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Abstract

Zero-cost proxies reduce the cost of neural architecture search (NAS), the automated design
of neural network architectures, by scoring untrained candidate architectures without full
training. Although this makes individual evaluations inexpensive, zero-shot NAS still
operates over a large architecture space and therefore depends not only on proxy quality
but also on how proxy evaluations are allocated under a limited budget. Despite this role,
many zero-shot NAS studies have primarily focused on proxy design, while search over
large architecture spaces has often relied on standard evolutionary procedures with limited
attention to fixed-proxy budget allocation. In this study, we propose Evaluation-Efficient
Memetic NAS (EEM-NAS), a memetic framework for budgeted fixed-proxy zero-shot NAS.
EEM-NAS combines bounded one-flip local search, rank-plus-distance target selection,
refined-candidate reinsertion, and entropy-guided mutation within one fixed-proxy search
process. These components exploit promising candidates, reduce redundant refinement,
preserve useful local improvements, and maintain population-level exploration under the
same proxy-evaluation budget. On NAS-Bench-201 TSS with eight zero-cost proxies, three
datasets, and four fixed-proxy baselines under a budget of 100 proxy evaluations per run,
EEM-NAS records 93 wins, three ties, and zero losses over the 96 proxy-dataset-baseline
comparisons on final proxy score under paired statistical testing. Because a higher proxy
score is informative of final accuracy only when the proxy ranks architectures well, we
also report the macro-average test accuracy of the top-10 architectures found in each run,
where EEM-NAS achieves the highest macro-average top-10 accuracy among the compared
methods on the three most rank-aligned proxies.

Keywords: zero-shot neural architecture search; memetic algorithm; evolutionary algorithm;
zero-cost proxy; local search; NAS-Bench-201

1. Introduction

Neural architecture search (NAS) automates the design of neural network architec-
tures and has been applied to image classification, object detection, semantic segmentation,
and medical image analysis [1-3]. Recent rehabilitation applications still rely on special-
ized architectures for indoor object detection and non-contact gesture recognition [4,5],
illustrating the design effort that NAS can reduce. Conventional NAS often requires
full or partial training of many candidate architectures, making architecture evaluation
computationally expensive [6]. To alleviate this computational burden, zero-shot NAS
replaces training-based evaluation with zero-cost proxies that score untrained networks
using initialization-time signals derived from activations, gradients, or Jacobians [7-9].
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This shift makes architecture evaluation much cheaper and is particularly attractive in
resource-constrained settings, where architectures may need to be adapted quickly to new
tasks or hardware variants [10]. Nevertheless, zero-shot NAS still operates over large
architecture spaces, so a practical search procedure must decide which architectures to
evaluate under a finite proxy-query budget.

Because exhaustive proxy evaluation is impractical in large architecture spaces, zero-
shot NAS commonly relies on search procedures that allocate proxy evaluations to a small
subset of candidate architectures. Evolutionary search is a natural choice for this setting
because it explores discrete architecture spaces through population-based selection and
mutation without requiring gradient information from the search objective [11]. In zero-shot
NAS, architecture search has typically relied on such general-purpose procedures, while
most research effort has been directed at proxy design rather than the search procedure
itself [8]. Nevertheless, mutation-driven exploration alone may allocate evaluations across
broad structural neighborhoods without systematically exploiting nearby high-scoring
candidates. Local search can strengthen exploitation by refining promising candidates
through small structural modifications [12-14]. Repeated refinement of top-ranked but
structurally similar candidates can waste evaluations on overlapping local neighborhoods.
At the same time, stronger local refinement can accelerate convergence toward a narrow set
of structural patterns, reducing population diversity and weakening subsequent mutation-
driven exploration. These two issues suggest that zero-shot NAS requires more than adding
local search to an evolutionary search process.

Achieving both exploration and refinement becomes more difficult as the proxy-
evaluation budget decreases. Under a fixed budget, the effect of each allocation decision
becomes larger because poorly used evaluations cannot easily be recovered later in the
search. Such a budget constraint arises when proxy scores must be computed for each
queried architecture rather than retrieved from a precomputed benchmark [15]. In this
study, we examine this allocation problem on a fixed benchmark by setting a small number
of proxy evaluations per run. Under this setting, performance differences primarily reflect
how each search procedure allocates the same proxy-evaluation budget.

To address these challenges, we propose Evaluation-Efficient Memetic NAS (EEM-
NAS), a memetic framework for budgeted fixed-proxy zero-shot NAS. EEM-NAS first
selects local-refinement targets through rank-plus-distance target selection, which chooses
high-scoring candidates that are structurally distinct from previously selected targets. The
selected candidates are then refined by bounded one-flip local search within their immedi-
ate Hamming neighborhoods. After refinement, the refined candidates are reinserted into
the population through a windowed replacement rule based on Restricted Tournament
Selection (RTS) so that local improvements influence subsequent population updates [16].
Meanwhile, entropy-guided mutation maintains population-level exploration by perturb-
ing edges whose operation choices have become concentrated in the current population.

The contributions of this study are as follows.

*  We formulate low-budget zero-shot NAS as a budgeted fixed-proxy search prob-
lem. Rather than modifying or combining proxy signals, we keep a single proxy
fixed throughout each run and study how a limited proxy-evaluation budget should
be allocated.

*  We propose EEM-NAS, a memetic framework in which local refinement is coupled
to the evaluation budget by design. Every refinement decision, including which
candidates to refine, which neighbors to inspect, and which refined candidates to
retain, is made and charged under one fixed proxy-evaluation budget, whereas prior
memetic NAS relies on training-based performance estimation.
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*  We introduce entropy-guided mutation, which maintains structural diversity using
operation statistics that are already available in the current population and therefore
adds no proxy evaluations. This contrasts with uniform mutation, which applies the
same pressure to every edge regardless of the population state.

The remainder of this paper reviews the related work (Section 2), presents EEM-
NAS (Section 3), reports the experiments (Section 4), discusses the limitations (Section 5),
and concludes the study (Section 6).

2. Related Work
2.1. Zero-Cost Proxies and Budgeted Search

Representative zero-cost proxies exploit diverse signals derived from untrained net-
works. For example, NASWOT and Jacov use activation-pattern statistics and input-
Jacobian correlations to estimate representation diversity and input sensitivity [7,8].
Gradient-based proxies, including Grad Norm, SNIP, SynFlow, and ZiCo, evaluate pa-
rameter importance and gradient-flow characteristics without training [8,9,17,18]. Fisher-
information-based approaches further estimate architecture quality through activation-
gradient saliency aggregation [19,20]. Together, these proxies provide diverse scoring
signals for zero-shot NAS. The zero-cost proxies evaluated in this study are summarized in
Table 1.

Table 1. Zero-cost proxies evaluated in this study.

Proxy Family Search-Role Summary Reference

Layer-wise inverse coefficient-of-variation
score from gradients

Log-determinant of an untrained activation-
pattern kernel

Data-free saliency propagated through a lin-

ZiCo gradient statistics

[°]

NWOT activation patterns [7]

SynFlow gradient flow carized network [17]

Jacov input Jacobian lsifsrtlral aggregation of input-gradient corre- [8]

SNIP gradient saliency First-order parameter saliency from pruning  [18]

Grad Norm  gradient magnitude Sum of layer-wise gradient norms [8]

Fisher Fisher information Squared activation-gradient saliency aggre- [19,20]
gated to a network score

SWAP activation patterns Expressivity measured by sample-wise activa- [21]

tion patterns over an input batch

Recent studies introduce new single-proxy scores such as SWAP and MeCo [21,22],
or combine multiple signals through fusion, ensembles, and entropy- or topology-based
criteria [23-25]. Their primary focus remains the scoring signal rather than fixed-budget
search allocation. Proxy quality is commonly assessed by exhaustive correlation analysis
over a tabulated benchmark, and architecture search, when performed, is carried out with
general-purpose procedures such as random sampling or regularized evolution [8,11],
without specific regard to how a fixed proxy-evaluation budget is allocated. These proxy-
level approaches modify or augment the scoring signal itself, whereas the present work
keeps the proxy fixed and instead focuses on optimizing the search procedure under a fixed
evaluation budget.

2.2. Memetic Algorithms and Local Search

Memetic algorithms (MAs) extend population-based evolutionary search by coupling
local refinement procedures with the evolutionary process [12,13]. Locally refined solutions
can either replace existing population members or influence search without modifying the
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underlying genotype, corresponding to the classical distinction between Lamarckian and
Baldwinian learning schemes [26]. In Lamarckian schemes, the genotype itself is replaced
by the locally improved solution, allowing refined structures to be directly inherited by
future generations. By contrast, Baldwinian schemes use local refinement only to influence
fitness evaluation while preserving the original genotype in the population. This distinction
highlights the tension between persistent refinement accumulation and preservation of
broader population diversity [27,28].

Recent memetic studies have explored adaptive local-search control and diversity-
preservation mechanisms to reduce premature convergence and have examined how local
search reshapes population diversity in combinatorial and swarm-based settings [29,30].
Other work has further discussed broader strategies for integrating local refinement within
evolutionary search across complex combinatorial problems [31]. Nevertheless, coordi-
nating refinement gains with broad structural exploration under strict evaluation-budget
constraints has received relatively limited attention in zero-shot NAS, where the search
process operates under a fixed proxy-evaluation budget.

