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Training a supernet using a copy of shared weights has become a popular approach to speed up neural ar-
chitecture search (NAS). However, it is difficult for supernet to accurately evaluate on a large-scale search
space due to high weight coupling in weight-sharing setting. To address this, we present a shrinking-
and-expanding supernet that decouples the shared parameters by reducing the degree of weight shar-
ing, avoiding unstable and inaccurate performance estimation as in previous methods. Specifically, we

Keywords: propose a new shrinking strategy that progressively simplifies the original search space by discarding
Neural architecture search unpromising operators in a smart way. Based on this, we further present an expanding strategy by ap-
Supernet propriately increasing parameters of the shrunk supernet. We provide comprehensive evidences showing

Search space shrinking that, in weight-sharing supernet, the proposed method SE-NAS brings more accurate and more stable

performance estimation. Experimental results on ImageNet dataset indicate that SE-NAS achieves higher
Top-1 accuracy than its counterparts under the same complexity constraint and search space. The abla-
tion study is presented to further understand SE-NAS.
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1. Introduction

Neural Architecture Search (NAS) is an important branch of au-
tomatic machine learning (AutoML), and has aroused growing in-
terests due to its remarkable progress in various computer vi-
sion tasks [1-6]. It aims to reduce the cost of human efforts on
manually designing network architectures and discover promis-
ing models automatically by balancing performance and resource
constraint. Many early works of NAS are based on Reinforcement
Learning (RL) [7,8], where a neural architecture is generated by
agent’s action and agent’s reward is based on the evaluation per-
formance of the trained architecture. Evolutionary algorithm (EA)
is an alternative to RL for optimizing the neural architecture, that
mutates well-performing models to explore better ones. However,
these methods [9,10] need to sample and evaluate (from scratch)
a large number of network architectures from the search space,
which causes intensive computational overhead, e.g., hundreds of
days with thousands of GPUs.
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To speed up the searching process, ENAS [11] is the first to
present weight-sharing mechanism for efficient NAS. Instead of
training models from scratch, it defines the supernet, in which
all models share one copy of weights. Another popular type of
weight-sharing approaches are DARTS [12] and its variants [13—
15], and they further parameterize the architecture distribution
by a set of continuous variables, named architecture parameters.
Such parameters and network weights are jointly optimized dur-
ing supernet training by back-propagation. Finally, the optimal net-
work architecture is chosen according to the optimized architec-
ture parameters. In contrast, One-Shot NAS [16-18] belongs to a
new paradigm, and it decouples the architecture search from su-
pernet training. For training, instead of covering all weights of su-
pernet, only a part of them are activated and optimized in one it-
eration. As less parameters are involved, it requires less memory
and is more efficient. For searching, One-Shot NAS firstly samples
many architectures by random search or evolutionary algorithms;
then such candidates are evaluated by inheriting weights from the
well-trained supernet; finally, some well-performing ones are cho-
sen from the search space.

Though One-Shot NAS boosts searching efficiency significantly,
it inherently suffers from terrible performance estimation in the
evaluation procedure. Because it usually searches over a large and
complicated network space covering billions of options for discov-
ering the superior ones, in which supernet parameters are highly
coupled. In this way, child models would interfere with each other
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when sampled and trained in different iterations, and their accu-
racy in supernet is unavoidably averaged, so that boundaries be-
tween strong and weak architectures are blurred. As a result, it’s
difficult to get stable and accurate performance ranking of candi-
date models by a well-trained supernet [19]. PCNAS [20] identifies
the same issue of One-Shot NAS and calls it Posterior Fading from
a Bayesian perspective, i.e., the gap between true parameter pos-
terior and proxy posterior increases with the number of models in
supernet.

This paper aims to address the issue of weight coupling in One-
Shot NAS. From a perspective on decreasing the degree of weight
sharing, a shrinking-and-expanding supernet is presented. This is
achieved via two strategies working at operation level and ar-
chitecture level respectively. For the former, we propose a novel
search space shrinking strategy by designing powerful evaluation
criteria of candidate operators. Our approach progressively discards
unpromising candidates from different layers and focuses on train-
ing those potentially-good ones, which reduces difficulties of su-
pernet to accurately predict capability of child models. For the lat-
ter, some adjacent layer-wise search spaces of small size are firstly
merged after shrinking. And then we appropriately increase super-
net parameters by maintaining a copy of weights independently
for each partial model in the merged search space, so that degree
of weight sharing is further decreased. Actually, these two strate-
gies share the same objective and complement each other. Based
on them, the shared weights are deeply decoupled, and the perfor-
mance ranking of candidate architectures become more stable and
more accurate.

The effectiveness of our method is verified on three popular
search spaces, which provides convincing empirical evidences. Ex-
perimental results on ImageNet dataset [21] show that SE-NAS sur-
passes existing state-of-the-art NAS methods with a clear margin
and achieves higher Top-1 accuracy under the same complexity
constraint and search space. Comprehensive experimental analy-
sis and ablation study are also conducted to further understand
characteristics of SE-NAS on NASBench-201 [22]. It is observed that
the proposed shrinking-and-expanding supernet is able to provide
more stable and more accurate performance estimation than its
baseline. To sum up, the main contributions of this work are as
follows:

o« We propose a novel search space shrinking method by de-
signing powerful evaluation criteria of candidate operators in
weight-sharing setting.

+ We provide a new perspective of alleviating weight coupling by
appropriately expanding parameters of child models in super-
net.

» Comprehensive results show that the proposed strategies of pa-
rameter decouple are effective, which improves the searching
performance of one-shot NAS a lot.

2. Related Work

Manually designed neural networks have achieved significant
success in a wide range of computer vision tasks [23-27]. However,
it is widely believed that artificial architectures are sub-optimal.
Recently, neural architecture search (NAS) has aroused increasing
interests from both academia and industry.

2.1. Weight-Sharing NAS

To reduce computation, many methods train weight-sharing su-
pernet for efficient NAS. They fall into two categories: One-Shot
NAS [16-18,28] and gradient-based methods [12,29,30], which dif-
fer in the modeling process of network architectures.

