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Abstract

Albeit being a prevalent architecture searching ap-
proach, differentiable architecture search (DARTS) is
largely hindered by its substantial memory cost since the
entire supernet resides in the memory. This is where the
single-path DARTS comes in, which only chooses a single-
path submodel at each step. While being memory-friendly,
it also comes with low computational costs. Nonetheless,
we discover a critical issue of single-path DARTS that has
not been primarily noticed. Namely, it also suffers from
severe performance collapse since too many parameter-
free operations like skip connections are derived, just like
DARTS does. In this paper, we propose a new algorithm
called RObustifying Memory-Efficient NAS (ROME) to give
a cure. First, we disentangle the topology search from the
operation search to make searching and evaluation consis-
tent. We then adopt Gumbel-Top2 reparameterization and
gradient accumulation to robustify the unwieldy bi-level op-
timization. We verify ROME extensively across 15 bench-
marks to demonstrate its effectiveness and robustness.

1. Introduction

Despite the fast development of neural architecture
search (NAS) [52] to aid network design in vision tasks
like classification [32, 6, 41, 42], object detection [1 1, 36],
and segmentation [22], there has been an urging demand
for faster searching algorithms. Early methods based on
the evaluation of a huge number of candidate models
[52, 31, 16] require unaffordable costs (typically 2k GPU
days). In the light of weight-sharing mechanism intro-
duced in SMASH [2], a variety of low-cost approaches have
emerged [, 27, 24]. DARTS [24] has taken the dominance
with a myriad of follow-up works [38, 3, 39, 10, 5, 47]. In

*Equal contribution, T Correspondence author.

this paper, we investigate a single-path based variation of
DARTS, typically GDAS [10], for its fast speed and low
GPU memory.

Unlike many DARTS variants that have to perform all
candidate operations, single-path methods [30, 10, 39], also
termed as memory-efficient NAS', are developed to sample
and activate only a subset of operations in the supernet. For
differentiable search, Gumbel-Softmax reparameterization
tricks [17, 25] are generally employed [38, 10, 39].

In this paper, we show that single-path methods also suf-
fer from severe performance collapse where many param-
eterless operations accumulate, akin to that of DARTS as
broadly discussed in [48, 4, 39, 8, 20]. We propose a robust
algorithm called ROME to resolve this issue.

We observe that single-path methods usually intertwine
topology search with operation search, which creates incon-
sistency between searching and evaluation. We first disen-
tangle the two from each other. Specifically, in addition
to the existing architectural parameters (o) that represent
the significance of each operation, we involve topology pa-
rameters (3) to denote the relative importance of edges. A
single-path architecture can then be induced by both o and
B. Moreover, to further robustify the searching process,
we propose a gradient accumulation strategy during the bi-
level optimization. We sketch the framework of ROME in
Fig. 1. In a nutshell, our contributions are,

1) Revealing performance collapse in single-path dif-
ferentiable NAS. Similar to the performance collapse prob-
lem in DARTS, the architectures searched by single-path
based methods can also be dominated by parameterless op-
erations, especially skip connections. However, this issue
hasn’t been deeply explored, which motivates us to propose
a new robust, lower memory cost and search cost method.

2) Consistent search and evaluation by disentangling
topology search from operation selection. We introduce

'We interchangeably use the term ‘single-path’ and ‘memory-efficient’.
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Figure 1: ROME (v2): Gumbel-Top2 is devised to sample edges to satisfy the restriction that each node has in-degree 2.
Subnetworks apply forward and backward independently. Gradients are accumulated to update the supernet weights at once.

independent topology parameters to unwind topology from
operations, which avoids structure inconsistency between
the search and evaluation stage. We further devise Gumbel-
Top2 re-parameterization to make our method differentiable
and provide its theoretical validity. To our best knowledge,
this is the first work to achieve consistent search and evalu-
ation for single-path differentiable NAS.

3) Robustifying bi-level optimization via gradient ac-
cumulation. We devise two gradient accumulation tech-
niques to address the aforementioned issue. One helps fair
training for each candidate operations. The other instead
reduces the estimation variance on architectural weights.

4) Strong performance while maintaining low mem-
ory cost. Tested on the popular settings” for NAS [48, 21,

], our approach achieves state-of-the-art on various search
spaces and datasets across 15 benchmarks. Our approach is
fast, robust, and memory efficient. Compared with GDAS
and PC-DARTS, our approach costs 26% and 38% lower
memory in the standard search space of DARTS respec-
tively. The source code will be made publicly available.

