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Abstract

One-Shot Neural Architecture Search (NAS)
is a promising method to significantly reduce
search time without any separate training. It
can be treated as a Network Compression prob-
lem on the architecture parameters from an over-
parameterized network. However, there are two
issues associated with most one-shot NAS meth-
ods. First, dependencies between a node and its
predecessors and successors are often disregarded
which result in improper treatment over zero op-
erations. Second, architecture parameters pruning
based on their magnitude is questionable. In this
paper, we employ the classic Bayesian learning
approach to alleviate these two issues by mod-
eling architecture parameters using hierarchical
automatic relevance determination (HARD) pri-
ors. Unlike other NAS methods, we train the over-
parameterized network for only one epoch then
update the architecture. Impressively, this enabled
us to find the architecture on CIFAR-10 within
only 0.2 GPU days using a single GPU. Competi-
tive performance can be also achieved by transfer-
ring to ImageNet. As a byproduct, our approach
can be applied directly to compress convolutional
neural networks by enforcing structural sparsity
which achieves extremely sparse networks with-
out accuracy deterioration.

1. Introduction

Neural Architecture Search (NAS), the process of automat-
ing architecture engineering, is thus a logical next step in au-
tomating machine learning since (Zoph & Le, 2017). There
are basically three existing frameworks for neural archi-
tecture search. Reinforcement learning based NAS (Baker
et al., 2017; Zoph & Le, 2017; Zhong et al., 2018; Zoph
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et al., 2018; Cai et al., 2018) methods take the generation
of a neural architecture as an agent’s action with the action
space identical to the search space. More recent neuro-
evolutionary approaches (Real et al., 2017; Liu et al., 2018b;
Real et al., 2019; Miikkulainen et al., 2019; Xie & Yauille,
2017; Elsken et al., 2019a) use gradient-based methods for
optimizing weights and solely use evolutionary algorithms
for optimizing the neural architecture itself. However, these
two frameworks take enormous computational power when
compared to a search using a single GPU. One-Shot based
NAS is a promising approach to significantly reduce search
time without any separate training, which treats all architec-
tures as different subgraphs of a supergraph (the one-shot
model) and shares weights between architectures that have
edges of this super-graph in common (Saxena & Verbeek,
2016; Brock et al., 2018; Pham et al., 2018; Bender et al.,
2018; Liu et al., 2019b; Cai et al., 2019; Xie et al., 2019;
Zhang et al., 2019a;b). A comprehensive survey on Neural
Architecture Search can be found in (Elsken et al., 2019b).

Our approach is a one-shot based NAS solution which treats
NAS as a Network Compression/pruning problem on the
architecture parameters from an over-parameterized net-
work. However, despite it’s remarkable less searching time
compared to reinforcement learning and neuro-evolutionary
approaches, we can identify a number of significant and
practical disadvantages of the current one-shot based NAS.
First, dependencies between a node and its predecessors and
successors are disregarded in the process of identifying the
redundant connections. This is mainly motivated by the im-
proper treatment of zero operations. On one hand, the logit
of zero may dominate some of the edges while the child
network still has other non-zero edges to keep it connected
(Liu et al., 2019b; Xie et al., 2019; Cai et al., 2019; Zhang
et al., 2019b), for example, node 2 in Figurela. Similarly,
as shown in Figure 1 of (Xie et al., 2019), the probability
of invalid/disconnected graph sampled will be % when
there are three non-zero plus one zero operation. Though
post-processing to safely remove isolated nodes is possible,
e.g., for chain-like structure, it demands extensive extra com-
putations to reconstruct the graph for complex search space
with additional layer types and multiple branches and skip
connections. This may prevent the use of modern network
structure as the backbone such as DenseNet (Huang et al.,
2017), newly designed motifs (Liu et al., 2018b) and com-
plex computer vision tasks such as semantic segmentation
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(Liu et al., 2019a). On the other hand, zero operations should
have higher priority to rule out other possible operations,
since zero operations equal to all non-zero operations not
being selected. Second, most one-shot NAS methods (Liu
et al., 2019b; Cai et al., 2019; Xie et al., 2019; Zhang et al.,
2019b; Gordon et al., 2018) rely on the magnitude of archi-
tecture parameters to prune redundant parts and this is not
necessarily true. From the perspective of Network Compres-
sion (Lee et al., 2019), magnitude-based metric depends on
the scale of weights thus requiring pre-training and is very
sensitive to the architectural choices. Also the magnitude
does not necessarily imply the optimal edge. Unfortunately,
these drawbacks exist not only in Network Compression but
also in one-shot NAS.

