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Abstract—Automating the design of Deep Neural Networks
for specific applications using Neural Architecture Search (NAS)
has become increasingly attractive. However, traditional NAS
methods are often hindered by the high cost of evaluating
numerous candidate networks, rendering them impractical for
large-scale searches. In this work, we assessed a proxy-driven
Estimation of Distribution Algorithm (EDA) for optimization of
topological and quantitative hyperparameters. By leveraging the
ideas of designing network design spaces and iterated sampling
algorithms with zero-cost proxies, our approach reduces the
search cost significantly. Furthermore, the proxy-driven EDA
achieves near-optimal results in the NATS-Bench topology and
size search spaces on CIFAR-10, CIFAR-100, and ImageNet16-
120 datasets for image classification. The results show that a
proxy-driven EDA can reliably explore large, mixed-type design
spaces with negligible computational overhead, opening the door
to rapid, resource-friendly architecture discovery.

Index Terms—Neural Architecture Search, Zero-Cost Proxies,
Estimation of Distribution Algorithm, Image Classification

I. INTRODUCTION

Deep Neural Networks (DNN) are the state-of-the-art ma-
chine learning models for processing unstructured data such
as images, audio, video, and text [1]. They are crucial com-
ponents of cutting-edge technology for autonomous vehicles,
medical image analysis, surveillance, safety visual inspection,
and generative artificial intelligence. However, it is not a
trivial task to develop neural networks tailored for a specific
application. It requires many trial-and-error attempts in the
iterative process of designing a general architecture, fine-
tuning the hyperparameters, and validating the performance of
candidate models. This comprises configuration of quantitative
hyperparameters (e.g., number of neurons, number of channels
in convolutional layers, number of attention layers, etc.) and
non-quantitative hyperparameters (e.g., activation functions,
attention functions, residual connections, and topology). Be-
sides time-consuming, it is also an expensive task due to
hardware and energy requirements [2].

Neural Architecture Search (NAS) algorithms have been
proposed to automate this process of designing DNNs and
optimizing their hyperparameters [3], [4]. Evolutionary NAS
algorithms are the most popular [5]-[12]. These algorithms
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are inspired by the convergence of neuroscience and evo-
lutionary theory, which found its expression in computer
science very early [13]. Estimation of Distribution Algorithms
(EDA) have also been proposed for NAS [14]-[18]. EDAs
have many advantages over other evolutionary algorithms and
conventional metaheuristics (e.g., adaptive operators, problem
structure, prior knowledge exploitation, and reduced memory
requirements) [19]. However, their applications on NAS is still
underexplored. Besides evolutionary algorithms, reinforcement
Learning NAS has also enjoyed great success [20]-[23].
Gradient-based NAS [24]-[26] and other search strategies have
also been proposed [27], [28].

The success of NAS depends on a well-designed search
space. A block (or cell) is a design motif that is replicated
along the whole network architecture. This is a successful
design strategy that was employed in many well-known ar-
chitectures such as ResNet [29], ResNeXt [30], Inception
models [31]-[33], and DenseNet [34]. Many NAS algorithms
define a search space with these block designs [7], [9]-
[11], [23]. Employing that strategy simplifies the search space
significantly and prevents getting lost in the vast space of all
possible networks. On the other hand, these algorithms miss
the opportunity to discover new patterns when they rely on
blocks designed by humans. Some NAS algorithms are capable
of automatically designing novel block types [35], whereas
others do not rely on block designs and employ other strategies
to constrain the search space [8], [15], [27].

However, NAS is an expensive process because it has to
validate the performance of many candidate DNNs. Many
cost-saving strategies have been proposed for NAS such as
weight inheritance, early stopping policy, reduced training
set, reduced population, and population memory [4]. Zhou et
al. [36] made a comprehensive study about common proxy
tasks such as reducing the network size, the resolution of
input images, the number of training epochs, and the training
dataset. Mellor et al. [37] proposed a zero-cost proxy to
estimate DNNs’ performance without training. Their proxy
requires a single forward pass on a mini-batch of data,
which reduces the NAS cost significantly. Their study laid
the groundwork for subsequent investigations into zero-cost
proxies for NAS. Abdelfattah et al. [38] proposed zero-cost
proxies for NAS based on several pruning criteria originally
developed for pruning-at-initialization algorithms. Keserwani
et al. [39] introduce a reformulation of zero-cost proxies based



on pruning-at-initialization criteria. Their method combines
kernel strength with a receptive field weighting mechanism.
Zhou et al. [40] proposed a zero-cost proxy for Vision Trans-
formers based on synaptic diversity and synaptic salience.
Qiao et al. [41] present a NAS framework specifically designed
for microcontroller unit deployment. Their method optimizes
architectures using a hybrid objective that combines a custom
neural tangent kernel spectrum, the number of linear region
counts, and hardware proxies. Ning et al. [42] and White at
al. [43] made comprehensive assessment of proxies for NAS.

