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B1-EZP: LLM-Guided Bilevel Program Evolution
for Ensemble Zero-Cost Proxy Discovery
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Abstract—Zero-cost proxies enable neural architecture search
(NAS) to rank candidate networks from statistics computed
at initialization, avoiding the repeated training required by
conventional performance estimation. Their efficiency, however,
comes with a reliability limitation: different proxies measure
different properties of an untrained network and often induce
inconsistent rankings across search spaces. Ensemble proxies
can combine complementary signals, but automated ensemble
discovery must determine both a discrete aggregation structure
and the continuous coefficients associated with that structure.
Searching these variables jointly makes structural quality diffi-
cult to distinguish from parameter calibration. We propose Bi-
EZP, a bilevel framework that separates the two decisions. At
the upper level, a large language model generates executable
aggregation programs over four complementary base proxies
together with program-specific parameter bounds. At the lower
level, covariance matrix adaptation evolution strategy (CMA-ES)
optimizes the continuous parameters of each fixed program on
an inner training split. The calibrated programs are compared
using Kendall’s rank correlation on a disjoint validation split, and
evolutionary selection retains structures that generalize beyond
their calibration data. The discovery phase is supervised by
benchmark architecture accuracies, whereas the resulting frozen
proxy evaluates new architectures without training them to
convergence. Experiments on NATS-Bench and Network De-
sign Spaces assess rank correlation across heterogeneous search
spaces, while experiments in the DARTS space examine its use in
downstream architecture search. The reported results show that
explicitly separating program discovery from numerical calibra-
tion provides an effective route to automated ensemble zero-cost
proxy construction within the evaluated settings. The source code
is available at: https://anonymous.4open.science/r/Bi-EZP-318D.

Index Terms—Neural architecture search, zero-shot NAS, zero-
cost proxy, ensemble proxy, bilevel optimization, large language
model, CMA-ES.

I. INTRODUCTION

Neural architecture search (NAS) replaces hand-designed
network construction with an optimization process over ar-
chitectural choices [1]. Reinforcement-learning methods [2],
[3], evolutionary search [4], [5], and differentiable optimiza-
tion [6]-[8] have all produced competitive architectures. Their
progress has also exposed a persistent bottleneck: architecture
evaluation dominates the search cost. Training every candidate
is prohibitively expensive, while weight sharing reduces but
does not remove the computational burden and can distort the
relative quality of candidates.

Zero-shot NAS addresses this bottleneck by estimating
architecture quality without full candidate training [9]. Zero-
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cost proxies extract statistics from a randomly initialized
network using a small number of forward or backward passes.
Parameter saliency [10], [11], activation patterns [12], feature
correlations [13], and gradient consistency [14] provide inex-
pensive signals that can be reused by different NAS search
algorithms. Yet these signals encode distinct inductive biases.
Large-scale evaluations show that a proxy that is informative
in one search space may be weak or even misleading in
another [15], [16]. The central difficulty is therefore not only to
design another scalar heuristic, but to combine heterogeneous
proxy evidence without committing to a brittle aggregation
rule.

Existing ensemble and automated proxy methods provide
two complementary routes. Fixed-form ensembles combine a
prescribed set of signals through voting, ranking, or param-
eterized aggregation [17], [18]. Symbolic approaches instead
search over expressions or executable programs [19]-[21]. The
former are numerically tractable but structurally restricted;
the latter enlarge the structural space but introduce structure-
dependent continuous parameters. This creates a coupled op-
timization problem. A useful program may appear weak when
evaluated with poorly chosen coefficients, whereas extensive
tuning can make a restricted structure appear competitive.
Consequently, comparing uncalibrated structures does not iso-
late the value of the aggregation rule itself.

