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Abstract—Neural architecture search (NAS) is inherently subject to the gap of architectures during searching and validating. To bridge

this gap effectively, we develop Differentiable ArchiTecture Approximation (DATA) with Ensemble Gumbel-Softmax (EGS) estimator

and Architecture Distribution Constraint (ADC) to automatically approximate architectures during searching and validating in a

differentiable manner. Technically, the EGS estimator consists of a group of Gumbel-Softmax estimators, which is capable of converting

probability vectors to binary codes and passing gradients reversely, reducing the estimation bias in a differentiable way. To narrow the

distribution gap between sampled architectures and supernet, further, the ADC is introduced to reduce the variance of sampling during

searching. Benefiting from such modeling, architecture probabilities and network weights in the NAS model can be jointly optimized

with the standard back-propagation, yielding an end-to-end learning mechanism for searching deep neural architectures in an extended

search space. Conclusively, in the validating process, a high-performance architecture that approaches to the learned one during

searching is readily built. Extensive experiments on various tasks including image classification, few-shot learning, unsupervised

clustering, semantic segmentation and language modeling strongly demonstrate that DATA is capable of discovering high-performance

architectures while guaranteeing the required efficiency. Code is available at https://github.com/XinbangZhang/DATA-NAS

Index Terms—Neural architecture search(NAS), ensemble gumbel-softmax, distribution guided sampling

Ç

1 INTRODUCTION

IN the last decade, deep learning has shown remarkable
passion and potential for AI applications, such as image

classification [1], [2], [3], object detection [4], [5] and semantic
segmentation [6], [7]. Inspired by its remarkable representa-
tion power, deep neural networks have raised the wave of
end-to-end learning and transform the dominant factor of
these applications from features extraction to architecture
design [8]. Unfortunately, deep neural architectures usually
need to be elaborately designed for specific tasks, leading to
the emergence of another tedious work, i.e., “network engi-
neering”. Besides, neural architecture is always treated as a
black box due to the lack of interpretability, which indicates

that designing suitable architecture typically still requires
tremendous efforts from human experts.

In order to eliminate such exhausting engineering, many
neural architecture search methods have been invented to
accomplishing the task automatically and raise a new steam
for AutoML [9], [10], i.e., evolution-based NASwhich searches
architecture with evolution algorithms [11], [12], [13], [14],
[15], [16], [17], [18], reinforcement learning-based NAS which
applies an RNN controller trained by RL algorithms to gener-
ate coded architectures [19], [20], [21], [22], [23], [24], [25].
However, as various childmodels are required to be evaluated
by these sampling-based methods, they are subject to limited
computing resources. Another stream of researchers propose
the gradient-based NAS which parameterizes architecture
with learnable parameters and updates them efficiently with
gradients [26], [27], [28], [29], [30]. Benefiting from such efforts,
searching cost is reduced remarkably and significant successes
have been achieved in a multitude of fields, including image
classification [31], [32], [33], [34], semantic segmentation [35],
[36], and object detection [37], [38], [39], [40].

Although the achievements in the literature are brilliant,
these methods suffer from the gap between architectures
during searching and validating. Subjecting to the continu-
ity requirement of gradients, most gradient-based methods
build a continuous supernet containing all candidates by
assigning architecture parameters to every possible path.
During searching, network weights and architecture param-
eters can be optimized with gradients. After searching, the
final architecture is obtained by simply selecting the path
with the highest architecture parameter. In spite of the
efficiency demonstrated by gradient-based methods, this
pipeline may suffer from several problems. First, feasible
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paths in a learnable supernet are dependent on each other
and become deeply coupled during searching, architecture
parameters cannot indicate the importance of relative opera-
tions. Estimating the contribution of single operation by rela-
tive weight in the supernet may introduce estimation bias on
the importance of operations. Second, as the optimization of
network weights and architecture parameters is entirely
based on the continuous supernet, obtaining child networks
through discretizing the supernet may naturally destroy the
completeness of the original network. Due to these gap dur-
ing searching, the effectiveness and efficiency of these search
algorithmsmay be degraded. In order to eliminate these limi-
tations, Differentiable ArchiTecture Approximation is pro-
posed to minimize the gap of architectures during searching
and validating. Instead of optimizing architecture in a super-
net, we propose to sample child architectures in the searc-
hing process and optimize relative weights and architecture
probability. Therefore, different paths are decoupled through
sampling and impact from completeness destruction can be
avoided. To achieve this goal, we develop a sampling-based
estimator Ensemble Gumbel-Softmax (EGS) estimator, an ense-
mble of a group of Gumbel-Softmax estimators, which is in
a position to sample multi-operations architectures that
approaches the supernet during searching as close as possi-
ble, while maintaining the differentiability of a promising
NAS pipeline for required efficiency. Besides, Architecture
Distribution Constraint is proposed to narrow the distribution
gap between sampled architectures and supernet as well as
improving the stability of sampling. That is, our EGS estima-
tor suffices to not only bridge the gap between searching and
validating but also pass back-propagated gradients seam-
lessly, yielding an end-to-end mechanism of searching suit-
able neural architectures in a more complex and challenging
search space.

To sum up, the main contributions of this work are:

� Though generalizing the Gumbel-Softmax estimator,
we develop the EGS estimator, which is capable of
performing multi operations sampling in the search-
ing process with high effectiveness and efficiency.

� The EGS estimator enable our algorithm to search
architecture with the standard back-propagation and
seamlessly bridging the estimating gap of architec-
tures between searching and validating, yielding an
end-to-end mechanism of searching deep models in
a larger while more challenging search space.

� To minimize the distribution discrepancy between
the supernet and the sampled child network, a regu-
lation termed as architecture distribution constraint
(ADC) is introduced, which is in a position to reduce
the variance of sampling during searching.

� Extensive experiments demonstrate that our algo-
rithm outperforms current NAS methods in search-
ing high-performance convolution and recurrent
architectures for image classification, semantic seg-
mentation, few shot learning, unsupervised cluster-
ing and language modeling.

It should be noted that a previous version of this work has
been published in NeurIPS 2019 [41], we further extend our
previous work methodologically and empirically. For the
methodological aspect, we improve DATA by introducing an

architecture constraint (ADC) to bridge the neural architecture
distribution gap caused by completeness destruction.With the
help of ADC, architecture distribution appears ideally cate-
gorical distribution. As for the empirical aspect, extensive
experiments are conducted to demonstrate the effectiveness
of ourmethod. First, we extend ourmethod from image classi-
fication to other crucial while challenging tasks including few-
shot learning and unsupervised clustering with significant
improvement, demonstrating the universality of our method.
Second, numerous ablation experiments, visualizations and
analyses are presented to comprehensively evaluate the pro-
posedmethod.

The remainder of this paper is organized as follows: a
brief review on the related work of sampling-based NAS
methods including evolution-based NAS as well as rein-
forcement learning-based NAS, and gradient-based NAS
methods is given in Section 2. We formulate the problem of
differentiable neural architecture search in Section 3, fol-
lowed by the developed NAS method in Section 4. Compre-
hensive experimental results are reported and analyzed in
Section 5. Finally, this paper is concluded in Section 6.

2 RELATED WORK

Recently, discovering neural architecture automatically has
raised great interest in both academia and industry [19],
[40], [42], [43], [44], [45]. Nowadays, NAS methods can be
roughly divided into two classes according to searching
strategies [9], i.e., the sampling-based NAS method and the
gradient-based NAS method.

2.1 Sampling-Based NAS

Sampling-based NAS methods sample child architectures
from particular search spaces and apply nested optimiza-
tion to search suitable architectures based on the perfor-
mance of sampled architectures. Typical sampling-based
NAS methods include the evolution-based NAS methods
and the reinforcement learning-based NAS methods. His-
torically, evolutionary algorithms have already been heavily
investigated and applied in evolving neural architectures
[46], [47], [48]. Recently, [11], [13], [14], [15], [16] bring this
idea back by applying evolutionary algorithms in a CNN
search space. Modifications like inserting layer, adjusting
filter size and adding identity mapping are designed as
mutations.

