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Abstract

Deep learning has revolutionized computer vision, but it
achieved its tremendous success using deep network ar-
chitectures which are mostly hand-crafted and therefore
likely suboptimal. Neural Architecture Search (NAS) aims
to bridge this gap by following a well-defined optimization
paradigm which systematically looks for the best architec-
ture, given objective criterion such as maximal classifica-
tion accuracy. The main limitation of NAS is however its
astronomical computational cost, as it typically requires
training each candidate network architecture from scratch.

In this paper, we aim to alleviate this limitation by
proposing a novel training-free proxy for image classifica-
tion accuracy based on Fisher Information. The proposed
proxy has a strong theoretical background in statistics and
it allows estimating expected image classification accuracy
of a given deep network without training the network, thus
significantly reducing computational cost of standard NAS
algorithms.

Our training-free proxy achieves state-of-the-art results
on three public datasets and in two search spaces, both
when evaluated using previously proposed metrics, as well
as using a new metric that we propose which we demon-
strate is more informative for practical NAS applications.
The source code is publicly available at https://www.
github.com/ondratybl/VKDNW .

1. Introduction
In most instances, neural network architectures are designed
by authors following the field’s “best-practices” or their
experience, without any formal and repeatable procedure.
This is however inconvenient especially in applications on
a large scale. Neural Architecture Search (NAS) aims to
bridge this gap by following a well-defined optimization
paradigm which systematically looks for the best architec-
ture, given objective criterion such as maximal accuracy.

The main limitation of Neural Architecture Search
(NAS) is however the computational cost, because in the
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Figure 1. Training-free NAS methods on ImageNet16-120 [10].
Methods are compared by Normalized Discounted Cumulative
Gain (see Sec. 3), our method (VKDNW) is the best also mea-
sured by Kendall’s τ and Spearman’s ρ correlations (see Table 1).
Also note that simple number of trainable layers (below denoted
ℵ) is significantly better trivial proxy than the number of FLOPs.

most basic NAS setup, it is required to train thousands or
more of different deep network architectures from scratch
in order just to calculate a single scalar – the objective func-
tion value, such as the classification accuracy. This severely
limits practical applications of NAS as the size of feasible
architecture search space is only a small fraction of the over-
all space of all networks.

Training-free Neural Architecture Search (TF-NAS)
aims to alleviate this limitation by introducing an objec-
tive function proxy which – unlike the actual objective func-
tion – does not require training the network. As a result,
a good proxy allows the TF-NAS algorithm to explore sig-
nificantly bigger portion of the network architecture search
space compared to traditional NAS, and to find the best net-
work architecture without training a single network. The
crucial question is however finding an appropriate objective
function proxy.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
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In this paper, we present a novel, principled objective
function proxy called Variance of Knowledge of Deep Net-
work Weights (VKDNW) for image classification accuracy,
which allows us to find optimal network architectures
for image classification without training them first. Our
method is, to the best of our knowledge, the first successful
application of Fisher Information theory [28] in the con-
text of large deep neural networks, and as such allows us
to formally describe and quantify the difficulty of network
parameters’ estimation process. In other words, given a net-
work architecture, our method estimates how easy or hard
it will be to train the network.

Additionally, we also observe that the evaluation met-
rics used in the TF-NAS community are not well-suited to
the problem at hand, because it unnecessarily penalizes for
bad proxy accuracy for networks which are not interesting,
and vice-versa it does not sufficiently reward proxies which
are able to accurately pick out good network architectures.
Following this observation, we propose that the Normalized
Discounted Cumulative Gain should be used in compan-
ion with other TF-NAS metrics, and show indeed that there
are significant differences amongst previously proposed TF-
NAS methods when the new metric is considered.

To summarize, we make the following contributions:
1. We introduce a novel algorithm for estimation of Fisher

Information Matrix spectrum, which is tractable even for
models with large number of parameters such as deep
networks, that overcomes the usual problems of numeri-
cal stability.

2. We introduce a novel principled VKDNW proxy for
image classification accuracy. The proxy is based on
strong theoretical background and captures uncertainty
in weight estimation process. It brings information that
is orthogonal to the model size which then allows for
efficient combination with previously proposed proxies,
leading to state-of-the-art results.

3. We propose a new evaluation metric for TF-NAS proxies
which is more relevant to the actual NAS objective as it
concentrates on ability of given proxy to identify good
networks.