2. Related Work

Differentiable Neural Architecture Search. Similar to
[53, 27] that uses a directed acyclic graph to represent a
cell, DARTS [24] constructs a cell-based supernet and fur-
ther introduces architectural weights to represent the impor-
tance of each operation. DARTS proposes two types (first-
order and second-order) of approximation that alternatively
update operation parameters and architectural weights with
stochastic gradient descent. However, since the supernet
subsumes all connections and operations within the search

2Independently search under different random seeds instead of multiple
training of a single best-searched model.

space, DARTS risks exhausting GPU memory. A possible
attempt to resolve this issue is done by progressively prun-
ing operations [5], which is still an indirect approach and re-
quires strong regularization tricks. Apart from that, recent
works [48, 4] also point out an instability phenomenon of
DARTS. These issues significantly restrict its application.

Memory-efficient NAS. To reduce GPU memory cost,
several prior works have revised the forward procedure
of the supernet. PC-DARTS [40] makes use of partial
connections instead of the full-fledged supernet. Some
works [37, 36, 35] proposes to merge all parametric oper-
ations into one convolution, a similar super-kernel strategy
is also used in single-path NAS [30]. ProxylessNAS [3]
samples two operations on each edge during the search pro-
cess, which enables proxyless searching on large datasets.
Single-path supernets like SPOS [13] and FairNAS [7] sam-
ple only a single path at each iteration, however, both re-
quire an additional searching stage to choose the final mod-
els. Single-path differentiable methods like GDAS [10]
sample a subgraph of the DAG at each iteration, which is by
far the most efficient. However, we observe that a severe in-
stability issue occurs, which has been previously neglected.

Performance collapse of DARTS. The collapse issue
is one of the most critical problems in differentiable archi-
tecture search [20, 40, 8, 4, 48]. It has been shown that
DARTS [24] prefers to choose parameterless operations,
leading to its performance collapse [20, 8]. Recent works
[48, 4] utilize the eigenvalue of the Hessian matrix as an
indicator of collapse and design various techniques to regu-
larize high eigenvalues. Instead, other works [20, 5] directly
constrain the number of skip connections as 2 to avoid col-
lapse. Nonetheless, the previous methods are specifically
designed for the full-path training scheme. Whereas the col-
lapse problem in single-path has been rarely studied.
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Figure 2: Two failure examples of GDAS [10] in the
DARTS search space in our experiment by running the au-
thors’ code, where normal cells are full of parameterless
operations. The average accuracy is 96.52% on CIFAR-10,
while models searched by our method can achieve 97.42%.
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Figure 3: Evolution of the number of skip connections in a
normal cell of GDAS vs. ROME.

3. Methodology
3.1. Collapse in Single-Path Differentiable NAS

DARTS [24] optimizes a supernet stacked by normal
cells and reduction cells. A cell owns N nodes {z;},
denoting latent representation. Edge e; ; from node z; to
x; integrates all candidate operations O whose importance
is represented by architecture parameter a7 ;. Since the
weights of all operations are involved in the forward and
backward process, DARTS is very memory-consuming.

To reduce memory cost, GDAS [10] proposes to sam-
ple a sub-set of operations at each iteration. For edge e; ;,
a one-hot random vector z; ; € {0, 1}/l is sampled, indi-
cating only one candidate operation is selected during the
forward pass and back-propagation.

However, we observe that the normal cell learned by
GDAS has 4 skip connections, and GDAS (FRC) even con-
tains 5 skip connections, implying performance collapse is-
sue also exists in single-path based methods.

We rerun the released code of GDAS [10] for several
times and observe that the normal cells are dominated by
skip connections and max pooling, shown in Fig. 2. We also
draw the evolution of skip connections of GDAS in Fig. 3.

3.2. Possible Reasons of Performance Collapse

We conjecture that the following two factors contribute
most to the collapse issue, which motivates us to provide a
remedy in each regard.

Inconsistency between the searching and evaluation
stage. Structural inconsistency between the supernet and
the final network mainly appears at the operation level
and the topology level. Operation-level inconsistency, i.e.,
searching with many operations but evaluating only with
the most significant one, has been alleviated in recent
single-path methods [10, 39] by sampling one operation
on each edge at each iteration in the search phase. How-
ever, topology-level inconsistency has long been neglected.
Specifically, the nodes in the supernet connect with all its
predecessors, while the nodes in the final network must only
have in-degree 2. In this paper, we eliminate such inconsis-
tency by disentangling topology and operation search.