Local refinement has also been combined with training-free evaluation in prior NAS
research. A representative cell-based memetic NAS method couples evolutionary search
with local refinement under one-epoch training-based performance estimation [14]. Pareto
local search uses a training-free proxy to improve multi-objective approximation fronts that
trade off accuracy and complexity [32]. Training-free proxies have also been used to guide
local-search exploration before subsequent architecture selection using successive halving
and training-based validation accuracy [33]. Unlike prior training-based memetic NAS,
EEM-NAS performs no architecture training, optimizes one fixed proxy, and charges both
offspring and local neighbors to the same FFC budget. Its distinction is this budget-coupled
refinement and Lamarckian retention, not local search alone.

3. Evaluation-Efficient Memetic NAS
3.1. Preliminaries

The search space considered in this study is the topology search space (TSS) of NAS-
Bench-201 [34]. Each architecture is represented as a directed acyclic graph with four
ordered nodes, where node 0 is the cell input, nodes 1 and 2 are intermediate feature nodes,
and node 3 is the cell output, as illustrated in Figure 1a. The six directed edges connecting
every earlier-to-later node pair are each independently assigned one operation from O
(Figure 1b):

O = {none, skip_connect, nor_conv_1x1,nor_conv_3x3,avg_pool_3x3}, |O|=05.
An architecture is therefore encoded as a length-L operation vector
L
a = (ap1, a0z, d12, 403,413, 423) € O°, L =6,

yielding a total search space of |O|F = 5 = 15,625 architectures, as illustrated in Figure 1c.
Search cost is measured in fitness function calls (FFCs). A fitness function call is
counted each time the search process queries the proxy ¢ on an architecture, including both
reproduction offspring and local-search neighbors. The total per-run budget is denoted by
Brrc, and the search terminates once this budget is exhausted. All search decisions rely
solely on proxy evaluations without using downstream test accuracy during search.
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NAS-Bench-201 TSS Search Space and Encoding

(a) Cell as a complete 4-node DAG Four ordered nodes; every

earlier—later pair is a searchable edge.
Six ordered edges total.

es

input output

Complete 4-node DAG: 6 ordered edges (e ... es)
(b) Each edge selects one operation from O
operation set O (0| =5
Lo O = { none, skip_connect,
m nor_conv_1x1, nor_conv_3x3,
avg pool_3x3 }

nor_conv_3x3

Every edge e; independently
picks one o €0

avg_pool 3x3

Six edges x five operations define the cell-level search space.

(¢) Architecture as a length-six vector a € O°

aor aoz aiz dos ais azs

|

|:| nor_conv_3 XSI skip_connect I none I avg_pool_3x3 I nor_conv_1x 1| nor_conv_3x3

a = (ao1, Qoz, arz, aos, ais, az) € O°

|0 = 5% = 15,625 architectures

Search algorithms query this vector; one proxy lookup = one FFC.

(d) One-flip / Hamming-1 neighborhood Ni(a)

doi oz az o3 ais azs .
- One flip changes one
a I nor_conv_3x3§ skip_connect none I avg_pool_3x3 I nor_conv_1x1 I norﬁconvﬁSx}‘ .
edge operation: the
ﬂip Qo2 Hamming-1
’ neighborhood used by

a I nor_conv_3x3l nor_conv_Ix II none I avg_pool_3x3 I nor_conv_Ix1 I nor_conv_SX3‘ flip LS.
ne-flip LS.

Figure 1. NAS-Bench-201 TSS cell encoding used in this study. The searchable cell is a complete
four-node DAG with six ordered edges, and each edge selects one operation from a five-operation set.

The resulting vector a = (a1, Ao, 412, A3, 413, d23) is the state manipulated by all search procedures.

The same encoding induces the Hamming-1 local-search neighborhood.

Local refinement operates on the Hamming neighborhood induced by this encoding.

The Hamming distance between two architectures a,b € O is the number of edge positions

on which their operation assignments differ,

L
dr(a,b) =Y 1[a. # b,
e=1

and the Hamming-1 neighborhood of an architecture a is the set of all architectures that

differ from a on exactly one edge,

N1((1) = {b e OF :dH(a,b) = 1}.
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Because each of the L = 6 edges can be changed to any of the remaining |O| — 1 = 4
operations, the neighborhood size is fixed,

(N(a)] = L(10] =1) = 6 x4 =24,

and Figure 1d illustrates a Hamming-1 move in which exactly one edge operation changes.
Given a fixed zero-cost proxy ¥ and an FFC budget Brrc, the objective is to identify a
high-proxy-score architecture using at most Bgpc proxy evaluations.

3.2. Method Overview

Figure 2 summarizes the overall EEM-NAS search process. EEM-NAS combines
evolutionary search with periodic local refinement under a shared proxy-evaluation budget.
During reproduction, offspring are generated through tournament selection, uniform
crossover, and entropy-guided mutation. During local refinement, selected architectures
are refined within their Hamming-1 neighborhoods. The local-search output is reinserted
into the population through rank-based replacement, allowing useful local improvements
to influence later population updates. All decisions use only the proxy fixed for the run
and the current population state. The search process does not use proxy fusion, learned
predictors, supernet training, or test-accuracy feedback.

EEM-NAS Overview

(a) Fixed-proxy search under strict FFC accounting

architecture vector a € 0° one proxy lookup = one FFC FFC budget

a0 a0 an a0 an as  —— | black-box proxy y(a) |—— scalar fitness _
0/100 — 100/100

The search loop observes only y(a)

(b) Population evolution with entropy-guided mutation (¢) Targeted 1-flip local search
population P N
{every Kgen = 4 generattons} K;s =3 ]‘ bys = 25 ]
uniform crossover ]
; current population_(proxy fitness y)
- - 0.83 0.74 0.68
entropy-guided mutation
‘ 0.86 0.79 0.65 0.88
child ¢ )
selected parents target 1: best proxy rank
‘ target 2-3: rank + non-redundancy
edge entropy H. { evaluate y(c) +1FFC ] score(a) = proxy —rank(a) + min dy(a,T) /L
Il I - I [ | ( RTS insertion ] an am az an an  an  before
D.=1-H. low H. = higher mutation pressure
an an anz | as as axs aﬁpr

Exploration uses only the current population state. LS budget is spent on high-proxy but non-redundant structures.

(d) Local-refinement and Reinsertion Process

target a —'[ Hamming-1 LS H improved a' H RTS insertion H updated population PJ

feedback into next generation

future parent selection - future mutation - future LS target selection return best member of final P

Local improvements are preserved as genotypes, not only temporary scores

Figure 2. Overview of Evaluation-Efficient Memetic NAS (EEM-NAS). Each run optimizes one fixed
zero-cost proxy under a shared FFC budget. EEM-NAS combines population-based reproduction,
entropy-guided mutation, rank-plus-distance local-search target selection, bounded Hamming-1 local
search, and RTS-based reinsertion of locally improved architectures.
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3.3. Evolutionary Search

The population is maintained as a fixed-size collection

P = (al,...,aN)

of N candidate architectures, where each population member 4; is associated with a proxy
fitness value (a;). The initial population is constructed by sampling N architectures
uniformly at random from O and evaluating each using the proxy ¢, consuming N FFCs
from Bgpc. The reproduction step then proceeds as follows (Figure 2b).

Reproduction begins with parent selection and crossover. Crossover is performed
with probability peross by independently selecting two parents using tournament selection
of size k, where the highest-scoring architecture among k population members sampled
uniformly without replacement from P is chosen as the parent. A child architecture is
then generated through edge-wise uniform crossover, where each edge e independently
inherits its operation from one of the two parents with equal probability % Otherwise,
with probability 1 — peross, a single parent is selected by tournament and copied directly
without crossover.

The entropy-guided mutation operator mitigates premature structural convergence
by preferentially perturbing edges whose operation distributions have become highly
concentrated across the population. For each edge e and operation o, let

N
Ceo = ;1[(’11‘)6 = O}

denote the number of architectures in the current population assigning operation o to edge

e, and let
Ce,0

Geo0 = N

be the corresponding population frequency. The normalized Shannon entropy of edge e
and the associated entropy deficit are defined as
1

— _ =1-— < <
H. log |O| D;Q Ge,0 10g Ge,0/ D.=1-H,, 0<H,<1,

under the convention 0log0 = 0. Edges with lower entropy therefore receive larger
deficit values and become more likely to be selected for mutation. To prevent mutation
probabilities from collapsing to zero, a small floor # = 0.05 is added to each entropy deficit,

Ue

Ljuj

ue = D + 1, TTe

where 7, denotes the normalized probability of selecting edge e for mutation. With base
mutation rate pmyut = 1/L, each edge is independently selected for mutation with probability

min(0.75, 7TeLpmut)-

The factor 7, Lpmyt redistributes mutation probability across edges according to en-
tropy while preserving the nominal mutation pressure Lpmyt since ), . = 1. Two safe-
guards modify this base rate. The cap of 0.75 prevents any single edge from receiving an
excessively large mutation probability, and, if no edge is selected, one edge is sampled from
7t so that every offspring undergoes at least one mutation step. Once an edge e is selected
for mutation, the same population counts c,, are reused to choose its new operation. The
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replacement operation is sampled from O \ {a.} with probability inversely proportional to
its current population frequency,

(Ceo+1)7 !
Yoreo\{ar} (Ceor +1)71

Pr(a, < 0) =

This choice favors operations that appear less frequently on the selected edge, with the
+1 term keeping the weight finite for operations currently absent from that edge. The muta-
tion rule therefore acts as a diversity-oriented candidate-generation bias, while population
replacement remains fitness-driven through RTS.

