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Abstract

One-shot Neural Architecture Search (NAS) is based on train-
ing a supernet, a single model from which many different
architectures with shared weights are sampled and updated
during training. Training the shared weights of the super-
net is much more computationally efficient than training
each architecture independently. However, during the su-
pernet training, architectures with similar gradients (dense
regions in the gradient space) would cooperate with each
other, increasing their training, while architectures in sparse
(low-density) regions would not receive as much training ben-
efit from others. This does not allow all architectures to be
trained with the same amount of effective updates, resulting
in a training bias that favors architectures in denser regions.
As a consequence, the correlation between the supernet esti-
mations and the actual performance of models independently
trained is reduced. This negatively affects the supernet’s abil-
ity to select good architectures once trained. In this paper,
we propose two computationally feasible ways for different
computational budgets and search spaces to approximate
the architecture densities and implement a density-aware de-
biasing mechanism for supernet training. We propose a fine-
grained density calculation for numerable smaller search
spaces and an online density approximation based on den-
sity prototypes from a clustering algorithm for larger spaces.
We validate our method on CIFARI0, CIFARI00, and Im-
ageNet datasets using various search strategies and show
consistently improved results compared to several single-
path one-shot supernet training methods.

1. Introduction

Neural architecture search (NAS) that aims to automate the
design of neural networks has shown great success for com-
puter vision tasks such as image classification [6, 31, 42].
Part of this success is due to the introduction of efficient
training methods such as one-shot NAS, in which a single
compositional neural network (supernet), jointly trains dif-
ferent architectures (paths or subnets) from a pre-defined
search space [21].
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Figure 1. Training bias in uniform sampling supernet training.
2D projections of architecture gradients from the Pooling bench-
mark. When training with a uniform sampling of architectures, we
found that architectures that share similar gradients (high-density
gradient regions) tend to be globally over-trained, while the ones
with different gradients (low-density gradient regions) will be under-
trained. This produces a bias that favors architectures that lie in
denser gradient regions.

Common one-shot NAS methods based on weight-
sharing, use the supernet as a proxy to efficiently estimate
architecture performances on a validation set. By training
the supernet, a single set of shared weights learns to effec-
tively parametrize a large set of diverse architectures, so
that the inherited weights can adequately evaluate and rank
those architectures. Therefore, the core assumption is that
in single-path one-shot NAS, similar architectures can mutu-
ally benefit when one of them is sampled, requiring fewer
training iterations to jointly train all architectures.

However, in one-shot NAS, the updates of certain archi-
tectures might be detrimental to others [33, 39]. This effect
creates the well-known performance gap and poor rank cor-
relation between supernet evaluations and independently
trained architectures [20, 23]. Most crucially, this inter-
ference is not random: it depends on the similarity of the
gradient updates. As demonstrated in Fig. 1, architectures
with similar gradients will produce a positive interference,
while architectures with different gradients will produce a
negative interference. Therefore, architectures that have gra-
dients similar to several neighbors (i.e. high-density regions)
tend to help each other. In contrast, architectures with differ-



ent gradients from their neighbors (i.e. low-density regions)
have a destructive effect on their gradient updates. Globally,
this effect produces a clear bias in which denser regions
will produce over-trained architectures, while lower density
regions will have under-trained architectures. The main goal
of this work is to tackle this bias.

We propose a computationally affordable approach to
reduce the bias induced by weight sharing during supernet
training. To achieve this, we present two algorithms to esti-
mate the density of architectures in gradient space. The first,
designed for smaller search spaces, directly computes gra-
dient density following a brief warm-up period of uniform
training. The second is designed for large search spaces,
which approximates the density online using a learned set
of prototypes. The estimated density is then used for impor-
tance sampling by prioritizing architectures with low density
and down-sampling architectures in high-density regions.
Finally, as computing gradients of large neural networks can
be expensive, we show that similar results can be obtained by
substituting the gradient with the output layer of a network.
We empirically show that architecture distances on this much
smaller space are highly correlated with gradient distances,
but are cheaper to compute.

The main contributions of this work are the following:
For the first time, we show that for one-shot NAS, archi-
tectures with similar gradients (denser regions) are over-
trained and architectures with different gradients (low-
density regions) are under-trained. This affects the capa-
bility of the sampling method (such as uniform sampling)
to approximate the real performance of the NAS architec-
tures.