In this work, we propose a novel, efficient and highly au-
tomated framework based on the classic Bayesian learning
approach to alleviate these two issues simultaneously. We
model architecture parameters by a hierarchical automatic
relevance determination (HARD) prior. The dependency
can be translated by multiplication and addition of some
independent Gaussian distributions. The classic Bayesian
learning framework (MacKay, 1992a; Neal, 1995; Tipping,
2001) prevents overfitting and promotes sparsity by speci-
fying sparse priors. The uncertainty of the parameter distri-
bution can be used as a new metric to prune the redundant
parts if its associated entropy % 1n(27re%‘-’,;) is nonpositive.
The majority of parameters are automatically zeroed out
during the learning process.

Our Contributions

* Bayesian approach: BayesNAS is the first Bayesian
approach for one-shot NAS. Therefore, our approach
shares the advantages of Bayesian learning, which pre-
vents overfitting and does not require tuning a lot of
hyperparameters. Hierarchical sparse priors are used to
model the architecture parameters. Priors can not only
promote sparsity, but model the dependency between
a node and its predecessors and successors ensuring a
connected derived graph after pruning. Furthermore, it
provides a principled way to prioritize zero operations
over other non-zero operations. In our experiment on
CIFAR-10, we found that the variance of the prior, as
well as that of posterior, is several magnitudes smaller
than posterior mean which renders a good metric for
architecture parameters pruning.

» Simple and fast search: Our algorithm is formulated
simply as an iteratively re-weighted ¢; type algorithm
(Candes et al., 2008) where the re-weighting coeffi-
cients used for the next iteration are computed not only
from the value of the current solution but also from its
posterior variance. The update of posterior variance
is based on Laplace approximation in Bayesian learn-

ing which requires computation of the inverse Hessian
of log likelihood. To make the computation for large
networks feasible, a fast Hessian calculation method
is proposed. In our experiment, we train the model
for only one epoch before calculating the Hessian to
update the posterior variance. Therefore, the search
time for very deep neural networks can be kept within
0.2 GPU days.

* Network compression: As a byproduct, our approach
can be extended directly to Network Compression by
enforcing various structural sparsity over network pa-
rameters. Extremely sparse models can be obtained at
the cost of minimal or no loss in accuracy across all
tested architectures. This can be effortlessly integrated
into BayesNAS to find sparse architecture along with
sparse kernels for resource-limited hardware.

2. Related Work

Network Compression. The de facto standard criteria to
prune redundant weights depends on their magnitude and is
designed to be incorporated with the learning process. These
methods are prohibitively slow as they require many itera-
tions of pruning and learning steps. One category is based
on the magnitude of weights. The conventional approach
to achieve sparsity is by enforcing penalty terms (Chauvin,
1989; Weigend et al., 1991; Ishikawa, 1996). Weights be-
low a certain threshold could be removed. In recent years,
impressive results have been achieved using the magnitude
of weight as the criterion (Han et al., 2016) as well as other
variations (Guo et al., 2016). The other category is based
on the magnitude of Hessian of loss with respect to weights,
i.e., higher the value of Hessian, greater the importance of
the parameters (LeCun et al., 1990; Hassibi et al., 1993).
Despite being popular, both of these categories require pre-
training and are very sensitive to architectural choices. For
instance, different normalization layers affect the magnitude
of weights in different ways. This issue has been elabo-
rated in (Lee et al., 2019) where the gradient information at
the beginning of training is utilized for ranking the relative
importance of weights’ contribution to the training loss.

