BNAS, we chose five
candidate operations: 3 × 3 depthwise-separable convolution,
5 × 5 depthwise-separable convolution, 3 × 3 max pooling,
3 × 3 average pooling and skip connection as the components
of convolution Cell and enhancement Cell with seven nodes.

In the architecture search phase, the Nesterov momentum
is adopted and the learning rate follows the cosine schedule
with lmax = 0.05, lmin = 0.0005, T0 = 10, and Tmul = 2 [38]
for training the broad scalable architectures. Furthermore,
the experiment runs for 150 epochs with batch size 128.
For updating the parameters θ of the controller, the Adam
optimizer with a learning rate of 0.0035 is applied. On the one
hand, we train five candidate architectures in 310 epochs on
CIFAR-10 for hyper-parameters determination. On the other
hand, we train ten candidate architectures in 630 epochs on
CIFAR-10 for architecture estimation. Moreover, we adopt
identical experimental setting in the phase of architecture
search for each case.

The diagrams of the top-performing convolution Cells and
enhancement Cells discovered by BNAS using various broad
scalable architectures are shown in Fig. 10. In each case,
a family of broad scalable architectures with the same topolo-
gies but different-size by modifying the number of initial chan-
nels are constructed. The comparisons of BNAS using various
broad scalable architectures with other NAS approaches on
CIFAR-10 for different-size models under identical training
conditions are shown in Tables II–IV. Moreover, a popular
data augmentation technique, Cutout [21] is applied for BNAS
and its two variants in the architecture estimation phase rather
than the phase of architecture search.

C. Transferability of Learned Architecture on ImageNet

In this part, we transfer the architecture learned by BNAS
on CIFAR-10 to solve large-scale image classification tasks.
A large model stacked by the best performing Cells is built
for ImageNet 2012. This experiment is not only performed
for verifying the transferability of discovered architecture by
BNAS and its two variants but also proved the powerful
multi-scale features extraction capacity of the proposed broad
scalable architectures.

Similar to the experiments on CIFAR-10, some data aug-
ment techniques, for instance, randomly cropping and flipping
are applied on the input images whose size is 224×224. In this
experiment, the broad scalable architecture of BNAS-CCLE
consists of five convolution blocks and a single enhancement
block. Beyond that, only one deep Cell is employed in
each convolution block for deep representations extraction.
Furthermore, we train BNAS-CCLE for 150 epochs with batch
size 256 by using SGD optimizer with momentum 0.9 and
weight decay 3×10−5. The initial learning rate is set to 0.1 and
decayed by a factor of 0.1 when arriving at the 70th, 100th,
and 130th epoch. The setting for other hyper-parameters, e.g.,
label smoothing, gradient clipping bounds can be found in
DARTS [15] in detail.
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TABLE I

HYPER-PARAMETERS DETERMINATION FOR BNAS AND BNAS-CCE †

Table V summarizes the results from the point of view of
accuracy and parameter, and compares them with other state-
of-the-art image classifiers on ImageNet.

D. Results Analysis

1) Hyper-Parameters: According to Table I, we can draw
some conclusions for the hyper-parameters of broad scalable
architectures as below.

First, broad scalable architectures without deep Cell are
prone to yield poor accuracy and robustness in the phase
of architecture estimation. Therefore, deep representations
extracted by deep Cell are necessary for the proposed broad
scalable architectures. Second, deep Cell (here, we only show

the comparison between the number of deep Cell kd = 1
and kd = 2 due to the poor performance of kd = 0) and
enhancement Cell of BNAS and BNAS-CCE play different
roles as follows.

1) Fig. 11(a) and (b) visualize the influence of deep Cell
for BNAS under the same condition. Obviously, deep
Cell not always contributes to improve the performance
of broad scalable architecture which is different from the
deep one. BCNN is not only broad but also deep where
the broad topology is predominant, so that deep Cell may
deliver negative effect for performance improvement.
Fig. 11(c) and (d) visualize the influence of enhancement
Cell for BNAS under the same condition. From a global
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Fig. 10. Optimal architecture discovered by BNAS using various broad scalable architectures. (a) Convolution Cell for BNAS. (b) Enhancement Cell for
BNAS. (c) Convolution Cell for BNAS-CCLE. (d) Enhancement Cell for BNAS-CCLE. (e) Convolution Cell for BNAS-CCE. (f) Enhancement Cell for
BNAS-CCE.

TABLE II

COMPARISON OF THE PROPOSED BNAS WITH OTHER NAS APPROACHES ON CIFAR-10 FOR SMALL-SIZE MODEL

TABLE III

COMPARISON OF THE PROPOSED BNAS WITH OTHER NAS APPROACHES ON CIFAR-10 FOR MEDIUM-SIZE MODEL

perspective, the broad scalable architecture of BNAS
with a single enhancement block delivers the best per-
formance. As aforementioned, each enhancement block
is equipped with the same input and importance of the
connection between the enhancement block and GAP
layer. This leads to many redundancies of GAP accepted
representations from enhancement blocks so that the
case of vd = 1 yields the best performance.