2. Method

Our zero-shot proxy for image classification accuracy
builds on Fisher Information theory [28], therefore we begin
by a thorough analysis of Fisher Information Matrix (FIM)
of the network weights estimation problem (see Sec. 2.1).
We proceed by discussing challenges involved in practical
application of FIM in context of large over-parametrized
models that lead to only limited success in previous works
and present our contributions to overcome these limitations
(see Sec. 2.2). Finally. we propose a novel FIM-based
proxy for NAS algorithms (Sec. 2.3).

2.1. Fisher Information

The problem of finding the optimal weights of a neural net-
work f for the task of C-class image classification can be
seen as a maximum likelihood estimation with a statistical
model

σθ(c |x) =
exp (Ψc(x, θ))∑C
d=1 exp (Ψd(x, θ))

, c = 1, . . . , C (1)

where σθ(· |x) denotes the a posteriori distribution of
the labels given input image x and Ψ(x, θ) ∈ RC =
(Ψ1(x, θ), . . . ,ΨC(x, θ)) is the network output (logits)
given the weight vector θ ∈ Rp, i.e. the network weights.
We describe the process of training as finding the optimal
weight vector θ∗ that fits our data and we posit that network
architectures should be characterised by how easy it is to
estimate their optimal network weights θ∗. We build upon
statistical learning theory and use Fisher Information [28]
framework to formally describe expected behaviour of the
training process of a given deep network f .

The Fisher Information Matrix (FIM) encompasses in-
formation on the difficulty of the parameter estimation
problem and it plays a crucial role in several fundamen-
tal results, which we apply below in the context of deep
networks. The FIM of a network f and its set of weights
θ ∈ Rp is given as

F (θ) := E
[
∇θσθ(c |x)∇θσθ(c |x)T

]
∈ Rp×p, (2)

where we take the expected value E with respect to the joint
distribution of (x, c). For more detailed account on Fisher
Information theory and its applications in the context of ma-
chine learning, we kindly refer reader to [16, 20, 29, 35, 36].
Cramér-Rao bound. The first part of estimation theory
we build upon is the inverse of the FIM, known as the
Cramér–Rao bound (see [11]), which is the asymptotic vari-
ance of the estimated weights (i.e. the uncertainty com-
ing from the data variability). Thus, the larger the ma-
trix norm of the FIM, the more certain we are about the
weights θ. More specifically, any data-dependent estima-
tor θ̂n = θ̂n(x1, . . . , xn) is a random vector with random-
ness coming from the (independent) choice of input images
x1, . . . , xn and as such has some variance matrix Var

(
θ̂n

)
.

The famous result (see [8, 37]) named in honour of H.
Cramér and C. R. Rao states that if θ̂n is unbiased then the
variance is bounded from below as

Var
(
θ̂n

)
≥ 1

n
F−1(θ) (3)

and for maximum likelihood estimation this bound is at-
tained as the number of input images grows to infinity
n → ∞.

We formally show (see Supplementary material) that for
each weight θ(j) the mean square error of our estimation
is controlled by the diagonal element of the FIM inverse as
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E
(
θ̂n(j)− θ(j)

)2

≥ 1

n

(
F−1(θ)

)
jj
. (4)

Therefore, knowing the FIM allows us to evaluate how cer-
tain we are about the weight estimates. We can go even
further by inspecting the eigenvalues of F (θ). Denoting
the largest and smallest eigenvalue of the FIM as λmin and
λmax respectively, then we have that there exist linear com-
bination coefficients emin and emax of unit size so that

E
(
eTminθ̂n − eTminθ

)2

≥ 1

nλmin
,

E
(
eTmaxθ̂n − eTmaxθ

)2

≥ 1

nλmax
, (5)

indicating that if the difference between the largest and
smallest eigenvalue is large then there exist combinations
of weights with very large difference in the estimation cer-
tainty. Altogether, the more the eigenvalues of the FIM are
similar, the more similar is also the variance in the weight
estimation across all model weights.
Prediction sensibility. The change of the model predic-
tion measured by the KL-divergence when subject to a small
perturbations of the weights is given as

DKL(σθ+θδ(· |x), σθ( ·|x)) ≈
1

2
θTδ F (θ) θδ (6)

for a small weight perturbation vector θδ ∈ Rp. Thus, F (θ)
measures volatility of the predictions subject to the weight
change – if the difference between the largest and the small-
est eigenvalues of the FIM is large, then there exist pertur-
bation directions θmin, θmax corresponding to λmin, λmax

such that

DKL(σθ+θmin
(· |x), σθ(· |x)) ≈

1

2
θTmin F (θ) θmin =

=
1

2
λmin∥θmin∥2 ≪ 1

2
λmax∥θmax∥2 = (7)

=
1

2
θTmax F (θ) θmax ≈ DKL(σθ+θmax

(· |x), σθ(· |x))

and therefore in some directions a small change of the
weights has much larger impact on the prediction than in
others, making the model less balanced. For further discus-
sion, see the Supplementary material.

