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ABSTRACT

Neural Architecture Search (NAS) has been explosively studied to automate the
discovery of top-performer neural networks. Current works require heavy train-
ing of supernet or intensive architecture evaluations, thus suffering from heavy
resource consumption and often incurring search bias due to truncated training
or approximations. Can we select the best neural architectures without involving
any training and eliminate a drastic portion of the search cost? We provide an
affirmative answer, by proposing a novel framework called training-free neural
architecture search (TE-NAS). TE-NAS ranks architectures by analyzing the spec-
trum of the neural tangent kernel (NTK) and the number of linear regions in the
input space. Both are motivated by recent theory advances in deep networks and
can be computed without any training and any label. We show that: (1) these
two measurements imply the trainability and expressivity of a neural network; (2)
they strongly correlate with the network’s test accuracy. Further on, we design a
pruning-based NAS mechanism to achieve a more flexible and superior trade-off
between the trainability and expressivity during the search. In NAS-Bench-201
and DARTS search spaces, TE-NAS completes high-quality search but only costs
0.5 and 4 GPU hours with one 1080Ti on CIFAR-10 and ImageNet, respectively.
We hope our work inspires more attempts in bridging the theoretical findings of
deep networks and practical impacts in real NAS applications. Code is available at:
https://github.com/VITA-Group/TENAS.

1 INTRODUCTION

The recent development of deep networks significantly contributes to the success of computer vision.
Thanks to many efforts by human designers, the performance of deep networks have been significantly
boosted (Krizhevsky et al.,[2012; Stmonyan & Zisserman, |2014;|Szegedy et al.,|2015; |He et al.,|2016;
Xie et al.,|2017). However, the manual creation of new network architectures not only costs enormous
time and resources due to trial-and-error, but also depends on the design experience that does not
always scale up. To reduce the human efforts and costs, neural architecture search (NAS) has recently
amassed explosive interests, leading to principled and automated discovery for good architectures in
a given search space of candidates (Zoph & Le} 2016; Brock et al., 2017} Pham et al.l 2018} [Liu et al.
2018a; |Chen et al.,|2018; Bender et al., 2018; Gong et al.,|2019; (Chen et al., [2020a; [Fu et al., 2020).

As an optimization problem, NAS faces two core questions: 1) “how to evaluate”, i.e. the objective
function that defines what are good architectures we want; 2) “how to optimize”, i.e. by what means
we could effectively optimize the objective function. These two questions are entangled and highly
non-trivial, since the search spaces are of extremely high dimension, and the generalization ability
of architectures cannot be easily inferred (Dong & Yang| [2020; |Dong et al.| 2020). Existing NAS
methods mainly leverage the validation set and conduct accuracy-driven architecture optimization.
They either formulate the search space as a super-network (“supernet”) and make the training loss
differentiable through the architecture parameters (Liu et al.,|2018b), or treat the architecture selection
as a sequential decision making process (Zoph & Le, 2016) or evolution of genetics (Real et al.
2019). However, these NAS algorithms suffer from heavy consumption of both time and GPU
resources. Training a supernet till convergence is extremely slow, even with many effective heuristics
for sampling or channel approximations (Dong & Yang|,2019; Xu et al.,2019). Approximated proxy
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inference such as truncated training/early stopping can accelerate the search, but is well known to
introduce search bias to the inaccurate results obtained (Pharr et al], 2018; Liarig et &@l., 2019; Tan
et al| | 2020). The heavy search cost not only slows down the discovery of novel architectures, but
also blocks us from more meaningfully understanding the NAS behaviors.

On the other hand, the analysis of neural network's trainability (how effective a network can be
optimized via gradient descent) and expressivity (how complex the function a network can represent)
has witnessed exciting development recently in the deep learning theory elds. By formulating neural
networks as a Gaussian Process (no training involved), the gradient descent training dynamics can be
characterized by the Neural Tangent Kernel (NTK) of in nite (Lee et al., 2019) or nite (Yang, 2019)
width networks, from which several useful measures can be derived to depict the network trainability
at the initialization. Hanin & Rolnick (2019a;b); Xiong et al. (2020) describe another measure of
network expressivity, also without any training, by counting the number of unique linear regions that

a neural network can divide in its input space. We are therefore inspired to ask:

How to optimizeNAS at network’s initialization without involving any training, thus signi cantly
eliminating a heavy portion of the search cost?

Can we de neéhow to evaluaten NAS by analyzing the trainability and expressivity of architectures,
and further bene t our understanding of the search process?