Recent advances in large language models (LLMs) have
demonstrated capabilities beyond natural-language generation,
particularly in optimization-related tasks that require struc-
tured reasoning and executable representations. LLMs have
been investigated for generating optimization code [22], con-
structing black-box optimization benchmarks [23], and directly
producing candidate solutions for complex optimization prob-
lems [24]. These studies suggest that LLMs can serve as
flexible generators of structured optimization artifacts rather
than merely text generators. This capability is particularly
relevant to zero-shot proxy discovery, where the search object
is not only a set of numerical coefficients but also a symbolic
program specifying nonlinear transformations and interactions
among multiple proxy signals. Compared with a manually
predefined grammar, an LLM provides a more flexible struc-
tural prior that can generate diverse yet executable aggregation
expressions.

Our key observation is that symbolic structure discovery
and continuous parameter fitting play fundamentally different
roles and should therefore be optimized at different levels.
The symbolic structure determines which transformations and
interactions among base proxies are expressible, whereas its
parameter vector determines how a fixed structure behaves
on a particular discovery sample. Bi-EZP formalizes this
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distinction as a bilevel optimization problem. The upper level
searches executable aggregation programs together with their
feasible parameter domains. For every proposed program, the
lower level independently calibrates its numerical parameters
before the program receives an upper-level fitness. This nested
evaluation makes the comparison between candidate structures
conditional on dedicated parameter optimization rather than on
arbitrary initial coefficients.

Within this framework, Bi-EZP employs an LLM specif-
ically as a structural generator rather than as a numerical
optimizer or an autonomous NAS decision maker. Guided by
prompts that encourage nonlinear transformations and cross-
proxy interactions, the LLM proposes and varies candidate
aggregation programs. A parser then constrains each response
to a fixed four-proxy interface and an explicit set of finite
parameter bounds, ensuring syntactic and numerical validity.
Given a generated structure, CMA-ES optimizes its continuous
parameters within these bounds, while validation Kendall’s 7
provides the upper-level fitness for tournament selection and
elitist replacement. In this way, the LLM supplies flexible
structural diversity, whereas CMA-ES and rank-based evo-
Iutionary selection provide explicit performance-driven opti-
mization and validation.

The problem also differs from direct LLM-based architec-
ture generation [25]-[28]. Direct generation proposes one ar-
chitecture at a time, whereas proxy discovery learns a reusable
evaluation function that can score many candidates and can be
embedded in different NAS procedures. The discovery phase
uses benchmark accuracies as supervision; it is therefore not
training-free in its entirety. Once the selected program and its
parameters are frozen, however, evaluating another candidate
requires only its initialization-time proxy statistics rather than
full network training.

The main contributions of this work are summarized as
follows:

o We formulate automated ensemble zero-cost proxy dis-
covery as a bilevel optimization problem that explic-
itly decouples symbolic aggregation structure discovery
from structure-dependent continuous parameter calibra-
tion. The upper level evolves executable proxy programs,
while the lower level uses CMA-ES to optimize the
continuous parameters of each fixed structure, enabling
candidate structures to be compared after dedicated nu-
merical calibration rather than under arbitrary coefficient
settings.

o We propose a parameterized prompting mechanism that
enables LLMs to generate executable symbolic proxy
structures together with their corresponding parameter
constraints for lower-level numerical optimization. Each
generated candidate jointly specifies an aggregation pro-
gram and program-specific parameter bounds, which are
validated through an executable-code checking and cor-
rection mechanism before being passed to the CMA-
ES optimizer, thereby connecting open-ended LLM-based
program generation with bounded numerical optimiza-
tion.

e We conduct extensive experiments on NATS-Bench,
NDS, and DARTS across CIFAR-10, CIFAR-100, and

ImageNet, where Bi-EZP demonstrates competitive per-
formance in both rank-correlation evaluation and down-
stream architecture search.

II. RELATED WORK
A. Efficient Neural Architecture Search

The computational cost of candidate evaluation has shaped
the development of NAS. Early reinforcement-learning and
evolutionary approaches train large numbers of sampled net-
works [2], [4], [5]. Parameter sharing reduces this cost by
evaluating subnetworks inside a common supernet [3], while
differentiable methods relax discrete architectural choices into
continuous variables [6]-[8]. Other approaches use predictors,
partial training, or population-based optimization to allocate
evaluation effort more efficiently [29]. These methods optimize
architectures directly. Zero-shot NAS instead targets the evalu-
ation function itself, replacing learned or trained performance
estimates with statistics available near initialization.