Each mutated offspring candidate c is then considered for population replacement
through the RTS-based windowed replacement rule. Whereas the original RTS compares
a candidate against its most similar window member to promote niching among multi-
modal solutions, here the candidate competes against the lowest-scoring window member,
which keeps the rule purely proxy-driven while preserving the restricted sampled-window
replacement structure. A window W C P of size |W| is sampled uniformly without
replacement, and the lowest-scoring member

,_ .
p" = argminy(p)
is identified.

If p(c) > p(p*), then p* is replaced by c. Otherwise the population remains un-
changed. The same RTS replacement rule is used when reinserting architectures returned by
local search. Overall, the evolutionary phase combines entropy-guided mutation with win-
dowed replacement to maintain structural diversity under strict FFC constraints. Entropy-
guided mutation increases the probability of perturbing overconcentrated edges, while the
windowed replacement rule limits replacement to sampled population windows rather
than enforcing fully global replacement.

3.4. Local Search

Every Kgen = 4 generations, EEM-NAS performs a bounded local-search pass over a
selected subset of the current population (Figure 2c).

Local-search targets are chosen by rank-plus-distance selection. The K;g = 3 local-
search targets are selected greedily from P. The first target is chosen as the highest-scoring
population member so that local refinement begins from the strongest proxy candidate.
Each subsequent target maximizes a combined rank-and-diversity score,

s(a) = rankygy (p(a)) + Tt @)

where T is the set of already selected targets, rank|y ;) maps higher proxy scores linearly
to larger normalized ranks in [0, 1], and dyy(a, b) denotes the Hamming distance between
architectures measured by the number of edges assigned different operations. The second
term acts as a structural diversity bonus, assigning larger scores to architectures that are
more distant from previously selected targets in Hamming space.

Each selected target a € T is then refined by bounded 1-flip local search within
its 24-neighbor Hamming-1 neighborhood N (), where each neighbor is generated by
changing the operation assigned to exactly one edge. Neighbors are visited in a seeded
random permutation of all elements of N7 (a), generated from a seed determined by the
current generation g and target rank r. If a better neighbor b satisfying ¢(b) > (a)
is encountered, the move is accepted and the sweep restarts from b, allowing multiple
improvements to be chained within a single call as long as the budget permits. The local-
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search call terminates when the per-call FFC budget min(by s, Bprc — FFC) is exhausted
or when the full neighborhood of the current target is scanned without finding a strictly
better neighbor. Each newly inspected neighbor consumes one FFC, while the starting
target is not double-charged within the same call. The per-call budget is set to by g = 25.
Because the starting architecture is preseeded into the per-call cache, a no-improvement
scan of all 24 neighbors costs exactly 24 new evaluations; the additional unit is available
only after an improving move restarts the scan.

The architecture returned by the local-search call is reintroduced into the population
through the same windowed replacement rule used for offspring candidates. This rein-
sertion step allows local-search outcomes to influence subsequent evolutionary search
without globally replacing the population. Because both offspring and locally refined
candidates are admitted to the population only when their proxy score is strictly higher
than that of the lowest-scoring member in the sampled replacement window, the maximum
proxy score of the retained population is non-decreasing across replacement attempts.
Overall, the local-search phase combines three elements under the shared FFC budget.
Rank-plus-distance target selection reduces repeated refinement around structurally similar
candidates, bounded 1-flip local search concentrates evaluations on small local modifica-
tions, and RTS-based reinsertion allows useful local improvements to persist when they are
competitive within the sampled replacement window.

Algorithm 1 presents the complete pseudocode, with Algorithms 2 and 3 detailing the
RTS insertion and LS target-selection subroutines.

Algorithm 1 Evaluation-Efficient Memetic NAS (EEM-NAS).

Require: proxy ¢, budget Brrc, population size N, LS period Kgen, LS targets Ky, window
size |W/|, LS budget by g
1: Initialize P with N random architectures and evaluate them

2: @< 0
3: while FFC budget remains do
4 g« g+1
5 fori=1,...,Ndo
6: if FFC budget exhausted then break
7 end if
8 Select parents by tournament selection
9: Produce child ¢ by uniform crossover and entropy-guided mutation
10: Evaluate ¢ and call RTS-INSERT(P, ¢, |W|)
11: end for
12: if ¢ mod Kgen = 0 and FFC budget remains then
13: T < LS-TARGET-SELECT(P, Kig)
14: fora € T do
15: if FFC budget exhausted then break
16: end if
17: a < first-improvement 1-flip local search from a with budget
min(bLg, BFFC - FFC)
18: RTS-INSERT(P, a’, [W|) > reinsert local-search output
19: end for
20: end if

21: end while
22: return highest-fithess member of P

https:/ /doi.org/10.3390/ electronics15153408
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Algorithm 2 RTS-INSERT.

Require: population P, candidate ¢, window size |W|
1: Sample W C P of size [W| uniformly without replacement
: p* < argminpew §(p)
if p(c) > P(p*) then
Replace p* by ¢
end if

SN

Algorithm 3 LS-TARGET-SELECT.

Require: population P, target count K
1: T < {argmax,cp ¢(a)}
2: while |T| < min(K, N) do
3 Select a* = argmax,cp\ 7 [rank[o,l] (¢(a)) + minye 7 dpg(a, b) /L]
4: T+ TU{a*}
5: end while
6: return T

EEM-NAS is invariant to order-preserving transformations of proxy scores. It uses
proxy scores only through pairwise comparisons or induced ranks, while entropy-guided
mutation depends on population operation frequencies. Therefore, under a fixed random
seed and deterministic tie handling, replacing ¢ with f o ¢ for any strictly increasing
function f preserves the search trajectory. This invariance removes sensitivity to order-
preserving differences in proxy scale, but it does not correct errors in the proxy-induced
architecture ordering.

3.5. Operating Configuration and Complexity

The primary operating configuration employs N = 10, Kgen = 4, K15 = 3, |[W| = 3,
brs = 25, and a baseline mutation pressure of 1/L per edge before entropy reweighting.
The population size N = 10 is fixed throughout the main experiments and is not treated
as a separate sweep parameter. This setting keeps the initialization cost at 10% of the FFC
budget while reserving most of the budget for reproduction and local refinement. The
local-search cap by g = 25 corresponds to one quarter of the total FFC budget (100). Because
an NAS-Bench-201 1-flip neighborhood contains L(|O] — 1) = 24 neighbors, a single
local-search call can traverse the full neighborhood without exhausting the overall budget.
For reproducibility, the tournament size is k = 5, and uniform crossover is applied with
probability peross = 0.9. If crossover is not applied, the first selected parent is copied before
mutation. The Hamming-1 local-search scan employs a random permutation of the 24
neighbors using the seed 10007 4 1317 4 7, where g denotes the generation and r denotes
the local-search target rank.

Duplicate handling follows a deliberately conservative accounting policy. The main
evaluator charges one FFC for every proxy lookup, including duplicate architecture queries
arising during reproduction or local search. Within a single local-search call, the starting
architecture is seeded into a local cache, and repeated neighbors in the same call are not
charged twice. Entropy-guided mutation employs an at-least-one-edit fallback so that, if
the Bernoulli edge mask is empty, one edge is forced to mutate.

The cost measure adopted in this study is the number of proxy evaluations, which
is strictly bounded by the FFC budget. Apart from proxy calls, each reproduction step
consists of constant-size tournament selection, uniform crossover, entropy-guided mutation
over an L = 6 edge encoding, and a replacement-window scan over |W| = 3 members.
Rank-plus-distance target selection scans only the current population, and entropy-guided
mutation uses operation counts already available within that population. Each local-search
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call is bounded by brg proxy evaluations, with the scan restarting from each accepted
neighbor. In the tabulated NAS-Bench-201 setting, proxy and test-accuracy values are
retrieved by lookup, so measured wall-clock time primarily reflects search-process over-
head. In an online setting, each FFC corresponds to one zero-cost proxy evaluation on an
untrained network, typically requiring a forward pass and, for gradient-based proxies,
one additional backward pass. Under this interpretation, the FFC budget provides an
architecture-evaluation cost abstraction that is independent of implementation-specific
lookup overhead.

4. Experimental Results
4.1. Proxy Definitions

Each run fixes one zero-cost proxy i and maximizes its scalar value under the FFC
budget. The proxy is computed from an initialized network F,(+; 8) associated with archi-
tecture a, optionally using a minibatch B = {(x;,y;)}/"; and the training loss £ when the
proxy is data-dependent. The search process observes only the resulting scalar proxy value
(a) and does not use post-training test accuracy during search. All eight proxy arrays are
precomputed before search and are used in the benchmark-provided higher-is-better orientation.