Our answers argesto both questions. In this work, we propose TE-NAS, a frameworkréoning-

free neuralarchitecturesearch. We leveragevo indicators the condition number of NTK and

the number of linear regions, that can decouple and effectively characterize the trainability and
expressivity of architectures respectively in complex NAS search spaces. Most importantly, these
two indicators can be measured in a training-free and label-free manner, thus largely accelerates
the NAS search process and bene ts the understanding of discovered architectures. To our best
knowledge, TE-NAS makes the rst attempt to bridge the theoretical ndings of deep neural networks
and real-world NAS applications. While we intend not to claim that the two indicators we use are the
only nor the best options, we hope our work opens a door to theoretically-inspired NAS and inspires
the discovery of more deep network indicators. Our contributions are summarized as below:

We identify and investigate two training-free and label-free indicators to rank the quality of deep
architectures: the spectrum of their NTKs, and the number of linear regions in their input space.
Our study nds that they reliably indicate the trainability and expressivity of a deep network
respectively, and are strongly correlated with the network's test accuracy.

We leverage the above two theoretically-inspired indicators to establish a training-free NAS
framework, TE-NAS, therefore eliminating a drastic portion of the search cost. We further
introduce a pruning-based mechanism, to boost search ef ciency and to more exibly trade-off
between trainability and expressivity.

In NAS-Bench-201/DARTS search spac@g-NAS discovers architectures with a strong perfor-
mance at remarkably lower search costs, compared to previous efforts. With just one 1080Ti, it
only costs 0.5 GPU hours to search on CIFAR10, and 4 GPU hours on ImageNet, respectively,
setting the new record for ultra-ef cient yet high-quality NAS.

2 RELATED WORKS

Neural architecture search (NAS)is recently proposed to accelerate the principled and automated
discovery of high-performance networks. However, most works suffer from heavy search cost, for
both weight-sharing based methods (Liu et al., 2018b; Dong & Yang, 2019; Liu et al., 2019; Yu

et al., 2020a; Li et al., 2020a; Yang et al., 2020a) and single-path sampling-based methods (Pham
etal., 2018; Guo et al., 2019; Real et al., 2019; Tan et al., 2020; Li et al., 2020c; Yang et al., 2020b).
A one-shot super network can share its parameters to sampled sub-networks and accelerate the
architecture evaluations, but it is very heavy and hard to optimize and suffers from a poor correlation
between its accuracy and those of the sub-networks (Yu et al., 2020c). Sampling-based methods
achieve more accurate architecture evaluations, but their truncated training still imposes bias to the
performance ranking since this is based on the results of early training stages.

Instead of estimating architecture performance by direct training, people also try to predict network's

accuracy (or ranking), callegredictor based NASmethods (Liu et al., 2018a; Luo et al., 2018; Dai

et al., 2019; Luo et al., 2020). Graph neural network (GNN) is a popular choice as the predictor

model (Wen et al., 2019; Chen et al., 2020b). Siems et al. (2020) even propose the rst large-scale
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surrogate benchmark, where most of the architectures' accuracies are predicted by a pretrained GNN
predictor. The learned predictor can achieve highly accurate performance evaluation. However,
the data collection step - sampling representative architectures and train them till converge - still
requires extremely high cost. People have to sample and train 2,000 to 50,000 architectures to serve
as the training data for the predictor. Moreover, none of these works can demonstrate the cross-space
transferability of their predictors. This means one has to repeat the data collection and predictor
training whenever facing an unseen search space, which is highly nonscalable.

The heavy cost of architecture evaluation hindersuthgerstanding of the NAS search process. Re-

cent pioneer works like Shu et al. (2019) observed that DARTS and ENAS tend to favor architectures
with wide and shallow cell structures due to their smooth loss landscape. Siems et al. (2020) studied
the distribution of test error for different cell depths and numbers of parameter-free operators. Chen
& Hsieh (2020) for the rst time regularizes the Hessian norm of the validation loss and visualizes
the smoother loss landscape of the supernet. Li et al. (2020b) proposed to approximate the validation
loss landscape by learning a mapping from neural architectures to their corresponding validate losses.
Still, these analyses cannot be directly leveraged to guide the design of network architectures.

Mellor et al. (2020) recently proposed a NAS framework that does not involve training, which
shares the same motivation with us towards training-free architecture search at initialization. They
empirically nd that the correlation between sample-wise input-output Jacobian can indicate the
architecture's test performance. However, why does the Jacobian work is not well explained and
demonstrated. Their search performance on NAS-Bench-201 is still left behind by the state-of-the-art
NAS works, and they did not extend to DARTSs space.

Meanwhile, we see the evolving developmentleép learning theoryon neural networks. NTK
(neural tangent kernel) is proposed to characterize the gradient descent training dynamics of in nite
wide (Jacot et al., 2018) or nite wide deep networks (Hanin & Nica, 2019). Wide networks are also
proved to evolve as linear models under gradient descent (Lee et al., 2019). This is further leveraged
to decouple the trainability and generalization of networks (Xiao et al., 2019). Besides, a natural
measure of ReLU network's expressivity is the number of linear regions it can separate in its input
space (Raghu et al., 2017; Maifdr, 2017; Serra et al., 2018; Hanin & Rolnick, 2019a;b; Xiong

et al., 2020). In our work, we for the rst time discover two important indicators that can effectively
rank architectures, thus bridging the theoretic ndings and real-world NAS applications. Instead of
claiming the two indicators we discover are the best, we believe there are more meaningful properties
of deep networks that can bene t the architecture search process. We leave them as open questions
and encourage the community to study.