* We devise a density-aware sampling framework to miti-
gate this bias, and introduce two algorithms for efficiently
estimating the gradient density. We further improve the
framework by showing that gradient density can be ade-
quately replaced with functional density based on model
outputs, reducing the computational overhead with little
loss in performance.

* We validate our model using various search strategies on
different datasets and search spaces and show consistent
performance improvement compared to other methods that
aim to improve fairness or supernet consistency.

In the following sections, we present several strategies
and design choices for efficient implementation of density-
aware debiasing for supernet training (Sec. 3). We then
compare our approach with the related work using experi-
ments and analysis on different search spaces and models
(Sec. 4).

2. Related Work

Weight sharing in NAS Early NAS approaches based on
reinforcement learning [42] or evolutionary algorithms (EA)
[22] encountered substantial computational cost to evaluate
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candidate architectures. To reduce the cost, Pham et al. [21]
proposed one-shot NAS based on weight sharing, which has
since become one of the most popular NAS techniques.

However, the ranking correlation obtained from the su-
pernet with independent training (ground truth) can be poor
[35, 36] due to co-adaptation and interference of optimizing
shared weights for different architectures. This interference
increases as more weights are shared [27]. Therefore, one
strategy is to reduce weight-sharing among architectures,
such as by shrinking the search space [2, 9, 32], or using a
specialized supernet for different parts of the search space
[8, 23, 40]. In general, methods using weight sharing can be
divided into two main approaches:

* One stage methods such as DARTS [16] that perform
supernet training and architecture search simultaneously.

* Two stage methods such as SPOS [6], FairNas [3], and
PA&DA [17] that perform NAS in two stages: 1) supernet
training followed by 2) architecture search (e.g. random,
EA, Monte-Carlo tree search methods).

One stage methods allow the training to focus from the
beginning on certain parts of the search space, effectively
reducing the weight sharing at the cost of introducing bias.
Two stage methods ensure more fairness in the training stage
and can readily support searching multiple architectures un-
der different constraints [1]. However, as we discuss in the
following sections, they are not entirely bias-free.

In general, the aim of the first stage is to train a reliable
and unbiased supernet to apply a search strategy in the sec-
ond stage to obtain the final architecture. Therefore, the
effectiveness of this method relies on both the quality of the
supernet and the efficiency of the search algorithm. Many
works focus on improving the search stage [30, 37, 41], our
work focuses on improving the supernet training for less bias
and better exploration of the search space.

Improving single-path supernet training Single-path
sampling is the most commonly used sampling strategy for
supernet training. It adapts a discrete search space and only
samples one subnet from the supernet at each iteration, re-
ducing the memory cost to a single subnet as well as helping
in the decoupling of shared weights [6]. The standard and
widely used sampling distribution is uniform, since it gives
an equal chance of training to all architectures. It can be
used either as the first stage supernet training [1, 3, 6, 30, 41]
in two-stage methods, or as a warm-up for further supernet
training [24, 25, 28]. While uniform sampling is simple and
provides a strong baseline, it is not bias-free.

FairNas [3] shows that uniformly sampling architec-
tures causes unfair training opportunities throughout training
among different operations in the search space. This imbal-
anced training results in inaccurate architecture estimations
and poor rank correlation. They propose to enforce strict
fairness to ensure that every operation is updated the same



number of times at any point during training. ShiftNas [38]
addresses bias in terms of resource allocation to subnets,
where most uniformly sampled architectures have interme-
diate computational costs. They propose to adjust sampling
probability based on subnet complexity to accommodate
more complex subnets with more resources, while Jeon et al.
[11] uses a dynamic complexity-aware learning rate sched-
uler.

Ning et al. [20] analyzed the gradient dynamics in su-
pernet training, showing both positive and negative effects
of gradient interference. Several other works aim to im-
prove training using supernet gradients. Hu et al. [8] and
Ly-Manson et al. [18] reduce gradient conflict directly by
grouping operations using gradient matching and assigning
a separate set of weights to each group. Other works modify
the sampling: PA&DA [17] propose to increasingly sam-
ple subnets/data that minimize gradient variance to increase
ranking consistency, Ma et al. [19] propose to project the
gradient of a newly sampled architecture to be orthogonal to
previously sampled architectures, GreedyNAS [10, 34] sam-
ples high-performing architectures more frequently. How-
ever, these methods introduce more bias in sampling toward
certain architectures. Our method improves the supernet
from a different direction than these methods that directly
focus on stability and increased consistency.