2.2. Empirical Fisher Information Matrix imple-
mentation

When independent and identically distributed sample im-
ages xn are available, empirical FIM F̂ (θ) is defined as

F̂ (θ) :=
1

n

N∑
n=1

Eσθ

[
∇θσθ(c |xn)∇θσθ(c|xn)

T
]

(8)

where Eσθ
now denotes the expectation with respect to the

model prediction σθ.

We would like to first emphasize several crucial aspects
and contributions of this paper that lead to the first success
of the Fisher Information theory (having e.g. [1] in mind)
in the context of Neural Architecture Search, despite Fisher
Information being one of the first obvious choices for deep
network analysis:

1. Following [19] we write the empirical FIM (8) as

F̂ (θ) =
1

n

N∑
n=1

[
∇θΨ(xn, θ)

T (diag(σθ(·, xn))−

σθ(·, xn)σθ(·, xn)
T
)
∇θΨ(xn, θ)

]
. (9)

and we further decompose the inner matrix
diag(σθ(·, xn)) − σθ(·, xn)σθ(·, xn)

T using analyti-
cal formulas from [40] to avoid numerical instability of the
computation as we arrive at a feasible representation

F̂ (θ) =
1

n

N∑
n=1

AT
nAn (10)

for some matrices An ∈ RC×p. We observed that net-
works typically yield very imbalanced outputs at initial-
ization (i.e. every network prioritizes few classes over the
rest) making it extremely important not to exclude the fac-
tor diag(σθ(·, xn))−σθ(·, xn)σθ(·, xn)

T , which is however
difficult to compute without underflow/overflow.

2. The dimension of FIM is equal to p (the number of
all trainable parameters) and therefore direct computation
of the eigenvalues is numerically intractable and unstable.
However, our results show that if a small number of repre-
sentative parameters is drawn, then computation becomes
stable while the discrimination power does not suffer. We
used a simple rule where a single parameter from each train-
able layer (not including batch normalization) is chosen.
Stability with respect to choice of such parameters can be
found in Supplementary material.

3. FIM of large networks typically suffers from having
pathological spectrum, i.e. there usually exist zero eigen-
value and its multiplicity is large (see [15]) and thus the
eigenvalues estimation due to a large condition number is
imprecise. However, as we deal with a symmetric positive-
semidefinite matrix, the eigenvalues actually coincide with
the singular values (see [24]), for which the estimation al-
gorithm performs better.

Let us also emphasize that there is a common miscon-
ception in part of the community as it is often mistakenly
assumed that one can simply use the true labels of xn in
(8) in place of c. However, such definition is then mean-
ingless as it does not approximate the FIM in the classical
Monte Carlo sense (see Supplementary material and [19]
for a comparison). That means that the empirical FIM does
not depend on the true labels and therefore our method does
not require real data - we use random input instead.
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2.3. Variance of Knowledge for Deep Network
Weights

In order to characterize properties of the parameter estima-
tion process for a given network f through the lens of Fisher
Information theory, we inspect the eigenvalues of the em-
pirical FIM F̂ (θinit) and define the entropy of Variance of
Knowledge for Deep Network Weights (VKDNW) as

VKDNW
(
f
)
:= −

9∑
k=1

λ̃k log λ̃k

λ̃k =
λk∑9
j=1 λj

, k = 1, . . . , 9, (11)

where λk denotes the k-th decile of the FIM eigenvalues as
the representation of the FIM spectrum1, and θinit denotes
network weights at initialization.

Our score therefore measures the diversity of the FIM
eigenvalues, and from the entropy theory we know that
VKDNW attains its maximum exactly when all the eigen-
values λk are equal and VKDNW gets lower as the eigen-
values become more different. Based on the discussion in
Sec. 2.1 we see that VKDNW is high when the uncertainty
in all model weight combinations are similar (see Cramér-
Rao bound) and there are no directions in the weight space
that would influence the network prediction substantially
differently than others. Due to the fact that we have nor-
malized both the number of eigenvalues under considera-
tion (by taking a fixed number of representatives irrespec-
tive of the network size) and the magnitude of the eigenval-
ues, VKDNW is independent of network size (number of
network weights p).