B. Zero-Cost Proxies

Zero-cost proxies approximate architecture quality through
inexpensive properties of an untrained network [9], [15].
Gradient-based criteria extend pruning-at-initialization signals
such as SNIP and GraSP to architecture ranking [10], [11];
GradNorm and related measures summarize the magnitude
or organization of initialization gradients [15]. Activation-
based methods characterize the expressivity of randomly ini-
tialized mappings. NASWOT measures diversity in binary
activation codes [12], TE-NAS combines neural tangent kernel
conditioning with linear-region counts [30], and Zen-NAS
estimates expressivity through feature perturbations [31]. More
recent proxies exploit feature correlation, gradient consistency,
or sample-wise activation patterns, including MeCo [13],
ZiCo [14], and SWAP-NAS [32]. L-SWAG further combines
activation and gradient information for vision transform-
ers [33]. Because these criteria observe different aspects of
an initialized network, their rankings need not agree. Bi-EZP
takes this heterogeneity as the input to ensemble discovery
rather than assuming that any single signal is sufficient.

C. Automated and Ensemble Proxy Discovery

Ensemble proxies combine complementary signals to re-
duce dependence on a single heuristic. AZ-NAS integrates
multiple zero-cost measures into a unified score [17], while
ParZC learns a parameterized representation for zero-cost
prediction [34]. Per-architecture metric optimization provides
another parameterized route to combining evaluation sig-
nals [35]. These approaches show that calibration matters, but
their parameterizations restrict the forms of interaction that
can be expressed.

Automated symbolic discovery expands the candidate space.
EZNAS evolves executable proxy expressions with genetic
programming [19], Auto-Prox searches training-free predictors
for vision transformers [20], and symbolic regression has
been used to derive performance-prediction formulas from



primitive statistics [21]. ECP is the closest setting to Bi-
EZP because it combines NASWOT, MeCo, Sweet-SNIP, and
SZiCo through a fixed power-function family and optimizes its
coefficients with adaptive particle swarm optimization [18].
EvoREP [36] automatically evolves nonlinear ensembles of
multiple zero-cost proxies to obtain more reliable architecture
evaluations [36]. Bi-EZP retains this four-source basis but
changes the optimization object: the aggregation program and
its parameter bounds become outer-level variables, and each
fixed program receives an independent inner numerical cali-
bration. The distinction is therefore the separation of structural
and parametric decisions, rather than a claim that one program-
search formalism is intrinsically more compact than another.

D. LLMs for NAS and Program Search

Related work has explored several complementary ways of
automating NAS with evolutionary optimization and LLMs.
For example, LAPT [37] transfers design principles be-
tween search tasks or incorporate rapid proxy feedback into
LLM-guided architecture search [38]. More recently, LLME-
NAS [39] integrates LLM guidance into evolutionary NAS by
dynamically adapting the search fitness according to historical
optimization trajectories [39]. These studies demonstrate the
potential of both automated proxy composition and LLM-
assisted evolutionary search. Bi-EZP connects these two di-
rections but differs fundamentally in its search object: rather
than evolving a predefined combination of proxies or using the
LLM to guide the search for neural architectures, it employs
the LLM to generate syntactically structured architecture-
scoring programs. Explicit validation, CMA-ES-based contin-
uous calibration, and rank-based evolutionary selection then
determine whether a generated scoring program remains in
the population.

III. METHODOLOGY
A. Overview

Bi-EZP searches for a reusable ensemble proxy over four
precomputed zero-cost signals. The method contains two cou-
pled but separately optimized levels. The upper level explores
symbolic aggregation programs, using an LLM to initialize
candidates and to produce crossover or mutation variants. The
lower level receives one fixed program and optimizes only
its continuous parameters with CMA-ES. After calibration
on inner-training architectures, the candidate is evaluated on
disjoint inner-validation architectures. Its validation Kendall’s
T becomes the fitness used by the outer evolutionary loop.