Our work focuses on improving the supernet training by
reducing the bias from the perspective of density. FairNas
is concerned with fairness in training opportunity, and other
works consider fairness based on complexity [11, 38]. We
are concerned with the fairness in effective training of each
architecture. Finally, while not the main objective, our debi-
asing method can be potentially seen as a form of increasing
novelty and better exploration of search space by prioritizing
outliers (low-density areas) during training.

3. Method

The supernet training bias is a direct consequence of weight-
sharing, independent of the training approach and search
space design. While our density-aware debiasing method
may work in combination with other training algorithms, for
the sake of simplicity and generality, we show its principle by
analyzing standard supernet training with uniform sampling.

3.1. Uniform Sampling

Uniform sampling is the simplest approach for single-path
one-shot (SPOS) NAS. It does not require keeping track of
any additional parameters for operations/subnets and can
scale well to very large search spaces. This makes it the
default choice for the supernet training stage or as a warm-
up to more complex algorithms. Therefore, improving this
baseline can directly boost many different NAS methods.
Following Guo et al. [6], in single-path supernet training,
at each iteration, one architecture a is uniformly sampled
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from the search space .A. For a given minibatch of training
data Xy, = {xo,21,..., x5} and the corresponding labels
Yir = {¥0,11,-..,yB}, the supernet f, with weights w is
trained to minimize the training loss:

B
Zﬁ(fa(w7zi)7yi)a aNZ/[(O, ‘A|*1)

1=0

(D

After the supernet training stage, to find the final archi-
tecture a™, any search algorithm may be used to efficiently
evaluate architectures by inheriting the weights w™* of the
trained supernet:

a* = argmax Acc(f,(w*, Xyar)), 2)
acA

where Acc is the accuracy or any metric used to estimate the

quality of the architecture a on the validation data X, ;.

3.2. Biased Sampling

Sampling from a uniform distribution implies equal attention
to each subnet; however, due to gradient dynamics of shared
weights, the effective optimization among subnets is not
equal. Consider the gradient of the model weights g, for the
architecture a on a training minibatch:

B

9o =V Z‘C(fa(waxi)a yi)a a~ M(O, |A| - 1) (3)

1=0

Assuming for simplicity that all weights w are fully
shared across all subnets'. For two architectures i and 7,
their gradient alignment can be defined using cosine similar-
ity:
9i ' gj

= 4)
[lgill2llg5l2

s(9i, 95)
By definition, if the gradients of two architectures align
(s(gi,g;) = 1), a training step for ¢ will have a positive trans-
ferring effect on j, effectively jointly optimizing for 7, even
though j is not directly sampled. Considering this communi-
cation among gradients, the only way that every architecture
would receive equal effective updates on the weights would
be with mutually orthogonal gradients (s(g;, g;) = 0). How-
ever, this implies independent training of subnets, which
goes against the core premise of weight sharing, in which
multiple architectures leverage their similar gradient updates
to accelerate training and learn a set of generalized weights.
In contrast, in our proposed approach, we still train with
shared weights, but we estimate the effective gradient update
and compensate for that to make the training fairer.

!For instance, when using convolutional filters and changing the dila-
tions or strides. In our experiments section, we address how to handle when
parameters are not fully shared.



3.3. Bias Estimation Based on Gradient Density

To reduce the bias in supernet training, we need to esti-
mate whether a given architecture is generally over-trained
or under-trained. To globally assess an architecture, we
estimate the density of its gradients. We consider a dense re-
gion as one where there are many architectures with similar
gradients, which induces overtrained architectures. In lower-
density regions, few architectures have similar gradients and
are therefore under-trained.