Another stream of researches utilize an RNN network as
agent to generate architectures automatically. Reinforce-
ment learning is applied to train the agent based on the per-
formance of child architectures. In the pioneering work [24],
RNN networks serve as controllers to decide the types and
parameters of layers sequentially. The performance of the
generated architectures work as rewards for reinforcement
learning to train the controller in turn. Although such
method achieves remarkable results, 800 GPUs are used to
obtain a suitable architecture on the CIFAR-10 dataset,
which is extremely computationally expensive. Based on
this pipeline, many NAS methods are proposed to acceler-
ate searching process. Specifically, [23], [25] apply a dimin-
ished search space, they search the architecture of a single
block and stack the searched block structure to generate
final network. In [22], network weights are shared among
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child networks, saving searching time by reducing the cost
of evaluating child networks individually. Additionally, a
series of well-performing methods have also been explored,
including progressive search [34] and multi-objective opti-
mization [21], [39].

In spite of the high interpretability and feasibility of the
sample-based methods, both evolution-based and reinforce
learning-based NASmethods have the following two limita-
tions. First, most of them are source-hunger and computa-
tionally expensive. An inherent cause is that they recast
NAS as a black box optimization problem, which indicates
that numerous architectures are required to be validated
during searching. Second, the search spaces are constrained,
i.e., the number of operations needs to be predefined. Con-
sequently, the performance of these methods will be
degraded because of the limited search spaces.

2.2 Gradient-Based NAS

Contrary to treating architecture search as a black-box optimi-
zation problem, gradient-based NAS methods utilize gra-
dients to optimize neural architecture [27], [28], [29], [30].
Because of the discreteness of architectures, however, it is
impossible to propagate gradients to optimize architects
directly. To eliminate this problem, various methods are pro-
posed to estimate gradients for searching architectures. Typi-
cally, NAO [28] utilizes RNN networks as encoder and
decoder to map architectures into a continuous network
embedding space and conduct optimization in this spacewith
gradient-based method. Although NAO achieves remarkable
results, 200 GPU days are required to obtain a suitable net-
work, this search cost make it incompetent for wide applica-
tion. To relax the discrete search space to be continuous,
DARTS [27] builds a superent with architecture parameters
and optimize architecture parameters with back-propagated
gradients. Another stream of researchers formulate NAS as a
pruning process. They build a fully connected network and
pruning redundant paths with compression methods such as
sparse regulation [49] and binarization [50]. Although gradi-
ent-based NAS methods demonstrate as efficient as 0.5 GPU
days searching cost [27] on the CIFAR-10 dataset, final archi-
tectures are obtained by discretizing a continuous supernet,
whichwill naturally lead to the estimation bias of every opera-
tion and completeness destruction of supernet. Furthermore,
the number of operation for every node is fixed strictly, lead-
ing to a limited search space. To prevent the impact of com-
pleteness destruction, several methods optimize discrete
architecture directly. Technically, ProxylessNAS [50] casts
NAS as a path-level selecting process and optimize individual
paths with binary optimization [51]. Contemporary to this
work, SNAS [30] samples and optimizes candidate architec-
tures directly with concrete optimization [52]. Unfortunately,
they only focus on the affect of discretization and still suffer
from the limitation of search space, in spite of their remarkable
efficiency and results.

Different from the sampling-based NAS and gradient-
based NAS, we focus on bridging the gap between search-
ing and validating while keeping the efficiency of gradient-
based NAS methods. For effectiveness, an architecture
ensemble method is proposed to enlarge search space by
allowing more complicated combinations of operations. As

for efficiency, operations for different paths are sampled
according to the corresponding architecture probabilities
where efficient gradient optimization methods are applied
to update architecture probabilities.

3 DIFFERENTIABLE ARCHITECTURE SEARCH

In practice, any architecture in the search space can be
parameterized with a binary code. Before introducing our
approach, we first briefly review the objective of NAS. With-
out loss of generality, the architecture search space A can be
naturally represented by directed acyclic graphs (DAG)
each consisting of an ordered sequence of nodes. For a spe-
cific architecture, it always corresponds to a graph a 2 A,
represented as Nða; wÞ with network weights w. Intrinsi-
cally, the goal of NAS is to find a graph a� 2 A that mini-
mizes the validation loss, where the network weights w�

associated with the architecture a are obtained by minimiz-
ing the training loss, i.e.,

min
a2A

LvalðN ða; w�ÞÞ;
s:t: w� ¼ argmin

w
LtrainðN ða; wÞÞ: (1)

This implies that the essence of NAS is to solve a bi-level
optimization problem, which is hard to optimize due to the
nested relationship between architecture parameters a and
network weights w. To handle this issue, we parameterize
architectures with binary codes and devote to jointly learn-
ing a and w in a differentiable way.

3.1 Parameterizing Architectures With Binary
Codes

For simplicity, we denote all DAGs with n ordered nodes as

A ¼ feði;jÞj1 � i < j � ng, where eði;jÞ indicates a directed
edge from the i-th node to the j-th node. Corresponding to
each directed edge eði;jÞ, there are a set of candidate primi-
tive operations O ¼ fo1; � � � ; oKg, such as convolution, pool-
ing, identity, and zero. With these operations, the output at
the j-th node can be formulated as

xðjÞ ¼
X
i < j

oði;jÞðxðiÞÞ; (2)

where xðiÞ denotes the input from the i-th node, and oði;jÞð�Þ
is a function applied to xðiÞ which can be decomposed into a
superposition of primitive operations in O, i.e.,

oði;jÞðxðiÞÞ ¼
XK
k¼1

A
ði;jÞ
k � okðxðiÞÞ;

s:t: A
ði;jÞ
k 2 f0; 1g; 1 � k � K;

(3)

where okð�Þ is the k-th candidate primitive operation in O,

and A
ði;jÞ
k signifies a binary weight to indicate whether the

operation okð�Þ is utilized on the edge eði;jÞ. For a network,

by such definition, there is one and only one architecture
code A 2 f0; 1gn�n�K that corresponds to it, which implies

that we can learn the code A to approximate the optimal

architecture in A.
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3.2 From Probability Vectors to Binary Codes

Benefiting from the uniqueness property of our architecture
code A, the task of learning an architecture can therefore be
converted to learning the optimal binary codeA. However, it
is a fussy NP-hard problem, and is difficult to solve directly.
To overcome the obstacle, we introduce a binary function
fð�Þ to approach the optimal binary codes with probability
vectors, which can be easily obtained in deep models. For-
mally, the categorical choice in Eq. (3) can be rewritten as

~oði;jÞðxðiÞÞ ¼
XK
k¼1

f P
ði;jÞ
k

� �
� okðxðiÞÞ;

s:t:
XK
k¼1

P
ði;jÞ
k ¼ 1; P

ði;jÞ
k � 0;

f P
ði;jÞ
k

� �
2 f0; 1g; 1 � k � K;

(4)

where P
ði;jÞ
k is the k-th element in the probability vector

Pði;jÞ 2 RK and denotes the probability of choosing the k-th
operation on the edge eði;jÞ, and fð�Þ represents a binary
function that suffices to map a probability vector to a binary
code and pass gradients in a continuous manner. Specifi-
cally, fð�Þ is chosen to be a monotonically increasing func-
tion in our method, i.e.,

f P
ði;jÞ
k1

� �
� f P

ði;jÞ
k2

� �
; if P

ði;jÞ
k1

� P
ði;jÞ
k2

; (5)

where 1 � k1; k2 � K, P
ði;jÞ
k is the k-th element of P ði;jÞ. By

substituting A
ði;jÞ
k with fðP ði;jÞ

k Þ and considering P
ði;jÞ
k inst-

ead as the variable to be optimized, we have successfully

achieved a continuous relaxation. Benefiting from the flexi-

bility of our formulation, furthermore, the optimization of

NAS in Eq. (1) can be seamlessly jointed together, i.e.,

min
a

Ea�P½LvalðN ða; w�ÞÞ	;
s:t: w� ¼ argmin

w
LtrainðN ða; wÞÞ: (6)

where a � P signifies that an architecture a is sampled from
the architecture distribution P 2 Rn�n�K .