One-shot Neural Architecture Search. In one-shot NAS,
redundant architecture parameters are pruned based on the
magnitude of weights similar to that used in Network Com-
pression. In DARTS, Liu et al. (2019b) applied a soft-
max function to the magnitude of w to rank the relative
importance for each operation. Similar to DARTS, there
are two related works: ProxylessNAS (Cai et al., 2019) and
SNAS (Xie et al., 2019). ProxylessNAS binarizes w using
clip((1+w)/2,0,1) (Courbariaux et al., 2015) where
—1 plays the role of threshold and edge with the highest
weight will be selected in the end. While SNAS applies a
softened one-hot random variable to rank the architecture
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Figure 1. An illustration of BayesNAS: (a) disconnected graph with isolated node 2 caused by disregard for dependency; (b) expected
connected graph with no connection from node 2 to 3 and from node 2 to 4; (c) illustration about dependency with predecessor’s (e12)
superior control over its successors (e23 and e24) (d) designed switches realizing the dependency and determining "on or off" of the edge;
(e) elementary multi-input-multi-output motif for a graph; (f) prioritized zero operation over other non-zero operations.

parameter, Gordon et al. (2018) treats the scaling factor of
Batch Normalization as an edge and normalization as its
associated operation. Zhang et al. (2019b) proposed DSO-
NAS which relaxes ¢y norm by replacing it with ¢; norm
and prunes the edges by a threshold, e.g., the learning rate is
multiplied by a predefined regularization parameter to prune
edges gradually over the course of training.

Bayesian Learning and Compression. Our approach is
based on Bayesian learning. In principle, the Bayesian ap-
proach to learn neural networks does not have problems of
tuning a large amount of hyperparameters or overfitting the
training data (MacKay, 1992b;a; Neal, 1995; Hernandez-
Lobato & Adams, 2015). Recently, Bayesian learning is ap-
plied to estimate layer size and network depth in NAS prob-
lem (Dikov et al., 2019). By employing sparsity-inducing
priors, the obtained model depends only on a subset of ker-
nel functions for linear models (Tipping, 2001) and deep
neural networks where the neurons can be pruned as well
as all their ingoing and outgoing weights (Louizos et al.,
2017). Other Bayesian methods have also been applied
to network pruning (Ullrich et al., 2017; Molchanov et al.,
2017a) where the former extends the soft weight-sharing to
obtain a sparse and compressed network and the latter uses
variational inference to learn the dropout rate that can then
be used for network pruning.

3. Search Space Design

The search space defines which neural architectures a NAS
approach might discover in principle. Designing a good
search space is a challenging problem for NAS. Some works
(Zoph & Le, 2017; Zoph et al., 2018; Pham et al., 2018;
Cai et al., 2018; Zhang et al., 2019b; Liu et al., 2019b; Cai
et al., 2019) have proposed that the search space could be
represented by a Directed Acyclic Graph (DAG). We denote
e;; as the edge from node 7 to node j and o;; stands for the

operation that is associated with edge e;;.

Similar to other one-shot based NAS approaches (Bender
et al., 2018; Zhang et al., 2019b; Liu et al., 2019b; Cai
et al., 2019; Gordon et al., 2018), we also include (different
or same) scaling scalars over all operations of all edges to
control the information flow, denoted as wfj which also
represent architecture parameters. The output of a mixed
operation 0;;,% < j is defined based on the outputs of its
edge

Oj(Zi) = Z ’U.);JjOij(Zi). (1)

ocO
Then z; can be obtained as }, _; 0;(2;).

To this end, the objective is to learn a simple/sparse sub-
graph while maintaining/improving the accuracy of the over-
parameterized DAG (Bender et al., 2018). Let us formulate
the search problem as an optimization problem. Given a
dataset D = (X,Y) = {(x,,yn)}Y_; and the desired
sparsity level x (i.e., the number of non-zero edges), one-
shot NAS problem can be written as an optimization prob-
lem with the following constraints:

N
. 1
I%‘IIDL(W; D) = min — z_:lé(yn,Net(xn,W,w))

net edge

st. WeR™ T |lwl|g < k%

2)
where W are split into two parts: network parameters
wWw = [ij] and architecture parameters w = [wioj] with
dimension of m™* and m® respectively, and || - || is the
standard ¢y norm. The formulation in equation 2 can be
substantiated by incorporating zero operations into O to
allow removal of wfj (Liu et al., 2019b; Cai et al., 2019)
aiming to further reduce the size of cells and improve the

design flexibility.

To alleviate the negative effect induced by the dependency
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and magnitude-based metric whose issues have been dis-
cussed in Introduction, for each wfj, we introduce a switch
s7; that is analogous to the one used in an electric circuit.
There are four features associated with these switches. First,
the “on-off” status is not solely determined by its magni-
tude. Second, dependency will be taken into account, i.e.,
the predecessor has superior control over its successors as
illustrated in Figure Ic. Third, s7; is an auxiliary variable
that will not be updated by gradient descent but computed
directly to switch on or off the edge. Lastly, s7; should
work for both proxy and proxyless scenarios and can be
better embedded into existing algorithmic frameworks (Liu
et al., 2019b; Cai et al., 2019; Gordon et al., 2018). The
calculation method will be introduced later in Section 4.