Density estimation A straightforward and intuitive way to
measure the density of a given architecture a is then to use
its mean distance to other architectures 7 in the search space:

> d(a,j),
JEAjF#a

where d(a, 7) is a suitable distance metric, such as cosine
distance of gradients d(a, j) = 1 — s(ga, g;) calculated on
the same batch of data. Density ¢, is then estimated as
Qg = +

do*

1
‘A=

d )

3.4. Debiased Sampling for Numerable Architec-
tures

In this section, we consider the case of a search space with
a known and numerable set of architectures. To reduce the
bias in supernet training, we need to account for the density
distribution in the search space. The density-aware sampling
rate of architecture a should be inversely proportional to its
estimated density «,. The debiased training is therefore:
> L(falw, i) i), a~ M. (d), ©
3
with M the density-aware probability distribution and its
sharpness controlled by the temperature parameter 7. For
sufficiently small search spaces (depending on available com-
putational resources), it is possible to estimate «, for every
architecture. Therefore, we define M directly using categor-
ical distribution:

exp(da/7)
Zz‘eA exp(d;/T) '

Algorithm 1 outlines the debiased supernet training pro-
cess.

M (a) = ©

3.5. Debiased Sampling for Larger Search Spaces

For some search spaces, it is feasible to estimate the density
of each architecture and store it in memory, leading to a
fine-grained probability distribution M (). However, in
very large search spaces, the entire search space cannot be
covered. Furthermore, in some search spaces, as the supernet
is trained, the density distribution of the search space may
evolve. To account for these, we propose an online density
approximation strategy coupled with supernet training.
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Algorithm 1: Supernet training with density-aware
sampling for small search spaces

input : A: search space, f,(w): supernet with
sampled subnet a, iter,,/iter;: warm-up/total
iterations, d: distance metric, 7: softmax
temperature

# warm-up

while iter < iter,, do

sample a ~ U(0, |A| — 1))

train f, (w)

end
# density calculation
fori € Ado
=% '
‘ da = 11 2 jejra da,g)
end

# probability distribution estimation
M- (a) = exp(da/7) /3 ic 4 exp(di/T)
# train with debiased sampling

while iter < iter; do

sample a ~ M,

train f, (w)

end
output :trained supernet f(w*)

Density Prototypes To avoid comparing each architecture
with every other one, we define a small, fixed set of represen-
tative prototypes C = {c1, ¢a, ..., ¢k }. These prototypes are
designed to capture the overall structure of the search space.
The set can be initialized by running a K-Means clustering
algorithm on an adequately large, random sample of archi-
tecture representations (e.g. gradients) to obtain centroids
and form C. The density of each architecture is then approxi-
mated by measuring its relationship only to those prototypes,
by replacing A with C in Eq. (5). This reduces the density
computational cost from  |.A| to x K.

Updating Prototypes The prototypes are continuously up-
dated throughout training to adapt to more samples becoming
available and changing representations as supernet weights
are optimized. Given an architecture a, sampled during train-
ing, C is updated by a soft-assignment rule. The normalized
assignment for prototype ¢ update is determined by:

d*(a, cy,)
K—1
2j=0 @(a;¢))
Each prototype c, is then updated using an exponential

moving average with A controlling the weight of the new
sample as:

Br = , Vk € [0, K —1].

®)

Ck%ck+/\‘ﬂk~(a76k),vck€c. 9)



Algorithm 2: Debiased supernet training with
density-aware sampling for large search spaces

input : A: search space, f,(w): supernet with
sampled subnet a, iter,,/iter;: warm-up/total
iterations, d: distance metric, 7: softmax
temperature, x,,: validation batch, K: number
of prototypes, N: initial sample size

# warm-up

while iter < iter,, do

sample a ~ U(0, |A| — 1))
train f, (w)

end

# prototype initialization

sample {aq,...,an} ~U(0,]|A| — 1)

C + K-Means clustering {a1, ...,an} on z,

# debiased training

while iter < iter; do

sample a ~ U(0, |A| — 1))

da ﬁZjGC d(G‘?])

Qg+ 1/d,

# supernet training

train f(a) with sigmoid (2»id=%2)

# prototype update

B = d(a, ) /31y d(a, ;)

ck<—ck+)\-ﬁk~(a—ck)

end
output : trained supernet f(w*)

Supernet Training To achieve a debiased training of the
supernet, the contribution of an architecture should be scaled
inversely to its density:

Pyyain(a) = sigmoid (M) . (10)

Phirqin(a) can be used to make a probabilistic decision
to accept or reject a sample for training. Given enough iter-
ations, this sampling method will approximate the density-
aware sampling distribution. We show the supernet training
pipeline in Algorithm 2.