Let us note, that we are familiar with the fact that
even though our motivation was (among others) based on
Cramér-Rao bound that assumes evaluation of FIM at the
correct weight vector θX that fits the data, which is typically
far away from the weights given at initialization. However,
our empirical results below support the hypothesis that the
evaluation despite being in the wrong point brings valuable
information.

Ranking networks for NAS. The proposed VKDNW
score is independent of network size, which is extremely
beneficial to compare individual structures of network ar-
chitectures. Thus, it does not aim to capture capacity, rather
it targets feasibility of the computation graph given num-
ber of operations. However, when comparing different net-
work structures and different network sizes together as it
is done in NAS, one indeed needs to take network size into
account as well, because naturally larger networks have big-
ger capacity and therefore tend to have higher accuracy. To

1As explained in Sec. 2.2, the smallest eigenvalue λ0 is usually equal
to zero and thus we exclude it for stability reasons (similarly with the max-
imal eigenvalue λ10)
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Figure 2. Toy example of two rankings on 10 networks. We
plot accuracies ordered by the rankings and evaluation metrics
Kendall’s τ (KT) and Spearman’s ρ (SPR) correlations and Nor-
malized Discounted Cumulative Gain (nDCG5).

capture also the capacity we proxy the network size by the
number of layers with weights that we denote as ℵ

(
f
)

for a
network f and we introduce the ranking

VKDNWsingle
(
f
)
:= ℵ

(
f
)
+ VKDNW

(
f
)

(12)

Here we leverage the fact that VKDNW as an entropy of
some quantity is always between 0 and 1 and by summing
it with an integer-valued quantity we in fact obtain that we
have first grouped networks by our size proxy ℵ and then
within each group of similar networks sizes we order them
by VKDNW.

3. Evaluation Metrics

In this section, we dive into the problem of evaluating (im-
age) classification accuracy proxies for training-free NAS
(TF-NAS). In NAS algorithms, the proxy actually does not
have to predict the classification accuracy in absolute terms
– since we are after finding the “best” network for given task
– it’s sufficient that the proxy properly ranks the networks,
ordering them from worst to the best.

Suppose that a collection of K networks with validation
accuracies acc1, . . . , accK have been ranked by a TF-NAS
proxy as r1, . . . , rK ∈ R. The standard way of evaluat-
ing [14, 21, 25] how well the ranks correspond to the accu-
racies is to compute Kendall’s τ (KT, [17]) and Spearman’s
ρ (SPR, [39]) rank correlation coefficients. Kendall’s τ is
given as

τ :=
nc − nd√

nc + nd + n1
√
nc + nd + n2

, (13)

where nc denotes the number of concordant pairs
(acck, rk), nd the number of discordant pairs and n1 (resp.
n2) denote the number of ties in acck only (resp. in rk
only). In our context, (KT) relates after some normalization
to a probability that two randomly chosen network rank-
ings rk, rl are ordered correctly according to their accu-
racies acck, accl. In contrast, (SPR) is defined to account
more for outliers, i.e. it tends to put a large penalization if
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there are some networks for which the difference between
the rank of the accuracy acck and the rank rk is large as it is
just the classical correlation coefficient however applied on
the orders of the assessed quantities.
Normalized Discounted Cumulative Gain. Both (KT)
and (SPR) are good evaluation metrics when our interest
lies in comparison of ranking proxies when all networks in-
volved are of the same importance. However, in NAS we
are primarily interested if a ranking helps us to pick best
networks from a given collection and less interested how
well the ranking compares two networks with low accuracy.
Finding inspiration in information retrieval where one mea-
sures the quality of a system that retrieves resources rele-
vant to an input query, we propose to use Normalized Dis-
counted Cumulative Gain (nDCG) [2] as a more relevant
metric to measure quality of TF-NAS proxies. The nDCG
metric is defined with a key requirement that highly relevant
documents are more valuable when they appear earlier in
the search engine results (i.e., in higher-ranking positions).
This requirement can be reformulated for the task of neu-
ral architecture search as networks with high accuracies are
more valuable when they appear on higher-ranking posi-
tions.

We thus define the metric as follows: first we order
the networks by their ranking r1, . . . , rK so that rk1 =
K, rk2 = K − 1, . . . and we compute

nDCGP :=
1

Z

 P∑
j=1

2acckj − 1

log2 (1 + j)

 , (14)

where P ∈ N is a parameter determining how many top-
ranked networks do we consider (e.g. it corresponds to the
population size in an evolution algorithm) and Z is a nor-
malization factor that represents the ideal discounted cumu-
lative gain so that nDCG is equal to one for a perfect fit.

