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Abstract
Neural architecture search (NAS) is an approach for automat-
ically designing a neural network architecture without human
effort or expert knowledge. However, the high computational
cost of NAS limits its use in commercial applications. Two
recent NAS paradigms, namely one-shot and sparse propa-
gation, which reduce the time and space complexities, re-
spectively, provide clues for solving this problem. In this
paper, we propose a novel search strategy for one-shot and
sparse propagation NAS, namely AdvantageNAS, which fur-
ther reduces the time complexity of NAS by reducing the
number of search iterations. AdvantageNAS is a gradient-
based approach that improves the search efficiency by intro-
ducing credit assignment in gradient estimation for architec-
ture updates. Experiments on the NAS-Bench-201 and PTB
dataset show that AdvantageNAS discovers an architecture
with higher performance under a limited time budget com-
pared to existing sparse propagation NAS. To further reveal
the reliabilities of AdvantageNAS, we investigate it theoret-
ically and find that it monotonically improves the expected
loss and thus converges.

1 Introduction
Deep neural networks (DNNs) have achieved remarkable
performance improvements in various domains. Finding a
suitable DNN architecture is critical for applying a DNN to a
new task and achieving higher performance. However, as the
architecture is defined by a combination of tens to hundreds
of hyperparameters (filter sizes of convolutional layers, ex-
istence of connections between some layers, etc.), improv-
ing such a combination requires considerable human effort
and expert knowledge. Neural architecture search (NAS)
has been studied as a promising approach for automatically
identifying sophisticated DNN architectures and overcom-
ing the problems in applying DNNs to previously unseen
tasks.

However, the high computational cost (time and space
complexity) of NAS is a bottleneck in its applications, espe-
cially commercial applications that do not involve multiple
high-spec GPUs. Hence, reducing the computational cost of
NAS is an important research direction.

One-shot NAS reduces the time complexity of NAS by si-
multaneously optimizing the architecture and the parameters
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(weights) in a single training process or a few training pro-
cesses. It maintains a redundant deep learning model com-
prising numerous layers and connections, called the parent
network, which can represent all possible architectures in
the search space as its sub-network. All the parameters re-
quired by candidate architectures are possessed by the par-
ent network and shared among different architectures. The
goodness of an architecture is evaluated using the shared pa-
rameters, which drastically reduces the computational time
for the architecture search compared to conventional ap-
proaches that require the parameters to be trained from
scratch for each candidate architecture evaluation.

From the viewpoint of GPU memory consumption, one-
shot NAS can be categorized into dense propagation NAS
(DP-NAS) and sparse propagation NAS (SP-NAS). DP-
NAS requires the entire parent network to be loaded in the
GPU memory to perform forward and/or backward prop-
agation, whereas SP-NAS requires only a sub-network to
be loaded. DP-NAS is more popular owing to the success
of DARTS and its successors (Liu, Simonyan, and Yang
2019; Xie et al. 2019; Yao et al. 2020). However, because
of its high memory consumption, its search space is limited.
SP-NAS overcomes this limitation and provides more flexi-
ble search spaces on a standard GPU with limited memory.
Hence, we focus on SP-NAS in this study.

To further reduce the computational cost of one-shot SP-
NAS, we propose a novel one-shot SP-NAS, namely Advan-
tageNAS. Although various factors affect the performance of
NAS (performance estimation, search space, etc.) and state-
of-the-art (SOTA) performance may require a search for the
best combination of these factors, this study focuses on the
search strategy. We emphasize that the objective of this study
is not to obtain the SOTA architecture but to investigate the
efficiency of the search strategy.

AdvantageNAS is a gradient-based SP-NAS.1 This cate-

1The advantages of gradient-based approaches are as follows.
Approaches using evolutionary algorithms (e.g., (Real et al. 2017))
or progressive search methods (e.g., (Liu et al. 2018)) must define
a mutation or expansion strategy depending on the search space.
Such manual preparations depending on the search space are not re-
quired in gradient-based methods. Another advantage of gradient-
based methods is that they can be easily implemented in most mod-
ern deep learning frameworks, as they support automatic differen-
tiation of deep neural networks.
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gory of NAS includes ENAS (Pham et al. 2018), Proxyless-
NAS (Cai, Zhu, and Han 2019), PARSEC (Casale, Gordon,
and Fusi 2019), and GDAS (Dong and Yang 2019). These
methods introduce a family of parametric probability dis-
tributions from which an architecture is sampled, and the
distribution parameter is updated with a gradient of the ob-
jective function estimated using the Monte Carlo method,
which indirectly optimizes the architecture itself. As the gra-
dient is estimated, reducing the variance of the gradient esti-
mate intuitively improves the search efficacy. Inspired by the
actor-critic approach (Konda and Tsitsiklis 2000), we adopt
the notion of advantage, which has been introduced to solve
the well-known credit assignment problem of policy gradi-
ents (Minsky 1961).

