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Abstract—Neural architecture search (NAS) aims to automati-
cally discover high-performing network architectures for specific
tasks. In recent years, NAS methods that leverage sharpness
signals have shown promising potential for improving model
generalization. However, NAS still falls short in robustness under
out-of-distribution (OOD) shifts. Recent studies have incorpo-
rated Sharpness-Aware Minimization (SAM) into the search
process, but under weight-sharing and short training-budget
settings, the standard SAM perturbation direction may entangle
deterministic gradient trends with mini-batch stochastic noise,
thereby biasing the sharpness proxy. To address this issue,
we propose GFNAS, a gradient-friendly sharpness-aware NAS
framework that estimates the deterministic gradient trend via
an exponential moving average (EMA) and suppresses it when
constructing perturbations, yielding a noise-consistent direction.
Without increasing the search cost or modifying the search space,
this strategy provides a more robust robustness-oriented evalu-
ation signal. Experiments on CIFAR-10/100 and their corrupted
variants demonstrate that GFNAS improves both accuracy and
corruption robustness (mCE), reduces search cost, and alleviates
sensitivity to sharpness hyperparameters.

Index Terms—Neural Architecture Search (NAS), Sharpness-
Aware Minimization (SAM), Stochastic gradient noise

I. INTRODUCTION

Neural Architecture Search (NAS) [27], [31] has become
an effective paradigm for automating network design, en-
abling the discovery of architectures that perform well under
diverse computational and deployment constraints. However,
despite strong results on in-distribution (ID) benchmarks,
conventional NAS methods often exhibit poor robustness and
limited generalization under distribution shifts [5], [38], such
as common corruptions or unseen environments. This reveals
a fundamental limitation of NAS: architectures optimized for
high ID accuracy do not necessarily achieve robust or stable
generalization [6], [36].

Recent studies suggest that the geometry of the loss land-
scape plays a key role in generalization [16], [30]. In partic-
ular, models converging to flatter minima often show better
robustness and out-of-distribution (OOD) performance [11],
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[12], [35]. Based on this insight, sharpness-aware optimization
methods, especially Sharpness-Aware Minimization (SAM)
[7], explicitly steer training toward flatter regions of the loss
surface. By minimizing the worst-case loss within a local
parameter neighborhood, SAM has consistently improved both
generalization and robustness across a range of tasks.

Building on this insight, FlatNAS [9] incorporates
sharpness-aware training directly into NAS. Rather than using
optimization only as a post-search refinement, it adopts SAM-
based training as the evaluator during search and introduces a
robustness-aware objective that combines classification accu-
racy with sensitivity to parameter perturbations. This allows
FlatNAS to identify architectures that are inherently more
robust to weight perturbations, yielding better OOD robust-
ness than conventional accuracy-driven NAS methods. More
importantly, it shows that the optimizer is not merely an
implementation detail, but a key factor shaping the search
trajectory [10], [37].

Despite its effectiveness, FlatNAS implicitly assumes that
the sharpness signal induced by SAM is a faithful and
stable proxy for architecture robustness. Recent advances in
sharpness-aware optimization question this assumption [1].
FriendlySAM [19] shows that SAM’s perturbation direction
mixes gradient components with different effects on gener-
alization: the full-batch gradient tends to dominate the per-
turbation direction, whereas stochastic gradient noise from
mini-batch sampling plays a more important role in improving
generalization [2], [29]. By decoupling these components and
suppressing deterministic bias with an exponential moving
average (EMA), FriendlySAM achieves more stable sharpness
estimation, better robustness, and lower sensitivity to the
perturbation radius.

This observation exposes a previously overlooked limita-
tion in sharpness-aware NAS frameworks: not all sources of
sharpness contribute equally to robust architecture evaluation.
In the context of NAS, where architectures are compared
based on short-horizon training signals, deterministic gra-
dient components can introduce systematic bias, potentially
distorting the relative ranking of candidate architectures [4].



As a result, architectures favored under standard SAM-based
evaluation may not correspond to those with genuinely robust
loss landscapes.