With the objective in Eq. (6), themain process of optimizing
it is to minimize the expected performance of architectures

associated with K probability vectors P 2 Rn�n�K . Unfortu-
nately, Eq. (6) is difficult to solve directly as higher order
derivatives are required. To solve this problem, an alternative
optimization strategy is applied to optimize P and w in two
individual datasets iteratively. That is, the network a is first
generated from the binary function fð�Þ and architecture prob-
ability P. Afterward, gradients of P and w calculated on two
divided datasets respectively are yielded to modify these
parameters better. Because of the differentiability, both archi-
tecture probabilities and weights can be optimized end-to-
end by the standard back-propagation algorithm. In the end,
the network architecture a is identified by P, and the network
weights are estimated by retraining on the whole training set.
A conceptual visualization of such a process is illustrated
in Fig. 1.

4 DATA: DIFFERENTIABLE ARCHITECTURE

APPROXIMATION

Although the reformulation presented in Section 3.2 makes
the search space continuous, how to define the binary func-
tion fð�Þ as desired to map each probability to a binary code
needs to be sorted out. For a coarse fð�Þ, it may aggravate
the gap between architectures during searching and validat-
ing, such as DARTS [27] and SNAS [30] that strictly limit the
binary codes as one-hot vectors. As for a refined fð�Þ, we
introduce an Ensemble Gumbel-Softmax (EGS) estimator to
optimize the NAS problem with a principled approxima-
tion. As such, our model can be directly optimized with the
back-propagation algorithm in an end-to-end way, bridge
the gap between architectures during searching and validat-
ing as much as possible, yielding an efficient and effective
searching mechanism.

4.1 Gumbel-Softmax (GS)

A natural formulation for representing discrete variable is
to use the categorical distribution. However, partially due
to the inability to back-propagate information through sam-
ples, it seems rarely applied in deep learning. In this work,
we resort to the Gumbel-Max trick [53] for enabling back-
propagation and representing the process of taking decision
as sampling from a categorical distribution, in order to

Fig. 1. A conceptual visualization for the searching process with M ¼ 2. (a) First, an architecture (i.e., directed acyclic graph) consisting of four
ordered nodes is predefined. (b) In the searching process, with three candidate primitive operations (i.e., green, orange and cyan lines), the binary
function fð�Þ is employed to generate a path according to corresponding probabilities in a differentiable manner for M times. The sampled paths are
ensembled to generate a new architecture. (c) Finally, the details of the cell can be generated according to the learned architecture probabilities.
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perform NAS in a principled way. Specifically, given a
probability vector p ¼ ½p1; . . . ; pK 	 and a discrete random
variable with P ðL ¼ kÞ / pk, we sample from the discrete
variable L by introducing the Gumbel random variables. To
be more specific, we let

L ¼ arg max
k2f1;���;Kg

L̂k; (7)

where L̂k indicates the probability pk is the maximal entry in
p, which is estimated by the Gumbel-Softmax. Formally, the
Gumbel-Softmax (GS) estimator can be expressed as:

L̂k ¼ exp log pk þGkð Þ=tð ÞPK
k¼1 exp log pk þGkð Þ=tð Þ ; 1 � k � K; (8)

where t is a temperature. When t ! 0, ½L̂1; . . . ; L̂K 	 con-
verges to an one-hot vector, and in the other extreme it will
become a discrete uniform distribution with t ! þ1.
fGkgk�K is a sequence of the standard Gumbel random vari-
ables, and they are typically sampled from the Gumbel dis-
tribution G ¼ 
log ð
log ðXÞÞ with X � U½0; 1	. Benefiting
from the Gumbel random variables, the expectation of
selecting path k is equal to probability pk, as shown by [53]:

E Pr argmaxðL̂Þ ¼ k
� �� � ¼ pk: (9)

An obstacle to directly applying such an approach is that
the argmax operation is not continuous and cannot pass
gradient. One straightforward way of dealing with this
problem is to replace the argmax operation in Eq. (7) with a
softmax [54]. Unfortunately, the distribution neural archi-
tecture is intrinsically discrete and forcing it to be continu-
ous may introduce bias between searching and validating.
To solve this problem, we estimate the gradient of L̂k by the
gradient of the one-hot vector of L.

From the expression in Eq. (8), we see that GS estimator
pertains solely to deal with the problems that only one cate-
gory requires to be determined, i.e., the outputs are one-hot
vectors instead of any binary code. In NAS, however, an
optimal architecture may require multiple operations on
one edge, considering the practical significance [3], [56]. For
instance, the residual module y ¼ F ðxÞ þ IðxÞ in ResNets [3]
consists of two operations with a learnable mapping F ð�Þ
and the identity Ið�Þ. That is, choosing different operations
in O may not be mutually exclusive but compatible. One
direct way of handling this limitation is to map all possible
operation combinations to 2K-dimensional vectors, where
K is the number of candidate operations in O. However, it
seems difficult to search architectures efficiently when there
are many candidate operations, i.e.,K is really large.

4.2 Ensemble Gumbel-Softmax (EGS) for Any
Binary Code

To address the aforementioned limitation in the traditional
GS estimator, Ensemble Gumbel-Softmax (EGS) estimator is
proposed to model the binary function fð�Þ formulated in
Eq. (4), which is capable of choosing diversiform numbers
of operations on different edges. To this end, architectures
are equally recoded into a group of one-hot vectors that can
be sampled from probability vectors with the GS estimator.

Because of the equivalency, in turn, any architecture is sam-
pled by compositing the results from the GS estimator.

For clarity of exposition, the recoding of Aði;jÞ 2 f0; 1gK is
described only, where Aði;jÞ implies the chosen operations
on an edge eði;jÞ. Naturally, such a K-dimensional vector
Aði;jÞ 2 f0; 1gK can be recoded into a superposition of K
one-hot vectors, i.e.,

Aði;jÞ ¼
XK
k¼1

vk � aði;jÞk ; vk 2 f0; 1g; 1 � k � K; (10)

where a
ði;jÞ
k 2 RK is a K-dimensional one-hot vector that

uniquely corresponds to the operation ok 2 O, vk ¼ 1
implies that the operation ok is chosen on edge eði;jÞ, and
vk ¼ 0 otherwise. Benefiting from the equivalence, any
architecture code can be represented with a group of one-
hot vectors, and one-hot vectors can also be sampled from
probability vectors with the GS estimator. Intrinsically, such
straightforward process can be considered as the inverse
operation of the binary function fð�Þ. That is, the problem of
modeling the binary function fð�Þ can be recast as to find
the inversion of such process.

Inspired from the above relationship between architec-
ture codes, one-hot vectors and probability vectors, we
model the binary function fð�Þ by introducing the inversion
of this relationship. In Fig. 2, a visualized comparison
between the GS and EGS estimators intuitively shows that
our EGS estimator is better than the GS estimator, in terms
of both sampling capability and rationality. Given a proba-
bility vector, the EGS estimator, an ensemble of multiple GS
estimators, is profound for sampling any binary code, i.e.,

Ensemble Gumbel-Softmax. For a K-dimensional probability
vector p ¼ ½p1; . . . ; pK 	 2 RK and M one-hot vectors fzð1Þ; . . . ;
zðMÞg sampled from p with the GS estimator, the K-dimensional
binary code b ¼ ½b1; . . . ; bK 	 2 f0; 1gK sampled with EGS is

bk ¼ max
1�i�M

z
ðiÞ
k

� �
; 1 � k � K;

where M is sampling times, bk is the k-th element in b, and z
ðiÞ
k

indicates the k-th element in zðiÞ.