Gradient-based algorithms introduce architecture parameters
for each operator, and jointly optimize them and network weights
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by back-propagation. Finally, the optimal model is chosen from a
well-trained supernet according to magnitudes of architecture pa-
rameters. Early gradient-based methods [12,13] suffer from two
typical limitations. First, they need to utilize proxy tasks, such as
training with images of low resolution, or learning with only a
few blocks due to high consumption of GPU memory. Proxyless-
NAS [15] addresses the problem by keeping only two architectures
in memory each time when training supernet. Second, the “winner
takes all” effect causes premature convergence and reduces diver-
sity of architectures. To this end, FairDARTS [31] offers each oper-
ator independent architecture weights to resolve their unfair com-
petition.

One-Shot NAS belongs to a new paradigm. It firstly trains an
over-parameterized supernet and then searches on the discrete
search space covering lots of candidate models. During training
stage, sample strategy matters since it decides how to train an ef-
fective supernet for performance estimation. For example, the early
method [32] drops out operators with increasing probability when
training supernet, so that weights of different models co-adapt.
Based on this, SPOS [16] presents the uniform sampling strategy.
For each iteration, only a single path is activated and gets opti-
mized by regular gradient-based optimizers. FairNAS [28] strength-
ens SPOS by complying with strict fairness for both sampling and
training of supernet. GreedyNAS [33] proposes a multi-path sam-
pling strategy with rejection, and greedily discards those weak
paths.

Different from previous NAS methods, our approach aims to de-
couple supernet parameters by reducing the degree of weight shar-
ing. Besides, this work strikes a better trade-off between searching
performance and cost compared to existing NAS methods.

2.2. Search Space Shrinking

Recent progressive approaches [20,34-36] explore the network
space by gradually reducing the size of search space. They adopt
progressive shrinking strategy for different purposes. To boost
searching efficiency, PNAS [34] performs neural architecture search
by gradually increasing network depth. Starting from the first cell,
all possible block structures are trained and evaluated, in which
well-performing ones are further expanded and unpromising ones
are discarded. Afterwards, EPNAS [35] extends PNAS by present-
ing a new network transform policy with RE-INFORCE and an ef-
fective learning strategy. To reduce memory consumption, PDARTS
[36] proposes search space approximation based on magnitudes
of architecture parameters when progressively growing supernet
depth. To improve ranking quality, PCNAS [20] drops out unpromis-
ing operators layer by layer according to supernet accuracy.

Though existing progressive methods have achieved decent re-
sults, it’s still challenging to accurately detect unpromising oper-
ators among lots of candidate ones due to limited capability of
supernet. Thus, how to design effective selection criterion of op-
erators is crucial. This work presents a new strategy of assessing
the potential of operators by taking operator importance, selec-
tion confidence and evaluation stability together into considera-
tion, which is verified to benefit our shrinking method a lot. More
importantly, this paper presents a complementary strategy for fur-
ther alleviating weight coupling by properly expanding supernet
parameters after shrinking step.

3. Proposed Method

In this section, One-Shot NAS [16,28] will be briefly revisited
firstly, followed by our motivations. Then, parameters decouple
strategies (i.e., search space shrinking and supernet parameters ex-
panding) will be presented to improve One-Shot NAS.
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Table 1

The mean Kendall's Tau of 10 repeat experiments on NASBench-201.
Supernet accuracy is obtained by inferring a model in weight-sharing
setting. Standalone accuracy comes from the model by normal training
from scratch without weight sharing.

Metrics CIFAR-10  CIFAR-100 ImageNet-16-120
supernet accuracy 0.543 0.532 0.539
standalone accuracy  0.853 0.842 0.845

3.1. Preliminary: One-Shot NAS

Our goal is to directly learn network architectures for large-
scale target tasks without proxy task or dataset. One-Shot NAS is
a good choice due to its low consumption of GPU memory. Tak-
ing MobileNet-like search space [15] as an example, the supernet
N can be represented as a directed acyclic graph (DAG), in which
each node represents feature map of a network layer. An edge E; ;
can be regarded as information flow connecting node i and node
Jj, which is composed of different operations such as MobileNetV2
blocks [37] with various kernel size and expand ratio. The opera-
tion space is defined as O and each edge has identical candidate
operators, i.e., |0 =|0;;|. The whole search space can be repre-
sented as a discrete set A.

In contrast to differentiable NAS, One-Shot NAS methods decou-
ple supernet training from model search. In each iteration, a part
of network weights sampled from A are updated for parameters
co-adaptation. Supernet parameters can be optimized as:

w* = argmrlnin Ltrain(N (A, W)), (1)

where L., is the loss function on the training dateset. The
searching stage aims to find the network architecture that has the
optimal performance on the validation set, as:

a* = arg max,., ACCyq (N (a, W*(a))), 2)
s.t. Cost(a*) <C,

where ACC,(-) denotes supernet accuracy on the validation set.
The architecture a inherits parameters from the well-trained super-
net weights W* as W*(a). Cost (a*) represents additional objectives
(e.g., latency or FLOPs constraint) on hardware.

3.2. Motivation

One-Shot NAS boosts searching efficiency, while it suffers from
two limitations.

First, the performance estimation of supernet is inaccurate.
To evaluate this, we leverage Kendall’'s ranking correlation coeffi-
cient, i.e., Kendall's Tau (7), which defines a measure of correla-
tion between two ranks. Specifically, the supernet constructed on
NASBench-201 [22] is firstly trained following [16]. Then all child
models are ranked according to supernet accuracy and the ground
truth provided by NASBench-201 respectively. Finally, the Kendall’s
Tau between such two types of ranks is computed as ranking cor-
relation of supernet accuracy. The ranking correlation of standalone
accuracy (i.e., normal training from scratch without weight shar-
ing) is also computed for comparison. Table 1 shows comparison
results on three different datasets. Supernet accuracy is over 0.3
lower than standalone accuracy in ranking correlation on all three
datasets, which suggests that supernet is far from a satisfying per-
formance indicator.