In this work, we revisit sharpness-aware neural architec-
ture search from the perspective of gradient component de-
composition. We propose a noise-consistent sharpness-aware
NAS framework that refines the search evaluator by isolat-
ing stochastic sharpness signals and suppressing determinis-
tic gradient bias. Concretely, we reformulate the inner-loop
optimization of FlatNAS with a noise-consistent sharpness-
aware training strategy, while preserving the original search
space and computational budget. This yields a more faithful
robustness proxy for architecture evaluation and enables the
discovery of architectures with consistently better OOD per-
formance.

Extensive experiments show that our method not only
improves robustness metrics, including corruption error and
sensitivity to parameter perturbations, but also enhances search
stability across different hyperparameter settings. In partic-
ular, it substantially reduces sensitivity to the perturbation
radius and produces Pareto fronts that dominate those of
prior sharpness-aware NAS methods. These results indicate
that noise-consistent sharpness estimation is a critical yet
previously underexplored factor in robust NAS. Our main
contributions are summarized as follows:

• We thoroughly analyzed the impact of full gradients
and stochastic gradients on the NAS process from the
perspective of adversarial perturbation composition.

• We propose a Gradient Friendly Neural Network Ar-
chitecture Search via Sharpness-Awareness (GFNAS),
enhancing the generalization of architectures.

• Extensive experimental results indicate that the proposed
GFNAS method effectively improves generalization capa-
bilities and facilitates faster convergence of the algorithm.

II. RELATED WORK

A. Neural Network Architecture Robustness

In the context of neural architecture search for adversarial
robustness, several approaches build upon the widely adopted
DARTS framework [21], including RNAS [39], NADAR [20],
and RACL [5]. RNAS aims to improve adversarial robust-
ness by introducing a regularization strategy that enforces
consistency between the network outputs obtained from clean
samples and their adversarial counterparts, encouraging archi-
tectures with more stable predictions under worst-case pertur-
bations. In a related manner, NADAR focuses on enhancing
robustness of neural networks under floating-point operation
(FLOPs) constraints. To achieve this, NADAR augments back-
bone architectures with additional robustness-oriented layers
while explicitly accounting for the computational overhead
introduced by such architectural expansions, thereby balancing
robustness gains against efficiency costs [21].

B. Sharpness-Aware Optimization

The geometry of the loss landscape is a key factor in
generalization, with flatter minima often linked to better

robustness [3], [13]. Sharpness-Aware Minimization (SAM)
follows this principle by optimizing the worst-case loss within
a local parameter neighborhood to encourage flatter solutions
[8], [23]. FriendlySAM [19] further shows that SAM’s pertur-
bation direction mixes deterministic full-gradient components
with stochastic gradient noise, which affect generalization
differently. By suppressing deterministic bias, FriendlySAM
achieves more consistent sharpness estimation and improved
robustness in standard fixed-architecture training. However,
existing sharpness-aware optimizers are mainly studied in
conventional training settings, rather than as evaluation signals
beyond final model optimization [15].

C. Sharpness-Aware Neural Architecture Search
Inspired by the connection between sharpness and gener-

alization, recent work [9], [14], [22] has begun to integrate
sharpness-aware optimization into neural architecture search.
FlatNAS [9] represents a notable advance in this direction by
embedding SAM-based training directly into the architecture
search process. Rather than treating sharpness-aware optimiza-
tion as a post-search refinement step, FlatNAS employs SAM
as the evaluator during search and introduces a robustness-
aware objective that jointly considers classification accuracy
and sensitivity to parameter perturbations. While this design
enables the discovery of architectures that are intrinsically
robust to weight perturbations, it implicitly assumes that the
sharpness signal induced by standard SAM provides a reliable
proxy for comparing candidate architectures. In practice, NAS
relies on short-horizon training under limited computational
budgets, where optimization-induced bias may dominate eval-
uation signals [25], [32]. Consequently, the fidelity of SAM-
based sharpness estimates for architecture ranking remains an
open question, particularly when different sources of sharpness
contribute unequally to generalization.