Inspired by the hierarchical representation in a DAG (Liu
et al., 2019b; 2018b), we abstract a single motif as the build-
ing block of DAG, as shown in Figure le. Apparently, any
derived motif, path, or network can be constructed by such
a multi-input-multi-output motif. It shows that a successor
can have multiple predecessors and each predecessor can
have multiple operations over each of its successors. Since
the representation is general, each directed edge can be as-
sociated with some primitive operations (e.g., convolution,
pooling, etc.) and a node can represent output of motifs,
cells, or a network.

4. Dependency Based One-Shot Performance
Estimation Strategy

4.1. Encoding the Dependency Logic

In the following, we will formally state the criterion to
identify the redundant connections in Proposition 1. The
idea can be illustrated by Figure 1b in which both the blue
and red edges from node 2 to 3 and from node 2 to 4 might
be non-zeros but should be removed as a consequence. To
enable this, we have the following proposition.

Proposition 1 There is information flow from node j to k
under operation o' as shown in Figure le if and only if at
least one operation of at least one predecessor of node j is
non-zero and w;’,; is also non-zero.

Remark 1 The same expression for Proposition 1 is: there
is no information flow from node j to k under operation o' if
and only if all the operation of all the predecessors of node
J are zeros or w;’,; is zero. This explains the incompleteness
of the problem 2 as well as the possible phenomenon that
non-zero edges become dysfunctional in Figure 1b.

Remark 2 The expression to encode Proposition 1 is
not unique. Some examples include but not limited to,
€8 Wik D icy (Wl Wik Dic; oflwiyl, oy € (0,1,

w, ZKJ( ) Apparently, {y norm of these quantities
are difficult to be included in a constraint in the optimization
problem formulation in 2.

As can be seen in Remark 2, we will construct a probability
distribution jointly over wf,, wy;, Vi < j in the sequel,
denoted as

U’

7)) Vi < J. 3)

where c is a possible expression like in Remark 2 to encode
Proposition 1.

p( ( ]k7

In the following, we will show how the “switches” s can be
used to implement Proposition 1. If we assume s has two
states {ON, OFF}, w",; is redundant when s";c is OFF or all
sy; are OFF, Vi < j,0 € (9 How to use s to encode the
redundancy of wjk, ie., wjk >
solution is

’
o o
U U siinsi

i<jocO

i<j [wg;| = 07 One possible

U U st uss @)
i<j o€O

If s is a continuous variable with s = oo for ON and 0
for OFF, set union and intersection can be arithmetically
represented by addition and multiplication respectively. s
does not directly determine the magnitude of w but plays
the role as uncertainty or confidence for zero magnitude.

A straightforward way to encode this logic is to assign a
probability distribution, for example Gaussian distribution,

over w;k
p(w;k) :N ]k|07'5]k Zp zg :ZN(?‘U%‘O?SZ)
i<j i<J
Since w¢,, Vi, j, o are independent with each other, we con-

i
struct the following distribution to express equation 3:

ple(wii, wi))) £ N (wSil0, s50) D N (w50, 7)

i<j

’ 5 w
= ./\/'(wok\() S k z ” i O
J Y Ez<] 1] ’ Z]

i<j

’ sl]
=N | wik Z S |0 'ng
1<j 17

i<j
5)
where -1
o' A 1 1
Vik= | &=~ T o (6)
’ 22 sy s
i<joeO
Since s7; > 0 in equation 5 always holds, regardless of

what s7; is, we can use the following simpler alternative to
substitute equation 5 to encode Proposition 1:

wii > w075 | - (M

i<J

ple(wi, w)) 2 N

Interestingly, equation 7 and 4 are equivalent. This means
that we may find an algorithm that is able to find the sparse
solution in a probabilistic manner. However, Gaussian dis-
tribution, in general, does not promote sparsity. Fortunately,
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some classic yet powerful techniques in Bayesian learning
are applicable, i.e., sparse Bayesian learning (SBL) (Tip-
ping, 2001; Pan, 2017) and automatic relevance determina-
tion (ARD) prior (MacKay, 1996; Neal, 1995) in Bayesian
neural networks.