Radosavovic et al. [44] took a different approach to NAS
by proposing a methodology to find a good design space
rather than optimizing individual neural networks. By ob-
serving the general trends in populations of DNNs, it aims
at understanding the design principles of the top-performing
networks. It is an iterative process that works as follows. First,
it starts with a general design space called AnyNet, which
contains block-based ResNeXt-like models. Then, statistics
are computed in a sample of random networks. After that,
a new design principle is discovered (or hypothesized) by
analyzing the best networks in the sample. Essentially, a design
principle is a constraint in the distribution of hyperparameters
that is likely to maximize the models’ performance. Finally,
the process continues by sampling random networks from the
new design space. The process results in a refined design
space called RegNet. This methodology can improve NAS
significantly. Although it could potentially be applied to other
design spaces beyond AnyNet, the reported results are limited
to that space and comprising only optimization of quantitative
hyperparameters. Furthermore, this is a trial-and-error process
that relies heavily on the insights of human designer, not to
mention it requires training many more DNNs than a typical
NAS algorithm would.

Building on the RegNet design-space methodology [44],
Silva et al. [17] and Haddad-Neto et al. [18] intro-
duced a proxy-driven EDA to automate the exploration of
ResNeXt-like architectures and hybrid Vision Transformers,
respectively. In their work, the proxy-driven EDA served
primarily as an analysis tool for evaluating how zero-cost
proxies influence search-space traversal, but its viability as
a stand-alone NAS algorithm was not demonstrated. Further-
more, the method was restricted to tuning only quantitative
hyperparameters.

Conversely, other EDA-based NAS frameworks—such as
Architecture Search by Estimation of network-structure Dis-
tributions (ASED) proposed by Muravev et al. [15]—can
optimize non-quantitative hyperparameters. Zhao et al. [14]
presented an EDA-based framework named EDNAS. Regard-
ing only topological hyperparameters, the method derives
candidate solutions from a directed acyclic graph representing
the possible search space. The authors uses a parameter
sharing approach and by modeling the distribution of the
top-performing candidate solutions from an iterative sampling
approach, their probabilities are computed and employed to
generate the solutions of the next generation until convergence.
Nonetheless, these approaches still rely on the costly training

of deep neural networks during the search, which limits their
efficiency.

Consequently, there remains a need for a proxy-driven EDA
method that (i) treats the estimation of distribution as a genuine
search algorithm, (ii) accommodates non-quantitative hyper-
parameters, and (iii) reduces or eliminates the dependence on
full model training. Our work addresses these gaps by the
following contributions:

e We assess a proxy-driven NAS algorithm to optimize
topological and quantitative hyperparameters. The algo-
rithm builds on the systematic design-space methodology
and integrates ideas from EDA-inspired NAS for both
quantitative and non-quantitative hyperparameter opti-
mization. By employing inexpensive zero-cost proxies,
the algorithm can evaluate candidate architectures without
full training, significantly reducing search cost.

e The proxy-driven EDA was tested on NATS-Bench
[35], which comprises topology and size search spaces
across three standard image-classification benchmarks
(CIFAR-10, CIFAR-100, and ImageNet-16-120). The
proxy-driven EDA attains performance close to the global
optimum while completely avoiding training during the
search, thereby establishing an excellent trade-off be-
tween search efficiency and final model quality.

This paper is organized as follows. Section II provides a
concise overview of the NATS-Bench architectures, covering
both topology and size search spaces. Section III formally
defines the proposed algorithm. Section IV describes the
methodology employed in this research, including experi-
mental settings. Section V presents the experimental results.
Finally, Section VI summarizes our findings and highlights
potential future research directions.