Second, the model ranking based on supernet suffers limited
stability. To verify this, we conduct 10 repeated experiments and
get ranks of randomly selected 30 child models from NASBench-
201 according to supernet accuracy and standalone accuracy re-
spectively. For each child model, we retrieve its ranking values in
different runs, and visual their ranking distributions as in Fig. 1.
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Here, X-axis means child models are ordered with ground truths
provided by NASBench-201 and Y-axis represents model ranks
based on metrics. It can be found that model ranking based on
standalone accuracy is highly correlated to its ground-truth rank-
ing. In contrast, supernet accuracy has a wider ranking range in
multiple runs. This suggests weight-sharing supernet is unstable
as a performance estimator, which makes One-Shot NAS difficult
to reproduce.

Assuming inaccuracy and instability of supernet are modeled as
a function ¢ and an unbiased noise q (i.e., prediction randomness)
respectively, the issues of One-Shot NAS can be simply formulated
as:
ACCyq (N (a, W™ (a))) = ¢(ACCyq(Wa)) + 4.

E(q) =0, (3)
where w, denotes the weights obtained by sampling and training
the standalone model a. Obviously, existence of ¢ and q will hurt
performance prediction of supernet. Theoretically, appropriately re-
ducing the degree of weight sharing is a fundamental method to
relieve negative effects of ¢ and g. Motivated by this, we present
SE-NAS by building a shrinking-and-expanding supernet for decou-
pling the shared parameters, which performs search space shrink-
ing (see Section 3.3) at operation level and expanding supernet pa-
rameters (see Section 3.4) at architecture level respectively.

3.3. Search Space Shrinking

Search space shrinking is a feasible method to mitigate weight
coupling, which can reduce redundancy of supernet and improve
its training efficiency at the same time. However, it is compu-
tationally intractable to enumerate all network architectures and
evaluate their performance in a large-scale search space. Hence
shrinking search space at architecture level is impractical. Instead,
pruning operators seems to be a feasible solution. Assuming a
given operator is considered to be weak, it can be dropped out
from the search space. And those child models containing the op-
erator are also discarded together. One of the most important con-
cerns of search space shrinking at operation level is to judge ca-
pability of operators by an accurate metric. PDARTS [36] adopts
shrinking methods at operation level to discard poor operators
according to the magnitude of architecture parameters. One-Shot
NAS methods have no architecture parameters like PDARTS, so
evaluation criteria of candidate operators need to be defined at
first.

Candidate operators evaluation. Before describing the shrink-
ing pipeline, alternative operators in the search space is firstly
evaluated. As One-Shot NAS methods based on search space
shrinking have to detect unpromising operators by performance
ranks of child models on the validation set, so how to evaluate
operators based on supernet matters. The shrinking strategy aims
to improve the ability of supernet to rank models, but it still suf-
fers terrible performance ranking in early shrinking stage due to
serious weight coupling. In order to prevent important operators
from being removed from supernet, we present a new evaluation
criterion of candidate operators by considering evaluation stability,
selection importance and selection confidence at the same time:

o Evaluation Stability. One trivial way of alleviating negative ef-
fects of q is to train multiple supernets and then ignore the
noise by computing their expectation. However, supernet train-
ing and evaluation require extra computation cost. Thus we ap-
proximate multiple samples by supernet parameters at different
iterations of the last epoch. Then the averaged parameters are
used to evaluate the child model a:

K

P(@) = ACC,u( D W; (@), (4)
k
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Fig. 1. Ranking distribution for each child model with CIFAR-10 on NASBench-201. X-axis represents ground-truth ranks sorted from the best to the worst. Each box extends
from the lower to upper quartile values of model ranking according to different metrics (standalone accuracy and supernet accuracy). The median is marked with a line. The

whiskers show the ranking range. Outliers are marked with circles.

where W (a) represents the weight sampled at certain mini-
batch of the last epoch.

Selection Importance. The selection importance of an operator
o is further defined as the mean accuracy of child models con-
taining the operator:

SIo = Eae{ameA,a contains o} (P(a))7 (5)

where 0€ Q;;, a is uniformly sampled from the sample set
{ala € A, a contains o}. In practice, instead of computing the
mean accuracy precisely across the whole search space, we
sample finite number of child models containing the opera-
tor randomly, and then compute their mean accuracy instead.
In Equation (5), the operators with low importance are more
likely to come from some weak architectures, and such oper-
ators would encourage worse models in the search space, so
they can be discarded safely. From this point of view, the eval-
uation criterion is quite reasonable, since it adequately consid-
ers the combination of an operator with other operators from
different layers by computing mean accuracy of multiple child
models.

Selection Confidence. As in Section 3.2, empirical ACC,, (W*(a))
causes model averaging effects and bias the performance evalu-
ation of standalone models. In particular, weight sharing would
narrow performance gap of different models in the search
space. So ranking operators based on SI may cause undesired
inconsistency with ground-truth ranking due to limited capa-
bility of supernet accuracy. To eliminate the impacts of ¢ on
search space shrinking, we further introduce the layer vari-
ance, which reflects selection confidence of each layer and is
leveraged to reduce uncertainty of operator selection. Assum-
ing there’s large performance gap among different candidates
in a layer, the operators with low importance in this layer can
be discarded safely. That is to say, priority is always given to
those layers with higher confidence (i.e., bigger variance) when
pruning operators. Concretely, the confidence of an operator is
defined as variance of candidates in corresponding layers:

SC, =Var(Sl), 0¢€Q;;. (6)

In this work, the score of an operator is defined according
to the above three factors together. Intuitively, those operators
with low selection importance SI and high selection confidence SC
would be dropped out from the search space. Therefore, the final
score of an operator o is defined as follows:

normalize(SI,)

°~ hormalize(SG,)’

(7)

where normalize() represents mean normalization. In our ap-
proach, S, is leveraged to rank operators and guide the whole
shrinking process. Compared with existing shrinking methods
[20] that simply adopt supernet accuracy as a metric, the proposed
evaluation criteria are able to help supernet discover unpromising
operators precisely.