3 METHODS

The core motivation of our TE-NAS framework is to achieve architecture evaluation without involving
any training, to signi cantly accelerate the NAS search process and reduce the search cost. In section
3.1 we present our study on two important indicators that re ect the trainability and expressivity
of a neural network, and in section 3.2 we design a novel pruning-based method that can achieve a
superior trade-off between the two indicators.

3.1 ANALYZING TRAINABILITY AND EXPRESSIVITY OFDEEP NETWORKS

Trainability and expressivity are distinct notions regarding a neural network (Xiao et al., 2019). A
network can achieve high performance only if the function it can represent is complex enough and at
the same time, it can be effectively trained by gradient descent.

3.1.1 TRAINABILITY BY CONDITION NUMBER OFNTK

The trainability of a neural network indicates how effective it can be optimized using gradient descent
(Burkholz & Dubatovka, 2019; Hayou et al., 2019; Shin & Karniadakis, 2020). Although some heavy
networks can theoretically represent complex functions, they not necessarily can be effectively trained
by gradient descent. One typical example is that, even with a much more number of parameters, Vgg
networks (Simonyan & Zisserman, 2014) usually perform worse and require more special engineering
tricks compared with ResNet family (He et al., 2016), whose superior trainability property is studied
by Yang & Schoenholz (2017).
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Recent work (Jacot et al., 2018; Lee et al., 2019; Chizat et al., 2019) studied the gradient descent
training of neural networks using a quantity called the neural tangent kernel (NTK). The nite width
NTKisde ned by { x;x9 = J(x)J(x9)T, whered; (x)= @ z-(x) is the Jacobian evaluated at

a pointx for parameter , andz" is the output of the-th neuron in the last output layer.

Lee et al. (2019) further proves that wide neural networks evolve as linear models using gradient
descent, and their training dynamics is controlled by ODEs that can be solved as

t(Xyan) = (1 e A"amt)Ytrain 1)

for training data. Here(x) = E[z- (x)] is the expected outputs of an in nitely wide networkiain
denotes the NTK between the training inputs, Xngin, andY yain are drawn from the training set
Dyain- As the training step tends to in nity we can see that Eq. 1 reduce (X yain) = Ytrain-

The relationship between the conditioning’ofind the trainability of networks is studied by Xiao
et al. (2019), and we brief the conclusion as below. We can write Eq. 1 in terms of the spectrum of

t(Xyain)i = (1 e It)Ytrain;i ; 2

where ; are the eigenvalues OFfain and we order

the eigenvaluesg m. As it has been

hypothesized by Lee et al. (2019) that the maximum

feasible learning rate scales as 2= ¢, plugging

this scaling for into Eq. 2 we see that they,

will converge exponentially at a rate given by |,

where = = ,, is the condition number. Then B .

we can conclude that if the of the NTK associated Fégg‘gg’vi:cg?rg?;t'igg Cv?trlf]‘tt’ﬁé ?efsl?-arcKCLNJraec);h(I)?I;Srchi
with a neural network diverges then it will becom@l 80 2200 & el B0 0 R0 8 Vang, 2020)
untrainable, so we useas a metric for trainability:

N 3)

m
n is calculated without any gradient descent or label. Figure 1 demonstrates tha tise
negatively correlated with the architecture's test accuracy, with the Kendall-tau correlatidh4s
Therefore, minimizing the y during the search will encourage the discovery of architectures with
high performance.

3.1.2 EXPRESSIVITY BY NUMBER OF LINEAR REGIONS

The expressivity of a neural network indicates how complex the function

it can represent (Hornik et al., 1989; Giryes et al., 2016). For ReLU

networks, each ReLU function de nes a linear boundary and divides

its input space into two regions. Since the composition of piecewise

linear functions is still piecewise linear, every ReLU network can be

seen as a piecewise linear function. The input space of a ReLU network

can be partitioned into distinct pieces (i.e. linear regions) (Figure 2),

each of which is associated with a set of af ne parameters, and the _
function represented by the network is af ne when restricted to edd@ure 2: Example of linear
piece. Therefore, it is natural to measure the expressivity of a Rl O“T&d""ded by a ReLU
network with the number of linear regions it can separate. networ

Following Raghu et al. (2017); Moiafar (2017); Serra et al. (2018); Hanin & Rolnick (2019a;b);
Xiong et al. (2020), we rst introduce the following de nition of activation patterns and linear regions
for ReLU CNNs.