III. METHOD

A. Problem Formulation
We consider the problem of neural architecture search under

a differentiable optimization framework. Let Dtra and Dval

denote the training and validation datasets, respectively. The
architecture search space Ω is defined following the standard
cell-based differentiable NAS paradigm. Specifically, an ar-
chitecture x ∈ Ω is represented as a directed acyclic graph
(DAG), where each edge corresponds to a mixed operation
selected from a predefined candidate set:

O = {o1, o2, . . . , oK} (1)

including common operators such as separable convolutions,
dilated convolutions, pooling, and identity mappings. To en-
able gradient-based optimization, the discrete architecture is
relaxed into a continuous representation parameterized by
architecture variables α. For each edge (i, j) in the DAG, the
mixed operation is expressed as a softmax-weighted combina-
tion:

ō(i,j)(x) =

K∑
k=1

exp
(
αk
(i,j)

)
∑

k′ exp
(
αk′

(i,j)

)ok(x), (2)



where k denotes the index of candidate operations in the search
space. Under this relaxation, the network output can be written
as:

f(·, ω, α) (3)

where ω denotes the shared network weights.
The architecture search problem is formulated as a bi-level

optimization:

min
α

Lval (ω
⋆(α), α) + λϕ(C(α)− τ),

s.t. ω⋆(α) = argmin
ω

Ltra(ω, α),
(4)

where Ltra and Lval denote the empirical risk evaluated on
the training and validation sets, respectively, ϕ(·) is a penalty
function enforcing the resource constraint, λ balances accuracy
and efficiency. The function C(α) measures the expected
computational complexity of the architecture induced by α,
and τ specifies a target resource budget. In practice, C(α)
can be instantiated as a differentiable proxy of resource usage,
such as expected FLOPs or parameter count:

C(α) =
∑
(i,j)

K∑
k=1

πk
(i,j)(α) · c (ok) , (5)

where πk
(i,j)(α) denotes the softmax probability of selecting

operation ok on edge (i, j), and c(ok) is the predefined cost
(e.g., FLOPs) associated with operation ok. This formulation
decouples architecture selection from parameter optimization,
while enabling gradient-based optimization over α.

B. Sharpness-Aware Neural Architecture Search
Standard differentiable NAS evaluates candidate architec-

tures by training shared weights for a limited number of steps
and comparing validation performance. Under weight-sharing
and short-horizon training, however, the learned weights are
often highly sensitive to parameter perturbations, indicating
sharp loss regions. This leads to unstable performance estima-
tion and unreliable architecture ranking.

To improve evaluation reliability, we introduce sharpness-
aware optimization into the inner loop. Instead of minimizing
training loss at a single parameter point, we seek weight
solutions that remain stable within a local neighborhood. For
an architecture parameterized by α, Eq. 6 is replaced by

ω⋆(α) = argmin
ω

max
|ϵ|2≤ρ

Ltra(ω + ϵ, α), (6)

where ρ>0 is the neighborhood radius and ϵ is a weight
perturbation.

This objective discourages solutions with large loss varia-
tions under small perturbations, promoting flatter minima that
are empirically linked to better generalization and robustness.
In NAS, since α is updated according to the validation per-
formance of ω(α), sharpness-aware inner-loop optimization
reduces sensitivity to initialization, stochastic noise, and lim-
ited training budgets, making Lval(ω(α), α) a more reliable
proxy for architecture comparison. Integrating Eq. 6 into
the bi-level optimization in Section III-A therefore yields
a sharpness-aware NAS framework based on locally stable
weight solutions.

C. Gradient Friendly NAS via SAM

1) Motivation: Although SAM improves the stability of
architecture evaluation as discussed in III-B, directly adopting
standard SAM-based training in NAS remains suboptimal. In
practice, the perturbation direction used in SAM is computed
from the gradient of a single mini-batch, which implicitly
mixes multiple gradient components with distinct statistical
properties.

In the NAS scenario, where architectures are evaluated
under shared weights and limited training steps, such mixed
perturbation directions can lead to biased sharpness estimates
and unstable architecture ranking [33]. Specifically, perturba-
tions dominated by deterministic gradient components tend
to introduce systematic bias across architectures, masking the
stochastic variations that are critical for assessing robustness
under short-horizon training.