The higher nDCG the better the ranking is as it is a
weighted average of transformed top-ranked accuracies. In
[47] it is shown that the choice of the discount factor of
given by inverse logarithm is a good choice as it nDCG then
well separates different ranking systems. 2

Toy Example. Let us briefly demonstrate the weak abil-
ity of (KT) and (SPR) to distinguish rankings that poorly
discriminate networks with high accuracy. Suppose a col-
lection of 10 networks with their validation accuracies
100, 90, · · · , 10 is given and our aim is to rank them from
worst to the best. We evaluate two different toy rankings:
a) ranking damaged top which perfectly fits the accura-
cies, only the two top networks are swapped with the third
and fourth, b) ranking perfect top which fits perfectly
for the top-performing networks, however, now the order
of the four worst networks is reversed (see Figure 2). The

2In case of ties we take random ordering within the groups (parameter
ignore ties=True in the scikit-learn implementation).

damaged top ranking is an example that should be eval-
uated worse for the architecture search task compared to
perfect top as in the first case the best networks are
not placed first, while in the second they are. On the other
hand, even though perfect top is not a perfect fit, it still
discriminates the top networks ideally and only struggles
for networks with low accuracy, which are not interesting
for NAS which is after the best networks. From the corre-
lation perspectives of (KT), (SPR) damaged top is bet-
ter than perfect top, therefore, if we rely only on these
two evaluation metrics we prefer ranking that is worse for
the architecture search task as the top networks are ranked
worse. On the other hand, for perfect top we obtain
ideal nDCG5 while it drops to 0.5 for damaged top. We
conclude that using nDCG5 we choose ranking that has
higher discriminatory power for good networks.

We also note that from statistical perspective the (KT)
and (SPR) of damaged top is significantly higher than
of a random ranking3, and therefore we’d conclude that
damaged top is not independent of ground truth accu-
racy. On the other hand, when we perform the same statisti-
cal test on damaged top using nDCG5, we conclude that
the damaged top is not significantly better than ranking
networks randomly4.

4. Related Work
Zero-shot NAS aims to rank given networks in a training-
free manner based on their (a priori unknown) final per-
formance, which allows to prune the huge search space
with limited costs when seeking for optimal architecture
[10, 27, 46] and other configuration [3, 26, 38].

Throughout previous works different approaches for
ranking computation can be found. In many of the works
the gradient with respect to the network weights is investi-
gated (GradNorm, GraSP, SNIP, Synflow, [1, 23, 41, 42]),
i.e. leveraging the first order approximation of the net-
work. In Jacov [1] correlations of the Jacobian matrices
among various input samples are compared; in NASWOT
[31] the linear maps induced by data points are examined;
Zen [26] uses the approximation of gradient with respect
to featuremaps; GradSign [49] compares the optimization
landscape at the level individual training samples; or in
ZiCo [25] the gradients from multiple forward and back-
ward passes preferring large magnitude and low variance.

Other methods aggregate multiple sources aiming at ob-
taining a better informed ranks: TE-NAS [6] uses both the
number of linear regions [12, 44] and the condition num-
ber of Neural Tangent Kernel [13, 22]. However, it is well

3That is, the p-value for the hypothesis that damaged top is assigned
independently of the accuracies is below 0.005.

4Running 1000 samples on a random ranking we obtain that
damaged top has nDCG5 around 75th percentile of such random evalu-
ations and it is not significantly better than a random ranking.
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CIFAR-10 CIFAR-100 ImageNet16-120
Type KT SPR nDCG KT SPR nDCG KT SPR nDCG