De nition 1. Activation Patterns and Linear Regions (Xiong et al. (2020)) LetN be a ReLU
CNN. An activation pattern dfl is a functionP from the set of neurons fdl; 1g, i.e., for each
neuronz in N, we haveP (z) 2f 1; 1g. Let be a xed set of parameters (weights and biases) in
N, andP be an activation pattern. The region correspondindgPt@nd is

R(P; ):=fx°2R® " W :z(x% ) P(2)>0, 8z2Ng; 4)
wherez(x?; ) is the pre-activation of a neuran LetRy . denote the number of linear regions of
N at ,i.e.,Ry:. :=# fR(P; ): R(P; ) 6 ; forsome activation patterR g:

!Plot is generated by us with the same method described by Hanin & Rolnick (2019a).
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Eqg. 4 tells us that a linear region in the input space is a
set of input dat © that satis es a certain xed activation
patternP (z), and therefore the number of linear regions
RN measures how many unique activation patterns that
can be divided by the network.

In our work, we repeat the measurement of the number of
linear regions by sampling network parameters from the
Kaiming Norm Initialization (He et al., 2015), and calculate
the average as the approximation to its expectation:
Figure 3: Number of linear regionBy of
architectures in NAS-Bench201 exhibits pos-
Ry ' E Rn; (5) itive correlation with test accuracies.

We iterate through all architectures in NAS-Bench-201
(Dong & Yang, 2020), and calculate their numbers of
linear regions (without any gradient descent or label).
Figure 3 demonstrates that the number of linear regions
is positively correlated with the architecture's test accu-
racy, with the Kendall-tau correlation 8. Therefore,
maximizing the number of linear regions during the
search will also encourage the discovery of architec-
tures with high performance.

Finally, in Figure 4 we analyze the operator composi-
tion of top 10% architecture by maximizirigy and Figure4: n andRy prefer different operators
minimizing v , respectively. We can clearly see thdf VAS-Bench201.
Ry and y have different preferences for choosing operators. They both choose a large ratio of
com3 3 for high generalization performance. But meanwhig, heavily selects corv 1, and

n leads to skip-connect, favoring the gradient ow.

3.2 PRUNING-BY-IMPORTANCE ARCHITECTURESEARCH

Given the strong correlation between the architecture's test accuracy ard #sdRy , how to build
an ef cient NAS framework on top of them? We motivate this section by addressing two questions:

1. How to combine y andRy together, with a good explicit trade-off?

We rst need to turn the two measurements andRy into one combined function, based on which

we can rank architectures. As seen in Figure 1 and 3, the magnitudgsafdRy differ much.

To avoid one overwhelming the other numerically, one possible remedy is normalization; but we
cannot pre-know the ranges nor the value distributionsofandRy , before computing them over a
search space. In order to make our combined funatiethde ned before searcandagnostic to the
search spacdnstead of using the numerical values @f andRy , we could refer to their relative
rankings. Speci cally, each time by comparing the sampled set of architectures peer-to-peer, we can
directly sum up the two relative rankings of andRy as the selection criterion. The equal-weight
summation treats trainability and expressivity with the same importance conceparaligelivers

the best empirical result: we thus choose it as our default combined function. We also tried some
other means to combine the two, and the ablation studies can be found in Appendix D.2.

2. How to search more ef ciently?

Sampling-based methods like reinforcement learning or evolution can use rankings as the reward
or Itering metric. However, they are inef cient, especially for complex cell-based search space.
Consider a network stacked by repeated cells (directed acyclic graphs) (Zoph et al., 2018; Liu et al.,
2018b). Each cell has edges, and on each edge we only select one operator @it @D is the

set of operator candidates). There g@¢& unique cells, and for sampling-based methodg0j &
networks have to be sampled during the search. The ratian be interpreted as the sampling

ef ciency: a method with small can nd good architectures faster. However, the search time cost of
sampling-based methods still scales up with the size of the search spa@®@jfe.,

We tried some weighted summations of the two, and nd their equal-weight summation to perform the best.
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Inspired by recent works on pruning-from-scratch (Lee et al., 2018; Wang et al., 2020), we propose
a pruning-by-importance NAS mechanism to quickly shrink the search possibilities and boost the
ef ciency further, reducing the cost frof®jF to jOj E. Speci cally, we start the search with a
super-networlN g composed of all possible operators and edges. In the outer loop, for every round we
prune one operator on each edge. The outer-loop stops when the current shipésreesingle-path
network, i.e., the algorithm will return us the nal searched architecture. For the inner-loop, we
measure the change of, andRy before and after pruning each individual operator, and assess its
importance using the sum of two ranks. We order all currently available operators in terms of their
importance, and prune the lowest-importance operator on each edge.

The whole pruning process is extremely fast. As we will demonstrate later, our approach is principled
and can be applied to different spaces without making any modi cations. This pruning-by-importance
mechanism may also be extended to indicators beanddeQN . We summarize our training-free

and pruning-based NAS framework, TE-NAS, in Algorithm 1.

Algorithm 1: TE-NAS: Training-free Pruning-based NAS via Ranking af andRy .