ZiCo measures the stability of layer-wise gradients through an inverse coefficient-
of-variation statistic [9]. Let gé? be the gradient of parameter j in layer ¢ measured on

minibatch or split b, and let S be the number of such splits. Define

1 S b b - 1 S

b_

The score used in this paper follows the inverse-CoV aggregation

E 4
lleCo Zlog 2 A

jiﬂé’j >0 0'[’]

Larger values indicate more stable gradient signals across minibatches or splits.
NWOT, also known as NASWOT, uses activation patterns at initialization [7]. For each
sample x;, collect binary ReLU activation indicators into a vector ¢; € {0, 1}R. The sample-
similarity kernel is
Kl]—cc (1—c)" (1—c¢j),

which counts neurons whose binary activation state agrees between samples. The proxy
score is

lPNWOT(a) = log | detK|.

Larger scores correspond to more diverse and better-conditioned activation partitions.

SynFlow is a data-free saliency proxy designed to avoid layer collapse during pruning-
style scoring [17]. Let § = |6 be the absolute-value-reparameterized parameter vector and
let 1 denote an all-ones input. With

R(a,0) = 1TF,(1;9),

the parameter saliency is

EY R lpSynFlow(a) = ZS]
]

i
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The score therefore measures gradient flow through the untrained architecture without
using labels or natural images.
Jacov scores the geometry of the input-output Jacobian [8]. Let

= vee50250)

be the flattened input Jacobian for sample 7, and let C be the sample correlation matrix built
from {J;}/* ;. If {A; } are the eigenvalues of C, the score is

¢]ac0v(a) = - Z[log(/\i' + 6) +

r

)\,—i—e]’

This penalizes degenerate Jacobian spectra and favors architectures with better-
conditioned input sensitivity at initialization.

SNIP is a first-order pruning saliency computed at initialization [18]. Introduce a
multiplicative mask m; on parameter ¢; and evaluate the gradient at m; = 1. The saliency
and network score are

L

gaz

o 0L
i 1 96;

;o snp(a) = )s;.
j

m=1

The score is large when the initialized network has many parameters whose removal
would produce a large first-order loss change.

Grad Norm directly aggregates the magnitude of loss gradients over trainable lay-
ers [8]. With W, denoting the weight tensor of layer /,

l/)GradNorm(a) = ZHVW[EHF
/

Larger values indicate stronger gradient response at initialization.
Fisher estimates channel importance from activation-gradient products [19,20]. Let
zéll)( , be activation channel k at spatial position u in layer £ for sample i. A channel saliency

1S
2

/ PEisher (@) = ) _ S0k
Tk

1 & (i) oL
sf/k = % 2 sz,k,ll (1)
i=1 u azérk,u

This score is high when the current activations and loss gradients indicate strong
Fisher-style channel sensitivity.

SWAP measures untrained-network expressivity through sample-wise activation
patterns [21]. For a minibatch {x;}" ;, each hooked rectified-linear unit u defines

(zu)i = 1 au(x;) > 0],
and the score counts distinct patterns:

Yswap(a) = [{zu:uc U}

We use the official plain score with m = 64 and average five Gaussian weight re-
initializations.

4.2. Experimental Settings

The experiments use the NAS-Bench-201 TSS encoding introduced in Section 3.1 and
illustrated in Figure 1. Architectures are evaluated on CIFAR-10, CIFAR-100, and ImageNet-
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16-120. The eight proxies defined in Section 4.1 are used throughout the experiments,
namely ZiCo, NWOT, SynFlow, Jacov, SNIP, Grad Norm, Fisher, and SWAP. Raw proxy
arrays and test accuracies are obtained from the precomputed NAS-Bench-201 benchmark
release, and no architecture is trained during search. The SWAP arrays were computed by
the authors for all 15,625 architectures with the official SWAP implementation, as described
in Section 4.1. The main comparison comprises three datasets x eight proxies X five
methods x 100 paired runs under FFC = 100. The compared methods are the final EEM-
NAS configuration, random sampling, regularized evolution, simple mutation, and a
standard genetic algorithm (GA). All the population-based baselines share the population
size, tournament size, and mutation rate used by EEM-NAS whenever the corresponding
operator is defined.

Each search run returns the proxy-maximizing architecture within the final population.
For random sampling, which has no persistent population, the returned architecture is
the best queried architecture. Under the EEM-NAS strict-better RTS replacement rule,
locally refined architectures can remain in the population when accepted by the sampled
replacement window. In addition to the returned architecture, all the architectures queried
during the run are retained for analysis. Because proxy score and post-training test accuracy
are not assumed to be monotonic, this study does not treat test accuracy as the primary
search-time outcome. As a secondary diagnostic, the unique architectures queried during
a run are ranked by the same optimized proxy, and the mean test accuracy of the top 10
is reported. This diagnostic is reported for ZiCo, SWAP, and NWOT because they show
the strongest proxy-test rank alignment among the evaluated proxies in Section 4.5. It is
reported descriptively and is never used during search.

Each experimental cell is evaluated over n = 100 paired random seeds. The seed count
was fixed before the win/tie/loss evaluation, and no seed filtering was applied. We employ
paired two-sided Wilcoxon signed-rank tests [35,36], Holm step-down correction [37],
and Cliff’s ¢ with effect-size cutoffs [38]. The 96-cell main comparison family comprises
eight proxies x three datasets x four baselines. A win indicates pyyo, < 0.05 and 6 > 0 for
EEM-NAS over a baseline, while a loss denotes the mirror case. All the remaining cells are
treated as ties.

4.3. Main Comparison with Baselines

Table 2 summarizes the main win/tie/loss comparison for fixed-proxy search under
FFC = 100. EEM-NAS records 93 wins, three ties, and zero losses across the 96 Holm-
corrected proxy—dataset-baseline comparisons; the ties occur against GA on Jacov and
regularized evolution on SWAP. No evaluated baseline achieves a Holm-significant proxy-
score improvement over EEM-NAS in any evaluated cell. Cliff’s § has a median of 0.621
and ranges from 0.038 to 0.996. The median effect is categorized as large under the adopted
effect-size thresholds [38].

Table 2. Holm-corrected win/tie/loss result at FFC = 100 (8 proxies x 3 datasets x 4 baselines;
n = 100 paired seeds). A win requires pyy,, < 0.05 and Cliff’s § > 0.

Baseline Win Tie Loss
Random 24 0 0
Reg. Evolution 23 1 0
Simple Mutation 24 0 0
GA 22 2 0
Total 93 3 0
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To examine how these aggregate outcomes distribute across individual proxy—dataset
combinations, Table 3 provides a detailed cell-level breakdown of the main comparison
results. The observed proxy-score advantages remain broadly consistent across most
evaluated settings, although the magnitude of improvement varies depending on the
proxy and search baseline. Specifically, the largest performance gaps appear on saliency-
based proxies with broader score ranges. The three unmarked cells in Table 3 are the two
Jacov—GA comparisons and the ImageNet-16-120 SWAP-regularized evolution comparison;
their mean differences do not survive correction. Because the proxy is fixed within each
comparison, performance differences reflect how each search procedure allocates the same
evaluation budget to optimize the same objective. The results show that EEM-NAS uses the
fixed proxy budget more effectively than the baselines across proxies, datasets, and search
strategies. Whether this proxy-score advantage translates into higher architecture quality
depends on how well the optimized proxy ranks architectures, which is examined for the
most rank-aligned proxies in Section 4.5.

Table 3. Per-cell final proxy scores at FFC = 100 (mean = std; n = 100). Bold marks the best mean; ¥
marks a baseline significantly worse than EEM-NAS after Holm correction. The last column gives the
mean rank across eight proxies.