3.6. Density Estimation with Functional Similarity

As discussed, a suitable distance metric d(-, -) for Eq. (5) is
the cosine distance of gradients, which provides the most
direct measure of bias in supernet training. However, they
can only be reliably calculated on shared weights and re-
quire costly backpropagation. Therefore, we seek a cheaper
alternative representation for density estimations. We use
output features as the summary of architectures and calculate
functional distance [12] as:

flai) - f(ay)

d(a;,aj) =1~ 1@ (a)l|

(11
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Figure 2. Gradient density vs. functional density for Pooling
benchmark. Density estimated from gradients show strong corre-
lation with functional density from outputs.

In Fig. 2, we show the calculated gradient and functional
density from Eq. (5) for the Pooling search space. The cor-
relation implies that functional density can be used as an
alternative to gradient density. On NAS-Bench-Macro, an-
other benchmark, our estimation shows a strong correlation
(~ 0.9) for these values. We use functional density as the
default for our experiments and explore other representations
for density estimation in the experiments section.

4. Experiments

For numerable search spaces, we evaluate our method (Al-
gorithm 1) on two benchmarks for CIFAR10 [14]: Pooling
benchmark [23], and NAS-Bench-Macro [28]. For larger
search space (Algorithm 2), we first use our method for NAS-
Bench-201 [5] and then expand to MobileNet-V2 [26] search
space on ImageNet [4]. For each search space, we compare
our method with various combinations of sampling methods
during supernet training (stage 1), and different search meth-
ods (stage 2) after training. For more information on search
spaces, search methods, and experimental details, see the
appendix.

4.1. Experiments for Numerable Search Spaces

4.1.1. Search Space

Pooling benchmark is a Resnet-based [7] macro search space
where only downsampling (pooling) is optimized. Weights
are fully shared among architectures, making one-shot NAS
very challenging on this search space [23], and suitable for
investigating the weight sharing mechanism.

NAS-Bench-Macro is another benchmark that optimizes
macro structure by searching among 3 candidate operations
for 8 layers, resulting in a total size of 3% = 6, 561.



Table 1. CIFAR10 results on (top) Pooling search space [23] (bot-
tom) NAS-Bench-Macro [28]. We report the average performance
of top-k architectures, the final architecture accuracy found by BSE,
and rank correlation with ground truth (Kendall’s Tau) for different
supernet sampling methods.

Training Method Top-1 Top-5 Top-10 BSE KT
Pooling Benchmark

Default 90.52 - - - -
Uniform 90.51 9046  90.54 9042 0.16
Strict fairness 91.05 90.63 90.31 91.70 0.21
Debiased (ours) 91.83 90.92 90.59 92.01 0.34
Best 92.01 - - - -
NAS-Bench-Macro

Uniform 92.03 91.72 91.52 92.09 0.72
Strict fairness 92.47 9145 91.22 9251 0.72
Debiased (ours) 92.56 92.02 91.64 93.13 0.74
Best 93.13 - - - -

4.1.2. Supernet Training

We compare debiased supernet training (our method) with
uniform training and training with strict fairness (FairNas).
In Tab. 1, we show the results of top-k architectures found
after supernet training. Due to the search space size, the
cost of density estimation for our method is negligible, and
the cost of all compared models is similar. We report rank
correlation with ground truth using Kendall’s Tau. In all
cases, our method shows a clear improvement. To obtain
the final architectures, we apply Boltzmann Softmax Ex-
ploration (BSE) [29] to the trained supernet as the search
method. Using BSE, only our method is able to output the
best architecture in the search space as the final result for
both benchmarks.

In Fig. 3, we compare the accuracy of architectures when
trained independently (ground truth) with the accuracy ob-
tained for supernet training with uniform and debiased sam-
pling. Uniform sampling shows bias in the evaluation of
high-density architectures, which is not consistent with the
ground truth. Debiased sampling mitigates this bias, im-
proves overall accuracy in low-density regions, and crucially
increases the ranking of top-performing architectures.

4.1.3. Ablations

Alternative representations for density estimation We
proposed to use functional (output) density as an alternative
to gradient density. In Tab. 2, we compare different archi-
tecture representations and distance metric d(-, -) for density
estimation in Eq. (5).