Input: supernelN stacked by cells, each cell hesedges, each edge hi&j operators, step=0.
while N is not a single-path networtto

for each operaton; in Ny do
to; = Ny N ¢ no; . the higher o, the more likely we will prunep,
Reo; = Rn, RN!nOJ . the lower Reo; the more likely we will pruney,
Getimportance by : s (0;) = index ofg; in descendinghgorted lisf  to,;:5 oy Ii]
Get importance bRy : sr (0) = index ofg; in ascendinghsorted lisf Rio, ;i Reoy IJ]
Getimportance(oj) = s (0j) + sr(0))
Nt+1 = Nt
for each edges,i =1;::;;E do
j =argmin;fs(g):0 2 &g . nd the operator with greatest importanoa each edge.
Nt+1 = Ni+1 no;
| t=t+1

return Pruned single-path networX: .

3.2.1 MVISUALIZATION OF SEARCH PROCESS

TE-NAS bene ts us towards a better understanding
of the search process. We can analyze the trajec-
tory of y andRy during the search. It is worth
noting that our starting poin¥ly, the un-pruned
supernet, is assumed to be of the highest expressiv-
ity (as it is composed of all operators in the search
space and has the largest number of parameters and
ReLU functions). However, it has poor trainability,
as people nd many engineering techniques are re-
quired to effectively training the supernet (Yu et al.,
2020a;b). Therefore, during pruning we are expect-
ing to strengthen the trainability of the supernet,
while retaining its expressivity as much as possible.

As we observe in Figure 5, the superhéts rst

pruned by quickly reducingy , i.e., increasing the

network's trainability. After that, as the improveFigure 5: Pruning trajectory on NAS-Bench-201
ment of y is almost plateaued, the method caréep) and DARTSs search space (bottom). Number “0”
fully ne-tunes the architecture without sacri cingindicates the superndto before any pruning, which
too much expressiviti}‘\)N _ is of high expressivity but poor trainability.

’Different search spaces may have different criteria for the single-path network. In NAS-Bench201 (Dong
& Yang, 2020) each edge only keeps one operator at the end of the search, while in DARTS space (Liu et al.,
2018b) there are two operators on each edge in the searched network.
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4 EXPERIMENTS

In this section, we evaluate our TE-NAS on two search spaces: NAS-Bench-201 (Dong & Yang,
2020) and DARTS (Liu et al., 2018b). Search and training protocols are summarized in Appendix A.
Our code is available ahttps://github.com/VITA-Group/TENAS

4.1 RESULTS ONNAS-BENCH-201

NAS-Bench-201 (Dong & Yang, 2020) provides a standard cell-based search space (containing
15,625 architectures) and a database of architecture's performance evaluated under a uni ed protocol.
The network's test accuracy can be directly obtained by querying the database, which facilitates
people to focus on studying NAS algorithms without network evaluation. NAS-Bench-201 supports
three datasets (CIFAR-10, CIFAR-100, ImageNet-16-120 (Chrabaszcz et al., 2017)). The operation
space containsone(zerd, skip connectionconl 1, con\3 3 convolution andaverage pooling

3 3. We refer to their paper for details of the space. Our search is dataset-speci c, i.e. the search
and evaluation are conducted on the same dataset.

Table 1: Comparison with state-of-the-art NAS methods on NAS-Bench-201. Test accuracy with mean and
deviation are reported. “optimal” indicates the best test accuracy achievable in NAS-Bench-201 search space.

Search Cost Search

Architecture CIFAR-10 CIFAR-100 ImageNet-16-120 (GPU sec.) Method
ResNet (He et al., 2016) 93.97 70.86 43.63 - -
RSPS (Li & Talwalkar, 2020) 87:66(1:69) 5833(4:34) 31:14(3:88) 8007.13 random
ENAS (Pham et al., 2018) 54:30(0:00) 1561(0:00) 16:32(0:00) 13314.51 RL
DARTS (1st) (Liu et al., 2018b) 54:30(0:00) 1561(0:00) 16:32(0:00) 10889.87 gradient
DARTS (2nd) (Liu et al., 2018b) 54:30(0:00) 1561(0:00) 16:32(0:00) 29901.67 gradient
GDAS (Dong & Yang, 2019) 9361(0:09) 7G70(0:30) 41:84(0:90) 28925.91 gradient
NAS w.o. Training (Mellor et al., 2020) 91:78(1:45) 67.05(2:89) 37.07(6:39) 4.8 training-free
TE-NAS (ours) 93:9(0:47) 71:24(0:56) 42:38(0:46) 1558 training-free
Optimal 94.37 73.51 47.31 - -

We run TE-NAS for four independent times with different random seeds, and report the mean and
standard deviation in Table 1. We can see that TE-NAS achieves the best accuracy on all three
datasets, and largely reduces the search 8ost (19 reduction). Although Mellor et al. (2020)
requires even less search time (by only sampling 25 architectures), they suffer from much inferior
accuracy performance, with notably larger deviations across different search rounds.