Dataset Method ZiCo SWAP NWOT SynFlow
CIFAR-10 EEM-NAS 1.08 X 10° £6.05 X 10°  3.05 x 10° +8.72 x 10° 832.135 4 0.238 114.652 £ 1.330
Random 914.086 + 80.371 ¥ 2.90 x 10° +1.48 x 10* ¥ 823.898 £6.162 ¥ 107.220 £7.747 v

Reg. Evolution
Simple Mutation

1.06 x 10° +4.82 x 10' ¥
1.02 x 10° £5.51 x 10' ¥

298 x 105 +1.18 x 10* ¥
2,99 x 10° £ 1.45 x 10* ¥

831.778 £ 1.170 v
831.081 £2.611 v

112,136 £4.972 v
111183 £5.227 v

GA 1.05 x 10° £4.72 x 10" ¥ 2.99 x 10° +1.30 x 10* ¥ 831.615 + 1.566 ¥ 113.350 +3.290 ¥
CIFAR-100 EEM-NAS 1.09 x 10° +7.41 x 10°  3.03 x 10° +1.19 x 10* 831.763 & 0.279 117.032 4 1.331
Random 916.650 +79.194 ¥ 2.87 x 10° + 1.51 x 10* ¥ 823.422 +6.139 ¥ 109.513 +7.736 ¥
Reg. Evolution  1.06 x 10> £3.53 x 10' ¥ 2.98 x 10° £ 1.46 x 10* ¥ 831.201 £1.929 ¥ 114471 +£5.030 ¥
Simple Mutation 1.02 x 10> £5.62 x 10' ¥ 2.95 x 10° + 1.38 x 10* ¥ 830.182 +3.341 ¥ 112.773 + 6.100 ¥
GA 1.05 x 10% £4.55 x 10" ¥ 2,99 x 10° +1.32 x 10* ¥ 831.119 +2.124 ¥ 115.696 +3.298 ¥
ImageNet-16-120 EEM-NAS 1.09 x 10> +8.66 x 10°  7.74 x 10* 4 3.15 x 10° 742.304 =+ 0.342 113.297 4 0.188
Random 917.020 + 80.451 ¥ 7.41 x 10* +£3.35 x 10° ¥ 733.572+6.131 ¥ 106.048 +7.120 ¥
Reg. Evolution  1.07 x 10> £3.35 x 10' v 7.62 x 10* £3.18 x 10° 741.720 +1.993 ¥ 110.672 + 4.606 ¥
Simple Mutation 1.02 x 10> £5.65 x 10! ¥ 7.61 x 10* £3.45 x 10° ¥ 740.786 + 2.957 ¥ 109.719 +5.163 ¥
GA 1.06 x 10° £4.10 x 101 v 7.62 x 10* £3.10 x 10> ¥ 741478 +2.476 ¥ 111.778 £3.213 ¥
Dataset Method Jacov SNIP Grad Norm Fisher Avg. Rank
CIFAR-10 EEM-NAS —65.02540.035 3.50 X 103 £1.17 X 10>  1.87 x 10> £7.23 x 10>  1.42 x 10° & 7.37 x 102 1.00
Random —65.046 + 0.037 ¥ 711.884 + 705.877 ¥ 453.579 + 436.364 ¥ 100.309 + 319.894 ¥ 5.00
Reg. Evolution —65.044+0.037 ¥ 179 x 10 +£1.27 x 10 ¥ 1.12 x 10° +6.67 x 10> ¥ 626.961 + 758.616 ¥ 2.75
Simple Mutation —65.035+0.035 ¥ 1.18 x 10° +9.06 x 102 ¥ 878.709 + 673.429 ¥ 349.222 +592.698 ¥ 3.75
GA —65.028£0.039 1.81 x 10° £1.28 x 10° ¥ 1.03 x 10° £ 6.51 x 10> ¥ 559.724 + 706.332 ¥ 2.50
CIFAR-100 EEM-NAS —65.016 - 0.031  3.36 x 10° £1.17 X 10°  2.03 x 10° £ 7.54 X 10>  2.20 x 10° £ 2.23 x 10° 1.00
Random —65.048 +0.034 ¥ 747.611 +738.944 ¥ 446.376 + 453.075 ¥ 111.838 + 537.365 ¥ 5.00
Reg. Evolution —65.038+£0.039 ¥ 1.81x 10> +120 x 10> ¥ 1.13 x 10° +8.12 x 10> ¥ 755.081 + 1460.643 ¥ 2.50
Simple Mutation —65.031+£0.034 ¥ 137 x10° £ 1.15x 10° ¥ 871.763 + 659.838 ¥ 400.759 + 1031.570 ¥ 3.75
GA —65.034+£0.037 ¥ 1.70 x 10> £1.20 x 10 ¥ 1.02 x 10° +7.44 x 10> ¥ 648.384 - 1396.030 ¥ 2.75
ImageNet-16-120 EEM-NAS —68.870 - 0.153  4.48 x 10° £1.07 X 10°  3.09 x 10> £8.24 X 10>  2.95 x 10> +1.20 x 10° 1.00
Random —68.934+0.135 ¥ 1.11 x 10° +£7.48 x 10 ¥ 684.997 + 506.298 ¥ 143.092 + 348344 ¥ 4.88
Reg. Evolution —68.935+£0.156 ¥ 298 x 10> £1.55 x 10° ¥ 1.88 x 10° +1.11 x 10° ¥ 1.38 x 10> £1.42 x 10> ¥ 2.50
Simple Mutation —68.925+£0.160 ¥ 1.99 x 10> £1.20 x 10° ¥ 1.34 x 10° +£8.12 x 10> ¥ 565.382 = 902.668 ¥ 3.88
GA —68.908 £ 0.143 2.59 x 10° +1.45 x 10° ¥ 1.80 x 10% +1.08 x 10° ¥ 1.08 x 10° +1.29 x 10° ¥ 2.75

One potential concern is that EEM-NAS may benefit from an asymmetry in mutation
proposal handling relative to the mutation baselines. Specifically, EEM-NAS forces at least
one mutated edge when the entropy-guided Bernoulli mutation mask selects no edges,
whereas the original simple mutation and GA operators may occasionally generate no-edit
mutation proposals. To control for this effect, simple mutation and GA are additionally
evaluated using the same at-least-one-edit fallback mechanism while all the other search
operators remain unchanged. When no edges are selected for mutation, a single edge is
forcibly mutated, with both the edge and the replacement operation chosen uniformly
at random. The fairness-corrected results are summarized in Table 4. Substituting the
forced-edit variants yields 81/15/0 overall, including 18/6/0 against simple mutation
and 17/7/0 against GA. Regularized evolution changes only because Holm correction is
recomputed for this family. The 15 ties comprise eight SWAP, six Jacov, and one NWOT
cells; their mean differences are small relative to run variability, and no cell is a loss. These
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results suggest that the observed advantage is not explained solely by EEM-NAS avoiding
no-edit mutation proposals.

Table 4. Fairness-corrected result after substituting forced-edit simple mutation and GA into the
96-cell family; the other baselines and decision rule are unchanged.

Baseline Policy Win Tie Loss
Random 24 0 0
Reg. evolution 22 2 0
Simple mutation + forced edit 18 6 0
GA + forced edit 17 7 0
Total 81 15 0

4.4. Component Analysis

Figure 3 presents the primary component analysis across three stages. Local search
with reinsertion records 72/24/0, adding rank-plus-distance targeting yields 74/22/0,
and the full configuration with entropy-guided mutation yields 93/3/0 against the same
baselines under the same FFC budget. The increasingly favorable outcome counts support
the framework design across these stages; because the stages are not compared directly,
they do not isolate independent component effects.

100 A 93/3/0

[e]
o
L

74/22/0

72/24/0

o
o
L

Win rate (%) over 96-cell family
Y
o

N
o
L

Stage 1 Stage 2 Stage 3
1-flip LS + rank-distance target + entropy mutation

Figure 3. Proxy-score outcomes across the three stages over 96 baseline comparisons. Labels show
win/tie/loss counts; all stages optimize one fixed proxy per run.

As a complementary diagnostic, Table 5 reports a leave-one-out analysis using the
same initialization, FFC budget, and n = 100 paired seeds. The four ablations x 24 dataset—
proxy cells form a separate Holm-corrected family of 96 comparisons. Removing the
local-search phase, together with its target-selection step, and reallocating the freed budget
to offspring evaluation degrades the final proxy score in 18 of the 24 cells (median Cliff’s
6 = +0.424); the six non-significant cells occur on Jacov and SWAP. The other ablations
produce no Holm-significant change. Thus, the local-search phase has the largest detected
effect on final proxy score, while entropy-guided mutation is supported primarily by the
diversity diagnostics below. These ablation effects are not additive.

To examine the diversity effect of entropy-guided mutation, Table 6 compares struc-
tural diversity at FFC = 100. The uniform mutation variant keeps the same at-least-one-edit
fallback but samples the mutated edge and replacement operation uniformly. The proxy-
only LS targeting variant removes the rank-plus-distance term and selects local-search
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targets using proxy rank alone. We measure both unique queried architectures and the
retained population multiset (N = 10), separating what the search inspects from what
it keeps. Because a graph clustering coefficient requires an arbitrary adjacency thresh-
old, we instead report the interquartile range (IQR) of pairwise Hamming distances as
a threshold-free dispersion statisticc. EEM-NAS has the highest mean pairwise distance,
centroid distance, and edge entropy on both bases, whereas the IQR differences are small
and overlap in standard error on the queried basis. These results are descriptive diagnostics
rather than guarantees on the entropy of the accepted population.

Table 5. Leave-one-out component analysis at FFC = 100 over 24 dataset—proxy cells (n = 100
paired seeds). Win means that full EEM-NAS is higher with ppon, < 0.05 and 6 > 0 within this
96-comparison family. The local-search ablation also inactivates its target-selection step; global-worst
replacement is applied to both offspring insertion and local-search write-back.

Median §
Removed Component Win Tie Loss [Q1, Q3]
Local-search phase 18 6 0 +0.424 [+0.266, +0.508]
Entropy-guided mutation 0 24 0 —0.022 [-0.066, +-0.001]
Rank-plus-distance targeting 0 24 0 +0.009 [-0.010, 4+-0.029]
Restricted replacement window 0 24 0 —0.030 [—0.048, +0.043]

Table 6. Structural diversity at FFC = 100 (mean + one standard error over 24 dataset—proxy cell
means; n = 100 seeds per cell). IQR is a dispersion statistic and is not ordered as “higher is better.”