We directly use the gradients for the Pooling bench-
mark. For NAS-Bench-Macro, in which weights are not
fully shared, we consider gradients as orthogonal d(4,j) = 1
when layers ¢ and j do not share weights. From Tab. 2, we
observe that gradient density and functional density perform
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Figure 3. NAS accuracy on Pooling benchmark for models
trained independently (our gold standard, in blue), a uniformly
trained supernet (orange), and our debiased training (green). Mod-
els are sorted from low to high density. While independently trained
models have low correlation with the density, the model trained with
uniform sampling shows higher correlation, where high-density
samples are evaluated as performing better, as they have received
more effective training iterations. In contrast, our approach re-
moves that density bias and shows a more similar correlation to
the independent training, which we aim to approximate. Debiased
training shows improvement, especially in assessing top-ranking
architectures (red arrows).

similarly.

We also explore density estimation from a representa-
tional similarity/distance measure. Representational similar-
ity is complementary to functional similarity and compares
the pattern of activations in hidden layers of the feature maps
for a given input [12]. Since comparing large feature maps
for all layers is costly, we only apply Centered Kernel Align-
ment (CKA) [13] to a selected number of layers to estimate
density. Functional distances achieve great performance with
a lower cost than both. We also compare with the cheapest
representations, the encoding using Hamming distances. For
more details about these representations/distances, see the
appendix.

Density during training In Fig. 4, we show density vari-
ation during supernet training. At initialization, shared
weights are initialized randomly from the same distribu-
tion, resulting in indistinguishable architectures. After only
a few epochs of training, density estimations mostly stabi-
lize, meaning that a short warm-up for density estimation is
feasible.

Debiasing temperature Temperature (7) in Eq. (7) con-
trols the strength of debiasing with 7 — oo corresponding
to uniform sampling. In Fig. 5, we compare various tempera-



Table 2. CIFAR10 results on (top) Pooling search space [23] (bot-
tom) NAS-Bench-Macro [28]. We compare using average gradients
of layers, feature maps, and encodings to estimate density. We
compare the average accuracy of top-k architectures and the final

architecture accuracy found by Boltzmann search.

Debiasing Method Top-1 Top-5 BSE
Pooling Benchmark

Gradient 91.54 91.37+£0.21 91.77
Representational 90.96 90.81 +£0.31 91.04
Encoding 90.52 90.61 £0.27 91.01
Functional (ours) 91.83 91.594+0.24 92.01
NAS-Bench-Macro

Gradient 92.68 92.58+0.11 93.05
Representational 9239 92.32£0.09 92.90
Encoding 91.95 90.59+0.05 92.02
Functional (ours) 92,56 92.214+0.16 93.13

Density Rank

Figure 4. Density variations during training. Density estimations
during supernet training stabilize after a few training epochs.

tures with uniform sampling. Very low 7 enforces debiasing
strongly and under-trains high-density architectures signif-
icantly, which introduces instability and lowers the overall
performance of the supernet.

4.2. Experiments on Large Search Spaces

To validate our method for large search spaces (Algorithm 2),
we performed experiments on NAS-Bench-201 and the Mo-
bileNet search space on ImageNet.

NAS-Bench-201 experiments NAS-Bench-201 [5] is a
tabular cell-based benchmark based on a DARTS-like [16]
search space. It searches for 4 nodes with 5 possible op-
erations in a cell, totaling 15,625 architectures. In Tab. 3
we report top-1 accuracy and Kendall’s Tau for CIFAR10
and CIFAR100 datasets. Our method shows improvement in
terms of both accuracy and rank correlation.

Number of Prototypes To initialize prototypes, we need
to apply K-Means clustering to a population of [NV samples.
We note that uniformly sampling architectures draws more
samples from dense regions of the search space. Sparse re-
gions are then less likely to be assigned their own prototypes
by the subsequent clustering. While the prototype set size
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Figure 5. Supernet evaluation with different debiasing temper-
atures. Independent training (ground truth) slope is shown with
a black line as a reference. At a high temperature 7 = 25, the
supernet behaves similarly to uniform sampling. Decreasing the
temperature to 7 = 5 improves the correlation with ground truth.
When 7 < 1, density-aware debiasing is over-enforced, resulting
in a strong bias towards lower density architectures.