4.2. Zero Operation Ruling All

In our paper, we do not include zero operation as a primitive
operation. Instead, between node ¢ and j we compulsively
add one more node ¢’ and allow only a single identity opera-
tion (see Figure 1f). The associated weight w;;s is trainable
and initialized to 1 as well as its switch s;;-. The idea is that
if s;;+ is OFF, all the operations from 4’ to j will be disabled
as a consequence. Then ’yj,; in equation 6 can be substituted

—1

o A 1 1 1
A B ®)
! Sii! Z Z S?’j Sik
i’ <j o€eO :

5. Bayesian Learning Search Strategy
5.1. Bayesian Neural Network

The likelihood for the network weights WV and the noise
precision o2 with data D = (X,Y) is

N
p(Y | W, w,X,0%) = H N (yn | Net(xn; W, w);07) . (9)
n=1
To complete our probabilistic model, we specify a Gaus-
sian prior distribution for each entry in each of the weight
matrices in W. In particular,

pOVIN) =TT T[TV 0,A7 (10)

i<joeO

pwls) =TI TI N~ (w;’;Zwmo,ﬁ;) (11

j<ko€Oo'€O 1<j

where 75’,; is defined in equation 8. o2, X and s are hy-
perparameters. Importantly, there is an individual hyperpa-
rameter associated independently with every edge weight
and a single one with all network weight. Follow Mackay’s
evidence framework (MacKay, 1992a), ’hierarchical pri-
ors’ are employed on the latent variables using Gamma
priors on the inverse variances. The hyper-priors for o2, A
and s are chosen to be a gamma distribution (Berger, 2013),
i.e., p(A) = Gam(\ | a?, b*), p(3) = Gam(3| a®,b?) with
B =02 and p(s;) = Gam(s¢; | a®’i,b*). Essentially,
the choice of Gamma priors has the effect of making the
marginal distribution of the latent variable prior the non-
Gaussian StudentdAZs ¢ therefore promoting the sparsity
(Tipping, 2001, Section 2 and 5.1). To make these priors
non-informative (i.e., flat), we simply fix a and b to zero by
assuming uniform scale priors for analysis and implemen-
tation. This formulation of prior distributions is a type of

hierarchically constructed automatic relevance determina-
tion (HARD) prior which is built upon classic ARD prior
(Neal, 1995; Tipping, 2001).
The posterior distribution for the parameters VW, v and A
can then be obtained by applying Bayes’ rule:
p(W,w,\;s,0”| D)
_p(Y X, W, w, A, s,0%)p(W [ Np(w | 8)p(N)p(7)p(o?)

p(Y |X) ’
(12)

where p(Y | X) is a normalization constant. Given a new
input vector x,, we can make predictions for its output y,
using the predictive distribution given by

(¥« %+, D)
:/p(y*|x*,W,w,)\,s,az)p(W,W,/\,S,U2 |D) (13)
do® d\ds dWdw,

where  p(y.|x., W, w, \,s,02) = N(y, | Net(xy), 02).
However, the exact computation of p(W,w, \,s,0% | D)
and p(y. | x,) is not tractable in most cases. Therefore,
in practice, we have to resort to approximate inference
methods.

It should be noted that )\ is the same for all network parame-
ters. However, it can be different for YV or constructed to
represent the structural sparsity for Convolutional kernels in
NN aiming for Network Compression, which is related to
Bayesian compression (Louizos et al., 2017) and structural
sparsity compression (Wen et al., 2016). We give some
examples in Figure 2 and more can be found in the Ap-
pendix B.2 where extremely sparse networks on MNIST
and CIFAR-10 can be obtained without accuracy deterio-
ration. Since our main focus is on architecture parameters,
without breaking the flow, we will fix A which is equivalent
to the weight decay coefficient in SGD and o = 0.01 that
is equivalent to the regularization coefficient for network
parameters.

In case of uniform hyperpriors, we only need to maximize
the term p(Y | A, s,0%) (MacKay, 1992a; Berger, 2013)

//p(Y‘W7W7X702)p(W|)\)p(W|s)dew. (14)

We assume that the distribution of data likelihood belongs
to the exponential family

P(Y W, w,X,0%) ~ exp (—Ep(Y;Net(X; W, w); o))
(15)
where Ep () is the energy function over data.