Insufficient sampling for candidate operations. The
instability issue for single-bath methods can be largely at-
tributed to its stochastic nature that involves sub-sampling.
Specifically, at each iteration, only one operation is sam-
pled for each edge, resulting in an insufficient training of
weights 6. It also causes high variance for the gradients
of «, hence influencing the searching convergence. To this
end, we propose multiple sampling and gradient accumula-
tion to train the supernet and reduce the gradient variance
of architectural weights.

Based on the above reasoning, we propose topology dis-
entanglement (Sec 3.3) to resolve inconsistency and gradi-
ent accumulation (Sec 3.6) to rectify the instability caused
by insufficient sampling. Fig. 3 illustrate the number of skip
connections in a normal cell searched by GDAS and our
method (ROME), showing that our method can effectively
alleviate the collapse issue.

3.3. Topology Disentanglement

To disentangle the search for topology and operations
on each edge, we use an indicator B; ; € {0,1} to denote
whether edge e; ; is selected, and A¢ ; € {0, 1} for whether
operation o on edge e; ; is selected. Sampling architecture
z with M connections can be decomposed into two parts:
sample M edges first, and their operations second.

Sampling for edges. Topology inconsistency exists in
single-path based methods [10, 39], as all 14 edges in a cell
are selected in the search stage but the final architecture only
has 8 edges. To address this issue, we propose to sample the
same number of edges in search.

Each intermediate node should connect with exact two
predecessors, satisfying DARTS’s constraints. Formally,
we use B; ; to indicate whether the edge e; ; between node
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x; and x; is sampled, and we enforce,

> Bi;j=2 Vi ()

1<J

We give two techniques of edge sampling in Sec 3.4.

Sampling for operations. We use Af; to denote
whether the operator o is sampled on the edge e; ;, and
we adopt Gumbel-Max technique to sample operations,
where g7 ; is sampled from Gumbel(0, 1) distribution’, and
~0 _ eXP(a?, j )
Yii T oo em(al)
weights:

is the normalized architectural

A; ;= one_hot |argmax(log &y ; +g;7 ;)| € Rl (2)
0€0 : :

To make the objective function differentiable to archi-
tectural weights «, we relax the discrete distribution to a
continuous one by Gumbel-Softmax:

o exp[(loga?; +g7;)/7]
i = Io) ~of o )
ZL’=|1 exp [(log ag + gi’j)/T]
A — h A°.
;,j = one_hot {arg max m} , 3)

where the temperature 7 gradually decreases in search.

3.4. From Gumbel-Max to Gumbel-Top2 Reparam-
eterization

We propose two variations of edge sampling techniques,
i.e. Gumbel-Max and Gumbel-Top2, based on which we de-
rive two versions of ROME (v1 and v2).

3.4.1 Gumbel-Max (ROME-v1).

Suppose node x; has j possible predecessors, there are
w types of edge choices. We use Ij(-i’k) (i <k<j)
to indicate whether node x; is connected both to x; and
Ty, 1.. when [(i’k) =1, wehave B; ; = B, ; = 1 and
B,,; =0(Vm < j,m # i, j).

We then set a trainable variable ﬁ;i’k) to denote the im-
portance of each edge choice for node x;, such that

(4,k)
; exp(8; i
p(I](.“’“) :1) = pif; )(Z.,k,) 2800 (@)
Zi’<k’<j eXp(lBj )
We use Gumbel-Max technique where g§i’k) obeys
Gumbel (0,1) distribution,
- 3(i,k) (4,k) ERICRS)
I; = one_hot {arg Z_rgggj(log B;" +g;7)| e Rz
®)
393]. = —log(—log(€? ;)). €7 ; obeys uniform distribution

Take a cell as a whole, if edge e; ; is sampled, there must
be another chosen ey, ;. Thus B; ; can be formulated by I;:

_ (ki) (i,k)
TR SRS Y N
k<i k>1

Gumbel-Softmax reparameterization is used to retain
gradient information,

exp { [logﬂfj(_i,k) —|—g](»i’k)} /7_}
2e<i<s OXP { [log gés’t) + gj(-s’t)} /T} 7

I; = one_hot {arg max f(i’k)] .
' i<k<j 7

F(i.k)
Ij =

34.2 Gumbel-Top2 (ROME-v2).

Enumerating all possible edge combinations as in ROME-
vl is straightforward but superfluous, hence in ROME-v2
we directly sample two edges per node. We define the
probability of each edge e, ; as p(e; ;). Given edge impor-
tance is denoted by 3, the sampling probability p(e; ;) =
exp(Bi,;) A B N
> k< ©xP(Bk,5) “J
To satisfy the constraints on the cell topology (Eq. 1),
ROME-v2 extends Gumbel-Max to Gumbel-Top2:

- exp ((log/éi,j +g1‘,,j)/7'>
i = — ,
Zi’<j exp ((log Birj + gi’,j)/T)

1, 7€ arg tOpQ(Bi/J‘)
B;; = ‘< ®
0, otherwise

(M

We also demonstrate that the Gumbel-Top2 technique is
equivalent to sampling two different edges without replace-
ment with probability simplex p;, so that Gumbel-Top2
sampling can be made differentiable.

3.5. Theoretical Proof on Gumbel-Top2

We show that our Gumbel-Top2 technique is equivalent
to sampling two different edges without replacement with
probability simplex p;, so that Gumbel-Top2 sampling can
be made differentiable. We sketch our proof as follows.

Let p; be the probability of sampling e; by a single
choice among n predecessors. Without loss of generality,
we compute the probability of sampling e; in two schemes,
and show they are in fact equivalent.

1. Sampling two edges without replacement: the prob-
ability of e; being sampled is p1 + Y .-, Pt

2. Sampling with Gumbel-Top2: Gumbel random vari-
able g; is obtained by sampling a uniform random vari-
able ¢; from [0, 1], i.e. g; = —log(—loge;). Then the
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edges are ranked by (log p; + g;) among which the top
two are chosen. There are two cases when e is sam-
pled,

(a) ey ranks first, and the probability of e; being
sampled is p; due to Gumbel-Max scheme.

(b) ey ranks second, and e; ranks first. We can di-
rectly get its probability,

1
p2/P1 _P3/P1 pi/p1 Pn /D1
/61 et (1=t e dey

0

1 1-p; 4
i TP P1
— 1— 6101/171 €. Pl d —
A ( 1 ) 1 =PiT—— 1 - pl

The probability of edge e; being sampled is thus p; +
Z:‘L:z pi 13711;1,-

3.6. Gradient Accumulation

Lastly, we tackle the issues caused by insufficient sam-
pling. Suppose architectural weights o and 3 be the param-
eters of a distribution for architectures. A candidate archi-
tecture z is obtained by independently sampling edges and
operations. Suppose z owns M edges {e1,...,eps} and the
corresponding operations {01, ..., 0ps }, then the probability
of z being selected is given by

p(za,B) = Hpez, ) x ploileiiar).  (9)

The search process can be thus modeled as finding opti-
mal « and 3 to minimize the expectation of validation loss
of the architectures as Eq. 10, where 87 denotes the optimal
operation parameters for the sampled architecture z.

min  E.p(ziap) [Loa(63,2)],

(10)
st. 0% =arg msin Lirain(0, 2)

However, architecture z changes at each iteration while
the corresponding operation weights w are updated only
once. Apparently, single-path approaches suffer from two
problems: unfair and biased training for candidate opera-
tions, and creating large variance for architectural weights.

We propose two effective techniques based on gradient
accumulation. First, to boost fair training for operations,
we sample K sub-models from the supernet and accumulate
gradients for each sub-model within one iteration. Weights
w are updated by the accumulation of gradients from K
sub-models. Second, to reduce the variance for architec-
tural weights, we sample another /K sub-models and aver-
age the gradients of architectural weights. Suppose that the
gradient of o be a random variable whose variance is o2,
then averaging among K samples reduces the variance to

Algorithm 1 ROME (with two versions v1 and v2).
Input: iteration count 7'; number of sampling K; initialized
operation parameters 6; and architectural weights «, 3;
Output: optimal architecture z*;

1: fort =1— T do

2:  Sample two batches of data samples D, and D, from

two disjoint datasets;
32 fork=1— K do

4: Topology sampling by Eq. 6 (v1) or Eq. 7 (v2);
Operation sampling by Eq. 3;