4.2 RESULTS ONCIFAR-10wITH DARTS SEARCH SPACE

Architecture Space The DARTs operation spad@ contains eight choicesnone(zerg, skip
connectionseparable convolutioB 3and5 5, dilated separable convolutioh 3and5 5,

max pooling3 3, average pooling 3. Following previous works (Liu et al., 2018b; Chen et al.,
2019; Xu et al., 2019), for evaluation phases, we stack 20 cells to compose the network and set the

Table 2: Comparison with state-of-the-art NAS methods on CIFAR-10.

Architecture Test Error Params  Search Cost Search
(%) (M) (GPU days) Method
AmoebaNet-A (Real et al., 2019) 3:34(0:06) 3.2 3150 evolution
PNAS (Liu et al., 20188) 3:41(0:09) 3.2 225 SMBO
ENAS (Pham et al., 2018) 2.89 4.6 0.5 RL
NASNet-A (Zoph et al., 2018) 2.65 3.3 2000 RL
DARTS (1st) (Liu et al., 2018b) 3:00(0:14) 3.3 0.4 gradient
DARTS (2nd) (Liu et al., 2018b) 2:76(0:09) 3.3 1.0 gradient
SNAS (Xie et al., 2018) 2:85(0:02) 2.8 15 gradient
GDAS (Dong & Yang, 2019) 2.82 25 0.17 gradient
BayesNAS (Zhou et al., 2019) 2:81(0:04) 3.4 0.2 gradient
ProxylessNAS (Cai et al., 2028) 2.08 5.7 4.0 gradient
P-DARTS (Chen et al., 2019) 2.50 3.4 0.3 gradient
PC-DARTS (Xu et al., 2019) 2:57(0:07) 3.6 0.1 gradient
SDARTS-ADV (Chen & Hsieh, 2020)  2:61(0:02) 33 13 gradient
TE-NAS (ours) 2:63(0:064) 3.8 0.05 training-free

? No cutout augmentation.

Y Different space: PyramidNet (Han et al., 2017) as the backbone.

“ Recorded on a single GTX 1080Ti GPU.
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initial channel number as 36. We place the reduction cells at the 1/3 and 2/3 of the network and each
cell consists of six nodes.

Results We run TE-NAS for four independent times with different random seeds, and report the
mean and standard deviation. Table 2 summarizes the performance of TE-NAS compared with other
popular NAS methods. TE-NAS achieves a test error of 2.63%, ranking among the top of recent NAS
results, but meanwhile largely reduces the search cost to only 0.05 GPU-day. ProxylessNAS achieves
the lowest test error, but it searches on a different space with a much longer search time and has a
larger model size. Besides, Mellor et al. (2020) did not extend to their Jacobian-based framework to
DARTSs search space for CIFAR-10 or ImageNet classi cation.

4.3 RESULTS ONIMAGENET WITH DARTS SEARCH SPACE

Architecture Space Following previous works (Xu et al., 2019; Chen et al., 2019), the architecture
for ImageNet is slightly different from that for CIFAR-10. During retraining evaluation, the network

is stacked with 14 cells with the initial channel number set to 48, and we follow the mobile setting to
control the FLOPs not exceed 600 MB by adjusting the channel number. The spatial resolution is
downscaled fron224 224t028 28with the rst three convolution layers of stride 2.

Results As shown in Table 3, we achieve a top-1/5 test error of 24.5%/7.5%, achieving competitive
performance with recent state-of-the-art works in the ImageNet mobile setting. However, TE-NAS
only cost four GPU hours with only one 1080Ti. Searching on ImageNet takes a longer time than on
CIFAR-10 due to the larger input size and more network parameters.

Table 3: Comparison with state-of-the-art NAS methods on ImageNet under the mobile setting.

Architecture Test Error(%)  Params Search Cost Search
top-1  top-5 (M) (GPU days) Method
NASNet-A (Zoph et al., 2018) 26.0 8.4 5.3 2000 RL
AmoebaNet-C (Real et al., 2019) 243 7.6 6.4 3150 evolution
PNAS (Liu et al., 2018a) 25.8 8.1 51 225 SMBO
MnasNet-92 (Tan et al., 2019) 25.2 8.0 4.4 - RL
DARTS (2nd) (Liu et al., 2018b) 26.7 8.7 4.7 4.0 gradient
SNAS (mild) (Xie et al., 2018) 27.3 9.2 4.3 15 gradient
GDAS (Dong & Yang, 2019) 26.0 8.5 53 0.21 gradient
BayesNAS (Zhou et al., 2019) 26.5 8.9 3.9 0.2 gradient
P-DARTS (CIFAR-10) (Chen et al., 2019) 24.4 7.4 4.9 0.3 gradient
P-DARTS (CIFAR-100) (Chen et al., 2019)  24.7 75 5.1 0.3 gradient
PC-DARTS (CIFAR-10) (Xu et al., 2019) 25.1 7.8 5.3 0.1 gradient
TE-NAS (ours) 26.2 8.3 6.3 0.05 training-free
PC-DARTS (ImageNet) (Xu et al., 20%9)  24.2 7.3 5.3 3.8 gradient
ProxylessNAS (GPU) (Cai et al., 2018) 24.9 7.5 7.1 8.3 gradient
TE-NAS (oursy 245 7.5 5.4 0.17 training-free

Y The architecture is searched on ImageNet, otherwise it is searched on CIFAR-10 or CIFAR-100.