We investigate AdvantageNAS both theoretically and em-
pirically. Empirical studies show that it performs well on dif-
ferent tasks with different search spaces, whereas theoretical
studies guarantee its performance on empirically unforeseen
tasks. Theoretical studies are relatively scarce in NAS re-
search; however, they are important for investigating search
strategies for NAS.

Our contributions are summarized as follows:
• We propose a novel SP-NAS, namely AdvantageNAS.

Our analysis of a test scenario demonstrates that the es-
timation variance of the gradient is reduced compared to
REINFORCE (Williams 1992), which is a baseline search
strategy for ENAS.

• The theoretical investigation reveals that the estimated
gradient in AdvantageNAS is an unbiased estimator of the
gradient of the expected loss. From the unbiasedness, we
find that AdvantageNAS monotonically improves the ex-
pected loss and thus converges. Further, we confirm that
reducing the gradient variance contributes to an improved
lower bound of the loss improvement in each iteration.

• We compared AdvantageNAS with various gradient-
based NAS methods in three different settings to demon-
strate its efficacy on different search spaces. Our experi-
ments were performed on the same code base to compare
the search strategies.2 The results showed that Advantage-
NAS converges faster than existing SP-NAS approaches.

2 One-shot Neural Architecture Search
DAG Representation of DNNs We formulate a deep neu-
ral network as a directed acyclic graph (DAG) following pre-
vious studies (Pham et al. 2018; Liu, Simonyan, and Yang
2019). In the DAG representation, each node corresponds to
a feature tensor x and each edge corresponds to an operation
O applied to the incoming feature tensor, e.g., convolution
or pooling. The adjacency matrix of the DAG is pre-defined.
Let I be a set of edges. The input and output nodes are two
special nodes; the feature tensor at the input node is the in-
put to the DNN and the input node has no incoming edge,

2NAS approaches using different components such as search
spaces and training protocols have been compared in the literature.
However, it has been reported, e.g., in (Yang, Esperança, and Car-
lucci 2020), that such differences in the components make it dif-
ficult to fairly compare the contributions of each component. Our
code: https://github.com/madoibito80/advantage-nas.

while the feature tensor at the output node is the output of
the DNN and the output node has no outgoing edge.

The feature tensor x` at node `, except for the input node,
is computed as follows. Let E` ⊆ I be a subset of the edges
that point to node `. Let Q(i) be the input node of edge
i ∈ I. For each edge i ∈ E`, the operation Oi is applied
to xQ(i) and output yi = Oi(xQ(i)). The feature tensor x`
is computed by aggregating the outputs yi of the incoming
edges i ∈ E` with some pre-defined aggregation function
F` : {yi : i ∈ E`} 7→ x` such as summation or concatena-
tion.

Search Space for Neural Architecture For each edge i ∈
I of the DAG, a set of candidate operations is prepared. Let
Ji be the indices of the candidate operations at edge i, and
each candidate operation is denoted as Oji for j ∈ Ji. Each
candidate operation may have its own real-valued parameter
vector wji , often referred to as a weights, and Oji is assumed
to be differentiable w.r.t. the weights. The operation Oi of
edge i is then defined as a weighted average of the candidate
operations with weight ai = (a1i , . . . , a

|Ji|
i )T:

Oi(xQ(i)) =
∑
j∈Ji a

j
iO

j
i (xQ(i);w

j
i ) , (1)

where
∑
j∈Ji a

j
i = 1. The vector a = (a1, . . . ,a|I|) is

referred to as the architecture.
The objective of NAS is to locate the best architecture

under some performance criterion. The aim of our study,
as well as many related studies (Liu, Simonyan, and Yang
2019; Xie et al. 2019; Cai, Zhu, and Han 2019; Dong and
Yang 2019; Yao et al. 2020; Casale, Gordon, and Fusi 2019),
is to find the best architecture such that ai for each i ∈ I is
a one-hot vector. In other words, we choose one operation at
each edge.

Weight Sharing and One-shot NAS One-shot architec-
ture search is a method for jointly optimizing a and w dur-
ing a single training process.

Let R be a performance metric (referred to as reward in
this study) that takes an architecture a and weights wa re-
quired to compute the DAG defined by a. The reward is
typically the negative expected loss −Ed∼P [L(a,wa; d)],
where L is a data-wise loss, P is a data distribution, and
d represents data. For example, in the image classification
task, d is a set of an image and its label, and L is the cross-
entropy loss using d. The objective of NAS is written as
maxaR(a,w∗a), where w∗a = argmaxwa

R(a,wa) is the
optimal weights for architecture a. The expected reward R
is often approximated by the average over the validation
dataset V for optimization of a and the training dataset D
for optimization of wa. The difficulty in simultaneously op-
timizing a and wa is that the domain of wa changes with
a during the training process. The time complexity of con-
ventional NAS approaches (e.g., (Zoph and Le 2017)) is ex-
tremely high because they require wa to be trained for each
a from scratch.