4.3 Minimizing Distribution Gap With Architecture
Distribution Constraint (ADC)

Although EGS is in a position to obtain arbitrary binary
codes in a differentiable manner, it still suffers from high

Fig. 2. A visualized comparison between Softmax, Gumbel-Softmax and
ensemble Gumbel-Softmax (M ¼ 2). For a probability vector p ¼
½0:5; 0:5	, Gumbel-Softmax solely pertains to sample only two binary
codes with the same probability, i.e., P ð½1; 0	Þ ¼ P ð½0; 1	Þ ¼ 0:5. In con-
trast, our ensemble Gumbel-Softmax is capable of sampling more
diversified binary codes, i.e., [1,0], [1,1] and [0,1]. Furthermore, the prob-
abilities of sampling these binary codes are logical. Typically, it is con-
ceptually intuitive that the probability of sampling [1,1] is larger than the
probabilities of sampling the others since the probabilities in p ¼
½0:5; 0:5	 are equal to each other.
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variance in the validating process. The basic idea of DATA
is sampling a suitable child network from supernet under
the hypothesis that the sampled child architecture and
supernet have the same representation capability and per-
formance. Formally, to keep the consistent performance of
sampled architectures in both searching and validating
stage, the original distribution P of the supernet and the
binary distribution f Pð Þ of sampled architectures, are sup-
posed to obey the following approximation:

Pði;jÞ � f Pði;jÞ
� �

; (11)

where f Pði;jÞ� �
is the binary vector sampled by the EGS esti-

mator. Unfortunately, the gap between the original distribu-
tion Pði;jÞ and the binary decision f Pði;jÞ� �

always exists.
Since EGS is intrinsically a sampling function that may
cause the discrepancy between continuous distribution of
supernet and binary distribution of child architectures, the
discrepancy will in turn reduce the stability of sampling
and inconsistent performance of child architectures. Based
on the experiments conducted on the CIFAR-10 dataset, we
illustrate the obtained architecture distribution and the
derived distribution by fð�Þ in Fig. 4a and 4b, respectively.
As the illustration shows, the approximation Eq. (11) is
hardly satisfied, the difference between these two distribu-
tions will lead to the unignorable representative gap bet-
ween obtained architectures and the supernet. Beside, the
probability difference between operations is too narrow to
identity necessary operation, which may make the opera-
tion selection more sensitive to noise. As a consequence,
sampled child architectures are of high variety, damaging
the stability of sampling process and consistency between
supernet and child architectures.

To solve this problem, a constraint on the architecture
distribution Gð�Þ is introduced to help the original distribu-
tion P converge to sampled binary distributions f Pði;jÞ� �

in
the searching process. Specifically, the regulation in this
work is generally formulated as

GðPÞ ¼
X
i;j

Pði;jÞ 
 f Pði;jÞ
� ���� ���t; (12)

where t is a hyper-parameter in Gð�Þ. With different t, vari-
ous losses can be derived. In our experiment, the L1 dis-
tance loss t ¼ 1 is employed. By restricting the learned
architecture distribution to approach the natural discrete
one, ADC is capable of reducing the discrepancy between
these two distributions and the noise of sampling. The
objective function in Eq. (1) can therefore be modified as:

min
a

Ea�P½LvalðN ða; w�ÞÞ	 þ gGðPÞ;
s:t: w� ¼ argmin

w
LtrainðN ða; wÞÞ; (13)

where g represents the regulation weight. With the guid-
ance of this regulation, the gap between architecture distri-
bution can be bridge effectively and efficiently.

4.4 Understanding DATA

To reveal the serviceability and sampling capability of
the developed EGS estimator, according to the definition

Ensemble Gumbel-Softmax, three basic propositions are given
in the following.

Interpretability. For arbitrary probability vector p ¼ ½p1; . . . ;
pK 	 and sampling times M, the K-dimensional binary code b 2
f0; 1gK sampled with EGS alwaysmeets

P ðbk1 ¼ 1Þ � P ðbk2 ¼ 1Þ , pk1 � pk2 ;

1 � k1; k2 � K;
(14)

where P ðbk ¼ 1Þ is the probability of bk ¼ 1, and
P ðbk1 ¼ 1Þ ¼ P ðbk2 ¼ 1Þ , pk1 ¼ pk2 .

Proposition Interpretability means that the binary codes
sampled with the EGS estimator strictly depend on the
probabilities at the corresponding locations. EGS satisfies
Eq. (5) and always tends to be a monotonically increasing
function in terms of probability. That is, EGS suffices to act
as the binary function fð�Þ.

Expressivity: For arbitrary probability vector p ¼ ½p1; . . . ; pK 	
and number of sampling times M, the EGS estimator is capable of
sampling K

M

� �� 2M 
 1
� �

different binary codes, which includes
the whole binary codes with up toM ones and at least 1 one.

Proposition Expressivity indicates that the sampling capa-
bility of the EGS estimator increases exponentially with
sampling timesM. In practice, largerM is always employed
to deal with more complex tasks for effect, and smaller one
can be utilized to search more lightweight networks for effi-
ciency. Benefiting from the high expressivity of our search
space, DATA suffices to explore the distribution of architec-
tures in a giant search space.

Diversity: For arbitrary probability distribution vector p ¼
½p1; . . . ; pK 	 and number of sampling times M, the probability for
coded architecture a ¼ ½a1; . . . ; ai; . . . ; aK 	; ai 2 f0; 1g can be cal-
culated by:

P ðaÞ ¼
X
ti

M!

t1! � � � tK !
YK
j¼0

ðajpjÞtj ;

t1 þ t2 þ � � � þ tK ¼ M; ti � ai; ti 2 Z:

(15)

Proposition Diversity demonstrates that the posterior for
any architecture in the search space can be calculated
according to the learned probability distribution. Different
from most existing NAS methods that search for proper
architecture for specific task, DATA makes a further step to
explore the distribution for neural architecture and learn
the intrinsic probability of architectures.

5 EXPERIMENTS

In this section, we evaluate the performance of our method
on several tasks and benchmark datasets. Furthermore,
numerous ablation experiments are also conducted to sys-
tematically and comprehensively analyze the proposed
method. Our search space is totally based on the one pro-
posed by DARTS [27] except for unlimited number of opera-
tions for every edge. For convolution cells, every cell
consists of n ¼ 7 nodes, among which the output node is
defined as the depthwise concatenation of all the intermedi-
ate nodes. The larger networks are always built by stacking
multiple cells together. In the k-th cell, the first and the sec-
ond nodes are set equally to the outputs in the ðk
 2Þ-th
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and the ðk
 1Þ-th cells, respectively, with 1� 1 convolution
as necessary. The candidate primitive set O for convolu-
tional cell includes eight typical operations, i.e., 3� 3 and
5� 5 separable convolutions, 3� 3 and 5� 5 dilated separa-
ble convolutions, 3� 3 max pooling, 3� 3 average pooling,
identity, and zero. In order to preserve their spatial resolu-
tions, all operations are of stride one and convolutional fea-
ture maps are padded if necessary. The ReLU-Conv-BN
order is utilized in the whole convolution operations, and
every separable convolution is always applied twice. As for
recurrent architecture, there are n ¼ 12 nodes in a recurrent
cell. Similar to ENAS [22] and DARTS [27], the very first
intermediate node is obtained by linearly transforming the
two input nodes, adding up the results and then passing
through the tanh function, and the rest of activation func-
tions are learned with DATA and enhanced with the high-
way [57]. The batch normalization [58] is applied in each
node to prevent gradient explosion in searching, and dis-
able it during validation. In addition, the recurrent network
consists of only a single cell, i.e., any repetitive pattern is not
assumed in the recurrent architecture. Available operations
include five popular functions: sigmoid, tanh, relu, identity
and zero, following the setting in [22], [25], [27]. As a greatly
improved work of DARTS, specifically, the experimental
settings always inherit from it, if not particularly stated.

5.1 Architecture Learning on Image Classification

A good starting point for neural architecture search is the
classical and widely-applied computer vision task, image
classification. We apply DATA on the standard image clas-
sification dataset, i.e., the CIFAR-10 dataset, with sampling

time M set to 4 and 7. A supernet consisting of 8 cells is
applied following previous works [16], [25], [27], [34]. The
reduction cell where all the operations adjacent to the input
nodes are of stride two is utilized at the 1=3 and the 2=3 of
the total depth of the network, and the remaining cells are
normal cells whose operations are of stride one.

To evaluate the searched architecture, we train a larger
network of 20 cells from scratch for 600 epochs with batch
size 96 and report its test error, following [27]. For fair com-
parison, we apply cutout with size 16, path dropout of prob-
ability 0.2 and auxiliary towers with weight 0.4 following
exiting works [16], [25], [27], [34], [61]. We report the
mean of five independent runs with different initializations.
The obtained normal cells and reduction cells with M ¼ 4
and M ¼ 7 are illustrated in Fig. 3a, 3b, 3c, 3d, and the
FLOPs of the obtained architectures are 443 M and 528 M
respectively.