Simple rankings
FLOPs S 0.623 0.799 0.745 0.586 0.763 0.576 0.545 0.718 0.403
GradNorm [1] S 0.328 0.438 0.509 0.341 0.451 0.278 0.310 0.418 0.265
GraSP [1, 42] S 0.352 0.505 0.518 0.349 0.498 0.284 0.359 0.502 0.281
SNIP [1, 23] S 0.431 0.591 0.513 0.440 0.597 0.286 0.389 0.521 0.286
SynFlow [1, 41] S 0.561 0.758 0.709 0.553 0.750 0.594 0.531 0.719 0.511
Jacov [1] S 0.616 0.800 0.540 0.639 0.820 0.402 0.602 0.779 0.356
NASWOT [31] S 0.571 0.762 0.607 0.607 0.799 0.475 0.605 0.794 0.490
ZenNAS [26] S 0.102 0.103 0.120 0.079 0.072 0.115 0.091 0.109 0.073
GradSign† [49] S · 0.765 · · 0.793 · · 0.783 ·
ZiCo [25] S 0.607 0.802 0.751 0.614 0.809 0.607 0.587 0.779 0.523
TE-NAS [6] A 0.536 0.722 0.602 0.537 0.723 0.327 0.523 0.709 0.330
AZ-NAS [21] A 0.712 0.892 0.749 0.696 0.880 0.549 0.673 0.859 0.534
No. of trainable layers (ℵ) S 0.626 0.767 0.671 0.646 0.787 0.525 0.623 0.764 0.497
VKDNWsingle (ours) S 0.618 0.815 0.751 0.634 0.829 0.617 0.622 0.814 0.608
VKDNWagg (ours) A 0.750 0.919 0.785 0.753 0.919 0.636 0.743 0.906 0.664

Model-driven rankings
GRAF [14] A 0.820 0.953 0.935 0.809 0.948 0.858 0.796 0.941 0.828
VKDNWm (ours) A 0.647 0.831 0.750 0.636 0.821 0.602 0.611 0.798 0.575
(VKDNW+ZCS)m (ours) A 0.840 0.963 0.922 0.834 0.960 0.884 0.830 0.958 0.843
(VKDNW+ZCS+GRAF)m (ours) A 0.859 0.971 0.946 0.847 0.966 0.895 0.842 0.963 0.867

Table 1. Training-free NAS methods in the NAS-Bench-201 [10] search space, evaluated on three public datasets. Kendall’s τ (KT),
Spearman’s ρ (SPR) and Normalized Discounted Cumulative Gain (nDCG) are reported, results are averages of 5 independent runs (all
stds are < 0.02). The Type column differentiates single (S) and aggregated (A) rankings. Results are reproduced with code published by
their authors, except those marked†, where results from the original paper are taken.

known that the kernel computation is highly computation-
ally demanding [34]. AZ-NAS [21] assesses expressivity,
trainability and progressivity via examination of feature dis-
tribution across all orientations and the Jacobian. However,
despite AZ-NAS outperforming previous works in some
metrics, it is worse than [25] in key NAS-related aspects
such as the cumulative gain (see Sec. 5.1).

Despite a tremendous effort of the community, it was
shown that most of the zero-shot NAS methods perform
worse than a simple proxy given just by FLOPs or #params
[33, 43]. Thus, there is still a gap for improvements also
driven by the need of the ranking explainability that would
have a satisfactory theoretical support.

Furthermore, [14] uses a model-driven ranking that how-
ever needs a set of networks for which the validation accu-
racies are known to train the model and the ability of this
ranking to generalize as it is fitted on a specific network
collection only is disputable.

Finally, let us discuss the current practice in the NAS
methods comparison. Methods are compared either by
means of correlations of their scores to accuracy or by re-
porting the accuracy of the top-ranked network [21, 25].
However, while the first is not tailor-made for the architec-
ture search task and therefore does not assess the desired
ranking properties (see Sec. 5.1), comparing performance

just by the accuracy of a single network is too vulnerable
e.g. to the random seed choice.

5. Experiments
5.1. Ranking aggregation

In addition to using the single ranking of Eq. (12), we also
experiment with multiple rankings (as in [14, 21, 25]) to
order network architectures by their accuracy. We use two
different options: non-linear and model-driven aggregation.
Non-linear aggregation. The aggregation [21] uses mul-
tiplication to combine multiple ranks into a single one,
which means a network is highly-ranked if and only
if it is highly-ranked in all subsidiary rankings, keep-
ing their influence balanced. That is, denoting rankings
rank1, . . . , rankm for some m ∈ N we define the aggre-
gated ranking

rankagg(f) := logΠm
j=1 rankj(f) (15)

for each network f . This aggregation is therefore possible
only in the context of a given network collection, such as in
evolutionary search.