Removing unpromising operators As shown in Fig. 2, we di-
vide the shrinking pipeline into multiple stages and progressively
discard unpromising candidate operators. All operators (points) on
the graph are alive before the first shrinking step. The initial train-
ing of supernet follows [16] with uniform sampling strategy. After
this, all operators in the operation pool are evaluated according to
Equation (7). Then those operators with the lowest K scores are
removed from A and corresponding highlights in Fig. 2 are turned
off, which means they will not participate in the later training. The
training of shrunk supernet is identical to the initial training pro-
cedure. The only distinction lies in that the shrunk supernet builds
layer-wise search spaces of different size and flexibly samples op-
erators for each layer. In this way, only well-performing candidate
operators survive and those redundant ones in the original search
space are removed. The number of child models is gradually de-
creasing, as if the optimal model distribution moves to a small
area, which can improve the ranking ability of supernet due to the
reduction of weight coupling. It's worthy noticing that at least one
operator is preserved for each edge during the shrinking process,
since SE-NAS should not change the topology of supernet. When
the process of search space shrinking finishes, the shrunk supernet
can be further applied to architecture search. Finally, the optimal
network architecture is retrained from scratch. The above pipeline
of search space shrinking can be easily generalized to other cell-
based search spaces.

3.4. Supernet Parameters Expanding

Layer-wise search space gradually shrinks as redundant oper-
ators are removed by steps, enabling weight-sharing supernet to
be decoupled. Based on this, the strategy of expanding supernet
parameters aims at further decoupling the shared parameters, so
that the performance gap between a standalone model and the
model in weight sharing setting is bridged. Simply copying inde-
pendent weights for certain layers of a child model can decouple it
from other models partially, which pushes its weights more close
to weights of the model in standalone setting. Ideally, such two
types of weights will be equivalent if all layers of the model have
their own weights instead of inheriting weights from supernet. In
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Fig. 2. Pipeline of the proposed method with search space shrinking. Supernet is firstly trained for some epochs with uniform sampling. After this, all operators are ranked
by their scores according to Equation (7). Some operators are removed from the search space by steps if their rankings fall at the tail.
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Fig. 3. A toy example of expanding supernet parameters. The algorithm starts with search space shrinking, followed by search space merging and supernet parameters

expanding. Here, the threshold of search space merging is set to 6 and two merged child spaces are generated.

view of this, expanding supernet parameters shares the same ob-
jective (i.e., reduce the degree of sharing weight and decouple the
shared weights) as the strategy of search space shrinking, and they
complement each other.

Specifically, in the process of search space shrinking, we merge
some layer-wise search spaces of small size and continue to deeply
decouple the shared weights in the merged search spaces. Adjacent
layer-wise search spaces are merged from shallow to deep layers
gradually when the size of the child search space to be merged
is no more than a threshold. Supernet may contain multiple such
child search spaces without overlaps among them, which will be
generated successively. The key is that each partial model in the
merged search space maintains one copy of weights and will be
trained independently. A toy example of expanding supernet pa-
rameters is shown in Fig. 3. The number ranging from 1 to 5 rep-
resents types of candidate operators for each layer. And the initial
supernet contains 6 layers and each layer is assigned 5 operators.
The strategy of search space shrinking reduces the size of layer-
wise network spaces gradually. After several shrinking steps, the
number of candidate operators for some layers begins to be less
than 5. Here, the threshold of search space merging is set to 6, so
2 child search spaces are generated by merging adjacent layer-wise
search space, i.e., from the second to the fourth layer and from the
fifth to the sixth layer. In the merged child space 1 or child space
2, each partial model does not share any parameters with other
models. The child model belonging to the merged search space has
only two or three layers, thus is called partial model.

The training strategy remains unchanged except that the de-
coupled supernet maintains more copy of weights for the merged
child search spaces. Supernet parameters are gradually expanded
along with the shrinking process, which makes supernet accuracy
of a model more close to its true performance in standalone set-

ting. At last, supernet will become almost perfect performance es-
timator without sharing weight, when the size of the whole search
space begins to be less than the predefined threshold along with
shrinking steps. The threshold can be simply set to 50, which could
be flexibly adjusted according to computation resources. It has to
be emphasized that expanding supernet parameters doesn’t in-
crease GPU memory consumption, because only one architecture
is used and stored in memory at each iteration due to the uniform
sampling strategy. The whole pipeline of SE-NAS is illustrated in
Algorithm 1 .

Algorithm 1: SE-NAS

Input: A supernet A/, the threshold of merging layer-wise
search spaces 7, the number of operators dropped out
per iteration k.
Output: the optimal network architecture from A
1 while (stopping conditions are not satisfied) do
2 | Training the supernet A with uniform sampling strategy
following [17];
3 Computing scores of operators from N according to
Equation (7);
4 Removing k operators from A with the lowest k scores;
Merging adjacent layer-wise search spaces successively,
and generating a set of merged child spaces {A4;}, where
size of A; is not more than 7;
6 for Aj in {AI} do
7 Expanding supernet parameters by maintaining a copy
of weights independently for each partial model in .4;.
s | end
9 end
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Fig. 4. The skeleton of DARTS search space.

Table 2

The skeleton of MobileNet-like search space.
Input Shape  Block Type  Output Channel  Repeat  Stride
2242 x 3 3x3conv 40 1 2
1122 x 40 CBS 24 1 1
1122 x 24 CBS 32 4 2
56% x 32 CBS 56 4 2
282 x 56 CBS 112 4 2
142 x 112 CBS 128 4 1
142 x 128 CBS 256 4 2
7% x 256 CBS 432 1 1
7% x 432 1 x 1 conv 1728 1 1
7% x 1728 GP - 1 1
12 x 1728 FC 1000 1 -

3.5. Search Space

Instead of searching a proxy network architecture with fewer
building blocks, this paper conducts neural architecture search
on the target network space. Next, three different search spaces
adopted in our method will be introduced, including NASBench-
201 [22], DARTS-based and MobileNet-like search spaces [12,15].