5: Get sampled architecture z;
: end for
Gradient accumulation and update «, 3 by Eq. 11 on
Dg, where L, is cross entropy;
fork=1— K do
Topology sampling by Eq. 6 (v1l) or Eq. 7 (v2);
Operation sampling by Eq. 3
10: Get sampled architecture z;;
11:  end for
12:  Gradient accumulation and update 6 by Eq. 12 on
Dy, where Lyyq;n 1S CTOSS entropy;
13: end for
14: return: z* = arg m?xp(z;a,,@)

0% /K. Specifically, we alternately update operation param-
eters @ and architectural parameters « (similar for 3) as:

K
1
o 4— o — ?;vaLval(ev'zk)a (11)
K
0 — 60— Z veLtrain(ea 22)7 (12)
k=1

where zy, z;, denote the sampled architectures. We can now
summarize our ROME method wholely in Alg. 1.

4. Experiments
4.1. Protocols

Search spaces. In this paper, we denote DARTS’s search
space as SO, which comprises a stack of duplicate normal
cells and reduction cells. Each cell is represented by a
DAG with 4 intermediate nodes. Candidate operations be-
tween each two nodes are {maxpool, avgpool, skip_connect,
sep_conv 3x3 and 5x35, dil_conv 3x3 and 5x5}. We ex-
clude {none} operation from the default DARTS search
space to satisfy the topology constraint in Eq. 1. Under
S0 space, we search and evaluate on CIFAR-10 [18] and
ImageNet [9] respectively.

We also conduct experiments on four reduced search
spaces, S1-S4, introduced by R-DARTS [48] to evaluate the
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stability of our method. S1 is a pre-optimized search space,
where each edge in the supernet has a predefined set of can-
didate operations. In the other 3 search spaces, candidate
operations on each edge are the same (see the details in the
supplementary). Following [48], we search and evaluate in
these 4 search spaces on CIFAR-10, CIFAR-100 [18], and
SVHN [26] (12 benchmarks in total).

Search settings. Similar to DARTS, the supernet con-
sists of 8 cells with 16 initial channels. We search for 50
epochs and set the sampling number K = 7. Unless explic-
itly written, ROME-v2 is used by default throughout the
paper since it is more efficient and robust. For operation pa-
rameters, we use the SGD optimizer with a momentum of
0.9 and an initial {7 of 0.05; For architectural weights, we
adopt the Adam optimizer with an initial Ir of 3 x 1074

Evaluation settings. We use standard evaluation set-
tings as DARTS [24] by training the inferred model for 600
epochs using SGD with a batch size of 96. For search space
S0, inferred models are constructed by stacking 20 cells
with 36 initial channels, and trained under the same settings
following [5, 24]. For S1-S4, we strictly follow the settings
in R-DARTS [48] for a fair comparison.

4.2. Robustness Evaluation

For comprehensive evaluation, we follow the recom-
mended best practices for NAS by [21, ] to re-
port the mean and variance across several times of parallel
searching with various random seeds, through which the
robustness of a method can be measured. We appeal to the
community for avoiding a common mistake that trains a sin-
gle best-searched model several times, which only tests the

s Ty U

convergence stability of a single model.

Discussion on collapse behavior across popular NAS
benchmarks. We argue that excluding an important opera-
tion for search space can cause illusive conclusions. Specif-
ically, NAS-Bench-1Shotl [49] suggests that Gumbel-
based NAS is quite robust. However, this observation is
laying on the basis that popular skip connections are not
included in the search space [44]. After adding skip con-
nection into the choices, we perform GDAS using their re-
leased code, whose best model found is full of skip connec-
tions, which again supports our discovery of collapse issue
in single-path based NAS, as shown in Fig. 4. In contrast,
ROME does not suffer the same issue in these search spaces,
as shown in Fig. 5.

Robustness evaluation on 12 hard benchmarks. We
follow R-DARTS [48] to evaluate the performance and
across 3 datasets in S1-S4 search spaces, see Table 1. Our
methods robustly outperform other methods with a clear
margin across all these benchmarks.

Additionally, we observe that parameterless operations
in GDAS dominate the normal cell in both S2 and S3, while
our method effectively handles their numbers and thus sta-
bilizes the searching stage.