Table 1 gives the classification results of DATA and other
NAS methods, which shows that DATA yields compar-
able or better results comparing with other state-of-the-art

Fig. 3. Architectures learned on different tasks with DATA, where the five operations: separable convolution, dilated convolution, max pooling, aver-
age pooling and identity mappling are represented by ‘sc’, ‘dc’, ‘mp’, ‘ap’ and ‘id’ in short. Normal cells and reduction cells learned on classification
task with (a) (b) M = 4 and (c) (d) M = 7. (e) (f) Normal cells and reduction cells learned on one-shot learning task, (g) (h) five-shot learning task and
(i) (j) unsuperwised clustering task. (k) Recurrent cell learned on language modeling task.

Fig. 4. The sampling process of DATA is actually transforming the
learned distribution into binary distribution, inducting the distribution dis-
crepancy between derived architecture and the supernet.
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methods with significantly less computation resources. Our
experiments verify that DATA can effectively and efficiently
search worthy architectures for classification. In DATA, fur-
thermore, higher accuracy is yielded when M ¼ 7 com-
pared with M ¼ 4. This scenario is in accordance with our
motivation that richer search space is beneficial for obtain-
ing better architecture.

5.2 Visualization of Searching Process

To better understand the searching process of DATA, we
sample the architecture structures generated in different
epochs to visualize the searching process of DATA with
M ¼ 4. As illustrated in Fig. 5. The searching process of
DATA is similar to the process of neural network pruning.
DATA starts from highly connected architecture and gradu-
ally deletes unless connections, obtaining difficult patterns.
Finally, DATA converges for the specific task. Interestingly,
the skip connection operation is usually combined with dif-
ferent convolution operations such as separate convolution
and dilated convolution, which confirm one of the basic
ideas of DATA that the cooperation between different oper-
ations contribute to better performance of architectures. The
obtained patterns may also help understand architecture
and inspire architecture design.

We also visualize the probability for every operation in
the searching process, shown in Fig. 6. Our experiments
show the probability distribution starts from uniform distri-
bution and gradually indicates the importance of every
operation. By taking advantage of ADC, the distribution
architecture gradually converges to binary distribution.

Apart from the evolution of architecture distribution, it is
also notable that the convergence speed of DATA is

comparable or better than other neural architecturemethods,
shown in Fig. 7a. Compared with ENAS and SNAS, DATA
takes fewer epochs to converge to higher validation accuracy
even with larger search space, indicating the efficiency of
DATA. At the end of searching, the validation accuracy of
our method is also higher than other methods. Besides, per-
formance of obtained architectures also improves steadily in
the searching process, as illustrated in Fig. 7b.

To prove the validity of DATA to bridge the gap between
searching and validating, we compare performance of dif-
ferent gradient-based methods in these two phases, specifi-
cally, the accuracy of supernet and child networks on the
validation set. As shown in Table 2, although DARTS con-
verges faster than DATA, the child architectures of it suffer
from unignorable accuracy drop due to the gap between
searching and validating. As for DATA, the performance of
child architectures is consistent with the supernet, indicat-
ing DATA can bridge this gap effectively. It is also notable
that the architecture distribution constraint is capable of
improving the performance of both supernet and child net-
work, indicating the effectiveness of it.

5.3 Transferability Validation on ImageNet

To prove the transferability of our method, we transform
the architecture learned on CIFAR-10 to a large and stan-
dard dataset, ImageNet datasets. On ImageNet, the mobile
setting where the input image size is 224�224 is applied
and the number of multiply-add operations is restricted to
be under 600M. Following [27], we evaluate the obtained

TABLE 1
Comparison of Image Classification Architectures on CIFAR-10

Architecture
Test Error Params Search Cost

(%) (M) (GPU days)

ResNet-110 [3] 6.43 1.70 -
DenseNet-BC [59] 3.46 25.6 -

NAS v1 [24] 5.50 4.2 22400
NAS v2 [24] 6.01 2.5 22400
NAS v3 [24] 4.47 7.1 22400
NASNet-A+cutout [25] 2.65 3.3 2000
NASNet-B [25] 3.73 2.6 2000
PNAS [34] 3.41 3.2 225
Hierarchical evolution [60] 3.75 15.7 300
AmoebaNet-A [16] 3.34 3.2 3150
AmoebaNet-B+cutout [16] 2.55 2.8 3150
ENAS+cutout [22] 2.89 4.6 0.5

NAONet [28] 3.18 10.6 200
NAONet-WS [28] 3.53 3.1 0.4
DARTS(1-th order)+cutout [27] 3.00 3.3 0.5
DARTS(2-th order)+cutout [27] 2.76 3.3 1
SNAS+mild+cutout [30] 2.98 2.9 1.5
SNAS+moderate+cutout [30] 2.85 2.8 1.5
SNAS+aggressive+cutout [30] 3.10 2.3 1.5
GDAS [26] 2.93 3.4 0.21
DSO-NAS [49] 2.74 3.0 1

Random baseline+cutout 3.29 3.2 -
DATA (M ¼ 4)+cutout 2.64 2.8 1
DATA (M ¼ 7)+cutout 2.53 3.4 1

Fig. 5. Evolution of normal cells during searching. The children architec-
tures obtained at the (a) 25-th, (b) 50-th, (c) 75-th, (d) 100-th epoches.

Fig. 6. Obtained architecture distributions in the searching process. The
distributions of norm cell and reduction cell are shown in the first row
and the second row respectively.
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structures in an architecture consisting of 14 cells. The archi-
tecture is trained for 250 epoches with batch size 128, weight
decay 3�10
5 and poly learning rate scheduler with initial
learning rate 0.1. Other regulations including label smooth-
ing [55] and auxiliary loss [61] are used for fair comparison
following [27].

In Table 3, we report the quantitative results on Image-
Net. Note that the cell searched on CIFAR-10 can be
smoothly employed to deal with the large-scale classifica-
tion task. Compared with other gradient-based NAS meth-
ods, furthermore, greater margins are yielded on ImageNet.
A possible reason is that more complex architectures can
be searched in DATA because of the larger search space.
Consequently, such more complex architectures handle
more complex task on ImageNet with better performance.
Our experiments also indicate that DATA achieves better
performance than hand-engineered architecture ShuffleNet
V2 [64]. As one of the state-of-the-art architecture, the
designing cost of ShuffleNet V2 requires years of expertise
and experience with large amount of hyperparameters tun-
ing. On the contrary, DATA takes only one GPU-day to
learn a comparable architecture from scratch, indicating the
effectiveness of our method and the power of NAS, or
broadly AutoML.

5.4 Transferability Validation on PASCAL VOC

To further investigate the transferability of the convolution
cells searched on CIFAR-10, we validate the capability of
them on a more complex task, i.e., the semantic segmenta-
tion task on PASCAL VOC 2012. In the experiments, we
apply the network structure searched on CIFAR-10 as fea-
ture extractor and combine it with the head adopted in
Deeplab v3 [65]. All architectures are pretrained for 120
epochs on ImageNet and then trained on the semantic seg-
mentation task for 350 epochs using SGD with batch size 64.

Other hyperparameters and data augmentation methods
are set following [65] while we multiply the original learn-
ing rate by four time to 0.028 as a quadruple batch size is
applied.

Compared with other NAS methods, DATA achieves
better performance by a large margin while less computa-
tion resources. It is also notable that DATA may achieve
even better results with larger sampling times. The results
in Table 4 demonstrate the transferability of architectures
searched on the CIFAR-10 dataset and verify that DATA
has more prominent superiority on more complex tasks, not
just toy tasks on the tiny datasets, because of a large search
space that is proportional to the sampling timesM.

5.5 Architecture Learning on Few Shot Learning

In the few shot learning, architecture or specifically, feature
extractor, is extremely important as the quality of feature is
highly dependent on it, shown by [66]. However, the impor-
tance of architectures received little attention and almost all
few shot learning methods are equipped with the backbones
designed for normal classification task. In this paper, we com-
bine our method with a popular few shot learning method,
prototype network [67], to automatic the architecture designing
process for few shot learning. All experiments are conducted
on a popular few-shot learning benchmark, miniImageNet,
with the splits proposed by [68].