MobileNet-like Search Space. The MobileNet-like search space
used in this paper is identical to ProxylessNAS [15] and its skele-
ton is shown in Table 2. The candidate block structure (CBS)
adopts Inverted Bottleneck of MobileNetV2 [37]. Each layer con-
tains 6 CBS with different kernel size and expansion ratio, plus
one identity operation. In addition, the expansion factor in the
first CBS block is set to 1, and the identity operation is not used
in the first block of every stage. The size of search space is
721,

DARTS Search Space. The skeleton of DARTS search space starts
with one 3 x 3 convolution layer. The main body of the skeleton
is divided into three stages, connected by several reduction cells
with a stride of 2. Normal cell is stacked 4 times in each stage. The
skeleton ends up with a classification layer to transform network
outputs into the final prediction. Here, a cell has an ordered se-
quence of 6 nodes (feature maps) and each node connects all pre-
vious nodes. Every edge connecting two nodes is associated with 8
operations (3 x 3 and 5 x 5 separable convolutions, 3 x 3 and 5 x 5
dilated convolutions, 3 x 3 max and average pooling, identity and
none). Each cell has two input nodes and a single output node.
The input nodes are defined as the outputs of previous two cells.
The output of a cell is obtained by concatenating all the interme-
diate nodes. The search space is shown in Fig. 4 and its size is
814,

NASBench-201 Search Space. The search space shares the sim-
ilar skeleton as DARTS. It differs from DARTS in details. For exam-
ple, NASBench-201 stacks 5 normal cells in each stage. It replaces
the reduction cell by a residual block with a stride of 2. In addi-
tion, each cell is composed of 4 nodes and the operation set only
incorporates 5 candidates (1 x 1 and 3 x 3 convolutions, 3 x 3 av-
erage pooling, identity and none), which is shown in Fig. 5. The
search space trains 15625 models from scratch and provides their
ground-truth performance, which allows researchers to focus on

the search algorithm itself without unnecessary repetitive training
for the searched model.

4. Experiments

In this section, the power of SE-NAS is demonstrated from three
aspects by experiments: first, adequate experiments are conducted
to verify and analyze the effectiveness of the proposed shrinking-
and-expanding supernet in ranking correlation with ground truth
and ranking stability. All analysis experiments are conducted on
NASBench-201 [22], since it provides the real performance of all
architectures, which can be treated as the ground truth labels; sec-
ond, it is shown that the searched models by SE-NAS are able to
consistently outperform existing NAS algorithms (SPOS [16], Fair-
NAS [28], FBNet [13], ProxylessNAS [15], PCNAS [20], DARTS [12])
with a large margin on MobileNet-like and DARTS-based search
spaces respectively; third, detailed ablation studies further demon-
strate the impacts of each component in our method.

4.1. Dataset

ImageNet. In the paper, all comparison experiments are per-
formed on ILSVRC2012, CIFAR-10 and CIFAR-100 datasets. ImageNet
[21] is a large-scale dataset which contains over 1.2 million train-
ing images and 50,000 validation images belonging to 1000 classes.
Following previous works [16], the original training set is randomly
splitted into two parts: 50000 images for validation and the rest as
training set. In our experiments, supernet is trained on training set
and operator scores are computed on validation set. The original
validation set is used as a test set to measure the final performance
of the searched network architecture.

CIFAR. CIFAR-10 dataset contains 50,000 training images and
10,000 test images spanning 10 categories, while CIFAR-100 dataset
has the identical number of images spanning 100 categories. For
these two datasets, 5000 images are randomly selected from the
original training set as validation set and the others as training set.

4.2. Analysis

Ability of SE-NAS to reserve promising architectures. To ver-
ify the effectiveness of the proposed shrinking-and-expanding
supernet, three different metrics (random, accuracy-based and
magnitude-based metrics) are compared on NASBench-201. In our
settings, the ground-truth score of each operator is computed by
averaging ground-truth accuracy of all models containing the given
operator, and the ground-truth ranking is obtained based on the
ground-truth scores. Alternative operators are ranked according to
corresponding metric-based scores, in which the operator score in
our approach is defined as Equation (7) ; for the magnitude-based
metric, the magnitude of architecture parameters are directly used
as scores to rank operators following DARTS; the baseline with
random scores of operators is also set for comparison. Our ap-
proach divides the process of supernet parameters decouple into
two stages, where each stage discards 10 operators with the low-
est scores respectively.

As shown in Fig. 6, SE-NAS retains most of operators with the
top 21 ground-truth rankings in the first shrinking stage. For the
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Fig. 5. The skeleton of NASBench-201 search space.

Bl Reserved operators

random -... .
magnitude -...... .

Metrics

-

magnitude -

os-ll HE  HHENR
i EHE EEEE

Metrics

Removed operators

Stage 1

os-fll Il HHNNEEEEEN EEEN H ER

Stage 2

1 2 3 45 6 7 8 910111213141516 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Ranking of operators at ground-truth setting (CIFAR-10)

Fig. 6. The operator distribution at different stages of supernet parameters decouple on NASBench-201 with CIFAR-10. The decouple process is divided into two stages and

each stage discards 10 operators.