Figure 1 illustrates this information flow. The LLM sup-
plies a candidate description H, executable structure G, and
finite parameter bounds B. Before numerical calibration, an
executable-code gate checks the abstract syntax tree, re-
quired function signature, and literal BOUNDS list. Invalid
responses undergo a limited number of correction attempts;
if all attempts fail, a fixed fallback program keeps the popu-
lation evaluable. Only validator-accepted pairs (G, B) define
candidate-specific continuous domains ©(G) for CMA-ES.
The optimizer returns a calibrated vector #* inside that do-
main, after which the complete proxy ®(-;G,0*) is assigned

a validation fitness. Thus, structural selection never compares
unchecked or uncalibrated programs.

B. Base Proxy Space
The input basis is adopted from ECP [18] and is fixed as

S= {STLIU7smCaSSS7SSZ}7 (1)

where the four signals correspond to NASWOT, MeCo, Sweet-
SNIP, and SZiCo, respectively. We select these four prox-
ies to construct a compact yet heterogeneous input basis.
They characterize an initialized architecture from comple-
mentary sources of network information: NASWOT captures
activation-pattern diversity, MeCo describes feature correla-
tion, Sweet-SNIP measures parameter saliency, and SZiCo re-
flects gradient consistency across input batches [18]. Together,
they provide activation-, feature-, parameter-, and gradient-
level views of network quality, reducing the dependence of the
aggregation function on any single architectural characteristic.
At the same time, these statistics can be obtained jointly using
a forward pass and at most two backward propagations, which
preserves the computational efficiency required by zero-shot
NAS.

This paper keeps this proxy set fixed and focuses exclusively
on discovering how these heterogeneous signals should be
transformed and combined. The objective is therefore not
to identify an optimal subset of zero-cost proxies, but to
study whether automatically discovered transformations and
interactions can yield a more effective architecture-scoring
function than manually specified aggregation rules.

1) NASWOT (spw): NASWOT provides the activation-level
component of the basis and measures network expressivity
through the diversity of binary activation patterns induced by
a mini-batch [12]. For ReLU layer r, let cgr) denote the binary
activation code of input ¢, IV,- the number of activation units,
and dy the Hamming distance. The layer kernel and network
score are

)

KD = No=du (7, e7), sp = log

R
> K
r=1

The determinant summarizes how distinctly the initialized
network partitions the sampled inputs. Unlike the remaining
gradient- or feature-related signals, NASWOT depends only
on activation patterns and therefore provides a complementary,
gradient-free view of the architecture.

2) MeCo (smc): MeCo provides a feature-level view
by quantifying redundancy in intermediate representations
through the minimum eigenvalue of a Pearson correlation
matrix [13]. Following the formulation used by ECP [18], four
channels are sampled from the C; channels of layer I:

ZL C
l
Sme = Z)\min(P(fl)) 3 (3)
=1

where f; contains the flattened sampled features and P(-)
denotes their Pearson correlation matrix. A larger minimum
eigenvalue indicates that the sampled feature directions are
less degenerate. Thus, MeCo complements activation-pattern
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Fig. 1.

Overview of Bi-EZP. The upper level proposes executable aggregation structures and parameter domains. A code-validation gate checks syntax,

interface, and bounds, applying correction attempts or a fixed fallback before a candidate reaches the lower-level CMA-ES calibration. Inner-training rank
correlation drives numerical calibration, and inner-validation rank correlation drives structural selection.

information by describing the geometry and redundancy of
learned feature representations, which have been associated
with training convergence and generalization.

3) Sweet-SNIP (sss): Sweet-SNIP supplies a parameter-
saliency perspective. SNIP estimates the importance of an
initialized parameter through the product between its mag-
nitude and loss gradient [10]. ECP further incorporates the
sweet-gradient mechanism [40], retaining gradients within a
prescribed interval:

L
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— I 00,

Here, o denotes element-wise multiplication and I{-} is an
indicator function. Whereas NASWOT and MeCo characterize
network responses, Sweet-SNIP directly measures the sensitiv-
ity of the loss to initialized parameters, providing information
about parameter importance that is not explicitly represented
by the former proxies.