The search space of cells for few shot learning task is sim-
ilar to that for the CIFAR-10 classification task introduced in
Section 5.1, merely a network with three normal cells and
two reduction cells are applied. As for the architecture
structure, considering that the images in miniImageNet is
larger then the images in CIFAR-10, we modify the stride-
one-convolution in the stem of architecture to a convolution
with stride 2 and applied a max pooling to the final feature
map of network, followed by a convolution layer with ker-
nel 1�1 to adjust the number of channels to 64, resulting in
a 1600-dimensions output following [67]. Meanwhile, we
follow their procedure by searching or training network on
the 64 training classes and using the 16 validation classes
for monitoring generalization performance only, while
reporting performance on the independent 16 test classes.

In the searching process, we split the training set into two
parts according to classes, 32 classes for training weights
and 32 classes for architecture, sampling times is set to M ¼
7. As for architecture search, we combine our method with
1-shot learning and 5-shot learning tasks and apply 10-way
episodes. We match train shot to test shot and the number
of query points per episode for every class is set to 15. The

Fig. 7. Searching process of DATA for convolutional architecture on CIFAR-10. (a) The validation accuracy of supernet in the searching process. (b)
The visualized comparison of searched architectures between different search epochs. (c) The visualized effect of architecture distribution constrain
(ADC) on validation accuracy in the searching process. (d) The visualized effect of sampling times on supernet in during searching, bold curves
denote training accuracy and thin curves denote validation accuracy.

TABLE 2
Validation Accuracy Gap on CIFAR-10

(Lower Error Rate is Better)

Architecture
Search Valid. Child net Search Cost

Error valid. Error (GPU days)

DARTS(1-th) [27] 12.33 45.34 0.5
DARTS(2-th) [27] 11.23 45.21 1
DATA (M ¼ 4) 11.67 9.43 1
DATA (M ¼ 4) + ADC 10.94 9.32 1
DATA (M ¼ 7) 11.08 9.21 1
DATA (M ¼ 7) + ADC 10.82 9.33 1
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hypernetwork is trained for 300 epochs, we set initial learn-
ing rate to 0.1 and multiply it by 0.2 for every 100 episodes.
The architectures obtained by searching on the one-shot
learning and five-shot learning task are represented by
DATA-OS and DATA-FS respectively, the normal cells and
reduction cells of them are shown in Fig. 3e, 3f, 3g, 3h.

As for architecture evaluating, the same network utilized
in the searching process is trained from scratch for 1-shot
classification and 5-shot classification task. Following [67],
the architecture is trained with 30-way episodes for 1-shot
classification and 20-way episodes for 5-shot classification.
We match train shot to test shot and each class contains 15
query points per episode. We train the architecture for 300
epochs, learning rate is set to 0.1 and is multiplied by 0.2
every 100 episodes.

Other hyperparameters and data augmentation methods
including horizontal flip, random crop are set following [67].

The results of our experiments are shown in Table 5, where
DATA-CLS represents the architecture obtained by searching
on the classical classification task (M=7). From the table, NAS
improves the performance of few-shot learning by a large
margin while our method achieves comparable or even better
performance than other NAS or few-shot methods. Besides,
the architectures searched on the few-shot learning task
achieve better performance than the architecture transformed

from classical classification task, indicating DATA is capable
of searching suitable architecture based on specific tasks.

5.6 Architecture Learning on Unsupervised
Clustering

As a totally data-driven task that attempts to explore knowl-
edge from unlabeled data, clustering is an essential data
analysis tool in pattern analysis and machine learning. A
heavy investment direction of clustering is developing
unsupervised features extracting techniques as the quality
of feature is extremely important for improving the perfor-
mance of clustering. In this paper, we incorporate our
method with unsupervised cluster task to search for the
suitable architectures for it. Experiments are conducted on
the CIFAR-10 dataset.

The search spacewe applied for unsupervised cluster task
is similar to that for image classification task, expect that a
shallow network with only three normal cells and two

TABLE 3
Comparison With Classifiers on ImageNet in the Mobile Setting (Lower Test Error is Better)

Architecture
Test Error (%) Params FLOPs Search Cost Number Search

Top 1 Top 5 (M) (M) (GPU days) of Ops Method

Inception-v1 [63] 30.2 10.1 6.6 1448 - - manual
MobileNet [64] 29.4 10.5 4.2 569 - - manual
ShuffleNet-v2 2� [65] 25.1 - �5 591 - - manual

PNAS [34] 25.8 8.1 5.1 588 �225 8 SMBO
AmoebaNet-A [16] 25.5 8.0 5.1 555 3150 19 evolution
AmoebaNet-B [16] 26.0 8.5 5.3 555 3150 19 evolution
AmoebaNet-C [16] 24.3 7.6 6.4 570 3150 19 evolution
NASNet-A [25] 26.0 8.4 5.3 564 2000 13 RL
NASNet-B [25] 27.2 8.7 5.3 488 2000 13 RL
NASNet-C [25] 27.5 9.0 4.9 558 2000 13 RL
Mnas-Net-92 [39] 25.2 8.0 4.4 388 - 6 RL

DARTS [27] 26.7 8.7 4.7 574 1 7 gradient-based
SNAS (mild constraint) [30] 27.3 9.2 4.3 522 1.5 7 gradient-based
ProxylessNAS(GPU) [50] 24.9 7.5 7.1 388 8.3 6 gradient-based
GDAS [26] 26.0 8.5 5.3 581 0.21 7 gradient-based
DSO-NAS-share [49] 25.4 8.3 4.7 567 6 4 gradient-based

DATA (M ¼ 4) 25.6 8.5 4.2 521 1 7 gradient-based
DATA (M ¼ 7) 24.9 8.0 5.0 584 1 7 gradient-based

TABLE 4
Semantic Segmentation on the PASCALVOC-2012

Architecture
mIOU Params Search Cost

(%) (M) (GPU days)

NASNet-A [25] 74.7 12.6 2000
AmoebaNet-A [16] 75.2 12.2 3150
DARTS [27] 73.8 12.4 1
DATA (M ¼ 4) 74.1 11.7 1
DATA (M ¼ 7) 75.6 12.7 1

TABLE 5
Comparison of Few Shot Learning Algorithms on
MiniImageNet (Architectures With * are Obtained

on CIFAR-10 Classification Task)

Method miniImageNet 5-way Acc. Search Cost

1-shot 5-shot (GPU days)

ML LSTM [70] 43.44 � 0.77 60.60 � 0.71 -
MatchingNet [69] 43.56 � 0.84 55.31 � 0.73 -
ProtoNet [68] 49.42 � 0.78 68.20 � 0.66 -
RelationNet [71] 50.44 � 0.82 65.32 � 0.70 -
MAML [72] 48.70 � 1.84 63.11 � 0.92 -

NASNet-A* [25] 52.94 � 0.96 70.86 � 0.84 2000
AmoebaNet-A* [16] 53.86 � 0.93 71.42 � 0.78 3150
DARTS* [27] 52.02 � 0.93 70.41 � 0.91 1
DATA-CLS* 52.86 � 0.87 70.53 � 0.89 1
DATA-OS 54.77 � 0.89 70.88 � 0.74 1
DATA-FS 53.82 � 0.82 72.17 � 0.88 1
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reduction cells is applied. Similar to the classification experi-
ments, we split the training set into two parts in the searching
process, half for training weights and half for architecture.
As for architecture search, we combine our method with a
state-of-the-art unsupervised learning method DAC [72].
The hypernetwork is trained for 50 epochs, we used an initial
learning rate of 0.1 andmultiply it by 0.1 for every 10 epochs.
In the evaluation stage, the obtained architectures are com-
bined with DAC and trained from scratch in the unsuper-
vised clustering task. Following [72], all architectures are
trainedwith learning rate 0.1 for 100 epochs for fair compari-
son. Other hyperparameters are also set following [72]. The
normal cell and reduction cell of the obtained architecture
are shown in Fig. 3j and 3k respectively.