K can be very large for distance calculation in Eq. (11), it
is effectively limited by computational budget to calculate
N. To measure how density estimations using prototypes
model the fine-grained accuracy, we report the correlation
of density estimation using K prototypes with fine-grained
estimation in Tab. 4.

MobileNet Search Space The search space consists of 21
layers of mobile inverted bottleneck convolutions (MBConv)
with kernel sizes (3, 5, 7) and expansion ratio of (3, 6) and
choice of skip connection, resulting in a size of 122!. To
accelerate training on ImageNet, we utilize mixed-precision
and FFCV [15] library.

For comparison with supernet sampling methods dur-
ing training (stage 1), we consider the following sampling
methods: 1) default uniform sampling (original SPOS), 2)
FairNas (sampling with fairness), 3) PA&DA (sampling prob-
ability adjustments based on gradient norm of path and data).

To find the final architecture (stage 2), we consider the
following search methods:

* Random search: Not using supernet. Randomly select
ten architectures as a baseline and report the best.

* One-shot: Use random search on trained supernet and
select the best architecture based on supernet evaluations
from 50 candidates.

* EA with shifting: Use evolutionary algorithm with su-
pernet shifting [37] for architecture search on the trained
supernet.

In Tab. 5, we show that under the same setting, training
the supernet with density-aware debiasing increases the over-



Table 3. CIFAR10, CIFAR100 and ImageNet16-120 results for NAS-Bench-201 [5]. We compare Top-1 and Kendall’s Tau for various

sampling methods.

. CIFAR10 CIFAR100 ImageNet16-120
Training GPU
Method Top-1 Acc.  Kendall’s7  Top-1Acc. Kendall’'sT  Top-1 Acc. Kendall’s ™ (hours)
Uniform 84.02 £ 2.31 0.42 52.31 + 3.49 0.39 28.14 £ 6.15 0.49 2.59
FairNas 87.33 £0.89 0.53 54.07 £ 2.45 0.49 37.03 £1.96 0.51 2.64
Debiased (ours) 91.63 £+ 1.21 0.59 66.48 £ 2.08 0.58 42.71 £0.79 0.63 2.70
Best 94.37 - 73.51 - 47.31 - -

Table 4. Top-1 accuracy and rank correlation for NAS-Bench-
201 for various number of prototypes (K). We report the Pearson
correlation coefficient of estimated density from prototypes with
fine-grained density estimation.

K Top-1 Acc.  Pearson
5 54.12 +5.16 0.21
50  86.71+4.36 0.42
100 91.63+1.21 0.86
200 91.52+1.24 0.88

Table 5. ImageNet results on MobileNet search space. We compare
supernet training debiased sampling with 3 other sampling methods.
We apply one-shot and EA with shifting on the trained supernet as
a search algorithm to obtain the final results.

Training FLOPs Params
Method Top-1 Top-5 = ) (M)
MobileNetV2 72.0 91.0 300 34
Random search ~ 70.27 88.1 300 4.1
One-shot

Uniform 73.08  91.8 312 3.2
FairNas 73.14 919 320 4.0
PA&DA 73.41 92.0 340 4.8
Debiased (ours) 74.75 92.2 282 4.2
EA with shifting

Uniform 73.51 92.0 336 4.8
FairNas 73.65 92.0 324 3.4
PA&DA 73.84 92.1 388 4.9
Debiased (ours) 75.10  92.5 332 4.1

all performance of the found architectures with both search
methods.

5. Conclusion

In this work, we have addressed the inherent training bias in
one-shot NAS, where commonly used methods (e.g. uniform
sampling) over-train architectures in dense regions of the
representation space, while under-training those in sparse
ones, compromising the supernet training process. We have
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introduced a flexible density-aware sampling framework that
reduces this bias by sampling architectures inversely pro-
portional to their estimated density. With practical algo-
rithms for both numerable and large-scale search spaces, our
method consistently improves supernet training across di-
verse benchmarks, leading to the discovery of superior final
architectures. Furthermore, our approach can be easily com-
bined with various search methods such as evolutionary al-
gorithms. This work demonstrates the critical importance of
correcting for sampling bias and provides a robust, general-
purpose alternative to sampling methods such as uniform for
NAS pipelines.
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