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Neural architecture search is gathering attention as an approach to automatically designing the architecture of
deep neural networks. Aiming at accelerating neural architecture search without compromising its performance, we
propose a novel one-shot architecture search algorithm that optimizes the weights and the architecture of a network
simultaneously. Our algorithm is inspired by the notion of credit assignment in policy gradient. An advantage
of each architecture component is defined and the gradient of the architecture parameter is computed using the
advantage values. In our experiments, we observe that the proposed method achieves, with lower computational
time, the final performance comparable to recently proposed gradient-based one-shot architecture search algorithms.
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. , R(a; ŵ) R(a) .

, R(a) a

.

3.

, one-shot

.

, [Pham 18][Cai 19]

1 .

3.1 ENAS[Pham 18]
ENAS[Pham 18] , REINFORCE[Williams 92]

. pθ(a) θ

A . REINFORCE

, Ea∼pθ(a)[R(a)] θ

. ,

.

∇θEa∼pθ(a)[R(a)] = Ea∼pθ(a)[R(a)∇θ log(pθ(a))] (2)

, pθ(a) a ∈ A
.

3.2 DARTS[Liu 19]

DARTS[Liu 19] θ ∈ R
|I||J | . DARTS A

R [0, 1]|I||J |

. (1) a ∈ A , operation

mixing weights μ(θ) .

μij(θ) =
exp(θij)∑

k∈J exp(θik)
(3)

DARTS R(μ(θ)) θ

. , θ

.

∇θR(μ(θ)) =
∂R(μ(θ))

∂μ(θ)

∂μ(θ)

∂θ
(4)

, i μij(θ)

j , .

a aij = limλ→0[μij(θ/λ)]

. one-hot .

3.3 SNAS[Xie 19]
SNAS[Xie 19] DARTS

, .

SNAS Gij Gumbel , λt t

(limt→∞ λt = 0), θ ∈ R
|I||J | ,

.

mij(θ,G) =
exp((− log(μij(θ)) +Gij)/λt)∑

k∈J exp((− log(μik(θ)) +Gik)/λt)
(5)

SNAS EG[R(m(μ(θ), G))] θ .

, (1) aij (5)

mij(θ) . .

∇θEG[R(m(μ(θ), G))]

= EG

[
∂R(m(μ(θ), G))

∂m(μ(θ), G)

∂m(μ(θ), G)

∂μ(θ)

∂μ(θ)

∂θ

]
(6)

DARTS .

3.4 ProxylessNAS[Cai 19]
θ ∈ R

|I||J | , zi(μ(θ), N) μ(θ) N

two-hot zi(μ(θ), N) ∈ {0, 1}|J |, |zi(μ(θ), N)| = 2

. zij(μ(θ), N) ,

μij(θ) 2

, zi(μ(θ), N) two-hot

.

ProxylessNAS[Cai 19] EN [R(z(μ(θ), N))] θ

. (1) aij

zij(μ(θ), N) . .

∇θEN [R(z(μ(θ), N))]

= EN

[
∂R(z(μ(θ), N))

∂z(μ(θ), N)

∂z(μ(θ), N)

∂μ(θ)

∂μ(θ)

∂θ

]

≈ EN

[
∂R(z(μ(θ), N))

∂z(μ(θ), N)

∂μ(θ)

∂θ

]
(7)

θ , zij(μ(θ), N) = 0

ij μij(θ) .

DARTS, SNAS .

3.5

, 1

. DARTS, SNAS

, (1)

|J |
, 1 |J |

. , REINFORCE ProxylessNAS

,

(1) 1 2

, 1 |J |
.

2

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

2P3-J-2-02



4.

REINFORCE

. RE-

INFORCE , DARTS SNAS

1 |J | .

4.1
pθi(ai) θi ∈ R

|J |

. ,

. , aij = 1 μij(θ) .

, i ∈ I pθi(ai)

one-hot ai , i

(1) .

, pθi(ai)

, REINFORCE θ

.

Ea∼pθ(a)[R(a)∇θ log(pθ(a))] (8)

= Ea∼pθ(a)

[
R(a)∇θ log(

∏
i∈I

pθi(ai))

]
(9)

= Ea∼pθ(a)

[∑
i∈I

R(a)∇θi log(pθi(ai))

]
(10)

, REINFORCE pθi(ai)

, R(a)

.

, REINFORCE ,

.

, R(a)

( ), ( )

.

, R(a) ,

,

.

pθi(ai) , (

) .

Si ∈ {0, 1}|I−1||J | , Si ai a

a , Si = {ag|g ∈ I, g �= i}
.

one-hot ai

, .

A(ai, Si) = R(ai, Si)−R(�0, Si) (11)

(11) , a Si ,

ai .

4.2
(11) R

.

R(a) ai .

A(ai, Si) = R(ai, Si)−R(�0, Si)

=
R(ai, Si)−R(ai −Δai, Si)

Δ
|Δ=1 ≈ ∂R(a)

∂at
i

ai (12)

1: one-hot accuracy

a {0, 1}|I||J | ,

. (12) 1

, (11)

.

, θi (14) .

Ea∼pθ(a) [A(ai, Si)∇θi log(pθi(ai))] (13)

≈ Ea∼pθ(a)

[
∂R(a)

∂at
i

ai∇θi log(pθi(ai))

]
(14)

5.

, 2

. , ,

,

. CIFAR-10 , one-shot

.

5.1 Toy Problem
Toy Problem . REIN-

FORCE, DARTS, SNAS, ProxylessNAS, 5

. 2 ( 500, 500

2) ,

. x,x2,x3,ReLU(x),sigmoid(x)

5 .

.

, 100

.

, .

,

.

, Adam .

5.1.1

Toy Problem accuracy

1 . 10 , .

, DARTS, SNAS, ProxylessNAS

, one-hot

accuracy . DARTS, SNAS

.

, 1

DARTS, SNAS 1/|J |
, .

3

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

2P3-J-2-02



1: . accuracy

. REINFORCE 3
method #param(K) accuracy time(hour)

509 ± 3 92.34 ± 0.21 25.83 ± 0.84

REINFORCE 486 ± 10 91.85 ± 0.16 22.85 ± 0.81

DARTS 508 92.16 79.77

SNAS 512 92.11 75.63

ProxylessNAS 473 91.12 37.44

(5 ) 473 ± 5 91.37 ± 0.54 0

2: one-hot test accuracy
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