This phenomenon suggests that not all sources of sharp-
ness contribute equally to reliable architecture evaluation,
motivating a refined treatment of perturbation construction in
sharpness-aware NAS.

2) Principle: Let ∇ωLtra(ω, α) denote the stochastic gra-
dient computed on a mini-batch sampled from Dtra. This gra-
dient can be conceptually decomposed into two components:

• a deterministic component aligned with the full-data
gradient;

• a stochastic component induced by mini-batch sam-
pling.

Recent optimization studies indicate that the stochastic
component plays a dominant role in promoting generalization,
while the deterministic component may even impair robustness
by amplifying sharpness at the dataset level [34]. In the
context of NAS, this imbalance is particularly harmful, as
architecture comparison relies on relative performance differ-
ences observed under noisy and resource-constrained training
dynamics.

Therefore, an effective sharpness-aware evaluator for NAS
should emphasize stochastic sharpness signals while suppress-
ing deterministic bias, yielding perturbations that better reflect
architecture-level robustness rather than optimization artifacts.

3) Gradient-Friendly Perturbation Construction: Based on
the above insight, we propose a gradient-friendly sharpness-
aware optimization strategy tailored for NAS. Instead of
directly using the raw mini-batch gradient to construct ad-
versarial perturbations, we refine the perturbation direction by
attenuating its deterministic component.

At iteration t, we maintain a running estimator of the
historical gradient direction:

mt = βmt−1 + (1− β)∇ωL
(t)
tra(ω, α), (7)

where β ∈ [0, 1) controls the smoothness of the estimate
and ∇ωL

(t)
tra(ω, α) denotes the mini-batch gradient at iteration

t. This moving average serves as a proxy for the dominant
deterministic gradient component accumulated over training.



We then define a noise-consistent perturbation direction as:.
The perturbation direction at iteration t is then defined as

dt = ∇ωL
(t)
tra(ω, α)− ηmt, (8)

where η ≥ 0 modulates the extent to which deterministic bias
is suppressed. In practice, η is treated as a fixed scalar shared
across training. The adversarial perturbation is subsequently
computed as:

ϵt = ρ
dt

∥dt∥2
. (9)

where ρ is the neighborhood radius introduced in III-B.
Compared to standard SAM, this perturbation construction
selectively amplifies batch-specific stochastic variations while
reducing alignment with the global descent direction, yielding
a perturbation that is more representative of local sharpness
under stochastic training dynamics.

Based on the noise-consistent perturbation construction de-
scribed above, we now formalize the resulting optimization
objective used in the inner loop of GFNAS.

Recall that the stochastic training gradient at iteration t is
denoted as:

gt = ∇ωLtra

(
ω, α;Bt

tra

)
, (10)

and the EMA estimator of historical gradients is updated as:

mt = βmt−1 + (1− β)gt. (11)

The noise-consistent perturbation direction is defined by sup-
pressing the deterministic component estimated by mt:

dt = gt − ηmt. (12)

Substituting this perturbation into the sharpness-aware objec-
tive, the inner-loop optimization problem for a given architec-
ture α can be written as:

ω∗(α) = argmin
ω

EBtra

[
Ltra

(
ω + ρ

Θ

∥Θ∥2
, α

)]
(13)

where Θ = ∇ωLtra (ω, α;Btra ) − ηm and the expectation is
taken over mini-batches sampled from the training dataset.

IV. EXPERIMENTS

A. Experiment Setup

1) Datasets: We adopt CIFAR-10 and CIFAR-100 [11],
[17], together with their corrupted variants, as evaluation
benchmarks because they are widely used and well established
for robustness assessment. Both datasets contain 32 × 32
natural images with 50,000 training and 10,000 test samples,
covering 10 and 100 classes, respectively, with balanced class
distributions. Their compact scale and standardized splits make
them particularly suitable for NAS under limited computa-
tional budgets. To evaluate robustness beyond clean accuracy,
we further test on CIFAR-10-C and CIFAR-100-C, which
introduce 15 types of synthetic corruptions, including noise,
blur, weather effects, and digital artifacts. Models are trained
on clean training sets and evaluated on both clean and cor-
rupted data. Since the corrupted benchmarks are only provided
at 32 × 32 resolution, we regenerate corrupted versions for

each evaluated input resolution, as simple resizing would not
preserve equivalent distortions.