4) SZiCo (ssz): SZiCo provides a gradient-statistical per-
spective. ZiCo evaluates gradient consistency by comparing
the mean gradient magnitude with its variation across input
batches [14]. ECP combines this statistic with the sweet-
gradient interval to obtain SZiCo [18]:

L
ssico= > log [ 30 E;[|0p £(X;, )] 5)
= ice, V/Var; (9 L(X;,;))
Ssz = Szico]l{o'l < ‘gg‘ < 02} . (6)

While Sweet-SNIP focuses on parameter-wise saliency, SZiCo
measures the stability of gradient information across data

batches and therefore captures a different aspect of trainability,
convergence, and generalization.

C. Parameterized Proxy Representation

For architecture 7, let

8i =[5l shien 502, 5] ™

denote its base-proxy vector. A candidate program maps a
matrix of such vectors to one scalar score per architecture.
We represent the candidate generated by the LLM as

C=(H,G,B). ®)

The textual component H records the generated rationale, G
is executable Python code implementing the aggregation rule,
and

d
B=1[LwUl,  Li<Uy, &)
k=1

defines the feasible set ©(G) of the d continuous parameters
used by that program. For a batch of n architectures, the
executable proxy is

®(S;G,0) : R x O(G) — R™. (10)

The executable interface turns open-ended generation into
an evaluable search object. Every response must contain an
“Idea” section and a “Code” section. The code must define
a nonempty literal list BOUNDS and exactly one synchronous
function

aggregate (s_naswot, s_meco, s_zico,

S_ssnip, params).



The four proxy arguments are one-dimensional arrays with
a shared architecture dimension; params supplies the values
optimized by CMA-ES. The intended return value is one finite
score vector of the same length.

Before evaluation, an abstract-syntax-tree parser checks
Python syntax, the exact function signature, the absence of
variable or keyword-only arguments, and a literal list of finite
numerical bound pairs. Rejected responses are returned to the
LLM together with the validation error for a limited number
of correction attempts. If all attempts fail, the implementation
inserts a fixed four-proxy weighted-sum candidate so that
the population remains evaluable. Runtime failures, nonfinite
outputs, and undefined rank correlations receive a penalty.

The resulting structural space is operational rather than a
closed symbolic grammar: it is induced jointly by the prompt,
the LLM, and the validator. The current parser constrains
the interface and bounds but does not impose an opera-
tor whitelist, a maximum expression depth, or an explicit
complexity penalty. This distinction matters because Bi-EZP
searches executable programs under interface constraints; it
does not enumerate a finite set of algebraic trees.

D. Bilevel Discovery Objective

Let the supervised discovery set be
DY = {(Si7ai)}z]'vzl7 1D

where a; is the benchmark accuracy of architecture i. The
discovery pool is partitioned into disjoint inner-training and
inner-validation subsets,

= (Strai’ru Atrain) 5

The implementation uses an 80/20 split inside the sampled
discovery pool. Architectures outside that pool form the sub-
sequent evaluation set.

For fixed (G, B), the lower level selects parameters that
maximize rank agreement on Di,qip:

0* (g7 B) S arg Igleaé( T((I)(Strain; g7 9)7 Atrain) .

Dtrain Dval = (Svah Aval)- (12)

13)

The upper level evaluates the calibrated program on D,,,; and
searches over the validator-accepted candidate space Q:

*BY) € ®(Sya1;G,07(G,B)),
(GB%) € org s A(¥(S0s6,0°(G, )

Aval)-

Kendall’s 7 is used at both levels because the proxy is
evaluated by the ordering it induces, not by calibrated predic-
tion error. The two levels nevertheless receive different data
and optimize different variables. The inner objective fits the
numerical behavior of one fixed structure, whereas the outer
objective compares calibrated structures by validation ranking.
This separation prevents the outer loop from preferring a
program merely because its initial coefficients happen to be
favorable.

The bounds are part of the outer decision because different
programs can require different parameter dimensionalities and
numerical domains. Accordingly, a structural mutation may
change the functional form, the number of parameters, their

(14)

bounds, or several of these properties together. The inner
solver is reinitialized for each accepted offspring; optimized
parameters are not inherited across incompatible structures.