5.2. Laplace Approximation and Efficient Hessian
Computation

In related Bayesian models, the quantity in equation 14
is known as the marginal likelihood and its maximiza-
tion is known as the type-II maximum likelihood method
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Figure 2. Structural Sparsity

(Berger, 2013). And neural networks can also be treated
in a Bayesian manner known as Bayesian learning for neu-
ral networks (MacKay, 1992b; Neal, 1995). Several ap-
proaches have been proposed based on, e.g., the Laplace
approximation (MacKay, 1992b), Hamiltonian Monte Carlo
(Neal, 1995), expectation propagation (Jylidnki et al., 2014;
Hernandez-Lobato & Adams, 2015), and variational infer-
ence (Hinton & Van Camp, 1993; Graves, 2011). Among
these methods, we adopt Laplace approximation. How-
ever, Laplace approximation requires computation of the
inverse Hessian of log-likelihood, which can be infeasible
to compute for large networks. Nevertheless, we are moti-
vated by 1) its easy implementation, especially using recent
popular deep learning open source software; 2) versatility
for modern NN structures such as CNN and RNN as well
as their modern variations; 3) close relationship between
computation of Hessian and Network Compression using
Hessian metric (LeCun et al., 1990; Hassibi et al., 1993);
4) acceleration effect to training convergence by second-
order optimization algorithm (Botev et al., 2017) to which
it is related. In this paper, we propose the efficient calcula-
tion/approximation of Hessian for convolutional layer and
architecture parameter. The detailed calculation procedures
are explained in Appendix C.2 and C.3 respectively.

5.3. Optimization Algorithm

As analyzed before, the optimization objective of searching
architecture becomes removing redundant edges. The train-
ing algorithm is iteratively indexed by ¢. Each iteration may
contain several epochs. The pseudo code is summarized in
Algorithm 1. The cost function is simply maximum likeli-
hood over the data D with regularization whose intensity is
controlled by the re-weighted coefficient w

Lp=Ep()+ > > [wh®uwilli + AIWIE  (16)

j<ko’€O

The derivation can be found in Appendix A.1 and A.2. The
algorithm mainly includes five parts. The first part is to
jointly train W and w. The second part is to freeze the
architecture parameters and prepare to compute their Hes-
sian. The third part is to update the variables associated with
the architecture parameters. The fourth part is to prune the
architecture parameters and the pruned net will be trained
in a standard way in the fifth part. As discussed previously
on the drawback of magnitude based pruning metric, we
propose a new metric based on maximum entropy of the dis-

Algorithm 1 BayesNAS Algorithm.
Initialization: ~(0),w(0), w(0) = 1; A = 0.01; sparsity
intensity A9, € R™
Iteration:
fort = 1to 1. do
1. Update w and W by minimizing £p in equation 16
2. Compute Hessian for w (equation C.2.2, C.3.1,
C.3.2)
3. Update variables associated with w
while i < j < k,0,0' € O do

-1
’ 1 ’

oW = ———— T H% 17
Jk() <'onk:(t1) Jk( )> ( )

-1 -

iy = VI a9
" Yk (t—1)
oo |us
$%(t) =|—2 (19)
A PPAG)
7;’,; (t) is given by 6 or 8 (20)
end while

. . In(2mey©}
4. Prune the architecture if the entropy w <0

5. Fix w = 1, train the pruned net in the standard way
end for

tribution. Since p(w;’,;) in equation 5 is Gaussian with zero
mean v;’,; variance, the maximum entropy is % 1n(27r67;?,;).
We set the threshold for 'y;,; to prune related edges when
LIn(2mers)) <0, ie., 7%, < 0.0585.

The algorithm can be easily transferred to other scenarios.
One scenario involves proxy tasks to find the cell. Simi-
lar to equation 16, we group same edge/operation in the
repeated stacked cells where ¢ is the index. The cost func-
tion for proxy tasks is then given as follows in the form of
re-weighted group Lasso:

Lo =Ep()+Xw Y > > e g(wsglla + AWI3

g j<ko’ €O

@n

The details are summarized in Algorithm 2 of Appendix A.3.
Another scenario is on Network Compression with structural
sparsity, which is summarized in Algorithm 3 of Appendix
B.