4.3. Performance Comparison

Performance in S0 on CIFAR. We follow DARTS [24]
and search on the CIFAR-10. Table 2 shows that ROME
achieves state-of-the-art performance with only 0.3 GPU-
days*. ROME has an average of 2.584-0.07% error rate,

4GDAS searches 250 epochs and costs 0.2 GPU-days. ROME searches
50 epochs with K = 7, equivalent to searching 350 epochs by GDAS.
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Benchmark DARTS'

ES' ADA' GDAS

ROME

Error (%)

Error (%)  Error (%) Error (%) Num

Error(%)

Num

S1
S2
S3
S4

C10

4.66+0.71
4.4240.40
4.12£0.85
6.95+0.18

3.05+0.07
3.41+0.14
3.71£1.14

3.03+0.08
3.59+0.31

2.89+0.09 3.8+£0.4
3.89+0.17 6.0£0.7
2.99+0.34 3.04+0.10 6.5+0.5
4.17£0.21 3.89+0.67 3.34+0.10 0.040.0

2.660.06
3.14+0.14
2.61+£0.00
3.21£0.12

1.3+0.4
2.0+0.0
2.0+0.0
0.0+0.0

S1
S2
S3
S4

C100

29.93+0.41
28.75+£0.92
29.01+0.24
24.77£1.51

28.90+0.81 24.944+0.81 24.49£0.08 4.0+0.0
24.68+1.43 26.88+1.11 24.57+£0.47 6.3+0.4
26.99+£1.79 24.554+0.63 22.8640.17 3.0+0.7
23.90+£2.01 23.661+0.90 24.144+0.89 2.3+1.1

22.71£0.71
22.91£0.75
22.431+0.36
20.95+£0.45

23104
3.5+0.5
2.5+0.5
0.0+0.0

S1
S2
S3
S4

SVHN

9.88+5.50
3.69+0.12
4.00£1.01
2.90+0.02

2.80+0.09 2.594+0.07 2.48+0.04 2.8+£0.4
2.68+0.18 2.794+0.22 3.05+£0.02 7.8+£0.4
2.78+0.29 2.58+0.07 3.62+£0.36 7.5£0.5
2.55+0.15 2.52+0.06 2.51£0.06 1.5£1.5

2.3410.06
2.41+0.07
2.56£0.03
2.3410.00

0.8+£0.4
1.0+0.0
1.5£0.5
0.0+0.0

Table 1: Comparison in 4 search spaces and 3 datasets. For each algorithm, we independently search for 3 times under the

settings in R-DARTS [

] and report the averaged performance. ‘EA’ and ‘ADA’ are two methods proposed by R-DARTS.

‘Num’: To reveal the collapse issue, we also report the average number of parameterless operations in the discovered normal
cell for GDAS and ROME 7: Results are obtained from R-DARTS.

Models Params FLOPs Error Cost SP
™M M) (%)  GPU Days
DARTS-V1 [45] - - 3.38+0.23 0.4 X
P-DARTS [ ];t 3.34+0.2 540434 2.81+0.14 0.3 X
PC-DARTS [ ]i 3.6+0.5 592490 2.89+0.22 0.1 X
PR-DARTS [51]F 3.4 - 268+0.10 02 X
ISTA-NAS [43] # 3.3 - 2714010 005 X
R-DARTS [48] - - 2.9540.21 1.6 X
SDARTS-ADV [4] 3.3 - 2.61£0.02 1.3 X
DARTS-PT [33] 3.0 - 2.61£0.08 0.8 X
NASI-FIX [29] 39 - 279+£0.07 024 X
ZARTS [34] 3.7 - 2.54+0.07 1.0 X
Few-shot NAS [50] 3.8 - 2314+0.08 1.35 X
GDAS [10] 34 - 2.93 0.2 v
SNAS [39] 2.8 - 2.8540.02 1.5 v
ROME-v1 (best) 4.5 683 2.53 0.3 v
ROME-v1 (avg.) 4.0+0.6 670+21 2.634+0.09 0.3 v
ROME-v2 (best) 3.6 591 2.48 0.3 v
ROME-v2 (avg.) 3.740.2595+28 2.58+0.07 0.3 v

Table 2: Averaged performance among 4 independent runs
of search on CIFAR-10. *: reproduced result using their
released code since they didn’t report the average perfor-
mance. T: FLOPs are calculated by their released architec-
ture. SP: single-path based method

which is slightly higher than up-to-date SOTAs such as
SDARTS-ADV [4]. However, ROME is more than 4x
faster. Compared with R-DARTS [48], ROME robustly out-
performs it with 5x fewer search costs. Our best model
achieves 97.52% accuracy with 3.6M parameters.