B. Implementation Details
1) Experiment Environment: All experiments are imple-

mented in PyTorch and conducted on a workstation equipped
with NVIDIA A100 GPUs (80GB memory). During archi-
tecture search, we adopt a standard DARTS-style cell-based
search space and perform the search on CIFAR-10 and CIFAR-
100.

2) Optimization Settings: The shared network weights are
optimized using stochastic gradient descent (SGD) with a
momentum of 0.9, weight decay of 1 × 10−4, and an initial
learning rate of 0.025, following common practice in differ-
entiable NAS. The architecture parameters are updated using
the Adam optimizer with learning rate 1 × 10−4 [18], [24].
We apply basic data preprocessing and augmentation [26].

3) Sharpness-Aware Parameters Settings: For sharpness-
aware training, the neighborhood radius is fixed to ρ = 0.1
throughout the search process. The exponential moving aver-
age (EMA) factor in gradient estimation is set to β = 0.9,
and the deterministic gradient suppression coefficient is set
to η = 1.0 in all experiments [28]. These hyperparameters
are shared across datasets and architectures unless otherwise
stated.

C. Comparison with State-Of-The-Art
1) Results on CIFAR-10: We compare GFNAS with repre-

sentative NAS methods, including DARTS, RNAS, NADAR,
RACL, and FlatNAS, under the same DARTS-style search
space and retraining protocol. The results are reported in Table
I. GFNAS achieves the highest Top-1 accuracy on the clean
CIFAR-10 test set, outperforming all baselines and slightly
improving upon FlatNAS. More importantly, GFNAS attains
the lowest mean corruption error on CIFAR-10-C, indicat-
ing improved robustness under distribution shifts. Compared
with FlatNAS, which also adopts sharpness-aware evaluation,
this result suggests that noise-consistent sharpness estimation
provides a more reliable robustness proxy during architecture
search.

In addition, GFNAS maintains a compact model size and
requires the lowest search cost, compared to 1.2 GPU days
for FlatNAS and higher costs for other methods. These results
demonstrate that GFNAS achieves a better balance among
accuracy, robustness, and search efficiency on CIFAR-10.

TABLE I: Comparison with state-of-the-art NAS methods on
CIFAR-10. Test Acc denotes Top-1 accuracy on the clean test set,
mCE is the mean corruption error on CIFAR-10-C, Param. indicates
the number of model parameters and Search Cost is measured in
GPU days.

Methods Acc (%) mCE Param. (M) Search Cost
DARTS [21] 95.23 10.2 3.6 2.0
RNAS [39] 95.41 11.5 3.4 1.5

NADAR [20] 95.19 10.8 3.5 1.8
RACL [5] 95.03 10.5 3.7 2.2

FlatNAS [9] 95.44 9.9 3.3 1.2
GFNAS (Ours) 95.61↑ 9.7↓ 3.3 1.0↓



2) Results on CIFAR-100: As reported in Table II , our
method demonstrates a clear overall advantage over rep-
resentative state-of-the-art NAS approaches on CIFAR-100.
In terms of predictive performance, it consistently achieves
higher classification accuracy together with lower classifica-
tion error, suggesting improved generalization ability rather
than mere optimization of a single metric. At the same time,
the resulting architectures are more compact, indicating that
the proposed search strategy is able to identify effective ar-
chitectural configurations without relying on excessive param-
eterization. Moreover, these performance gains are obtained
with a reduced search cost, reflecting higher search efficiency
compared to existing methods. This indicates that the proposed
framework can explore the architecture space more effectively
under limited computational budgets, making it particularly
suitable for practical NAS scenarios where both performance
and efficiency are critical.