II. NATS-BENCH ARCHITECTURES

zeroize
— 3 x 3 avg pool
—— skip connection
— 1 x 1 conv
— 3 x 3 conv

Fig. 1. Cell structure in NATS-Bench architectures.

NATS-Bench contains data from thousands of pre-trained
DNNs on CIFAR-10, CIFAR-100, and ImageNet16-120 [35].
The architectures in the search spaces have a general structure
that starts with a 3 x 3 convolution with 16 output channels
followed by: a batch normalization, a 1st stack of cells, a 1st
residual block, a 2nd stack of cells, a 2nd residual block, a
3rd stack of cells, and a global average pooling layer, whose
output is flattened and fed to a fully connected layer followed
by softmax. The cell is a structure that will be replicated
along the network backbone (see Figure 1). The residual
blocks down-sample the input tensor with stride = 2 and,



for dimension compatibility, the residual connection consists
of a 2 x 2 average pooling layer with stride = 2 followed by
a 1 x 1 convolution. The NATS-Bench provides a topology
search space for optimization of the cell structure and a size
search space for optimization of the number of output channels
in cell stacks and residual blocks.

The topology search space contains networks with all pos-
sible cell designs. A cell is represented as a densely connected
directed acyclic graph with four nodes and six edges as
illustrated in Figure 1. An edge represents a transformation and
a node represents the sum of all transformations pointing to it.
This search space contains five representative transformations:
zeroize, skip connection, 1 X 1 conv, 3 x 3 conv, and 3 X 3
avg pool. The zeroize transforms the signal into a zero
vector, which effectively disables that connection. The skip
connection is a common residual connection. The 1 x 1 conv
and 3 x 3 conv are abbreviations for the sequence: ReLU,
convolution, and batch normalization. For the architectures in
the topology search space, each cell is stacked 5 times, with
the number of output channels set to 16, 32 and 64 for the
first, second and third stages, respectively. Since there are 5
possibilities for edge transformations and there are 6 edges,
the topology search space contains 5% = 15, 625 architectures.

The size search space contains networks with different
number of output channels for the cells and residual blocks.
The number of channels in each layer is chosen independently
from {8,16,24,32,40,48,56,64}. For the architectures in
the size search space, each cell is stacked once, and all the
architectures have the same cell configuration, defined as the
configuration of the best architecture on CIFAR-100 from the
topology search space. Since there are 8 possible values of
output channels and 5 hyperparameters to configure, the size
search space contains 8% = 32, 768 architectures.

ITI. PROXY-DRIVEN EDA FOR NAS

The proxy-driven EDA assessed in this work is defined
in Algorithm 1, which is implemented as an incremental
univariate EDA. The algorithm is based on the ideas about
design of network design spaces [44] and on the iterated
sampling algorithm to discover design principles automatically
[17], [18]. In this work, we demonstrate that the proxy-driven
EDA can optimize both topological and quantitative hyperpa-
rameters. Furthermore, this can be done without training by
leveraging zero-cost proxies.

The model M, represents a probabilistic description of
the most promising hyperparameter configurations at the gth
generation. At every iteration the top-scoring DNNs are used
to estimate the distribution of each hyperparameter, which
becomes the next generation’s distribution M. Algorithm
1 starts from a completely uninformative model M; in which
every hyperparameter is assigned a uniform distribution over
its admissible domain. For instance, in NATS-Bench topology
search space each edge e; ; is initially draw uniformly from
the set e;; € { zeroize, skip connection, 1 x 1 conv,
3 x 3 conv, 3 x 3 avg pool }, whereas in the size search
space the number of channels ¢; is draw uniformly from

Algorithm 1 Proxy-Driven EDA for NAS

Input: population size IV, sample size R, selection size D,
Output: model M,

1: g0

2: My < uniform distribution for each hyperparameter

3: repeat
g+—g+1
population < generate N random DNNs from M,
calculate a proxy score for all DNNs in population
best < ()
fori=1to D do

sample < resample R DNNs from population

10: best.add( top-scoring network from sample )
11:  end for
12: Mgy4q < estimate new model from best
13: until My 1~M,
14: return M,

R A A

ci € {8,16,24,32,40,48,56,64}. Once initialized, the al-
gorithm proceeds iteratively performing four steps: sampling,
evaluation, selection and model update.

In the sampling step, a population of N candidate DNNs
is generated by drawing hyperparameter values from the
current distributions M. Notice that the population is entirely
replaced at each iteration, which makes the algorithm an
incremental EDA.