Models Params Error Cost
M) (%) GPU Days

ResNet [14] 1.7 22.10° -
AmoebaNet [28] 3.1 18.93° 3150
PNAS [23] 3.2 19.53¢ 150
ENAS [27] 4.6 19.43° 0.45
DARTS [24] - 20.58+0.44* 0.4
GDAS [10] 34 18.38 0.2
P-DARTS [5] 3.6 17.49% 0.3
R-DARTS [48] - 18.01+0.26 1.6
NASI-FIX [29] 4.0 16.124+0.38  0.24
ZARTS [34] 4.1 16.2940.53 1.0
ROME-V1 (avg.) 4.440.2 17.414+0.12 0.3
ROME-V1 (best) 4.4 17.33 0.3
ROME-V2 (avg.) 34403 17.71+0.11 0.3
ROME-V2 (best) 3.3 17.57 0.3

Table 3: Comparison of searched models on CIFAR-100. ©:
Reported by [10], *: Reported by [48], ¥:Rerun their code.

We also search on CIFAR-100 and show the results in
Table 3. ROME surpasses all the methods and achieves
state-of-the-art with only 0.3 GPU-days search cost.

Performance in S0 on ImageNet. First, we transfer the
architecture searched on CIFAR-10 to ImageNet following
the common practice [24, 5, 19, 8]. Same as [19, 8], we
train models for 250 epochs with a batch size of 1024 by
SGD optimizer with a momentum of 0.9 and an initial I of
0.5 base learning rate. We also utilize an auxiliary classifier
strategy. The results are shown in Table 4, where ROME
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Models FLOPs Params Top-1 Cost

™M) M) (%) (GPU days)

AmoebaNet-A [28] 555 5.1 74.5 3150
NASNet-A [53] 564 53 74.0 2000
PNAS [23] 588 5.1 74.2 225

DARTS [24] 574 4.7 73.3 04
P-DARTS [5] 577 5.1 75.3 0.3
FairDARTS-B [8] 541 4.8 75.1 04
SNAS [39] 522 4.3 72.7 1.5
PC-DARTS [40] 586 53 74.9 0.1
GDAS [10] 581 5.3 74.0 0.2
ROME (ours) 576 5.2 75.3 0.3
DARTS, P-DARTS OOM when batch-size > 32
FairNAS-C [7] 321 4.4 74.7 12
ProxylessNAS [3] 465 7.1 75.1 8.3
FBNet-C [38] 375 5.5 74.9 9

PC-DARTS [40]F 597 5.3 75.4 3.8
GDAS [10]* 405 3.6 72.5 0.8
ROME (ours) 556 5.1 75.5 0.5

Table 4: Performance on ImageNet. The first block indi-
cates the models transferred from CIFAR-10; The second
block indicates that the models are directly searched on Im-
ageNet. *: reproduced using their released code.

achieves 75.3% top-1 accuracy.

Second, as ROME features low memory cost and great
robustness, we directly search on ImageNet as well. We
randomly sample 10% images to train operation parameters
and another 10% to train architectural weights. A supernet
is constructed by stacking 8 cells with 16 initial channels.
We search for 30 epochs with K = 3. The batch size is set
as 256. Our search cost is reduced to 0.4 GPU days on a
single Tesla V100. We fully train the discovered model for
250 epochs with the same evaluation settings as above. Re-
sults are illustrated in Tabel 4, showing that ROME achieves
75.5% top-1 accuracy. To make fair comparisons, we repro-
duce GDAS [10] under the same settings (90 epochs). How-
ever, the network is dominated by skip connections and only
achieves 72.5% top-1 accuracy.

5. Ablation Study

Sensitivity to the Sampling Number K. K is a hyper-
parameter in our gradient accumulation strategy, which is
designed to reduce the variance of noise on V4L, and
stabilizes the search as analyzed in Sec. 3.6.

Table 5 compares the performance by setting K as
1,4,7,10 in ROME. We search and evaluate on CIFAR-10.
Three parallel tests on each setting are conducted. Note we
adjust the number of search epochs to have same number
of iterations per test. We observe that the performance in-

K Acc (%) # Params # Epochs
1 97.1240.06 3.34M 350
4  97.2840.07 3.57M 87
7 97.4240.07 3.73M 50
10  97.4640.12 4.06M 35

Table 5: Sensitivity study of sampling number K. For each
setting, we adjust the number of search epochs according to
K for fair comparison. We do three parallel tests on each
setting and report the mean and standard deviation.