second stage, both random and magnitude-based metrics remove
most of operators in the top 10 ground-truth rankings, while SE-
NAS reserves most of them. Moreover, our approach makes sure
that most of reserved operators in the second shrinking stage
have higher ground-truth scores than the removed ones. Actually,
there’s no guarantee that child models with the optimal perfor-
mance must be hidden in the shrunk search space that contains
the operators with top ground-truth rankings. While it’s reason-
able to believe SE-NAS is more likely to discover well-behaved ar-
chitectures from the shrunk search space. Because the operators
with the top scores tend to come from some well-performing ar-
chitectures, and such operators would encourage superior network
architectures in the search space, so SE-NAS preserves them.
Ranking correlation of SE-NAS. Due to the weight coupling
problem of One-Shot NAS, there’s weak correlation between super-
net accuracy and the ground-truth accuracy. So in this section, the
ability of SE-NAS to rank models is verified by comparing rank-
ing correlation of the decoupled supernet with its baseline [16]. To
quantify ranking correlation of a supernet, we rank child models in
the current search space according to supernet accuracy, and then
compute the Kendall ranking correlation coefficient (Kendall’s Tau
for short) between the ranking and the ground-truth ranking pro-
vided by NASBench-201. In detail, our approach divides the pro-
cess of supernet parameters decouple into two stages and each
stage trains supernet for 20 epochs. For some epochs, child mod-
els in the shrunk supernet are ranked according to the accuracy in
weight-sharing setting and the ground-truth accuracy respectively.
Then the Kendall’s Tau between these two types of ranks is com-
puted as the ranking correlation coefficient. Without shrinking and
expanding supernet parameters, the baseline computes the ranking
correlation coefficient at some epochs based on its own supernet.
Fig. 7 shows comparison results of ranking correlation on three
different datasets (CIFAR-10, CIFAR-100, ImageNet-16-120). It can
be found that SE-NAS gradually achieves higher ranking correlation
than its baseline at the end of the first stage of parameters decou-
ple. After the second parameters decouple stage, ranking correla-
tion of SE-NAS surpasses the baseline with a clear margin on all
three datasets, which suggests that the shrinking-and-expanding
supernet provides more accurate performance estimation than the
original supernet when evaluating the capability of child models.

Ranking stability of SE-NAS. It has been shown that SE-NAS
is able to improve ranking correlation of supernet. In this section,
ranking stability of the shrinking-and-expanding supernet is fur-
ther discussed. To verify this, 10 independent repeat experiments
are conducted on three different datasets (CIFAR-10, CIFAR-100,
ImageNet-16-120) respectively. Then the distributions of ranking
correlation of SE-NAS and the baseline [16] in different runs are
visualized. In detail, the process of supernet parameters decouple
is divided into two stages and each stage trains supernet for 20
epochs. After two parameters decouple stages, the ranking correla-
tion of the child models in the shrunk search space is computed
based on the decoupled supernet. And the baseline uses its own
supernet to compute the ranking correlation coefficient.

As Fig. 8 shows, the ranking correlation of our approach is more
stable than the baseline in different runs. Obviously, it has much
smaller variance and higher mean than its baseline on all three
datasets, which demonstrates SE-NAS has more stable model rank-
ing by reducing candidate operators of search space and expanding
supernet parameters. Additionally, the stabilized evaluation crite-
rion (Equation (4)) also contributes a lot to the current results. In
practice, stability is a crucial advantage for NAS and can relieve the
problem of reproducibility for weight-sharing NAS methods.

4.3. Overall Comparison Results

In this section, comprehensive experiments are conducted to
show the power of SE-NAS by comparing with different NAS meth-
ods (e.g., FBNet [13], ProxylessNAS [15], DARTS [12], FairNAS [28],
SPOS [16]) on three popular search spaces.

NASBench-201. SE-NAS is compared with various NAS ap-
proaches on NASBench-201. In detail, the score of each operator
is computed by Equation (7). The process of parameters decouple
is divided into two stages and supernet is trained for 20 epochs in
each stage. SE-NAS searches on validation and test set of CIFAR-10
only and then transfers the searched models to other datasets.

From Table 3, it can be observed that our approach achieves
consistent performance gain on all three datasets. SE-NAS outper-
forms all NAS approaches except GDAS with a clear margin, while
it achieves comparable results with GDAS using about one third
of time. Besides, our approach has almost reached the upper limit
(optimal) of performance on NASBench-201.
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Fig. 7. The evolution of ranking correlation on NASBench-201. Baseline refers to SPOS [16] without parameter decouple. Our method decouples supernet parameters at 20-th

epoch and 40-th epoch respectively.
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Fig. 8. The distribution of ranking correlation of 10 repeated experiments on NASBench-201. Baseline refers to SPOS [16]. The Y-axis represents the range of ranking corre-

lation coefficient from different repeated experiments.
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Searching results on NASBench-201. 6 different searching algorithms are compared on the search space. The mean accuracy of searched
models is reported for different NAS methods. Training cost is computed by running each algorithm on a single GPU (GeForce GTX 1080 Ti)

with a batch size of 256.

Method Time (seconds)  CIFAR-10 Acc. (%) CIFAR-100 Acc. (%) ImageNet-16-120 Acc. (%)
validation test validation test validation test

RSPS [38] 8007.1 80.42 + 3.58  84.07 + 3.61 5212 £5.55 5231 £ 577 2722 £3.24  26.28 + 3.09
DARTS-V1 [12] 11625.7 39.77 £ 0.00 5430 £0.00 1503 £0.00 15.61 + 0.00 16.43 +0.00 16.32 + 0.00
DARTS-V2 [12]  35781.8 39.77 £ 0.00 5430 £ 0.00 15.03 +£0.00 15.61 +£ 0.00 16.43 £ 0.00  16.32 + 0.00
GDAS [39] 31609.8 89.89 £ 0.08 93.61 £0.09 7134 4+0.04 70.70 £ 030 41.59 £ 1.33  41.71 £ 0.98
SETN [18] 34139.5 84.04 £ 028 87.64 £ 0.00 5886+ 0.06 59.05+ 024 33.06 £ 0.02 32.52 + 0.21
ENAS [11] 14058.8 3751 £3.19 5389 +£0.58 1337 +235 1396 +£2.33 1506 +£1.95 14.84 + 2.10
Optimal N/A 91.61 94.37 73.49 73.51 46.77 47.31

Ours 10561.1 90.50 £ 0.09 9347 £0.14 71144+ 0.10 7191 £ 0.19 4496 + 0.94 45.66 + 1.05