6. Experiments

The experiments focus on two scenarios in NAS: proxy NAS
and proxyless NAS. For proxy NAS, we follow the pipeline
in DARTS (Liu et al., 2019b) and SNAS (Xie et al., 2019).
First BayesNAS is applied to search for the best convolu-
tional cells in a complete network on CIFAR-10. Then a
network constructed by stacking learned cells is retrained
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Table 1. Classification errors of BayesNAS and state-of-the-art image classifiers on CIFAR-10.

Architecture Test Error Params  Search Cost  Search
(%) M) (GPU days) Method

DenseNet-BC (Huang et al., 2017) 3.46 25.6 - manual
NASNet-A + cutout (Zoph et al., 2018) 2.65 33 1800 RL
AmoebaNet-B + cutout (Real et al., 2019) 2.55 £ 0.05 2.8 3150 evolution
Hierarchical Evo (Liu et al., 2018b) 3.75+£0.12 15.7 300 evolution
PNAS (Liu et al., 2018a) 3.41+0.09 32 225 SMBO
ENAS + cutout (Pham et al., 2018) 2.89 4.6 0.5 RL
Random search baseline + cutout (Liu et al., 2019b) 3.29+0.15 32 random
DARTS (2nd order bi-level) + cutout (Liu et al., 2019b) 2.76 £ 0.09 34 1 gradient
SNAS (single-level) + moderate con + cutout (Xie et al., 2019)  2.85 4+ 0.02 2.8 1.5 gradient
DSO-NAS-share+cutout (Zhang et al., 2019b) 2.84 + 0.07 3.0 1 gradient
Proxyless-G + cutout (Cai et al., 2019) 2.08 5.7 - gradient
BayesNAS + cutout + A9, = 0.01 3.02£0.04 2.59+0.23 0.2 gradient
BayesNAS + cutout + A9, = 0.007 2.90£0.05 3.10+£0.15 0.2 gradient
BayesNAS + cutout + A9, = 0.005 2.81+0.04  3.40+0.62 0.2 gradient
BayesNAS + TreeCell-A + Pyrimaid backbone + cutout 241 34 0.1 gradient

for performance comparison. For proxyless NAS, we follow
the pipeline in ProxylessNAS (Cai et al., 2019). First, the
tree-like cell from (Cai et al., 2018) with multiple paths is
integrated into the PyramidNet (Han et al., 2017). Then we
search for the optimal path(s) within each cell by BayesNAS.
Finally, the network is reconstructed by retaining only the
optimal path(s) and retrained on CIFAR-10 for performance
comparison. Detailed experiments setting is in Appendix
D.1.

6.1. Proxy Search

Motivation Unlike DARTS and SNAS that rely on valida-
tion accuracy during or after search, we use -y in BayesNAS
as performance evaluation criterion which enables us to
achieve it in an one-shot manner.

Figure 3. Normal and reduction cell found by BayesNAS with
Ap = 0.01.

Search Space Our setup follows DARTS and SNAS,
where convolutional cells of 7 nodes are stacked for mul-
tiple times to form a network. The input nodes, i.e., the
first and second nodes, of cell k are set equal to the outputs
of cell kK — 1 and cell & — 2 respectively, with 1 x 1 con-
volutions inserted as necessary, and the output node is the
depthwise concatenation of all the intermediate nodes. Re-

duction cells are located at the 1/3 and 2/3 of the total depth
of the network to reduce the spatial resolution of feature
maps. Details about all operations included are shown in
Appendix D.1. Unlike DARTS and SNAS, we exclude zero
operations.

Training Settings In the searching stage, we train a small
network stacked by 8 cells using BayesNAS with different
Aw. This network size is determined to fit into a single
GPU. Since we cache the feature maps in memory, we can
only set batch size as 18. The optimizer we use is SGD
optimizer with momentum 0.9 and fixed learning rate 0.1.
Other training setups follow DARTS and SNAS (Appendix
D.1). The search takes about 3 hours on a single GPU!.

Search Results The normal and reduction cells learned
on CIFAR-10 using BayesNAS are shown in Figure 3a and
3b. A large network of 20 cells where cells at 1/3 and 2/3
are reduction cells is trained from scratch with the batch
size of 128. The validation accuracy is presented in Table
1. The test error rate of BayesNAS is competitive against
state-of-the-art techniques and BayesNAS is able to find
convolutional cells with fewer parameters when compared
to DARTS and SNAS.