2) Fig. 12(a) and (b) visualizes the influence of deep
Cell for BNAS-CCE under the same condition. Dif-
ferent from BNAS, the performance of BNAS-CCE is
proportion to the number of deep Cell. The topology
difference between the broad scalable architectures of
BNAS and BNAS-CCE is the primary cause of the above
phenomenon. Different from BNAS, the deep topology
is predominant due to the cascade of enhancement
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TABLE IV

COMPARISON OF THE PROPOSED BNAS WITH OTHER NAS APPROACHES ON CIFAR-10 FOR LARGE-SIZE MODEL

Fig. 11. Visualization of the influence of deep Cell and enhancement Cell
for BNAS. (a) Influence of deep Cell for BNAS with vs = 1. (b) Influence
of deep Cell for BNAS with vs = 2. (c) Influence of enhancement Cell for
BNAS with vs = 1. (d) Influence of enhancement Cell for BNAS with vs = 2.

blocks. As a result, more deep presentations contribute
to performance improvement.
Fig. 12(c) and (d) visualizes the influence of enhance-
ment Cell for BNAS-CCE under the same condition.
Similar to the influence of deep Cell in BNAS, enhance-
ment Cell cannot contribute to improve the performance
of the broad scalable architecture of BNAS-CCE who
uses the cascade of enhancement blocks. Two factors
result in the above situation: 1) the connection between
each enhancement block and GAP layer and 2) the
same spatial size of outputs of enhancement blocks. The
combination of the above two aspects leads to substantial

TABLE V

COMPARISON OF BNAS WITH OTHER STATE-OF-THE-ART

IMAGE CLASSIFIERS ON IMAGENET

contradictory information fed into the GAP layer that
needs high-quality representations as input for obtaining
high performance. As a result, more enhancement blocks
in the broad scalable architecture of BNAS-CCE cannot
contribute to improve its performance.

Moreover, we perform only a single run for each archi-
tecture in the experiment of hyper-parameters determination,
so that the results shown in Table I may suffer from the
issue of instability due to the impact of randomness and
nondeterminacy.

2) Performance: For the experiments on CIFAR-10, we use
three groups of learned architecture to construct a family of
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Fig. 12. Visualization of the influence of deep Cell and enhancement Cell
for BNAS-CCE. (a) Influence of deep Cell for BNAS-CCE with vs = 1.
(b) Influence of deep Cell for BNAS-CCE with vs = 2. (c) Influence of
enhancement Cell for BNAS-CCE with vs = 1. (d) Influence of enhancement
Cell for BNAS-CCE with vs = 2.

broad architecture where three models with different parame-
ters (about 0.5, 1.1, and 4 millions) are built based on the
learned architecture of each group. For small-size (0.5 million
parameters) and medium-size models (1.1 million parame-
ters), LEMONADE [22] and DPP-Net [23] are chosen as the
comparative NAS approaches. It is obvious that BNAS and
its two variants can deliver small- and medium-size broad
scalable architectures with the best accuracy for small-scale
image classification task. In particular, for the models with
0.5 million parameters shown in Table II, BNAS-CCE exceeds
those comparative NAS methods 1.04% which is a great
promotion. In Table IV, three large-size models are con-
structed, and several state-of-the-art NAS approaches (e.g.,
AmoebaNet [17], NASNet [11], DARTS [15], ENAS [16],
P-DARTS [24], and PC-DARTS [25]) are chosen for com-
paring with the proposed BNAS and its two variants. Appar-
ently, all proposed approaches achieve competitive results.
Moreover, BNAS-CCE also delivers the best performance
among three proposed NAS approaches that is 2.88% test error
(exceeds ENAS) with 4.8 million parameters.

Furthermore, two aspects (accuracy and parameter) are
compared for the experiment on ImageNet. Here, we only
transfer the architecture learned by BNAS-CCLE for Ima-
geNet. Moreover, we not only choose the NAS approaches
(second block of Table V) but also manual design models (first
block of Table V) as the comparative methods. From the point
of view of accuracy, BNAS-CCLE achieves 25.7% top-1 test
error which is a competitive result compared with state-of-
the-art model designed by P-DARTS [24]. The transferability
of learned architecture and the powerful multi-scale features
extraction capacity of the proposed broad scalable architecture
for large-scale image classification tasks can be proven. From
the perspective of a parameter, BNAS-CCLE obtains the above

competitive accuracy with 3.9 million parameters which is
state of the art for NAS approaches. Here, the multi-scale
features extracted by broad scalable architecture are fused
to yield more reasonable and comprehensive representations
for image classification so that BNAS-CCLE can make more
exact decisions for image classification problems with few
parameters.