MobileNet-like search space. The process of supernet param-
eters decouple is divided into multiple stages. Supernet is trained
for 100 and 5 epochs in the first and other stages. The same train-
ing setting as [42] is adopted for training supernet. Specifically, we
use a stochastic gradient descent (SGD) optimizer with momen-
tum 0.9 and weight decay 4 x 10~>. The batch size is 1024 and
the initial learning rate is 0.5. The learning rate of each iteration
is equal to the initial learning rate multiplying 1 — %, where e and
T represent the current iteration and the number of total itera-
tions respectively. The score of each operator is computed based
on Equation (7), in which 1000 models containing the given op-
erator are randomly sampled for approximating sample average of
all candidates. When sampling child models, SE-NAS dumps mod-
els that don’t satisfy FLOPs constraint. For FairNAS, SE-NAS re-
moves one operator for each layer each time because of its fair
constraint. For other NAS algorithms, SE-NAS removes 10 operators
whose rankings fall at the tail in each shrinking cycle. For each
searched model under different efficiency constrains, the Top-1 ac-
curacy and standard deviation of three independent repeated ex-
periments are reported. In the re-training phrase, the training set-

tings and hyper-parameters of all searched models follow super-
net training. All searched network architectures are trained from
scratch for 240 epochs (300000 iterations).

(1) Searching results under the constraint of FLOPs. As shown
in Table 4, it can be observed that training cost of SE-NAS is much
less than that of its counterparts on ImageNet, which indicates SE-
NAS brings significant efficiency improvement by shrinking search
space, since it progressively reduces the size of search space. More
importantly, the proposed method achieves better searching per-
formance than its baselines under different FLOPs constraints. For
example, SE-NAS discovers the network architectures from the
MobileNet-like search space with at least 0.3%, 0.2%, 0.9% and
0.6% higher accuracy than other NAS methods at the FLOPs level
of 250M, 320M, 470M and 590M respectively. Noticing that the
search space and setting of SE-NAS-D follow PCNAS [20], which
adds 3 more kinds of operators on basis of MobileNet-like search
space. Meanwhile, the detailed architectures of searched networks
are also visualization for verification in Fig. 9, 11, 12. Some inter-
esting phenomena can be observed: first, SE-NAS prefers to place
the bottleneck blocks with large kernels and expand ratio nearby
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Table 4
ImageNet results on DARTS and MobileNet-like search space under constraint of FLOPs. The average accuracy and standard deviation of searched
models are reported. The structures of models searched by SE-NAS are visualized in Fig. 9, 11, 12. x« searched on CIFAR10. j: reported in GreedyNAS

[33].
Architecture Search Method  Shrinking  Search Space  FLOPs (M)  Params. (M)  Top-1 Acc. (%)  Time (GPU-days)
MobileNetV2-1.0x [37]  manual X - 300 - 72.0 -
FBNet-A [13] gradient x MobileNet 249 49 73.0 9
SE-NAS-A gradient v MobileNet 250 + 1 4.7 £ 0.1 73.30 + 0.07 7
ProxylessNAS-R [15] gradient x MobileNet 320 3.8 74.6 157
FairNAS [28] EA X MobileNet 321 44 74.7 12f
SE-NAS-B gradient v MobileNet 321 +1 3.9+ 0.2 74.86 + 0.10 7
Random - X MobileNet 472 £ 6 52 +£09 72.77 £ 1.09 -
SPOS [16] EA X MobileNet 466 7.1 74.8 121
ProxylessNAS [15] gradient X MobileNet 465 7.1 751 15
SE-NAS-C gradient v MobileNet 470 + 2 6.0 £ 0.5 76.01 + 0.13 7
ShuffleNetV2-2.0x [26]  manual X - 591 - 74.9 -
NASNet-A [40] RL X NASNet 564 53 74.0 1800
PCNAS [20] gradient v MobileNet 595 5.1 76.1 -
DARTS [12] gradient x DARTS 595 4.9 73.1 4+
GDAS [39] gradient X DARTS 581 53 74.0 0.2
SNAS [41] gradient X DARTS 522 4.3 72.7 1.5
SE-NAS-D gradient v MobileNet 592 + 2 54 +0.2 76.75 + 0.09 7
SE-NAS-E gradient v DARTS 597 + 3 52 +04 74.72 + 0.15 8

SE-NAS-A

Inie s ininiainl;

e HHHHH] -
SE-NAS-D : —__+_ ;

Fig. 9. visualization of the searched architectures under the constraint of FLOPs. Rectangle boxes are used to represent blocks for each layer. The kernel size of the depth-
wise convolution is represented with different colors, blue for kernel size of 7, orange for kernel size of 5, green for kernel size of 3, light color for group size of 2 and empty
for “Identity” operator. The height of rectangle boxes represents the expansion rate of the block. Totted line denotes down-sample layers with stride of 2.

SE-NAS-F

SE-NAS-G

Fig. 10. visualization of the searched architectures under the constraint of latency. Rectangle boxes are used to represent blocks for each layer. The kernel size of the depth-
wise convolution is denoted with different colors, blue for kernel size of 7, orange for kernel size of 5, green for kernel size of 3, and empty for “Identity” operator. The
height of rectangle boxes represents the expansion rate of the block. Totted line denotes down-sample layers with stride of 2.
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ImageNet results on MobileNet-like search space under the constraint of latency. The average Top-1 accuracy and standard de-
viation of searched models are reported. The searched network architectures are visualized in Fig. 10. {: reported in GreedyNAS

[33].