Variant Pairwise dg (Mean) Pairwise dg IQR) Centroid Distance Edge Entropy
Queried architectures

EEM-NAS 3.697 +0.014 1.875 £ 0.020 3.655 +0.014 0.750 4 0.002
Uniform 3.613 £ 0.011 1.852 £ 0.018 3.571 +0.011 0.733 + 0.002
mutation

Proxy-only

LS target- 3.654 + 0.012 1.883 £0.021 3.611 +0.012 0.744 4+ 0.002
ing

Retained population

EEM-NAS 2.507 +0.041 1.506 £+ 0.046 2.256 + 0.037 0.398 4+ 0.006
Uniform 2.240 - 0.038 1.471 + 0.042 2.016 = 0.034 0.350 = 0.006
mutation

Proxy-only

LS target- 2.468 4 0.035 1.489 £ 0.039 2.221 4 0.032 0.392 4- 0.005
ing

In addition to the final diversity statistics, Figure 4 tracks the four indicators over the
queried architectures throughout the search process. EEM-NAS and uniform mutation
share the same initialization phase, so both start from the same values at FFC = 10. After
reproduction and local refinement begin, EEM-NAS maintains higher edge entropy over the
queried architectures than uniform mutation throughout the search horizon. At FFC = 50,
the macro-average entropy is 0.798 for EEM-NAS and 0.772 for uniform mutation. By
FFC = 100, the corresponding values remain 0.750 and 0.733, respectively. This trajectory
supports the interpretation that entropy-guided mutation maintains broader diversity
among the queried architectures during low-budget search.

Figure 5 shows the same indicators for the retained population. At FFC = 100,
EEM-NAS exceeds uniform mutation by 0.267 & 0.015 in mean pairwise distance and
0.047 £ 0.003 in edge entropy, confirming that the queried-set result is also present in the
maintained population.
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Diversity trajectories — queried basis (24-cell macro-average, +1 SE)
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Figure 4. Diversity of unique queried architectures over FFC for three variants, macro-averaged over

24 dataset—proxy cells (n = 100); bands show +1 standard error.

Diversity trajectories — retained basis (24-cell macro-average, +1 SE)
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Figure 5. Retained-population diversity over FFC for three variants, macro-averaged over 24 dataset-

proxy cells (N = 10 and n = 100); bands show +1 standard error.

4.5. Proxy Alignment and Accuracy Diagnostic

Figure 6 shows the proxy-test rank alignment of the eight evaluated zero-cost proxies

on NAS-Bench-201 TSS. ZiCo, SWAP, and NWOT have the three highest mean Spearman
correlations and are therefore used for the test-accuracy diagnostic.
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Spearman correlation with test accuracy (15,625 archs)

Figure 6. Proxy-test Spearman correlation over all 15,625 TSS architectures. Bars show three-dataset
means and markers show individual datasets.

We descriptively split the eight proxies at the median dataset-mean Spearman correlation
(o = 0.4619): ZiCo, SWAP, NWOT, and Jacov form the higher-alignment stratum, and the
remaining proxies form the lower stratum. The split is not a proxy-quality threshold. Table 7
reports the resulting alignment-stratified re-aggregation.

Table 7. Alignment-stratified re-aggregation at FFC = 100. W/T/L decisions and effect sizes are
inherited from the original 96-cell family; no tests are recomputed within strata.

Al S Proxy-Dataset . ) W/T/L Me;liar;&
ignment Stratum Conditions omparisons [Q1, Q3]
Higher (mean p > 0.4619) 12 48 45/3/0 +0.415[+0.241, +-0.614]
Lower (mean p < 0.4619) 12 48 48/0/0 +0.693 [+0.623, +-0.869]
Total 24 96 93/3/0 -

The higher- and lower-alignment strata yield 45/3/0 and 48/0/0, respectively,
with positive median effects. This descriptive split shows that proxy-score gains are not
confined to higher alignment, but it does not test between-stratum differences. To comple-
ment this alignment-based view, Table 8 descriptively re-aggregates the same comparison
family by proxy signal category.

Table 8. Descriptive re-aggregation by proxy signal at FFC = 100. W/T/L decisions and effects are
inherited from the 96-cell family; no within-category tests are recomputed. The one-proxy Jacobian
category precludes broad family generalization.

Proxy-Dataset

Signal Category  Proxies Comparisons W/T/L Median §

Conditions
Gradient-related 5 15 60 60/0/0 +0.693
Activation-based 2 6 24 23/1/0 +0.376
Jacobian-based 1 3 12 10/2/0 +0.242
Total 8 24 96 93/3/0 -

The gradient-related, activation-based, and Jacobian-based categories yield 60/0/0,
23/1/0, and 10/2/0, respectively. Because Jacov is the only Jacobian proxy, these descrip-
tive values do not establish family-level differences. These analyses concern fixed-proxy
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optimization. The separate accuracy diagnostic uses ZiCo, SWAP, and NWOT solely
because they have the three highest mean correlations.

Figure 7 presents the proxy-ranked top-10 accuracy diagnostic on ZiCo, SWAP,
and NWOT. For each run, the unique queried architectures are ranked by the same proxy
optimized during that run, and the test accuracies of the top-10 architectures are aver-
aged. This diagnostic examines whether the high-proxy region discovered during search
also contains architectures with high measured test accuracy. EEM-NAS has the highest
observed top-10 accuracy in six of nine conditions and the highest nine-condition macro-
average. Its largest exception is SWAP on ImageNet-16-120, where it trails the best mean
by 0.40 percentage points.

Top-10 queried-archive accuracy (mean + SE, n=100)
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Figure 7. Proxy-ranked top-10 average test accuracy among the architectures queried at FFC = 100
under ZiCo, SWAP, and NWOT. Each bar averages the per-run top-10 diagnostic over n = 100 paired
random seeds, with standard-error bars. The top 10 are selected using the same proxy optimized by
the corresponding run.

We extend the accuracy diagnostic to all eight proxies using the same n = 100 paired
seeds. The eight proxies x three datasets x four baselines = 96 comparisons form a
separate Holm-corrected family. Table 9 reports 23/25/0 in the higher-alignment stratum
and 5/27/16 in the lower-alignment stratum despite the 48/0/0 lower-stratum outcome
on final proxy score. Thus, improved fixed-proxy optimization does not reliably translate
into higher downstream accuracy when proxy-test alignment is weak. The stratum-level
summaries are descriptive, and no between-stratum inferential test is performed.
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Table 9. Alignment-stratified proxy-ranked top-10 accuracy at FFC = 100. The 96 cell-level com-
parisons form a separate Holm-corrected paired family. Win/loss denotes a Holm-significant pos-
itive/negative EEM-NAS effect; all remaining cells are ties. Stratum-level W/T/L and Cliff’s §
summaries are descriptive.

Proxy-Dataset Median &
Alignment Stratum Conditions  Comparisons W/T/L [Q1, Q3]
Higher (mean p > 0.4619) 12 48 23/25/0 +40.264 [+0.026, +0.475]
Lower (mean p < 0.4619) 12 48 5/27/16 —0.248 [—0.344, —0.078]
Total 24 96 28/52/16 -

4.6. Budget Sensitivity Analysis

To examine whether the FFC = 100 operating point remains stable across nearby
budgets, we sweep the per-run FFC budget from 50 to 150 in steps of 10 on ZiCo, SWAP,
and NWOT, the three most rank-aligned proxies identified in Section 4.5. The sweep focuses
on the low-budget range around the FFC = 100 main comparison, where the difference
between search procedures remains visible. At larger budgets, the inter-method margins
become smaller as more architectures can be queried. Figure 8 shows the running-best
ZiCo score over n = 100 paired random seeds. At FFC = 100, EEM-NAS is ahead of the
strongest baseline mean by approximately 23-27 ZiCo points across the three datasets.
EEM-NAS achieves the highest mean ZiCo score in 32 of the 33 evaluated dataset-budget
settings, the only exception being CIFAR-100 at FFC = 50, where regularized evolution is
higher by 7.0 ZiCo points.

FFC budget curve — ZiCo (mean + SE, n=100)
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Figure 8. Running-best ZiCo proxy score versus FFC budget on the three NAS-Bench-201 datasets.
Each curve indicates the mean over n = 100 paired random seeds for FFC values from 50 to 150 in
steps of 10, with shaded bands at &1 standard error of the mean. Color, line style, and marker shape
are varied jointly per method so that overlapping segments remain distinguishable. This sweep is
a budget-sensitivity diagnostic and is separate from the 96-cell Holm-corrected FFC = 100 main
comparison family.

Figure 9 reports the budget sweep on SWAP. At FFC = 100, EEM-NAS is ahead of the
strongest baseline mean by approximately 1.1 x 10° to 5.9 x 10®> SWAP-score units across
the three datasets. EEM-NAS achieves the highest mean SWAP score across all 33 evaluated
dataset-budget settings.