In the evaluation step, each candidate DNN is scored by a
zero-cost proxy (e.g., the proxies proposed by Mellor et al.
[37] or by Abdelfattah [38]). This step is crucial to guarantee
the efficiency of the algorithm since zero-cost proxies do
not require training. Without proxies, this would require fully
training of N models at each iteration of the algorithm, which
is expensive in terms of time and energy consumption.

In the selection step, the algorithm creates a pool of the
best DNNs by employing the resampling strategy of empirical
bootstrap. First, it resamples with replacement R DNNs from
the population. Then, it selects the top-scoring DNN according
to its proxy score. The selected top-scoring DNN is added to
the pool of best DNNSs. This is repeated D times.

In the model update step, for each hyperparameter, the
algorithm estimates a new distribution from the D best DNNs
in the pool and then updates the next generation model Mg ;.
It is important to notice that throughout the process we assume
independence among all hyperparameters, which makes the
algorithm a univariate EDA.

For quantitative hyperparameters, the update step uses the
method of RegNet design space [44], i.e., it estimates the 95%
confidence intervals (CI) with the 2.5-percentile and the 97.5-
percentile as lower and upper limits of the CI, respectively.
Then, the previous distribution is replaced by a new uniform
distribution in which the upper and lower limits are given by
the estimated percentiles.

For non-quantitative hyperparameters, the update step es-
timates new probabilities based on the relative frequency of
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Fig. 2. Kendall rank correlation coefficient between the proxies and the

the values occurring in the pool of best DNNs. For instance,
if 94% of the best DNNs have e; 2 = 3 X 3 conv, 6% have
e12 = 1 x 1 conv, and none has zeroize, skip connection,
nor 3 X 3 avg pool, then the probabilities of the values of
e1,2 are updated to these frequencies. Usually, EDA algorithms
update the probabilities according to a formula such as pg1 =
(1 — &) X pg + & X py,, where p, is the current probability
distribution, p,, is a new probability distribution estimated
from the selected best DNNs in the current generation, and
« is a learning rate. The EDA implementation in this work is
equivalent to setting o = 1, which greedily focus on current
best distribution for fast convergence.

Finally, if the update step causes no significant change in
the previous probability model, that is, if M, ,~M, given
a numerical tolerance threshold (e.g., € = 107°), then the
algorithm stops and returns the current model. Otherwise, it
repeats the process until convergence.

IV. METHODOLOGY

We conducted experiments with the proxy-driven EDA
using eight zero-cost proxies: the logdet proxy proposed
by Mellor et al. [37], the proxies adapted from pruning-at-
initialization salience criteria (namely grasp, synflow, snip,
and fisher) the gradnorm proxy, and the majority voting
proxy (vote) that selects the best architecture according to the
rankings produced by logdet, synflow, and snip as defined
by Abdelfattah et al. [38]. Since the accuracy obtained after
a few training epochs is also a common performance proxy
[36], we compare the zero-cost proxies with the validation
accuracy at the 12th epoch (acc 12). The proxies logdet,
synflow, fisher, grasp, snip, and gradnorm are computed
with their publicly available implementations, and acc_ 12 is
queried from the NATS-Bench API. The zero-cost proxies are
computed on a mini-batch of 128 random images, with the
exception of synflow, which requires no data.

ship gradnorm fisher grasp

validation accuracy on NATS-Bench topology and size search spaces.

In the topology search space, the proxy-driven EDA is
configured to optimize the edges e 2, €13, €23, €14, €2,4, and
es,4 from the initial search space e; ; € {zeroize, skip con-
nection, 1 x 1 conv, 3 X 3 conv, 3 x 3 avg pool}. In the
size search space, the algorithm is configured to optimize
the number of output channels of the three cell stacks (ci,
co, and c3) and the number of output channels of the two
residual blocks (r; and 73) from the initial search space
c1, C2, C3, T1, T2 € {8, 16, 24, 32, 40, 48, 56, 64} In both
search spaces, the algorithm is executed with population size
N = 500, sample size R = 400, selection size D = 10, 000,
and numerical tolerance threshold e 10~°. The zero-
cost proxies are computed on a mini-batch of 128 random
images from the training set. When the search is complete, we
compare the hyperparameters and the validation accuracy of
the fully trained models with the global optimum from each
search space. We further assess the accuracy distribution of
DNNs at each iteration of the algorithm and compare it with
the proxies’ Kendall rank correlation coefficient (Kendall’s 7).