Weight sharing (Pham et al. 2018) is a technique for si-
multaneous optimization. All the weights appearing in the
candidate operations are stored in a single weight set, w =

{wji : i ∈ I, j ∈ Ji}. The reward function is extended to
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Method Propagation ai Stochastic TG
DARTS dense n-hot no
SNAS dense n-hot yes
NASP dense3 1-hot no X
ProxylessNAS sparse 2-hot yes
PARSEC sparse 1-hot yes
GDAS sparse 1-hot yes
ENAS sparse 1-hot yes
AdvantageNAS sparse 1-hot yes X

Table 1: Properties of various gradient-based NAS methods.
The “Propagation” column indicates whether the method be-
longs to DP-NAS or SP-NAS discussed in Section 3. TG:
Theoretical Guarantee.

accept w by defining R(a,w) = R(a,wa). Then, the ob-
jective of NAS is to find (a,w) that maximizes R(a,w).
A disadvantage of the weight sharing approach is that a
large parameter set w is required during the search. How-
ever, this set can be stored in the CPU memory and only a
subset wa ⊆ w is required to be loaded in the GPU, which
typically involves much smaller memory. Moreover, if a is
sparse during the training, the GPU memory consumption is
limited.

3 Gradient-based One-shot NAS
The major stream of search strategies for one-shot NAS is
gradient-based search (Pham et al. 2018; Liu, Simonyan,
and Yang 2019; Xie et al. 2019; Cai, Zhu, and Han 2019;
Dong and Yang 2019; Yao et al. 2020; Casale, Gordon, and
Fusi 2019). The architecture a is either re-parameterized by
a real-valued vector θ through some function a = µ(θ) or
sampled from a probability distribution a ∼ pθ parameter-
ized by θ. Gradient steps on θ as well as on w are taken
alternatively or simultaneously to optimize a and w.

A comparison of related studies is shown in Table 1.

Dense Propagation NAS (DP-NAS) DP-NAS has been
popularized by DARTS (Liu, Simonyan, and Yang 2019),
where the architecture is re-parameterized by the real-
valued vector θ ∈ R

∑
i∈I |Ji| through the softmax func-

tion µ(θ) = (µ1(θ1), . . . , µ|I|(θ|I|)), where µi(θi) =

(µ1
i (θ1), . . . , µ

|Ji|
i (θi)) and

µji (θi) = exp(θji )
/∑

k∈Ji exp(θki ) . (2)
In other words, the output of the jth edge in (1) is a weighted
sum of the outputs of all candidate operations. The architec-
ture a = µ(θ) is optimized with the gradient∇θR(µ(θ),w).

Several follow-up works have been conducted. SNAS
(Xie et al. 2019) uses a concrete distribution (Maddison,
Mnih, and Teh 2017) to represent a. NASP (Yao et al. 2020)
introduces a proximal iteration to update θ.

Sparse Propagation NAS (SP-NAS) SP-NAS introduces
a parametric probability distribution pθ over the architec-
ture space and optimizes a indirectly through the optimiza-

3NASP performs sparse propagation in the weight update step
and dense propagation in the architecture update step.

tion of θ. Thus, all of the SP-NAS is the stochastic algo-
rithm shown in Table 1. The objective is to maximize the
reward function expected over the architecture distribution
J(θ,w) = Ea∼pθ [R(a,w)]. Different distributions and dif-
ferent update rules have been proposed. ENAS (Pham et al.
2018) uses LSTM (Hochreiter and Schmidhuber 1997) to
represent pθ and REINFORCE (Williams 1992) to estimate
∇θJ(θ,w):

∇θJ(θ,w) = ∇θEa∼pθ(a)[R(a,w)]

= Ea∼pθ(a)[R(a,w)∇θ log(pθ(a))] .
(3)

Note that REINFORCE does not need to execute a backward
process to update θ and (3) can be approximated using the
Monte Carlo method with a ∼ pθ.

Different follow-up studies have been conducted to accel-
erate the optimization of θ. PARSEC (Casale, Gordon, and
Fusi 2019) replaces LSTM with a categorical distribution,
where µ(θ) is a probability vector. ProxylessNAS (Cai, Zhu,
and Han 2019) and GDAS (Dong and Yang 2019) aim to in-
corporate the gradient information ∇aiR(a,w) rather than
a single reward value R(a,w) to update θ, as in the case
of DP-NAS. To avoid dense architecture evaluation, they
require different approximation techniques ((Courbariaux,
Bengio, and David 2015) and (Maddison, Mnih, and Teh
2017), respectively) and the resulting parameter update pro-
cedures require only sparse architecture evaluation.