Figure 10 extends the budget sweep to NWOT. At FFC = 100, EEM-NAS is ahead
of the strongest baseline mean by approximately 0.36-0.58 NWOT-score units across the
three datasets. EEM-NAS achieves the highest mean NWOT score across all 33 evaluated
dataset-budget settings. The NWOT margins are numerically smaller than those of ZiCo
because the NWOT score scale is more compressed. Nevertheless, the same trend persists
across the sweep, indicating that the observed budget sensitivity is not specific to ZiCo.
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FFC budget curve — SWAP (mean + SE, n=100)
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Figure 9. Running-best SWAP proxy score versus FFC budget on the three NAS-Bench-201 datasets.
Each curve shows the mean over n = 100 paired random seeds for FFC values from 50 to 150 in steps of
10, with shaded bands at &1 standard error of the mean. The same sweep protocol as Figure 8 is used.

FFC budget curve — NWOT (mean + SE, n=100)
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Figure 10. Running-best NWOT proxy score versus FFC budget on the three NAS-Bench-201 datasets.
Each curve shows the mean over n = 100 paired random seeds for FFC values from 50 to 150 in steps
of 10, with shaded bands at -1 standard error of the mean. Color, line style, and marker shape are
varied jointly per method so that overlapping segments remain distinguishable. The same sweep
protocol as Figure 8 is used.

4.7. Hyperparameter Sensitivity

The choice of the local-search period Kgen is important under FFC = 100 because the
local-search phase competes directly with reproduction for the same proxy-call budget. To
examine this sensitivity, we vary Kgen € {1,2,3,4,5,6,8} while keeping all the other EEM-NAS
settings fixed. Each point averages n = 30 paired random seeds over the three datasets for each
proxy. The seed count is reduced from the n = 100 used in the main comparison to make the
seven-point evaluation across all the proxies and datasets computationally manageable. This
analysis is diagnostic and is not included in the 96-cell Holm-corrected main comparison family.

Figure 11 indicates that Kgen = 4 provides the best overall balance between evolu-
tionary search and local refinement in this low-budget setting. Specifically, it receives 15
of the 24 cell-level best-value votes and yields the best dataset-averaged mean on five of
the eight proxies, namely ZiCo, NWOT, SNIP, Grad Norm, and Fisher. Earlier local-search
triggers spend a larger fraction of the budget on exploitation before the population has
accumulated sufficiently promising structure. Later triggers leave less budget for local
refinement after the population has been shaped by reproduction. In particular, Kgen = 8
receives no cell-level vote and reduces the ZiCo mean from 1086.52 at Kgen = 4 to 1055.75.
SWAP attains its highest dataset-averaged mean at Kgen = 1, although the differences
across the swept values remain within one pooled standard error for this proxy. Overall,
this analysis supports Kgen = 4 as the final operating point under the fixed FFC budget.

Figure 12 reports the sensitivity to the local-search budget bis. Because a no-
improvement full-neighborhood scan costs 24 new evaluations, we add by g = 24 to the
sweep grid. Values below 24 generally reduce final proxy score. Among by g € {24,25,30},
a separate Holm family of 72 paired tests detect no significant difference in any cell; median
Cliff’s 6 values are —0.002, —0.033, and —0.029 for 24 versus 25, 24 versus 30, and 25
versus 30, respectively. The adopted value 25 is therefore retained as an operating point
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that permits one post-improvement evaluation beyond a complete scan, not as a uniquely
optimal setting.

K_gen sensitivity (FFC=100, n=30 seeds, datasets pooled per proxy)
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Figure 11. Kgen sensitivity of EEM-NAS at FFC = 100. Each proxy panel reports the final proxy
score averaged over the three NAS-Bench-201 datasets and n = 30 paired random seeds per dataset.
Shaded bands denote +1 standard error over the 90 runs per point. The dashed red line marks the
final setting Kgen = 4. The final panel reports the scale-invariant cell-level best-value vote over the
24 dataset—proxy cells.

bys sensitivity with b s =24 added (FFC=100, n=30 seeds, datasets pooled per proxy)
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Figure 12. b g sensitivity at FFC = 100, averaged over three datasets and n = 30 seeds per dataset.
Swept values are equally spaced horizontally for legibility; bands show +1 standard error. The dashed
and dotted lines mark by g = 25 and 24, respectively, and the last panel reports best-value votes over
24 cells.
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4.8. Comparison with Bayesian Optimization

We compare EEM-NAS with Optuna’s default Tree-Structured Parzen Estimator
(TPE) [39,40], treating the six edges as categorical variables. Both methods optimize
one proxy for 100 FFCs on ZiCo, SWAP, and NWOT over three datasets and n = 100
seeds; random sampling is included, and the 18 comparisons form a separate Holm family.
Surrogate-fitting time is not charged. This standard TPE baseline is not a comprehensive
comparison with predictor-based BO-NAS methods such as BANANAS [41]. The resulting
comparison is summarized in Table 10.

Table 10. TPE comparison at FFC = 100 on three proxies (mean =+ std; n = 100). Bold marks the best
mean; the last two columns give Cliff’s é. All 18 comparisons are Holm-corrected wins.

Dataset Proxy EEM-NAS TPE Random Jvs. TPE J vs. Random
CIFAR-10 ZiCo 1.08 x 103 +6.05 x 10°  1.00 x 10% £+ 7.03 x 10* 914.086 +80.371  +0.848 +0.996
CIFAR-10 SWAP 3.05x10°4+8.72x10° 299 x10°+1.08 x 10* 290 x 10° £1.48 x 10*  +0.342 +0.575
CIFAR-10 NWOT 832.135 + 0.238 830.051 + 4.096 823.898 £6.162  +0.663 +0.941
CIFAR-100 ZiCo 1.09 x 10% +7.41 x 10° 1.02 x 10% £+ 6.46 x 10! 916.650 £79.194  +0.790 +0.995
CIFAR-100 SWAP  3.03 X 10° +1.19 x 10* 2.96 x 10° +1.44 x 10* 2.87 x 105 +1.51 x 10*  +0.305 +0.609
CIFAR-100 NWOT 831.763 + 0.279 828.770 + 4.699 823422 +£6.139  +0.618 +0.957
ImageNet-16-120  ZiCo 1.09 x 103 4+ 8.66 x 10° 1.02 x 10% £ 6.28 x 10! 917.020 +80.451  +0.811 +0.992
ImageNet-16-120 SWAP  7.74 x 10* £3.15 x 10° 7.55 x 10* +2.81 x 10° 7.41 x 10*£3.35 x 10>  +0.327 +0.507
ImageNet-16-120 NWOT 742.304 =+ 0.342 739.702 + 4.222 733572 +£6.131  +0.652 +0.939

EEM-NAS records 18/0/0 against TPE and random sampling, with median Cliff’s
= 0.726 (range 0.305-0.996). TPE improves on random sampling but remains below
EEM-NAS in every cell.

4.9. Cross-Space Diagnostic on NATS-Bench SSS

The main experiments are based on the NAS-Bench-201 TSS encoding. To examine
whether the EEM-NAS search process remains competitive on a different tabulated search
space, we additionally evaluate EEM-NAS and the four baselines on the size search space
(SSS) of NATS-Bench [42]. In NATS-Bench SSS, an architecture is defined by the channel
widths of five sequential layers, where each layer selects one width from eight candidate
values. This yields 8% = 32,768 architectures. The corresponding one-flip neighborhood
contains 5 x (8 — 1) = 35 neighbors, which is larger than the 24-neighbor Hamming-1
neighborhood of NAS-Bench-201 TSS but remains comparable in scale. With the local-
search cap b g = 25, one local-search call can inspect most of a one-flip neighborhood in this
space. This supports using the same local-search cap for the cross-space diagnostic. This
experiment is intended as a single-dataset diagnostic rather than a second full benchmark.
We therefore vary the search space while holding the dataset fixed to CIFAR-10. We evaluate
ZiCo, SWAP, and NWOT with online proxy computation at FFC = 100 and n = 100 paired
seeds. The 12 EEM-NAS-to-baseline comparisons form a separate Holm family.

Table 11 shows that EEM-NAS remains competitive on NATS-Bench SSS. EEM-NAS
has the highest mean for all three proxies (12/0/0 against the baselines) and the highest
observed top-10 accuracy mean in all three conditions. Consistent with the NAS-Bench-201
TSS results, this diagnostic suggests that the EEM-NAS budget-allocation strategy remains
competitive on a second tabulated space with comparable one-flip neighborhood scale.
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Table 11. NATS-Bench SSS diagnostic on CIFAR-10 with online proxies at FFC = 100 (mean =+ std).
Bold values indicate the highest mean within each proxy and metric.