TABLE II: Comparison with state-of-the-art NAS methods on
CIFAR-100. Test Acc denotes Top-1 accuracy on the clean test set,
mCE is the mean corruption error on CIFAR-100-C, Param. indicates
the number of model parameters and Search Cost is measured in GPU
days.

Methods Acc (%) mCE Param. (M) Search Cost
DARTS [21] 75.16 28.6 3.8 2.5
RNAS [39] 74.87 29.3 3.6 2.0

NADAR [20] 74.97 28.9 3.7 2.2
RACL [5] 75.31 28.7 3.9 2.8

FlatNAS [9] 75.24 28.2 3.5 1.8
GFNAS (Ours) 75.35↑ 27.9↓ 3.4↓ 1.7↓

D. Ablation Study
1) Effectiveness of ρ: We additionally examine the effect

of the perturbation radius ρ on the performance of GFNAS.
In our experiments, we consider four representative values,
ρ ∈ {0.05, 0.1, 0.2, 0.3}, and evaluate the resulting architec-
tures on CIFAR-10 using Test Accuracy and mCE. As shown
in Fig. 1, the setting ρ = 0.1 consistently achieves the best
overall performance in terms of both Test Accuracy and mCE.
Meanwhile, we observe that moderate variations of ρ around
this value do not lead to noticeable performance degradation.
This suggests that the proposed perturbation strategy allows
for a reasonable operating range of ρ, while ρ = 0.1 provides
a favorable balance between performance and stability in
practice. Based on this observation, we adopt ρ = 0.1 as the
default configuration in all subsequent experiments.

2) Effectiveness of η: We further study the effect of the
suppression coefficient η which controls the strength of de-
terministic gradient bias removal in the proposed perturbation
direction. T, we vary η over a representative range from weak
suppression to relatively strong suppression, while keeping
all other hyperparameters fixed, and evaluate the resulting
architectures on CIFAR-10 using Test Accuracy and mCE.

We evaluate a range of deterministic suppression strengths
by varying η ∈ {0.25, 0.5, 0.75, 1.0, 1.25}. As shown in Fig.
2, increasing η from smaller values leads to a consistent
improvement in both Test Accuracy and robustness perfor-
mance. In particular, the configuration η = 1.0 achieves the
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Fig. 1: Ablation study on the perturbation radius ρ on CIFAR-10. The
setting ρ = 0.1 yields the best overall performance and is adopted
as the default configuration.

best overall results, attaining the highest Test Accuracy and
the lowest mCE among all tested settings. This indicates
that an appropriate level of deterministic bias suppression
is beneficial for producing a more reliable evaluation signal
during architecture search. When η is further increased beyond
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Fig. 2: Ablation study on the perturbation radius η on CIFAR-10. The
setting η = 1.0 yields the best overall performance and is adopted
as the default configuration.

this value, performance begins to slightly degrade, suggesting
that overly aggressive suppression may weaken useful gradient
information. Based on these observations, we adopt η = 1.0 as
the default setting in all subsequent experiments, as it provides
a favorable balance between effective bias suppression and
stable optimization behavior.

V. CONCLUSION

In this paper, we revisited sharpness-aware neural architec-
ture search from the perspective of gradient component decom-
position and proposed GFNAS, a gradient-friendly sharpness-
aware NAS framework that emphasizes noise-consistent sharp-
ness signals while suppressing deterministic bias during the
search process. By refining the perturbation construction in
sharpness-aware optimization, GFNAS provides a more faith-
ful robustness proxy for architecture evaluation without mod-
ifying the search space or increasing computational overhead.
Extensive experiments on CIFAR benchmarks and their cor-
rupted variants demonstrate that GFNAS consistently discov-
ers architectures with improved generalization, robustness, and



reduced sensitivity to sharpness hyperparameters compared to
existing sharpness-aware NAS methods. Overall, our results
suggest that explicitly accounting for gradient component ef-
fects can improve the reliability of sharpness-based evaluation
in NAS, and that noise-consistent sharpness estimation is a
practical ingredient for robust and stable architecture search. In
summary, GFNAS enables more robust architecture discovery
with minimal changes to standard NAS pipelines.
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