Characteristics of DP-NAS and SP-NAS The dense for-
ward or backward propagation is a major drawback of DP-
NAS. The forward propagation results of all the candidate
operations at all the edges need to be obtained to com-
pute ∇θR(µ(θ),w). Thus, the GPU memory consumption
in each iteration is approximately proportional to

∑
i∈I |Ji|,

which prevents the construction of a large parent network.
A popular approach for overcoming this limitation is to

optimize the architecture of a smaller network on a proxy
task (Zoph et al. 2018) consisting of a similar to the original
dataset but smaller one. For example, CIFAR (Krizhevsky
2009) is used as a proxy task for ImageNet (Deng et al.
2009). The obtained architecture is expanded by repeating it
or increasing the number of nodes to construct a larger net-
work. Approaches based on proxy tasks rely on transferabil-
ity. However, the architectures obtained on the proxy task
do not necessarily perform well on other tasks (Dong and
Yang 2020). In addition, constructing a proxy task for DP-
NAS requires human effort, and the incurred cost prevents
practitioners from using NAS in commercial applications.

The advantage of SP-NAS over DP-NAS is that it needs
to perform forward (and backward) propagation only in one
operation at each edge. Therefore, its GPU memory con-
sumption in each iteration is independent of the number of
operations |Ji| at each edge. As its GPU memory consump-
tion is comparable to that of a single architecture, it does not
need any proxy task even when a search space designed for a
task requires a large parent network. The advantage of such
a search space with a large parent network is demonstrated
by, for example, ProxylessNAS (Cai, Zhu, and Han 2019),
which achieves SOTA accuracy on ImageNet under mobile
latency constraints.
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4 AdvantageNAS
We propose a novel search strategy for one-shot SP-NAS.
Inspired by the credit assignment problem of policy gra-
dients, we improve the convergence speed of the REIN-
FORCE algorithm, i.e., the baseline search strategy for
ENAS, by introducing the so-called advantage function. As
with other SP-NAS, our proposed approach, Advantage-
NAS, has low GPU memory consumption.

4.1 Framework
The probability distribution for a is modeled by an indepen-
dent categorical distribution. Each ai for i ∈ I indepen-
dently follows a categorical distribution pθi parameterized
by θi. The probability mass function for a is written as the
product pθ(a) =

∏
i∈I pθi(ai), where θ = (θ1, . . . , θ|I|).

The domain of θi is R|Ji| and the probability of ai being 1

in the jth category is µji (θi) defined by (2).
The objective function of AdvantageNAS is the reward

function expected over the architecture distribution, i.e.,
J(θ,w) = Ea∼pθ [R(a,w)], similar to REINFORCE. It is
easy to see that the maximization of J(θ,w) leads to the
maximization of R(a,w) since J(θ,w) 6 maxaR(a,w)
and supθ J(θ,w) = maxaR(a,w), where pθ represents
the Dirac delta function concentrated at argmaxaR(a,w).

AdvantageNAS update w and θ alternately. The weights
w is updated by estimating the gradient ∇wJ(θ,w) us-
ing the Monte Carlo method with an architecture sam-
ple a ∼ pθ and a minibatch reward r(a,w;D) =
− 1
|D|
∑
d∈D L(a,w; d), where D ⊆ D. Then, θ is up-

dated by estimating the policy gradient ∇θJ(θ,w) using
the Monte Carlo method with another architecture sample
a ∼ pθ and a minibatch reward r(a,w;V ), where V ⊆ V .
Next, we discuss how to estimate the policy gradient to im-
prove the convergence speed while maintaining the time and
space complexities at levels similar to those in previous stud-
ies. The algorithm of AdvantageNAS is described in Algo-
rithm 1 using pseudocode.

4.2 Estimation Variance of Policy Gradient
The REINFORCE algorithm estimates the gradient using a
simple Monte Carlo method,

∇θJ(θ,w) = Ea∼pθ [R(a,w)∇θ log(pθ(a))]

≈ r(a,w;V )∇θ log(pθ(a)) ,
(4)

where a is an architecture sampled from pθ. In general, this
gradient is called a policy gradient, where pθ is regarded
as a policy that takes no input (i.e., no state) and outputs
the probability of selecting each architecture (as an action).
For our choice of pθ, the gradient of the log-likelihood is
∇θ log(pθ(a)) = a − µ(θ). In other words, the probability
vector µ(θ) is updated to approach a if the minibatch reward
r(a,w;V ) is positive. A higher reward results in a greater
shift of µ(θ) towards current sample a.