In our case, VKDNWagg aggregates these five proxies:
• VKDNWsingle (V) ranking (Eq. (12)),
• Jacov (J) [1] measures the activations correlation when
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Method FLOPs Top-1 acc. Type Search cost
(GPU days)

NASNet-B [50] 488M 72.8 MS 1800
CARS-D [45] 496M 73.3 MS 0.4
BN-NAS [5] 470M 75.7 MS 0.8
OFA [4] 406M 77.7 OS 50
RLNAS [48] 473M 75.6 OS -
DONNA [32] 501M 78.0 OS 405
# Params 451M 63.5 ZS 0.02
ZiCo [25] 448M 78.1 ZS 0.4
AZ-NAS [21] 462M 78.6 ZS 0.4
VKDNWagg (ours) 480M 78.8 ZS 0.4

Table 2. Results on ImageNet-1K [9] in the MobileNetV2 search
space, the size of the model is constrained to ≈450M FLOPS.

exposed to various inputs,
• Expressivity (E) [21] assesses isotropy and uniformity of

the features distribution across all orientations,
• Trainability (T) [21] captures ability of the network to

keep stable gradient propagation between the layers by
inspecting the spectrum of the Jacobian matrix,

• FLOPs (F) is the number of FLOPs for one forward pass.
Model-driven aggregation. When accuracies of a suffi-
cient number of architectures in the search space are known,
model-driven aggregation can be used to train a regression
model to combine individual rankings. The trained model
is then used to predict accuracy for unseen networks in the
same search space. We evaluate three different models:
• VKDNWm where the eigenvalues λk of the FIM matrix

are used directly as features in companion with ℵ (number
of trainable layers) and FLOPs to allow a more complex
proxy of the diversity of the eigenvalues and the network
complexity than the simple entropy Eq. (11),

• (VKDNW+ZCS)m where we additionally include all
other zero-cost scores available (see Table 1),

• (VKDNW+ZCS+GRAF)m where we add network graph
features from [14].

5.2. Results

We have conducted experiments in the NAS-Bench-201
[10] and MobileNetV2 [26, 38] search spaces. To obtain
easily comparable results, we used 64 randomly generated
input images to compute our score as in [21]. For the meth-
ods that rely on the knowledge of true labels, input data
from the respective datasets were used.
NAS-Bench-201. The dataset consists of 15,625 net-
works for which validation accuracies for CIFAR-10,
CIFAR-100 [18] and ImageNet16-120 [7] after training for
200 epochs are provided. The networks are characterized
by unique cell structures comprising of several types of op-
eration choices. As one of the possible choices is zero op-
eration, it’s possible that some computation edges don’t re-
ceive any input or cannot propagate their results to the out-
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Figure 3. Components of AZ-NAS [21] and our VKDNW are
compared w.r.t. correlation with ℵ (number of trainable layers),
in the NAS-Bench-201 search space [10] on ImageNet16-120 [7]
dataset. Our VKDNW proxy has the lowest correlation, ie. is the
most invariant to the size of the model.

put, leading to same computation graphs for different ar-
chitectures, thus duplicating networks. Following the prac-
tice from NAS-Bench-101 [46], we report results on 9,445
unique structures (also in [14, 30]) and we refer the reader
to Supplementary material for results on all networks. We
measure proxies performance via Kendall’s τ (KT) and
Spearman’s ρ (SPR) correlations with validation accura-
cies together with Normalized Discounted Cumulative Gain
(nDCG1000, we write nDCG for short) from Sec. 3, aver-
aged over 5 independent runs. For the model-driven aggre-
gation, we trained a random forest model on 1024 networks
for 100 iterations, and used the rest for testing.

In Table 1, we compare our method with existing NAS
methods and show that VKDNWagg outperforms all meth-
ods with a significant margin in all three metrics. The
benefit of our method is two-fold: a) it identifies the best
networks due to its high performance in nDCG, which is
the desirable property in NAS b) the ranking is consistent
across the whole network search space due to high KT and
SPR correlations. Note that we can only make these obser-
vations by combining standard correlation metrics and our
newly proposed nDCG. We also show that VKDNWsingle
outperforms all other single-rank proxies in all metrics on
ImageNet16-120, in SPR on all three datasets, while being
among the highest on CIFAR-10 and CIFAR-100.

MobileNetV2. We search for the best network configu-
ration in the MobileNetV2 space [38], while constraining
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V J E T F (KT) (SPR) nDCG
✓ 0.622 0.814 0.608

✓ 0.603 0.781 0.339
✓ 0.588 0.779 0.274

✓ 0.353 0.517 0.233
✓ 0.545 0.718 0.403

✓ ✓ ✓ ✓ 0.717 0.891 0.623
✓ ✓ ✓ ✓ 0.706 0.871 0.553
✓ ✓ ✓ ✓ 0.736 0.905 0.695
✓ ✓ ✓ ✓ 0.722 0.896 0.658