6.2. Proxyless Search

Motivation Using existing tree-like cell, we apply
BayesNAS to search for the optimal path(s) within each
cell. Varying from proxy search, cells do not share architec-
ture in proxyless search.

'All the experiments were performed using NVIDIA TITAN V
GPUs
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Table 2. Comparison with state-of-the-art image classifiers on ImageNet in the mobile setting.

Architecture ;l;:;s_tlErth;z’) PT;}I)nS ?gg‘lcjh dg;ss; Search Method
Inception-v1 (Szegedy et al., 2015) 30.2 10.1 6.6 - manual
MobileNet (Howard et al., 2017) 29.4 10.5 4.2 - manual
ShuffleNet 2x (v1) (Zhang et al., 2018)  29.1 10.2 ~5 - manual
ShuffleNet 2x (v2) (Zhang et al., 2018)  26.3 - ~5 - manual
NASNet-A (Zoph et al., 2018) 26.0 8.4 5.3 1800 RL
NASNet-B (Zoph et al., 2018) 27.2 8.7 5.3 1800 RL
NASNet-C (Zoph et al., 2018) 27.5 9.0 4.9 1800 RL
AmoebaNet-A (Real et al., 2019) 25.5 8.0 5.1 3150 evolution
AmoebaNet-B (Real et al., 2019) 26.0 8.5 53 3150 evolution
AmoebaNet-C (Real et al., 2019) 24.3 7.6 6.4 3150 evolution
PNAS (Liu et al., 2018a) 25.8 8.1 5.1 ~225 SMBO
DARTS (Liu et al., 2019b) 26.9 9.0 4.9 4 gradient
BayesNAS (A9 = 0.01) 28.1 9.4 4.0 0.2 gradient
BayesNAS (A9, = 0.007) 27.3 8.4 33 0.2 gradient
BayesNAS (A9, = 0.005) 26.5 8.9 39 0.2 gradient
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Figure 4. The pruned tree-cell: (a) The chain-like where only one
path exists in the cell connecting the input of the cell to its output.
(b) The inception structure where divergence and convergence both
exist in the cell. The solid directed lines denote the path found by
BayesNAS while the dashed ones denote the paths discarded.

Search Space The backbone used is PyramidNet with
three layers each consisting of 18 bottleneck blocks and
o = 84. All 3 x 3 convolution in bottleneck blocks are
replaced by the tree-cell that has in total 9 possible paths
within. The groups for grouped convolution is set to 2. For
the detailed structure of the tree-cell, we refer to (Cai et al.,
2018).

Training Settings In the searching stage, we set batch
size to 32 and learning rate to 0.1. We use the same opti-
mizer as for proxy search. The A of BayesNAS for each
possible path is set to 1 x 1072,

Search Results Because each cell can have a different
structure in proxyless setting, we demonstrate only two
typical types of cell structure among all of them in Figure
4a and Figure 4b. The first type is a chain-like structure
where only one path exists in the cell connecting the input
of the cell to its output. The second type is an inception

structure where divergence and convergence both exist in
the cell. Our further observation reveals that some cells
are dispensable with respect to the entire network. After
the architecture is determined, the network is trained from
scratch with the batch size of 64, learning rate as 0.1 and
cosine annealing learning rate decay schedule (Loshchilov
& Hutter, 2017). The validation accuracy is also presented
in Table 1. Although test error increases slightly compared
to (Cai et al., 2019), there is a significant drop in the number
of model parameters to be learned which is beneficial for
both training and inference.

7. Transferability to ImageNet

For ImageNet mobile setting, the input images are of size
224x224. A network of 14 cells is trained for 250 epochs
with batch size 128, weight decay 3 x 105 and initial SGD
learning rate 0.1 (decayed by a factor of 0.97 after each
epoch). Results in Table 2 show that the cell learned on
CIFAR-10 can be transfered to ImageNet and is capable of
achieving competitive performance.

8. Conclusion and Future Work

We introduce BayesNAS that can directly learn a sparse
neural network architecture. We significantly reduce the
search time by using only one epoch to get the candidate
architecture. Our current implementation is inefficient by
caching all the feature maps in memory to compute the
Hessian. However, Hessian computation can be done along
with backpropagation which will potentially further reduce
the searching time and scale our approach to larger search
spaces.
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