Intuitively, a high estimation variance will lead to slow
convergence. This is indeed theoretically supported by the
subsequent result, whose proof follows (Akimoto et al.
2012); the details are presented in Appendix A.1. The lower

Algorithm 1 AdvantageNAS

1: while Until Search Process End do
2: Sample a minibatch D from D . w update step
3: Sample an architecture a ∼ pθ
4: Compute a minibatch gradient:

δw ← ∇wr(a,w;D)
5: Update w with some SGD variant using δw
6: Sample a minibatch V from V . θ update step
7: Sample an architecture a ∼ pθ
8: Compute minibatch advantages using Equation (7):

Āi ← Ai(a,w;V ) for all i ∈ I
9: Compute minibatch gradients:

δθi ← Āi∇θi log(pθ(a)) for all i ∈ I
10: Update θi with some SGD variant using δθi (∀i ∈ I)
11: end while

the estimation variance Varδ [δ] of policy gradient δ, the
greater is the lower bound of the expected improvement in
one step. Therefore, reducing the estimation variance is key
to speed up the architecture update.

Theorem 4.1. Let J(θ,w) = E[R(a,w)] and δ be an un-
biased estimator of ∇θJ(θ,w). Suppose that R(a,w) > 0
for any a. Then, for any ε > 0,

Eδ[log J(θ + ε · δ,w)]− log J(θ,w) >( ε

J(θ,w)
− ε2

2

)
‖∇θJ(θ,w)‖2 − ε2

2
Varδ [δ] . (5)

Credit assignment in reinforcement learning tasks is a
well-known cause of slow convergence of policy gradient
methods (Minsky 1961). The reward is the result of a set of
consecutive actions (in our case, the choice ai at each edge
i ∈ I). A positive reward for a = (a1, . . . ,a|I|) does not
necessarily mean that all the actions ai are promising. How-
ever, since (4) updates θ based on a single reward, it cannot
recognize the contribution of each edge. To understand this
problem, consider a situation in which we have two edges
with two candidate operations for each edge. The reward is
assumed to be the sum of the contributions of the choices on
the two edges, rji for ai = ej for i = 1 and 2 and j = 1 and
2. If r11 � r12 > 0 and r21 � r22 < 0, i.e., the contribution
of the first edge dominates, the sign of the reward is deter-
mined by a1. The update direction of µ2(θ2) is determined
by a1; it is not based on whether a2 is a better choice. This
results in a high variance for the µ2(θ2) update, leading to
slow convergence.

4.3 Advantage
We introduce the notion of advantage, used in policy gradi-
ent methods, to address the issue of credit assignment (Min-
sky 1961). We regard si = (a1, . . . ,ai−1,ai+1, . . . ,a|I|)
as a state and ai as an action. By introducing the advantage,
we evaluate the goodness of the choice ai at each edge i
rather than evaluate the goodness of successive actions a by
a scalar reward r. We expect to reduce the estimation vari-
ance of the policy gradient by the advantage.
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We define the advantage of ai as (by letting a = (si,ai))

Ai(a,w;V ) = r(a,w;V )− r((si,0),w;V ) . (6)

It is understood as follows. Given the state si, the advan-
tage of the action ai is the rewards improvement over a =
(si,0), where the output of the ith edge is zero.4 We replace
the reward with the advantage in the policy gradient estima-
tion in (4). If we replace the second term on the right-hand
side of (6) with a single scalar independent of si, the re-
sulting policy gradient is known to be an unbiased estimator
(Evans and Swartz 2000). However, a state-dependent ad-
vantage such as (6) is not unbiased in general. The following
result states that the policy gradient estimate using this ad-
vantage is an unbiased estimate of (4). Its proof is presented
in Appendix A.2.

Theorem 4.2. Let a ∼ pθ(a) and d ∈ V be i.i.d. from
P . Then, with Ai defined in (6), Ai(a,w;V )∇θi ln pθ(a)
is an unbiased estimate of ∇θiJ(θ,w), i.e., ∇θiJ(θ,w) =
Ea,V [Ai(a,w;V )∇θi ln pθ(a)].

Thus, we can use |I| different advantage values rather
than a single reward value. A shortcoming of the above ap-
proach is that it requires the computation of an additional
reward to compute r((si,0),w;V ) for each i ∈ I; hence, it
requires |I| additional forward propagation to estimate (4).
As our objective is to reduce the time complexity by improv-
ing the convergence speed of SP-NAS, we aim to compute
an advantage with ideally no additional computational cost.