5 CONCLUSION

The key questions in Neural Architecture Search (NAS) are “what are good architectures” and “how
to nd them”. Validation loss or accuracy are possible answers but not enough, due to their search
bias and heavy evaluation cost. Our work demonstrates that two theoretically inspired indicators, the
spectrum of NTK and the number of linear regions, not only strongly correlate with the network's
performance, but also benet the reduced search cost and decoupled analysis of the network's
trainability and expressivity. Without involving any training, our TE-NAS achieve competitive NAS
performance with minimum search time. We for the rst time bridge the gap between the theoretic
ndings of deep neural networks and real-world NAS applications, and we encourage the community
to further explore more meaningful network properties so that we will have a better understanding of
good architectures and how to search them.

ACKNOWLEDGEMENT

This work is supported in part by the NSF Real-Time Machine Learning program (Award Number:
2053279), and the US Army Research Of ce Young Investigator Award (W911NF2010240).



Published as a conference paper at ICLR 2021

REFERENCES

Gabriel Bender, Pieter-Jan Kindermans, Barret Zoph, Vijay Vasudevan, and Quoc Le. Understanding
and simplifying one-shot architecture searchlnternational Conference on Machine Learnjng
pp. 549-558, 2018.

Andrew Brock, Theodore Lim, James M Ritchie, and Nick Weston. Smash: one-shot model
architecture search through hypernetwordsXiv preprint arXiv:1708.053442017.

Rebekka Burkholz and Alina Dubatovka. Initialization of relus for dynamical isometrxdirances
in Neural Information Processing Systemp. 2385-2395, 2019.

Han Cai, Ligeng Zhu, and Song Han. Proxylessnas: Direct neural architecture search on target task
and hardwarearXiv preprint arXiv:1812.003322018.

Liang-Chieh Chen, Maxwell Collins, Yukun Zhu, George Papandreou, Barret Zoph, Florian Schroff,
Hartwig Adam, and Jon Shlens. Searching for ef cient multi-scale architectures for dense image
prediction. InAdvances in Neural Information Processing Systeaps8699-8710, 2018.

Wuyang Chen, Xinyu Gong, Xianming Liu, Qian Zhang, Yuan Li, and Zhangyang Wang. Fasterseg:
Searching for faster real-time semantic segmentatiomtarnational Conference on Learning
Representation®020a.

Xiangning Chen and Cho-Jui Hsieh. Stabilizing differentiable architecture search via perturbation-
based regularizatiorarXiv preprint arXiv:2002.052832020.

Xin Chen, Lingxi Xie, Jun Wu, and Qi Tian. Progressive differentiable architecture search: Bridging
the depth gap between search and evaluatioRrdroeedings of the IEEE International Conference
on Computer Visionpp. 1294-1303, 2019.

Xin Chen, Lingxi Xie, Jun Wu, Longhui Wei, Yuhui Xu, and Qi Tian. Fitting the search space of
weight-sharing nas with graph convolutional networ&eXiv preprint arXiv:2004.084232020b.

Lenaic Chizat, Edouard Oyallon, and Francis Bach. On lazy training in differentiable programming.
20109.

Patryk Chrabaszcz, llya Loshchilov, and Frank Hutter. A downsampled variant of imagenet as an
alternative to the cifar datasets, 2017.

Xiaoliang Dai, Peizhao Zhang, Bichen Wu, Hongxu Yin, Fei Sun, Yanghan Wang, Marat Dukhan,
Yunging Hu, Yiming Wu, Yangqging Jia, et al. Chamnet: Towards ef cient network design through
platform-aware model adaptation. Proceedings of the IEEE Conference on computer vision and
pattern recognitionpp. 11398-11407, 2019.

Xuanyi Dong and Yi Yang. Searching for a robust neural architecture in four gpu hours. In
Proceedings of the IEEE Conference on computer vision and pattern recogmpitioh761-1770,
20109.

Xuanyi Dong and Yi Yang. Nas-bench-102: Extending the scope of reproducible neural architecture
search.arXiv preprint arXiv:2001.003262020.

Xuanyi Dong, Lu Liu, Katarzyna Musial, and Bogdan Gabrys. Nats-bench: Benchmarking nas
algorithms for architecture topology and sizeXiv preprint arXiv:2009.004372020.

Yonggan Fu, Wuyang Chen, Haotao Wang, Haoran Li, Yingyan Lin, and Zhangyang Wang. Autogan-
distiller: Searching to compress generative adversarial networketdmational Conference on
Machine Learningpp. 3292-3303. PMLR, 2020.