Proxy Method Final Proxy Score Top-10 Acc. (%)
ZiCo EEM-NAS 302.436 + 2.523 93.01 % 0.09
Random 294.551 + 3.252 92.57 +0.13
Reg. Evolution 301.536 + 2.993 92.94+0.10
Simple Mutation 299.519 + 3.111 92.88 +0.10
GA 300.609 + 2.868 92.94 4+ 0.10
SWAP EEM-NAS 2.94 x 105 4 2.07 x 103 93.07 4= 0.12
Random 2.84 x 10° +5.39 x 10° 92.104+0.24
Reg. Evolution 2.93 x 10° +4.20 x 103 92.99 £0.13
Simple Mutation 2.89 x 10° +4.95 x 103 92.81+0.23
GA 2.92 x 10° +3.44 x 103 92.944+0.17
NWOT EEM-NAS 791.180 + 0.317 93.19 £ 0.10
Random 788.302 + 1.474 92.19 +0.21
Reg. Evolution 790.791 + 0.988 93.08 +0.13
Simple Mutation 789.868 1= 1.462 92.87 +£0.20
GA 790.778 + 0.853 93.02 +0.16

5. Discussion

The main results evaluate fixed-proxy search performance. EEM-NAS allocates a
limited proxy-evaluation budget more effectively than the compared fixed-proxy baselines,
and the 93/3/0 win/tie/loss result directly measures this objective. This result should be
distinguished from a direct claim about final architecture accuracy. A higher proxy score
is useful for architecture discovery only when the optimized proxy is sufficiently aligned
with trained test accuracy.

Let P and Ay be the proxy- and accuracy-ranked top-k sets after deterministic tie
breaking, and let D = Y;(r; — s;)%. A mismatch of g top-k items requires D > 24°, giving

PN Ay > max{o, 2% —n, k— {(D/Z)WJ }

Using D = n(n? —1)(1 — p) /6, this lower bound is zero for n = 15,625, k € {10,50,100},
and all 24 conditions; Spearman correlation alone therefore gives no nonzero top-k guaran-
tee here. The resulting normalized proxy-accuracy top-k overlaps are reported in Table 12.

Table 12. Normalized proxy—accuracy top-k overlap over 15,625 architectures. Ties use a stable
descending sort; mean p is repeated for reference.

CIFAR-10 CIFAR-100 ImageNet-16-120
Proxy Meanp k=10 k=50 k =100 k=10 k =50 k =100 k=10 k=50 k =100
ZiCo 0.791 0.00 0.00 0.04 0.00 0.02 0.10 0.00 0.12 0.17
SWAP 0.734 0.00 0.02 0.09 0.00 0.04 0.05 0.00 0.00 0.04
NWOT 0.651 0.00 0.00 0.02 0.00 0.02 0.07 0.00 0.12 0.22
Jacov 0.475 0.00 0.04 0.05 0.00 0.04 0.06 0.10 0.04 0.06
Grad Norm  0.448 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04
SNIP 0.448 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04
SynFlow 0.437 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.02
Fisher 0.405 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03

The measured overlap is also low: at k = 10, 23 of the 24 conditions are disjoint; the
only nonzero value is 0.10 for Jacov on ImageNet-16-120. Overlap increases mainly for
better-aligned proxies at k = 50 and 100, reaching 0.22 for NWOT on ImageNet-16-120.
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Thus, proxy optimization guides search toward a high-quality region but cannot guarantee
recovery of the accuracy-ranked top set.

To examine the practical consequence of this limitation, test accuracy is reported
separately as a search-level proxy-ranked top-10 diagnostic on ZiCo, SWAP, and NWOT,
the three most rank-aligned proxies in the evaluated set. It averages test accuracy over the
ten highest-proxy architectures queried by each method. It does not imply that stronger
fixed-proxy optimization resolves proxy-test misalignment for all proxies. Thus, the prac-
tical interpretation is that EEM-NAS improves the search of a fixed proxy, while the
usefulness of the discovered architectures still depends on the reliability of that proxy. The
accuracy-level stratification in Table 9 quantifies this dependence. The top-10 accuracy
advantage is concentrated in the higher-alignment stratum (23/25/0), whereas the lower-
alignment stratum yields 5/27/16. This supports reading the main result strictly as a claim
about budgeted fixed-proxy search rather than about downstream accuracy.

The component analysis further clarifies the scope of the method’s contribution. EEM-
NAS is not a new zero-cost proxy, local-search operator, crossover operator, or multi-proxy
fusion method. Instead, it is a memetic search framework that coordinates bounded local
refinement, rank-plus-distance target selection, RTS-based reinsertion, and entropy-guided
mutation under a shared proxy-evaluation budget. Figure 3 presents the results across
the three stages, while Table 5 complements them with marginal ablations on the same
paired seeds. Removing the local-search phase produces Holm-significant degradation in
18 of the 24 cells, whereas the other ablations show no detected marginal effect on final
proxy score. The diversity diagnostics over the queried architectures and the retained
population support the interpretation that entropy-guided mutation broadens the set of
architectures visited and maintained under the same proxy-call budget. These results
support the framework-level contribution of combining non-redundant refinement, selec-
tive reinsertion, and population-level exploration rather than attributing the full gain to a
single primitive.

The strict-better replacement rule yields only weak finite-budget monotonicity. If M,
is the maximum retained proxy score after g evaluations, accepted replacements cannot
remove the current maximum, and rejected proposals do not change the population; hence

Mq_H > Mq (N <g< BFFC)/ MBFFC — My > 0.

This does not guarantee strict improvement or a unique fixed point: under a constant
proxy, every initial population is absorbing. Stronger claims require assumptions on the
proxy landscape and proposal probabilities that are not made here.

The observed behavior is also tied to the geometry of the search space. The main
experiments use the NAS-Bench-201 TSS encoding, where a Hamming-1 neighborhood
contains 24 neighbors. This neighborhood size is closely matched to the local-search cap
brs = 25, allowing one local-search call to inspect a substantial portion of the immediate
neighborhood. The cross-space diagnostic on NATS-Bench SSS provides a limited check of
this design choice on a second tabulated space with a comparable one-flip neighborhood
size. In that diagnostic, EEM-NAS attains the highest mean on all three proxies and
separates clearly from random sampling. This suggests that the budget-allocation strategy is
not restricted to the NAS-Bench-201 TSS encoding alone. NATS-Bench SSS is only a limited
diagnostic on a 2.1-times-larger tabulated space with a comparable neighborhood. Much
larger spaces may weaken coverage and require retuning by s, Ki g, and Kgen or sampling the
one-flip neighborhood; performance there remains unverified. Different encodings, learned
predictors, hardware-aware objectives, and multi-objective search may also require different
search biases. The current evidence should therefore be read as a low-budget fixed-proxy
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search result centered on NAS-Bench-201 TSS with a supporting cross-space diagnostic on
NATS-Bench SSS rather than as a general statement about all memetic NAS settings.

6. Conclusions

In this study, we formulated zero-shot NAS on NAS-Bench-201 TSS as a budgeted
fixed-proxy search problem and introduced Evaluation-Efficient Memetic NAS (EEM-NAS).
EEM-NAS coordinates bounded one-flip local refinement, rank-plus-distance target selec-
tion, RTS-based reinsertion, and entropy-guided mutation under a shared proxy-evaluation
budget. The method is designed to balance targeted exploitation of promising architec-
tures with population-level exploration while retaining useful local refinements through
sampled-window replacement. At FFC = 100, EEM-NAS achieved 93 statistically signifi-
cant wins, three ties, and zero losses over the 96-cell Holm-corrected comparison family
on final proxy score. A mutation-controlled fairness diagnostic yielded a more conserva-
tive 81/15/0 result. The component analysis progresses from 72/24/0 to 93/3/0, while
the complementary leave-one-out analysis identifies the local-search phase as the largest
detected marginal contributor to final proxy score. On ZiCo, SWAP, and NWOT, the three
most rank-aligned proxies, EEM-NAS achieved the highest macro-average proxy-ranked
top-10 accuracy among the compared methods. Across all eight proxies, the corresponding
accuracy comparison yields 23/25/0 in the higher-alignment stratum and 5/27/16 in the
lower-alignment stratum. EEM-NAS also outperformed the standard TPE in all nine TPE
comparisons within the 18-comparison Holm-corrected family. The by g sweep, extended
with the exact full-sweep value by g = 24, detected no Holm-significant difference among
brs € {24,25,30} on final proxy score, so the adopted value is an operating point rather
than a uniquely optimal setting.

These results support EEM-NAS as an effective search procedure for low-budget
fixed-proxy zero-shot NAS. At the same time, the accuracy of the discovered architectures
remains proxy-dependent because stronger proxy optimization does not by itself resolve
proxy-test misalignment. Future work should evaluate the framework on larger and
non-tabulated NAS spaces, additional evaluation budgets, and online proxy-computation
settings. Another important direction is to study proxy reliability jointly with fixed-proxy
search allocation, especially when the proxy signal is weakly aligned with final architec-
ture accuracy.
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Abbreviations

The following abbreviations are used in this manuscript:

BO Bayesian Optimization

FFC Fitness Function Call

GA Genetic Algorithm

LS Local Search

EEM-NAS Evaluation-Efficient Memetic NAS

NAS Neural Architecture Search

RTS Restricted Tournament Selection

TSS Topology Search Space

NWOT Neural Architecture Search Without Training
SWAP Sample-Wise Activation Patterns

TPE Tree-Structured Parzen Estimator

ZiCo Zero-Cost Proxy Based on Gradient Coefficient Statistics
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