From the above, a family of the broad scalable architectures
discovered by BNAS and its two variants excels in dealing
with both small and large-scale image classification tasks.
On the one hand, compared with other NAS approaches
(LEMONADE [22], DPP-Net [23]) for small-size model auto-
matic designing, BNAS and its two variants can achieve novel
performance with few parameters (especially 0.5 million) for
CIFAR-10 so that the effectiveness of them can be proven.
On the other hand, as for the results of ImageNet, the pow-
erful transferability of the optimal architecture learned by
BNAS-CCLE and the multi-scale features extraction capacity
of the proposed broad scalable architectures can all be proven
well.

3) Efficiency: As shown in Tables II–IV, the efficiency of
BNAS using various broad scalable architectures is about
16 580× and 9470× which are almost five order of mag-
nitudes faster than AmoebaNet and NASNet, respectively.
Comparing BNAS and its two variants with those relative
efficient NAS methods (e.g., Hierarchical Evo [36], PNAS
[26], and LEMONADE [22]), our approach uses about 1580×,
1180× and 420× less computational resources, respectively.
Furthermore, several state-of-the-art efficient NAS approaches,
DPP-Net [23], DARTS [15], P-DARTS [24], PC-DARTS [25],
and ENAS [16] are compared in detail with the proposed
approach below.

First of all, the comparisons of DPP-Net and our approach
are given. It is obvious that the proposed approach is about
21× faster than DPP-Net. Moreover, the performance of
our approach is better as aforementioned. Compared with
DARTS, a novel gradient-based NAS approach, BNAS, and
its variants are about 7.9× and 21× faster than it with
first-order and second-order approximation, respectively. How-
ever, the performance of BNAS-CCE exceeds DARTS with
first-order approximation rather than second-order approxima-
tion which uses 21× more computational resources than our
approach. Based on DARTS, two developed versions dubbed
P-DARTS and PC-DARTS obtain state-of-the-art efficiency.
The efficiency of our approach is 1.6× faster than P-DARTS
but 0.09 GPU days slower than PC-DARTS.

In particular, the search cost of BNAS and its two variants
is about 2.37× less than ENAS. As aforementioned, our
approach also adopts reinforcement learning and parameter
sharing used in ENAS. As a result, we can draw a conclu-
sion that the proposed broad scalable architectures contribute
to improve the efficiency of Cell search space-based-NAS
approaches. Moreover, the efficiency of NAS will be improved
further when combining the proposed broad scalable architec-
ture and PC-DARTS.

From the above, BNAS and its two variants deliver the
efficiency of 0.19 days with a single GPU that ranks the
best in RL-based NAS approaches. The proposed broad
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scalable architectures that contribute to reduce search cost and
performance drop simultaneously, are the main discrepancy
between our approach and ENAS. Furthermore, the utility
of the broad scalable architectures is guaranteed for Cell
search space-based NAS approaches (e.g., P-DARTS and
PC-DARTS). As a result, we believe that the combination of
the proposed broad scalable architecture and PC-DARTS can
deliver state-of-the-art efficiency.

VII. CONCLUSION

In this article, we propose a NAS approach using broad
scalable architecture dubbed BNAS. The core idea is designing
a scalable architecture with a broad topology dubbed BCNN
for replacing the deep one to accelerate the search process
further. We also analyze the universal approximation ability
of BCNN, and prove a theorem to verify the effectiveness
of the proposed architecture. Particularly, we also propose
two variants for BNAS dubbed BNAS-CCLE and BNAS-CCE
to examine the generalization performance of the proposed
approach. Moreover, the main difference between BNAS and
its variants is the topologies of the broad scalable architectures.
Focusing on two hyper-parameters of the proposed broad
scalable architectures, substantial experiments are performed
for the optimal determination of BNAS and its two variants.
Experimental results show that deep Cell and enhancement
Cell play an identical role in BNAS and BNAS-CCLE rather
BNAS-CCE the topology of the scalable architecture of which
is more deeper.

Through substantial experiments on CIFAR-10 and
ImageNet, the effectiveness of efficiency and accuracy
improvement of broad scalable architecture can be proven for
automatic architecture design. From the point of efficiency, our
approach delivers 0.19 GPU days (2.37× higher than ENAS)
that ranks the best in RL-based NAS approaches on CIFAR-10.
From the point of performance, our approach achieves state-
of-the-art performance for both small- and large-scale image
classification tasks in particular for small-size model on
CIFAR-10. For ImageNet, BNAS achieves comparative per-
formance using state-of-the-art parameter counts.

Furthermore, the utility of broad scalable architecture can be
guaranteed for Cell-based NAS approaches. As a result, we are
going to insert the proposed broad scalable architecture into
other NAS frameworks (e.g., evolutionary computation and
gradient-based) for efficiency improvement.
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