Raja Giryes, Guillermo Sapiro, and Alex M Bronstein. Deep neural networks with random gaussian
weights: A universal classi cation strategyfEEE Transactions on Signal Processjrgl(13):
3444-3457, 2016.

Xinyu Gong, Shiyu Chang, Yifan Jiang, and Zhangyang Wang. Autogan: Neural architecture search
for generative adversarial networks. Pmoceedings of the IEEE/CVF International Conference on
Computer Visionpp. 3224-3234, 2019.



Published as a conference paper at ICLR 2021

Zichao Guo, Xiangyu Zhang, Haoyuan Mu, Wen Heng, Zechun Liu, Yichen Wei, and Jian Sun. Single
path one-shot neural architecture search with uniform sampdingv preprint arXiv:1904.00420
20109.

Dongyoon Han, Jiwhan Kim, and Junmo Kim. Deep pyramidal residual networlrotreedings of
the IEEE conference on computer vision and pattern recognippn5927-5935, 2017.

Boris Hanin and Mihai Nica. Finite depth and width corrections to the neural tangent karKail.
preprint arXiv:1909.059892019.

Boris Hanin and David Rolnick. Complexity of linear regions in deep netwogXiv preprint
arXiv:1901.090212019a.

Boris Hanin and David Rolnick. Deep relu networks have surprisingly few activation patterns. In
Advances in Neural Information Processing Systems361-370, 2019b.

Sou ane Hayou, Arnaud Doucet, and Judith Rousseau. On the impact of the activation function on
deep neural networks trainingrXiv preprint arXiv:1902.068532019.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into recti ers: Surpassing
human-level performance on imagenet classi cationPtaceedings of the IEEE international
conference on computer visigop. 1026-1034, 2015.

Kaiming He, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. Deep residual learning for image
recognition. InProceedings of the IEEE conference on computer vision and pattern recognition
pp. 770-778, 2016.

Kurt Hornik, Maxwell Stinchcombe, Halbert White, et al. Multilayer feedforward networks are
universal approximatordNeural networks2(5):359-366, 1989.

Arthur Jacot, Franck Gabriel, and &hent Hongler. Neural tangent kernel: Convergence and
generalization in neural networks. Advances in neural information processing systepps
8571-8580, 2018.

Alex Krizhevsky, llya Sutskever, and Geoffrey E Hinton. Imagenet classi cation with deep convolu-
tional neural networks. IAdvances in neural information processing systgmps 1097-1105,
2012.

Jaehoon Lee, Lechao Xiao, Samuel Schoenholz, Yasaman Bahri, Roman Novak, Jascha Sohl-
Dickstein, and Jeffrey Pennington. Wide neural networks of any depth evolve as linear models
under gradient descent. Advances in neural information processing systeops 8572—-8583,

20109.

Namhoon Lee, Thalaiyasingam Ajanthan, and Philip HS Torr. Snip: Single-shot network pruning
based on connection sensitivigrXiv preprint arXiv:1810.0234®018.

Guohao Li, Guocheng Qian, Itzel C Delgadillo, Matthias Muller, Ali Thabet, and Bernard Ghanem.
Sgas: Sequential greedy architecture searctPréweedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognitjgp. 1620-1630, 2020a.

Liam Li and Ameet Talwalkar. Random search and reproducibility for neural architecture search. In
Uncertainty in Arti cial Intelligence pp. 367-377. PMLR, 2020.

Yanxi Li, Minjing Dong, Yunhe Wang, and Chang Xu. Neural architecture search in a proxy validation
loss landscape. Imternational Conference on Machine Learnjmp. 5853-5862. PMLR, 2020b.

Zhihang Li, Teng Xi, Jiankang Deng, Gang Zhang, Shengzhao Wen, and Ran He. Gp-nas: Gaussian
process based neural architecture searcRréneedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognitippp. 11933-11942, 2020c.

Hanwen Liang, Shifeng Zhang, Jiacheng Sun, Xinggiu He, Weiran Huang, Kechen Zhuang, and
Zhenguo Li. Darts+: Improved differentiable architecture search with early stopgingyv
preprint arXiv:1909.060352019.

10






	Introduction
	Related Works
	Methods
	Analyzing Trainability and Expressivity of Deep Networks
	Trainability by Condition Number of NTK
	Expressivity by Number of Linear Regions

	Pruning-by-importance Architecture Search
	Visualization of Search Process


	Experiments
	Results on NAS-Bench-201
	Results on CIFAR-10 with DARTs Search Space
	Results on ImageNet with DARTs Search Space

	Conclusion
	Implementation Details
	Searched Architecture
	Depth and Width Preference of N and N in DARTs Space
	More Ablation Studies
	Search with only N or N
	Different combination options for N and N
	Correlation between Test Accuracy and Combination of N and N

	Generalization v.s. Test Accuracy