The results are shown in Table 6, where DATA-CLS signi-
fies the architecture obtained by searching on the classifica-
tion task (M=7) and DATA-CLU represents the architecture
obtained by searching on the clustering task. Our experi-
ments demonstrate that the architectures obtained by DATA
achieve better results on the unsupervised clustering task
than other NASmethods with less search cost. It is also nota-
ble that the architectures obtained by our method have high
transferability while the architecture searched on specific
task achieves even better performance.

5.7 Architecture Learning on Language Modeling

Another important application of deep learning is recurrent
network. Instead of extracting feature based on spatial
neighborhood like convolution network, recurrent network
model data according to time series. We conduct our
method on the language modeling task to explore architec-
ture search for the recurrent network.

Following [22], [27], we adopt a RNN search space con-
sisting of 12 nodes and conduct searching process on the
PTB dataset. Sampling time M ¼ 2 and M ¼ 3 is applied to
search suitable topology structure of recurrent network as
well as the activation functions between nodes.

The searching process is conducted on the PTB dataset. A
single-layer recurrent network consisting of searched cells is
trained with 1600 epochs, and batch size 64 using averaged
SGD. Both of the embedding and the hidden sizes are set to
850 to ensure our model size is comparable with other base-
lines. Other hyper-parameters are set following [27].

We illustrate the obtained recurrent architecture in Fig. 3k.
Table 7 lists the results of this experiment. From the table,

DATA is in a position to search recurrent architectures
effectively. It demonstrates empirically that the back-propa-
gation algorithm can guide DATA to hit a preferable recur-
rent architecture, while maintaining the required efficiency.
Similar to the conclusion in the experiments on CIFAR-10,
lower perplexity is achieved when a largerM is used, which
verifies that a large search space is also valuable for search-
ing recurrent architectures.

5.8 Transferability Validation on WT2

To demonstrate the generalizability of our method, we
transfer the block structure learned on PTB to the WT2 data-
set. Different from the settings on PTB, we apply embed-
ding hidden sizes 700, weight decay 5�10
7, and hidden-
node variational dropout 0.15 following [27]. Other hyper-
parameters remain the same in the experiments on PTB. In
Table 8, the results on the WT2 dataset indicate that the
transferability is also retentive on recurrent architectures.
Conclusively, the consistent results of the above experi-
ments on ImageNet, PASCAL VOC and WT2 strongly dem-
onstrate the transferability on both convolutional and
recurrent architectures.

5.9 Ablation Study

In this section, extensive ablation studies are conducted to
analyze the DATA algorithm synthetically. Specifically, the

TABLE 6
Comparison of Unsupervised Clustering Methods on

CIFAR-10 (Architectures With * are Obtained on
CIFAR-10 Classification Task)

Method
Clustering Results. Search Cost

NMI ARI ACC (GPU days)

K-means [25] 0.0871 0.0487 0.2289 -
DAE [74] 0.2506 0.1627 0.2971 -
DEC [75] 0.2568 0.1607 0.3010 -
CatGAN [76] 0.2646 0.1757 0.3152 -
DAC [73] 0.4379 0.3399 0.4778 -

NASNet-A* [25] 0.4656 0.3642 0.4901 2000
AmoebaNet-A* [16] 0.4732 0.3794 0.5134 3150
DARTS* [27] 0.4563 0.3611 0.4962 1
DATA-CLS* 0.4703 0.3788 0.5122 1
DATA-CLU 0.4763 0.3811 0.5162 0.5

TABLE 7
Comparison With State-of-the-Art Language Models on PTB

Architecture
Perplexity Params Search Cost

valid test (M) (GPU days)

Variational RHN [57] 67.9 65.4 23 -
LSTM [77] 60.7 58.8 24 -
LSTM+SC [78] 60.9 58.3 24 -
LSTM+SE [79] 58.1 56.0 22 -

DARTS (1-th order) [27] 60.2 57.6 23 0.5
DARTS (2-th order) [27] 58.1 55.7 23 1
ENAS [22] 68.3 63.1 24 0.5
GDAS [26] 59.8 57.5 23 0.4

DATA (M ¼ 2) 58.4 56.3 22 0.5
DATA (M ¼ 3) 57.2 55.2 23 0.5

TABLE 8
Comparison With State-of-the-Art Language Models on WT2

Architecture
Perplexity Params Search Cost

valid test (M) (GPU days)

LSTM+AL [80] 91.5 87.0 28 -
LSTM+CP [81] - 68.9 - -
LSTM [77] 69.1 66.0 33 -
LSTM+SC [78] 69.1 65.9 24 -
LSTM+SE [79] 66.0 63.3 33 -

DARTS (2-th order) [27] 69.5 66.9 33 1
ENAS [22] 72.4 70.4 33 0.5
GDAS [26] 71.0 69.4 33 0.4

DATA (M ¼ 2) 67.4 64.5 33 0.5
DATA (M ¼ 3) 66.7 64.4 33 0.5
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experiments are performed on the CIFAR-10 dataset and all
hyperparameters inherit directly from the statements in
Section 5.1, if not stated particularly.

5.9.1 Sensitivity to Number of Sampling Times

In order to empirically analyze the sensitivities of the num-
ber of sampling times M. We conduct searching process
with differentM. The performance of obtained architectures
is visualized in Fig. 8a. Our experiments show that larger
M indicates higher and more stable performance. This is in
accordance with the statement in Proposition 2, i.e., more
capable networks might be found with largerM.

For fair comparison, two experiments are conducted.
First, we apply DARTS in an enlarged search space where
more operations are allowed in a single path. Besides, we
conduct DATA in the same search space of DARTS and fix
the number of operations to two. The results are shown in
Table 9, where selecting number N indicates selecting the
top-N operations with the highest architecture parameters
for every path. From the table, DARTS is not capable of
managing combinations of different operations due to the
estimation gap introduced before, it tends to select superflu-
ous while inefficient operations that may dramatically intro-
duce more parameters. On the contrary, DATA achieves
better results with the same search space, indicating the
effectiveness of DATA. Furthermore, better results are dem-
onstrated by DATA in a richer search space, which verify-
ing that richer search space is beneficial for obtaining better
architectures.

5.9.2 Effectiveness of ADC

To evaluate the effectiveness of distribution constraint in-
troduced in Section 4.3, we compare the effect of different
distribution constraints and visualize the corresponding
architecture distributions. Four different constraint functions
are compared in our experiments: L1 loss function Eq. (16),
L2 loss function Eq. (17), KL-divergence loss function

Eq. (18) and Entropy loss function Eq. (19):

GL1ðPÞ ¼
X
i;j

Pði;jÞ 
 f Pði;jÞ
� ���� ��� (16)

GL2ðPÞ ¼
X
i;j

Pði;jÞ 
 f Pði;jÞ
� �� �2

(17)

GKLðPÞ ¼
X
i;j

Pði;jÞlog
Pði;jÞ

f Pði;jÞ� �
 !

(18)

GEntropyðPÞ ¼
X
i;j


Pði;jÞlog Pði;jÞ
� �

: (19)

First, we visualize their influence on the supernet dur-
ing searching in Fig. 8b. From the illustration, specific reg-
ulations like L1 loss and Entropy loss are conducive to
achieve better performance where L2 loss and KL loss
affect negatively. Our experiments demonstrate the L1
loss and Entropy loss are capable of reducing the

Fig. 8. (a) Performance of child architectures obtained with different sampling times. (b) Effect of different regulations on mean accuracy and sam-
pling variance of supernet. (c) Validation accuracy and sampling variance of supernet under different L1 regulation weights during searching. (d) Per-
formance of child architectures under different number of searching epochs. (e) Performance of child networks obtained with different data divisions,
where m : n represents the ratio of data division for optimizing weights and architecture probabilities. (f) Effect of different searching steps for net-
work weights and probabilities parameters, wherem : n represents optimizing network weights form steps followed by n steps for architecture proba-
bilities for every mþ n steps. (g) Frequency of the operations selected by the obtained architectures. (h) Frequency of the incorporation of every two
operations applied by the obtained architectures.