TD GA Acc (%) ‘ TD GA Acc (%)
0 « ‘ 0 «
X X X 96524007 | v x x 97.12£0.06
X x v 9685+031 | v x v 97.22+0.07
X v x 9698+0.05| v Vv x 97.34+0.07
X v Vv 97.14+005 | v Vv Vv 97.4240.07

Table 6: Component study of ROME on CIFAR-10.

creases monotonically with K which verifies our analysis
that biased training shall be alleviated. The result demon-
strates the effectiveness of our gradient accumulation strat-
egy. Also, as the accuracy saturates at K=7, we set K=7.

Component analysis for instability issue. There are
two major components that contribute to the cure for insta-
bility in ROME: topology disentanglement (TD) and gradi-
ent accumulation (GA) for € and «. To show their efficacy,
we conduct ablation studies in SO space on CIFAR-10.

Results are shown in Table 6, where ‘GA for 6’ indicates
that gradient accumulation is applied over K = 7 sampled
architectures to train operation parameters; ‘GA for o’ indi-
cates that gradients for architectural parameters over K = 7
sampled architectures is accumulated and averaged. The
setting without TD and GA (first line in Table 6) degener-
ates to GDAS [10]. Our ROME adopts both TD and GA,
which is the last line in Table 6.

We observe that TD alone can significantly improve the
searching performance, showing that the inconsistency is-
sue is the principal reason for performance collapse. This
is as expected. On the one hand, inconsistent topology
between search and evaluation results in an inconsistent
searching objective; On the other hand, training the weights
of 14 operations (w/o TD) is much more difficult than train-
ing 8 operations (w/ TD), which degrades the convergence.

Moreover, we observe that gradient accumulation on 6
and « can further improve the search performance, which
confirms our analysis that performance collapse issue also
comes from insufficient sampling.

Memory Analysis. Table 7 compares GPU memory
cost in SO search space on CIFAR-10. ROME has the lowest
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Method ~ DARTS GDAS ' PARTS - povp
M=4 M=2
Memory (G) 9.4 3.1 3.7 5.7 2.3

Table 7: GPU Memory cost comparison. We measured the
cost based on a batch size of 64, where the supernet has 16
initial channels, and 8 layers.

memory cost thanks to our disentanglement of the search for
topology. Unlike GDAS that preserves multiple edges for
each node, we strictly sample 2 edges for each node leading
to 26% memory reduction compared to GDAS.

PC-DARTS [40] uses partial channels during the search
stage to reduce GPU memory cost, in which the partial ra-
tio is controlled by a hyperparameter M. But M requires
careful calibration for different tasks. In contrast, ROME
doesn’t require calibrating such an extra hyperparameter
and is more memory-efficient.

6. Comparison with Prior Works

Here we highlight the difference of ROME from the ex-
isting works. 1) ROME vs. DOTS. DOTS [12] explores
an edge importance representation for one-shot NAS in a
multi-stage fashion but the operations are divided into two
groups (parameter-free and parameter-bearing, following
DropNAS [15]) beforehand, which is a very strong prior.
The length of each stage has to be tuned carefully from
dataset to dataset. In contrast, no prior or extra hyper-
parameters are used in ROME; 2) ROME vs. DDW. Unlike
DDW [46] that belongs to dynamic networks with a change-
able topology dependent on inputs, ROME is a NAS method
designed to search for a static architecture. 3) ROME
vs. SNAS. SNAS [3] adopts Gumbel-softmax via mask-
ing, whose supernet still resides in the memory and thus not
memory-efficient. In contrast, ROME is a truly single-path
NAS method and inherits the property of low memory cost.
SNAS didn’t deal with the collapse issue either.

7. Conclusion

In this paper, we highlight the performance collapse
issue of single-path differentiable NAS, and attribute the
cause to topology inconsistency between searching and
evaluation, as well as the stochastic nature of sampling
for candidate operations. To address the above issues, we
propose ROME that features topology disentanglement and
gradient accumulation strategy to stabilize the searching
process. ROME achieves state-of-the-art results across 15
recent popular benchmarks, which manifests its strong per-
formance, low memory cost and robustness.
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