Architecture Search Method  Shrinking  Latency (ms) Params. (M)  Top-1 Acc. (%)  Time (GPU-days)
ProxylessNAS-R [15]  gradient x 17 3.8 74.6 157

SPOS [16] EA X 17 4.1 74.8 12f

SE-NAS-F gradient v 16 £ 1 39+03 74.79 + 0.08 7

SPOS [16] EA x 22 7.1 75.3 121
ProxylessNAS [15] gradient x 22 7.1 75.1 151

SE-NAS-G gradient v 23+ 0 63 +£0.2 75.87 £ 0.10 7
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Fig. 11. Normal cell of SE-NAS-E.

the down-sampling block or later stages to preserve more infor-
mation. Second, the models searched by SE-NAS tend to be deeper,
which differentiates our approach from existing NAS methods. Ac-
tually, the result is reasonable: the deeper model can extract more
powerful features, since functions that can be represented com-
pactly by deep architectures cannot be represented by a compact
shallow architecture [43]. Besides, the searching results of random
search are also reported. It is worthy of noticing that SE-NAS out-
performs random search with a clear margin, which demonstrates
the strong ability of our method in discovering powerful network
architectures.

(2) Searching results under the constraint of latency. Search-
ing experiments are further conducted to compare searching per-
formance of SE-NAS and others under the constraint of latency.
The results are summarized in Table 5. In details, the target la-
tency is set to 17ms and 22ms respectively according to our mea-
surement of mobile setting models on GPU. Our searched model
on the MobileNet-like search space, namely SE-NAS-G, achieves

sep_conv_5x5

sep_conv_3x3

75.87% Top-1 accuracy under the constraint of 22ms latency, which
is over 0.7% higher than its counterpart. Compared with SPOS, SE-
NAS-F achieves comparable Top-1 accuracy with less training cost
under the constraint of 17ms latency. The network architectures
of searched models are visualized in Fig. 10. It can be found that
the searched models show different preferences under different
searching constraints: the models searched under the constraint of
latency tend to skip more layers for saving the inference time. For
example, SE-NAS-C has 17 layers while SE-NAS-G only has 14 lay-
ers.

DARTS search space. The effectiveness of SE-NAS over DARTS
search space is demonstrated in this part. In details, we apply the
search procedure on CIFAR-10, and then retrain the searched mod-
els from scratch on ImageNet. Supernet is trained for 200 and 5
epochs in the first and other stages respectively. The initial train-
ing of supernet adopts much more training epochs due to slow
convergence of supernet in DARTS search space. Similarly, SE-NAS
removes 10 operators from different edges each time and builds
edge-wise search spaces. The re-training stage follows the training
setting of [36]. As reported in Table 4, SE-NAS brings significant
improvement (1.6% Top-1 accuracy) compared with its baseline on
DARTS search space. The network architectures of searched model
are visualized in Fig. 11 and Fig. 12. It can be observed that the
architecture discovered by DARTS has lots of non-parametric oper-
ators (e.g., Identity and Pooling), while SE-NAS prefers to replace
them with more parametric operators, which allows the searched
models to be deeper.

4.4. Ablation Study

In this section, the impacts of different components of SE-NAS
are further studied. Here, SPOS [16] is set as the baseline, and
it trains supernet constructed on the MobileNet-like search space
with uniform sampling strategy. To make clear the contribution of
each component, searching results of the baseline are compared by
combining with different policies. The experimental setting follows
Section 4.3.

The overall comparison results are reported in Table 6. It can
be found that searched network architecture of SPOS equipped
with the strategy of search space shrinking achieves 75.3% Top-
1 accuracy on ImageNet, which is 0.5% higher than its baseline
with comparable FLOPs. To investigate the impact of layer vari-
ance (Equation (6)), the searching experiment is further conducted

Fig. 12. Reduction cell of SE-NAS-E.
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Ablation Study on ImageNet. SI refers to operator importance (see Equation (5)). SC denotes

selection confidence (see Equation (6)).

Methods Params.  FLOPs  Top-1 Acc.  Top-5 Acc.
SPOS [16] 7.1M 466M  74.8% 91.5%
SPOS+Shrinking (SI) 6.6M 468M  75.3% 92.3%
SPOS+Shrinking (SI + SC) 6.6M 467M  75.7% 92.5%
SPOS+ Shrinking (SI + SC) + Expanding  6.5M 469M 76.1% 93.0%

by considering SI and SC at the same time during evaluation,
which brings 0.4% Top-1 accuracy improvement. Equipped with all
components, Top-1 accuracy of the searched network architecture
comes to 76.1%, which surpasses all other setting with a clear mar-
gin.

5. Conclusion and Future Work

In this paper, we point out the problem of existing One-Shot
NAS algorithms. Due to weight coupling, weight-sharing supernet
leads to unstable and inaccurate performance estimation. To ad-
dress this problem, a shrinking-and-expanding supernet is pre-
sented for decoupling supernet parameters. We make a profound
study on characteristics of the decoupled supernet by conducting
comprehensive analysis experiments on NASBench-201. The power
of SE-NAS is demonstrated by comparing with existing NAS algo-
rithms on various search spaces and datasets. All experimental re-
sults prove that the proposed method helps to alleviate the dark
side of One-Shot NAS, thus can improve its searching performance
significantly.

It is believed that NAS will be a popular direction of automatic
machine learning (AutoML) for a long time. As a partner tech-
nique, hyper-parameter optimization (HPO) is also an important
topic in AutoML, with the aim of discovering appropriate hyper-
parameters to enhance the performance of model training. Pre-
vious works usually apply such two techniques separately or di-
rectly search different network architectures with the same hyper-
parameters. However, such optimization will lead to sub-optimal
results, since both architecture and hyper-parameter matter and
different architectures prefer their own training hyper-parameters.
Thus, we think the joint optimization of architecture and hyper-
parameter is a promising direction in the future. Inevitably, the
joint search space is combinatorially large and challenging, making
it hard to efficiently discover the optimal combination of architec-
ture and hyper-parameter. To improve searching efficiency, candi-
date models can be efficiently evaluated under a proxy with com-
putationally reduced setting instead of training them from scratch,
e.g., FBNetV3 [44] uses neural acquisition function (i.e., predic-
tor) to predict architecture statistics. AutoHAS [45] trains a weight
sharing supermodel across architecture and hyper-parameter. Be-
sides, we think improving sample efficiency using some powerful
black box optimization methods [46] is also a possible direction for
accelerating searching process in large joint search space.
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