TABLE 9
Sensitivity to the Number of Operations for

DARTS [27] on CIFAR-10

Architecture
Selecting Test params Search Cost

Numbers(N) Error (M) (GPU days)

DARTS (1th) 1 3.00 3.30 0.5
DARTS (1th) 2 3.05 4.00 0.5
DARTS (1th) 3 2.96 5.20 0.5
DARTS (2th) 1 2.76 3.30 1
DARTS (2th) 2 2.75 4.12 1
DARTS (2th) 3 2.77 5.40 1

DATA (M ¼ 4) 2 2.72 3.24 1
DATA (M ¼ 7) 2 2.62 3.52 1
DATA (M ¼ 4) - 2.64 2.84 1
DATA (M ¼ 7) - 2.53 3.48 1
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sampling variance from 1.9 to 1.1 and 0.4 respectively,
improving the steadily of searching process. Besides, we
also conduct experiments to explore the influence of dif-
ferent weights of regulation. As shown by Fig. 8c, a suit-
able regulation weight is capable of reducing the variance
while a too large weight will affect the performance of the
supernet.

To better understand how distribution constraint affect,
we visualize the obtained distributions under different dis-
tribution constraint, shown in Fig. 9. Obviously, distribution
constraints like L1 loss and Entropy loss guide distribution
of architecture converge to discrete form, improving the sta-
bility and robustness of architecture sampling. Beside, the
difference between the probability of operations is more dis-
tinguishable, reducing the influence of noise when selecting
operations.

Specially, distribution of architecture tends to be one-hot
under the guidance of Entropy loss, which is similar to the
effect of annealing Softmax. Other constraints like L2 loss
and KL loss reduce the individuality of different architec-
ture probabilities and induce higher variance.

5.9.3 Sensitivity to Number of Searching Epochs

We conduct experiments to evaluate the sensitivity of our
method to the number of epochs in the searching process.
On the CIFAR-10 dataset, we vary searching epochs from 25
to 250 and adjust corresponding learning rate schedulers.
The results are reported in Fig. 8d. From the illustration,
suitable number of searching epochs is essential for search-
ing process. Inadequate searching epochs may cause under-
fitting of architecture distribution while excessive searching
epochs may leading to over-fitting and damage the general-
ize ability of child architectures.

5.9.4 Sensitivity to Dataset Divisions

To observe the effect of different divisions of dataset to the
neural architecture search method, we vary the ratio of
training data for weights and architecture probabilities
under different sampling times.

Specifically, the number of total steps for optimizing
architecture distribution is remained to prevent the effect of
searching steps.

The results are illustrated in Fig. 8e. As weights out-
number the architecture probabilities by a large margin,
optimizing weights with more data helps reinforce the gen-
eralization ability of supernet, improving the quality of
child networks.

5.9.5 Sensitivity to Optimizing Steps for Weights and

Architecture Probabilities

To explore the influence of the optimizing steps for weights
and architecture probabilities in the neural architecture
search method, we perform experiments with different opti-
mizing steps for weights and architecture probabilities and
compare their effects.

The numbers of optimizing steps for weights and archi-
tecture probabilities are kept unchanged during searching.
The results shown in Fig. 8f imply that the balance of opti-
mizing speed of weights and architecture probabilities is
essential for obtaining high-performance architectures, just
as shown by Eq. (1). Updating weights or architecture prob-
abilities too rapidly may induce bad local optimum, affect-
ing the searching process.

5.9.6 Effectiveness of Pretrained Model

Shown by Eq. (1), better initialization of w that is closer to
ideal w� is essential for the nested optimization problem. To
study the effect of initialization of w, the supernet is first
pretrained on the dataset for weights for different epochs to
obtain initializations with different accuracies. Then, we
load the weights of the pretrained supernet and conduct the
original searching process. In the pretrain stage, we sample
operations for different edges randomly to ensure the
robustness of weights. The results shown in Table 10 indi-
cate that DATA obtains architectures with better perfor-
mance while larger in size. The reason of this phenomenon
may be that better initialization of weights makes the combi-
nation between different operations stronger and DATA
obtains more architecture patterns with good performance.
Further analysis, our experiments demonstrate that the pre-
training technique can be applied to make trade-off between
performance and efficiency.

Fig. 9. Architecture distributions obtained under the effects of different
kinds of regulations on the CIFAR-10 dataset. We visualize the distribu-
tions of norm cells in the first row while the reduction cells in the second
row. (a) No regulation. (b) L1 loss function. (c) L2 loss function. (d) KL-
divergence loss function. (e) Entropy loss function.

TABLE 10
Sensitivity to Initialization on CIFAR-10

Acc of Sampling Params Test Search Cost

pretrained model Times(M) (M) Error(%) (GPU days)

None 4 2.84 2.64 1.0
7 3.37 2.53 1.0

76.05 4 3.25 2.57 1.5
7 3.86 2.51 1.5

83.21 4 3.86 2.53 2.0
7 5.12 2.48 2.0

90.45 4 4.12 2.50 2.5
7 5.32 2.43 2.5
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5.9.7 Statistics of Obtained Architecture Patterns

As NAS has achieved impressed performance in many
fields, the obtained components of architectures may also
provide meaning insight for manual network designing. To
analysis the relationship between operations, we investigate
the popularity of operations and the incorporation between
different operations. Based on the architectures obtained by
DATA, a statistics on the frequency of single operation and
the incorporation between every two operations is carried
out. The results are shown in Fig. 8g and 8h, respectively.
Our experiments highlight that operations like identity
mapping and separable convolution 3�3 are helpful for fea-
ture extracting as they are popular for normal cells. On the
other hand, reduction cells prefer operations with large
receptive filed, indicating these operations are essential for
feature reducing. As for the incorporation of operations, the
combination of identity mapping and separable convolution
with kernel 3�3 is wildly applied, implying this kind of
cooperation may be helpful for feature extraction and gradi-
ent backpropagation.

5.9.8 Hardware Performance of DATA

To investigate the hardware performance of DATA, we
evaluate the obtained architectures based on two hardware
metric, i.e., GPU memory cost and latency. In the experi-
ments, all architectures are evaluated with a network with
14 cells, batch size is set to 32 and input size 224�224 is
applied. Our experiments are conducted on one TITAN Xp
GPU. The results shown in Table 11 indicate that perfor-
mance of DATA on the memory cost and latency are compa-
rable or better than other NAS methods, although a larger
and more complicated search space is applied. As shown by
Fig. 3, DATA tends to select efficient operations like iden-
tity-mapping. Besides, although we break the limitation on
the number of operations for node, many nodes keep less
than two operations, which is also beneficial for reducing
the hardware complexity of architectures.

6 CONCLUSIONS AND FUTURE WORK

We present DATA to bridge the gap of architectures during
searching and validating in a differentiable manner. For this
purpose, the EGS estimator that consists of an ensemble of a
group of Gumbel-Softmax estimators is developed, which is
in a position to sample an architecture that approaches to
the one during searching as close as possible, while guaran-
teeing the required efficiency. Besides, a general regulation

for architecture distribution ADC is introduced to further
reduce the discrepancy by pushing the continuous architec-
ture distribution to discrete one. By searching with the stan-
dard back-propagation, DATA is able to outperform the
state-of-the-art architecture search methods on various
tasks, with remarkably better efficiency.

Future work may include searching architectures of the
whole networks with the proposed method and injecting
the EGS estimator into deep models to handle other
machine learning tasks. Besides, how to incorporate EGS
with hardware budgets such as inference speed, FLOPs also
desire further study. For the first work, the sampling capa-
bility of the EGS estimator guarantees the practicability of
searching any networks, but how to further improve search
efficiency and design specific ADC for entire architecture
remain to be investigated. For the second work, the differen-
tiability of the EGS estimator indicates that it can be utilized
anywhere in networks, e.g., an interesting direction is to
recast the clustering process into our ensemble Gumbel-
Softmax. By aggregating inputs in each cluster, conclu-
sively, a general pooling for both deep networks and deep
graph networks [81], [82] can be developed to deal with
euclidean and non-euclidean structured data uniformly. As
for the last work, hardware metrics may be taken into
account in the evaluation of child networks and help the
EGS estimator generate efficient architectures.
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