To reduce the computational cost, we approximate the ad-
vantage function (6) as (dropping w and V for short)

Ai(a) ≈ ∇air(a)|Ta=(si,ai)
ai =

∂r(a)

∂OT
i

Oji (xQ(i)) , (7)

where Oi and Oji are as in (1) and j ∈ Ji is the in-
dex of the selected operation at edge i, i.e., ai is the one-
hot vector with 1 at jth. Also note that here we consider
the situation where Oi and Oji are column vectors and the
batch size equals 1 for simplicity. The above approximation
follows the first-order Taylor approximation of the reward
around a. Compared to a naive policy gradient computa-
tion that uses only a single reward r(a,w;V ), the policy
gradient estimate with the above approximate advantage ad-
ditionally requires only one reward gradient computation,
∇Oir(a,w;V )TOji (xQ(i);w

j
i ). The output Oji (xQ(i);w

j
i )

of the selected operation is computed in the forward process
and ∇Oir(a,w;V ) is computed in the backward process.
Therefore, our advantage involves no additional computa-
tional cost.

4When a zero operation (returns zero consistently) is included
in the search space, we replace the advantage of the zero operation
with the worst expected advantage of the other operations estimated
by a moving average. The rationale for this modification is as fol-
lows. First, (6) for the zero operation is always zero, resulting in no
architecture update, which is not preferred. Second, the zero oper-
ation can mostly be represented by other operations with specific
weights. Hence, there is no reason to prefer it unless we consider a
latency constraint. See Appendix B for further details.

AdvantageNAS uses the gradient information of the re-
ward rather than a scalar reward. Existing works on SP-
NAS also use the gradient (Cai, Zhu, and Han 2019; Dong
and Yang 2019). AdvantageNAS aims to reduce the estima-
tion variance while keeping the policy gradient unbiased,
whereas the previous methods simply try to incorporate the
gradient information of the reward and they do not consider
the estimation bias.

4.4 Variance Reduction Effect : An Example
We know from Theorem 4.2 that the advantage (6) provides
an unbiased estimator of the gradient ∇θJ(θ,w) and from
Theorem 4.1 that reducing the variance in an unbiased es-
timator of the gradient contributes toward improving the
lower bound of the expected improvement. Since (7) is an
approximation of (6), we expect that our advantage con-
tributes toward reducing the estimation variance, resulting
in faster convergence.

To understand the variance reduction effect of the pro-
posed advantage, we consider a simple situation in which the
reward is given by rTa =

∑|I|
i=1 r

T
i ai for some vector r =

(r1, . . . , rI). In this example, neither V nor w is introduced.
In this linear objective situation, the advantages (6) and (7)
are equivalent and Ai(a) = rTi ai. The square norm of the
gradient component∇θiJ(θ) is

∑
j∈Ji(r

j
i )

2(µji )
2(1−µji )2.

The estimation variance of the policy gradient δadv using the
advantage (6) or (7) is Var[δadv] =

∑
j µ

j
i (r

j
i )

2(1 − 2µji +

‖µi‖2). Meanwhile, the estimation variance of the policy
gradient δbase using a reward value (i.e., (4)) is Var[δbase] =

Var[δadv] + (1−‖µi‖2)
∑
k 6=i
∑
j(rjk)2µjk. In other words,

the variance reduction effect for each gradient component
typically scales linearly with |I| (because

∑
k 6=i), whereas

‖∇θiJ(θ)‖2 and Var[δadv] do not. In light of Theorem 4.1,
the proposed advantage potentially contributes toward im-
proving the search performance, especially when the num-
ber of edges is |I| � 1.

5 Experiments
We performed three experiments to compare the search ef-
ficiency of AdvantageNAS with that of existing gradient-
based search strategies for NAS. Note that our objective
is not to obtain the SOTA architecture; hence, the search
spaces used in the experiments were relatively small for con-
venience. To compare the search strategies for NAS fairly,
we implemented all the baseline NAS methods on the same
code base and imposed the same setting except for the search
strategy.

5.1 Toy Regression Task
Motivation Whereas one-shot NAS methods optimize the
weights and architecture simultaneously, to solely assess the
performance improvement due to the differences in the ar-
chitecture updates, we evaluate the performance of the ar-
chitecture optimization while the weights are fixed. In par-
ticular, we confirm that the variance reduction by our advan-
tage contributes toward accelerating the architecture search
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Figure 1: Results of the toy regression task. Median (solid
line) and 25th—75th percentile area (colored area) over 10
trials.

by comparing the performance of REINFORCE and Advan-
tageNAS, which are different only in terms of the reward
computation for each edge as described in Section 4.3.