V. RESULTS

Figure 2 shows the Kendall’s 7 for each proxy on NATS-
Bench search spaces. The acc_ 12 proxy obtained the best
rank correlation. However, the zero-cost proxies showed com-
petitive performance. Among the zero-cost proxies, logdet
achieved better Kendall’s 7 in the topology search space,
whereas synflow is better in the size search space. The prox-
ies tend to have a better performance on the size search space.
The exceptions are grasp and logdet, which actually perform
significantly better on topology search space. Nonetheless,
grasp does not show a robust correlation across the different
datasets.

Proxy-driven EDA results on the topology and size search
spaces are summarized in Tables I and II, respectively. In
most cases, the proxies converged to subspaces with only



CIFAR-10 CIFAR-100 ImageNet16-120
8 92 A ”": e - '/.~~.__. -®- acc_12
2 K 401 /,':r’ ANV -
2 X901 A &% A logdet
o> 1,57 N> 9----e 301 s .\\' -@- vote
© Y SSA':; Yy AR -@- synflow
J;’, < . \\I\I \ -9
o &1 N A % 204 \ -®- snip
\ \

o> \ !N -®- gradnorm
oK 82 N . ] \
° ./ > ® 10 \ fisher
2 3504 N \
il ‘ 04 ‘ -®- grasp

r r " T r I S R R

1 2 3 4 5 1 2 3 4 5 6 7

94 1 ~9 ) .__——.-- 48 —_———e
0] -8 -® // 1:. i ‘,”, -
o 93 A k,.’—_. e 45 .:,,,O:——
g§ ol o 1 g-— O F---®
n< 924 K / ~ 424 W
. v _e-o¢ “o--e 4
SRS -1 %
O Q929 #/ AN 40
< / o bl s
8 sl °o--o ~ - A
03z /o e N 60 ‘e 381 R
N -
N 91 . e “ 354 Re
0 s 58
90 * K
T T T T T T T T T T T T T T T 32 E T T T T T
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 1 2 3 4 5

iteration

Fig. 3. Evolution of average population accuracy on NATS-Bench topology and size search spaces.

one architecture. The exception is vote, which converged to
subspaces with multiple options of output channels in the size
search space on CIFAR-100 and ImageNet16-120. The proxies
are sorted by validation accuracy and the global optimum
is provided for comparison at the bottom, which, in this
case, it is the best architecture in the NATS-Bench for each
dataset. These results show that zero-cost proxies are capable
of achieving near-optimum performance in topological and
quantitative hyperparameter optimization. This is a remarkable
achievement, specially considering that they do not require
training.

In the topology search space, acc_ 12 obtained excellent
performance close to the global optimum on all datasets.
The zero-cost proxies vote, synflow, and logdet achieved
competitive results, whereas fisher, grasp, and gradnorm
obtained the worst results. In the size search space, the proxies’
performance vary significantly when compared to the topology
search space. For instance, gradnorm achieved inconsistent
results getting near optimum performance on CIFAR-10 and
near worst on CIFAR-100. In addition, zero-cost proxies
outperformed acc_ 12 on all datasets in the size search space.

Figures 3 and 4 provide a straightforward visual assessment
of the proxies’ performance by showing the evolution of
population accuracy at each iteration of the search algorithm.
These plots demonstrate that acc 12, logdet, vote, and
synflow effectively lead the search process to better sub-
spaces by assimilating the design principles of top-performing
architectures, whereas other proxies are either inconsistent
or consistently poor. From these results, it is evident that
the proxy-driven EDA with vote achieved the best overall
performance among the zero-cost proxies yielding excellent
trade-off between search cost and model accuracy.

In addition, our experiments revealed discrepancies between
the Kendall’s 7 (Figure 2) and the actual performance obtained

by the search algorithm (Tables I and II). Specifically, we
found that vote consistently outperformed other proxies and
achieved near-optimal results on all datasets in the size search
space. In contrast, logdet was outperformed by vote and
synflow on CIFAR datasets in the topology search space.
Also according to Kendall’s 7, gradnorm was not expected to
be the worst proxy on topology search space, which highlights
the limitations of Kendall’s 7 as a metric to assess proxies for
NAS. The issue with rank correlation metrics like Kendall’s
7 and Spearman’s p is that they assign equal weight to all
architectures. In practice, achieving perfect rank correlation is
not necessary. What matters more is the proxy’s ability to dif-
ferentiate between good and poor architectures. For a detailed
discussion of this problem, please refer to Ning et al. [42]. To
this end, Figures 3 and 4 provide a better straightforward visual
assessment of the proxies capacity to select good architectures
at each iteration of the search algorithm.