✓ ✓ ✓ ✓ 0.735 0.901 0.646
✓ ✓ ✓ ✓ ✓ 0.743 0.906 0.664

Table 3. Components of VKDNWagg rank with non-linear aggre-
gation. Consistency is shown with respect to Kendall’s τ (KT),
Spearman’s ρ (SPR) and Normalized Discounted Cumulative Gain
(nDCG) with P = 1000 on ImageNet16-120 image dataset [7].
Here V, J, E, T and F stand for VKDNW, Jacov, expressivity, train-
ability and FLOPs respectively (see Sec. 5.1). Table of all combi-
nations can be found in the Supplementary material.

the model size to approximately 450M FLOPs. We ran
100,000 iterations of the evolutionary search algorithm [21]
for approximately 10 hours, meaning 100,000 different ar-
chitectures were evaluated. We then took the best net-
work from the search and trained it for 480 epochs on
ImageNet-1K [9], using the same hyper-parameter setting
as in [21, 25]. The final training of the model took 7 days
on 8xNVidia A100 GPUs.

As seen in Table 2, our method VKDNWagg outperforms
all prior approaches – even train-based approaches (denoted
MS and OS) that incur much higher computational costs for
the search.

5.3. Ablations

We ablate our method in the NAS-Bench-201 search space
[10] on ImageNet16-120 [7] validation accuracies.
Orthogonality of VKDNW. Our score VKDNW has a
desirable property that it is based on information orthogonal
to the size of the network: in Figure 3 we can see that unlike
previous work, VKDNW is not correlated with the network
size measured by ℵ (number of trainable layers). We believe
this property is key when stepping into much larger search
spaces, however components of the previous state-of-the-
art method AZ-NAS lack such a property (also Fig. 3 and
Tab. 4). We conjecture that improvement in the key metrics
by VKDNW is caused by this orthogonality feature. In Ta-
ble 1 we also provide comparison to previous model-driven
method and show that adding our feature significantly im-
proves the ranking in all considered metrics.
Components of aggregated rank. Our single-rank vari-
ant VKDNWsingle is the strongest component of the aggre-
gated VKDNWagg as can be seen in Table 3 where it out-
performs rest of the rankings with especially large margin
in nDCG, thus, it strongly discriminates high-accuracy net-

(KT)
CIFAR-10 CIFAR-100 ImageNet16-120

VKDNW 0.041 -0.090 -0.107
trainability 0.220 0.220 0.253
expressivity 0.539 0.539 0.539
progressivity 0.398 0.398 0.385

Table 4. Kendall’s τ (KT) of ℵ (number of trainable layers) with
components of AZ-NAS compared to our new method VKDNW
on three datasets on NAS-Bench-201 search space [10] and multi-
ple image datasets.

Batch Random Input Real Input
Size KT SPR nDCG KT SPR nDCG

8 0.615 0.808 0.617 0.614 0.805 0.599
16 0.614 0.808 0.604 0.608 0.800 0.595
32 0.619 0.812 0.611 0.612 0.804 0.594
64 0.621 0.814 0.617 0.614 0.806 0.595

128 0.621 0.814 0.616 0.615 0.806 0.591

Table 5. Our method VKDNW evaluated for different batch sizes
using either randomly generated input data or real images with
respect to Kendall’s τ (KT), Spearman’s ρ (SPR) and Normalized
Discounted Cumulative Gain with P = 1000 (nDCG).

works compared to others.

Random or real input. As our method is computed us-
ing generated random data (white noise) it does not rely on
any real dataset and is therefore applicable also in situations
where no reliable data are available. Table 5 shows that by
relying just on random data we do not lose any performance
with respect to all key metrics. Moreover, the performance
remains relatively stable across different batch sizes. We
chose batch size 64 as larger batch size does not bring bet-
ter results.

Due to lack of space, we kindly refer the reader to Sup-
plementary material for further ablations.

6. Conclusion

We proposed a new training-free NAS proxy called Vari-
ance of Knowledge of Deep Network Weights (VKDNW).
The method has strong theoretical support and achieved
state-of-the-art results on three public datasets and in two
search spaces.

Based on throughout evaluation and comparison to other
existing approaches, it has been shown that it provides an
information orthogonal to the network size leading to a
zero-cost ranking were contribution of the network size and
architecture feasibility are separated. We have also shown
that previously used correlation metrics for proxy evalua-
tions do not sufficiently assess the key ability to discrim-
inate top networks and to address this problem we have
proposed a new evaluation metric and re-evaluated previous
methods with the new metric.
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