Task Description We prepare two networks: teacher-net
φa∗ and student-net φa. Both networks are represented by
the same DAG. The two networks have |I| = 10 intermidi-
ate nodes, and there are edges from one input node to all the
intermidiate nodes. For each edge i ∈ I , |Ji| = 10 differ-
ent convolutional filters are prepared as the candidate oper-
ations. These filters have a filter size of 7 × 7, stride of 2,
and output channels of 1 followed by tanh activation. The
architecture variable a∗ of teacher-net is such that a∗i are
one-hot vectors, i.e., one convolutional filter per edge which
connects the input node and the intermediate node. For each
edge from an intermediate node to the output node, a convo-
lution with filter size of 4×4, stride of 1, and output channels
of 1 is applied. The average of the outputs is taken as the ag-
gregation function for the output node. A minibatch V with
batch size of 100 is sampled randomly for each iteration,
where the input data x is generated by the uniform distribu-
tion over [−1,+1]13×13×1 and its ground truth is given by
φa∗(x). The reward function is defined as the negative loss;
the squared error between the ground truth φa∗(x) and the
student prediction φa(x). The weights for the convolutions
are fixed to be the same (w∗) for both networks during the
architecture optimization process. The w∗ and a∗ are de-
fined randomly before the optimization process. The loss is
consistently zero if and only if student-net learns the optimal
architecture a∗. We optimize θ using the Adam optimizer
(Kingma and Ba 2015) with a learning rate of 0.001 and
β = (0.9, 0.999). The implementation details of gradient-
based methods are presented in Appendix C.

Results Figure 1 shows the results. The test loss is com-
puted for the architecture obtained by selecting the operation
at each edge such that µi(θi) is maximum. We observe that
AdvantageNAS converges faster than existing SP-NAS such
as REINFORCE, PARSEC and GDAS. Moreover, it is more
stable than ProxylessNAS when the number of iterations is
large. Existing DP-NAS approaches such as DARTS, SNAS
and NASP converge faster than AdvantageNAS. However,
as mentioned above, these methods require nearly |J | times
the memory space to perform the architecture search, which
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Figure 2: Improvement progress of search process. All the
lines represent the median for three search trials. The values
are obtained by querying NAS-Bench-201.

prevents their application to a large-scale task requiring a
large architecture.

5.2 Convolutional Cell on CIFAR-10
Motivation We compare AdvantageNAS with existing
SP-NAS by searching for a convolutional cell on the CIFAR-
10 (Krizhevsky 2009) dataset and evaluating them on the
NAS-Bench-201 (Dong and Yang 2020).

Search Settings The CIFAR-10 dataset contains 50000
training data and 10000 test data. We split the original train-
ing data into 25000 training data D and 25000 validation
data V , as in the case of NAS-Bench-201. We use D to opti-
mize w and V to optimize θ. Our architecture search space is
the same as NAS-Bench-201 except that the zero operations
are removed.5 We search for the convolutional cell architec-
ture and stack it 15 times to construct a macro skeleton. All
the stacked cells have same architecture. The cell structure
has a total of |I| = 6 edges. In each cell, there are |J | = 5
candidate operations such as 1×1 convolution, 3×3 convo-
lution, 3×3 average pooling and identity map. The total pro-
cedure was conducted in 100 epochs; however, θ was fixed
in the first 50 epochs for pre-training w. The other settings
are presented in Appendix D.

Evaluation Settings To evaluate the performance of one-
shot NAS, the weights for the architectures obtained by the
search process are often retrained for longer epochs; then,
the test performances are compared. To minimize the influ-
ence of the quality of retraining on the performance metric,
we use NAS-Bench-201 (Dong and Yang 2020) for evalua-
tion. It is a database containing average accuracy for all ar-
chitectures in the search space. The accuracy was computed
after 200 epochs of training on CIFAR-10 with each archi-
tecture. Each architecture was trained three times indepen-

5Our preliminary experiments showed that zero operations dis-
rupt the architecture search of existing SP-NAS (e.g., Proxyless-
NAS ended up with a final accuracy of 10%). We removed zero
operations to avoid the effects of search space definition. See Ap-
pendix F for the results on the search space including the zero op-
erations.
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Method argmax process best
accuracy params(MB) accuracy params(MB)

REINFORCE(Pham et al. 2018; Williams 1992) 93.01± 0.47 0.67± 0.18 92.69± 0.52 0.68± 0.20
PARSEC(Casale, Gordon, and Fusi 2019) 93.68± 0.12 1.39± 0.20 92.51± 0.65 0.47± 0.12
ProxylessNAS(Cai, Zhu, and Han 2019) 93.22± 0.08 0.74± 0.10 - -
GDAS(Dong and Yang 2019) 93.46± 0.13 1.24± 0.10 92.53± 0.98 0.62± 0.20
AdvantageNAS 93.76± 0.00 1.53± 0.00 93.29± 0.21 0.94± 0.11

Table 2: Results on CIFAR-10. Average±std accuracy over three search trials as well as the parameter size associated with the
final architecture. Note that process best for ProxylessNAS is missing as it samples two operations at each edge and the
one-hot architecture is never evaluated during the architecture search process, as described in Table 1.