Finally, we observe that the search time when using
zero-cost proxies is orders of magnitude lower than when
using the acc 12 metric. Computing acc_ 12 requires a full
12-epoch training run—i.e., forward and backward propaga-
tion over the entire training set—whereas each zero-cost proxy
can be evaluated with a single forward pass on a mini-batch
of only 128 images. This dramatic reduction in search time
underscores the practical advantage of zero-cost proxies for
rapid architecture evaluation.

VI. CONCLUSION

In this work we assessed a proxy-driven EDA that optimizes
the topology (choice of operations and skip connections) and
size (channel dimensions) of convolutional neural networks.
By treating a zero-cost proxy as the fitness function, the
algorithm iteratively refines a probabilistic model of promising
hyperparameters, eliminating the need for costly full-network
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Fig. 4. Evolution of accuracy distribution on NATS-Bench topology and size search spaces.

training. Empirical evaluation on image-classification bench-
marks shows that the algorithm consistently discovers archi-
tectures whose validation accuracy is close to the true optimum
while consuming orders of magnitude less compute. These re-
sults demonstrate that a proxy-driven EDA can reliably search
large, mixed-type design spaces with negligible computational
overhead, paving the way for rapid, energy-efficient NAS.

Future work will explore several promising directions. First,
we plan to extend the current framework to a multi-objective
setting, jointly minimizing latency, memory footprint, and
energy consumption together with predictive performance so
that the resulting architectures are not only accurate but
also ready for deployment on constrained devices. Second,
we will investigate multivariate EDA algorithms that em-
ploy dependency-aware models such as Bayesian networks

or Markov structures, thereby capturing interactions among
hyperparameters that the present univariate assumption may
miss. Third, we aim to broaden the applicability of the
proxy-driven NAS pipeline by adapting it to generative tasks
(including text and image synthesis) and to other vision
problems such as object detection and semantic segmentation,
where architectural choices critically affect efficiency. Ad-
dressing these challenges will further lower the computational
barrier to neural architecture discovery and enable the design
of high-performing, resource-conscious models across a wide
spectrum of Al applications.
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TABLE I
PROXY-DRIVEN EDA RESULTS ON NATS-BENCH TOPOLOGY SEARCH SPACE.

Dataset Proxy Edge e o Edge e 3 Edge e 3 Edge e 4 Edge e2 4 Edge e3 4 Accuracy (%)
acc_12 conv 3x3 conv 1x1 conv 3x3 skip conn. zeroize conv 3x3 94.0
vote conv 3x3 conv 3x3 conv 3x3 conv 1x1 conv 3x3 conv 3x3 94.0
synflow conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 93.7
logdet conv 1x1 conv 1x1 conv 3x3 conv 1x1 conv 1x1 conv Ix1 92.4
CIFAR-10 fisher conv 1x1 zeroize conv 3x3 zeroize conv 1x1 conv 3x3 91.8
grasp conv 1x1 zeroize conv 3x3 zeroize zeroize conv 1x1 88.5
snip conv 1x1 zeroize conv 1x1 zeroize zeroize conv 1x1 82.0
gradnorm conv 1x1 zeroize conv 1x1 zeroize zeroize conv Ix1 82.0
global optimum conv 3x3 conv 3x3 conv 3x3 skip conn. conv Ix1 conv 3x3 94.6
acc_12 conv 3x3 conv 3x3 zeroize skip conn. conv 3x3 conv 1x1 72.5
vote conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 72.0
synflow conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 conv 3x3 72.0
logdet conv 1x1 conv 3x3 conv 3x3 conv 1x1 conv 1x1 conv 1x1 70.0
CIFAR-100 fisher conv 1x1 conv 3x3 conv 1x1 zeroize zeroize conv Ix1 64.0
grasp conv 1x1 zeroize conv 3x3 zeroize zeroize conv 3x3 62.4
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