Method validation perplexity test perplexity params(MB)
REINFORCE(Pham et al. 2018; Williams 1992) 99.48± 1.51 95.50± 1.73 7.40± 0.07
PARSEC(Casale, Gordon, and Fusi 2019) 99.68± 1.49 95.51± 1.01 7.33± 0.09
ProxylessNAS(Cai, Zhu, and Han 2019) 95.12± 0.22 90.76± 0.23 7.33± 0.09
GDAS(Dong and Yang 2019) 99.28± 2.00 95.40± 2.01 7.33± 0.09
AdvantageNAS 94.90± 0.18 91.18± 0.13 7.44± 0.00

Table 3: Results on PTB. Average±std accuracy over five search trials as well as the parameter size associated with the final
architecture.

dently and its average accuracy is recorded in the database.
We use this average accuracy for the performance metric.

There are different ways for determining the final archi-
tecture after architecture search. One way is to choose the
best architecture based on its validation loss observed in the
search process. This way is adopted by, e.g., ENAS (REIN-
FORCE) and GDAS, and is denoted as process best.
Another way (adopted by ProxylessNAS and PARSEC) is
to take operation j for which µji (θi) is maximum at each
edge i, as in Section 5.1. It is denoted as argmax. In our ex-
periment, we show the performance of these two ways and
confirmed which one is better suited for AdvantageNAS.

Results Table 2 presents the results. AdvantageNAS
achieves an improvement over REINFORCE solely owing
to the introduction of the advantage described in Section 4.3.
Moreover, AdvantageNAS outperforms all the existing SP-
NAS in terms of both argmax and process best. Al-
though process best was adopted in ENAS and GDAS,
argmax delivered better performances in all the algorithms
including AdvantageNAS. A comparison with DP-NAS is
shown in Appendix G for reference.

The search progress in the initial steps is shown in Fig-
ure 2. The median of the average accuracy on NAS-Bench-
201 is shown for each method with argmax over three in-
dependent search trials. At the early stage in the search pro-
cess, AdvantageNAS achieved a higher accuracy than that
of the existing SP-NAS and was more stable at the high ac-
curacy. It can be inferred that AdvantageNAS outperforms
the existing SP-NAS in terms of convergence speed.

To further assess the convergence speed, we analyzed the
entropy of categorical distribution µ(θ) in the search pro-
cess. The details are presented in Appendix H.

5.3 Recurrent Cell on Penn Treebank
Motivation We confirm that the usefulness of Advantage-
NAS for recurrent cell architecture search as well as for con-

volutional cells.

Settings We use Penn Treebank (Marcus, Santorini, and
Marcinkiewicz 1993) (PTB) dataset to search for the re-
current cell architecture. Most of the settings is the same
as those of DARTS (Liu, Simonyan, and Yang 2019). See
Appendix E for the details. The recurrent cell structure has
|I| = 6 edges. They have |J | = 5 operation candidates,
namely ReLU, tanh, sigmoid, identity, and zero operation,
after linear transformation is applied. The parameters of the
linear transformation are trainable weights. In the search
process, we use the training data of PTB to optimize both
the weights and θ for 30 epochs. Finally, the obtained archi-
tectures are retrained in 100 epochs. According to previous
studies, we chose the final architecture by argmax in Prox-
ylessNAS and PARSEC and by process best for RE-
INFORCE(ENAS) and GDAS. The final architecture of Ad-
vantageNAS is determined by argmax. The validation and
test data of PTB are used to measure the final performance.

Results The performances of the retrained architectures
are shown in Table 3. AdvantageNAS achieved highest per-
formance in validation data. In addition, AdvantageNAS
achieved the competitive result obtained by ProxylessNAS
in test data. This result implies that AdvantageNAS can be
applied to various domains. The architectures obtained by
AdvantageNAS and ProxylessNAS were similar, as shown
in Appendix I.

6 Conclusion
We proposed AdvantageNAS, a novel gradient-based search
strategy for one-shot NAS. AdvantageNAS aims to accel-
erate the architecture search process while maintaining the
GPU memory consumption as in the case of sparse prop-
agation NAS. For this purpose, we introduced the notion
of credit assignment into the architecture search to reduce
the variance of gradient estimation. A unique aspect of our
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study is the theoretical guarantee of the monotonic improve-
ment of the expected loss by AdvantageNAS. Empirical
evaluations were performed on different datasets and search
spaces, confirming the promising performance of Advanta-
geNAS. To compare only the search strategies, we imple-
mented the existing approaches on the same publicly avail-
able code base. To make an important contribution to the
NAS community, we focused on investigating only the ef-
ficacy of the search strategy. Finding SOTA architectures,
which requires searching for best combinations of different
NAS components, is beyond the scope of this study. Further
investigation of larger search spaces is an important direc-
tion for future research.
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