E. LLM-Guided Structural Evolution

At outer generation ¢, Bi-EZP maintains a population

p) :{<Hi’gi’6i>€;‘<7fi> z}ilv 15)
where f; is the validation Kendall correlation of the calibrated
program. Initialization requests P independent candidates
from a common prompt. Each valid candidate is calibrated
on Dy,qin before its first fitness is computed on D4, S0 the
initial population follows the same nested evaluation protocol
as later offspring.

Parent selection uses tournaments of size three among
candidates whose fitness is valid. With probability P., two
selected parents are inserted into a crossover prompt that
requests a new program combining or modifying their mathe-
matical components. Otherwise, one parent is inserted into a
mutation prompt that requests a targeted structural change,
such as a different nonlinear transformation or interaction.
Both operators must return the same executable interface and
a compatible BOUNDS list.

The numerical fitness does not appear directly in the
crossover or mutation prompt. It influences generation through
tournament selection: better validated structures are more
likely to supply the code shown to the LLM. Likewise, the
stored rationale H is retained for logging but is not supplied
as persistent semantic memory to later prompts. The LLM
therefore acts as a prompt-conditioned program proposal and
variation operator. Structural survival is determined by external
execution, CMA-ES calibration, and validation correlation.

Every generation produces P offspring. After validation
and lower-level calibration, parents and offspring are merged,
sorted by f;, and truncated to the best P candidates. This elitist
(P + P) replacement retains the strongest programs found
so far while maintaining continued exploration through newly
generated code. The process terminates after a fixed number
of outer cycles, and the highest-fitness calibrated candidate is
returned.

F. Lower-Level Parameter Adaptation via CMA-ES

Once the LLM formulates the mathematical tuple (#, G, B),
the hypothesis space is strictly bounded. Identifying the op-
timal continuous coefficients within this specific parameter
manifold ©(G) is subsequently delegated to the Covariance
Matrix Adaptation Evolution Strategy (CMA-ES) [41]. We use
CMA-ES because its derivative-free covariance adaptation is
compatible with the rugged, non-differentiable, and potentially
ill-conditioned rank-correlation objective.

The lower-level optimization is meticulously initialized
based on the explicit priors B mapped by the LLM. For
an n-dimensional parameter space bounded by the Cartesian
product B = []7"_, [L;, U;], the initial search distribution mean

m(9) is geometrically centered within the bounds, and the



initial global step size o(°) is scaled proportionally to the
average boundary range:

L+U 1 &
0) — ) — —
m 5 O max <4n E (U; — L;),0.01

i=1
(16)

At generation g, CMA-ES samples a population of A
parameter vectors from a multivariate normal distribution
parameterized by the current mean m(9) and covariance matrix

C(g):
0D @ 1 50N (0,O<9)) fork=1,...,A (17)

To rigorously evaluate each sampled parameter vector
0k, the framework computes the composite proxy scores
D(Strain; G, 0y) strictly on the inner-training set Dyyqip. Be-
cause LLM-generated symbolic expressions may occasionally
produce undefined mathematical operations, we introduce a
strict penalty mechanism. The objective function minimized
by the lower-level solver is defined as:

— <I>Smm; 79 7-Arain7
c(ek)={MT( (Straini G 0): Aurin)

if @ is valid
(18)
where M is a large penalty scalar that immediately forces
the evolutionary trajectory away from mathematically unstable
parameter regions. Based on the p best-performing parameter
vectors, CMA-ES updates the covariance matrix C'9+1) using
both rank-y4 and rank-1 updates. The complete algorithmic
implementation is formalized in Algorithm 2.

G. Nested Search Procedure

Algorithm 1 summarizes the interaction between the two
optimization levels. The essential ordering is calibration before
structural comparison. A newly generated program is first
checked for syntactic and interface validity. CMA-ES then
optimizes the parameters defined by its own bounds using
only Diyqin. The resulting parameter vector is frozen while
the program receives its outer fitness on D,4;. Only this
validation fitness participates in tournament selection and
elitist replacement.

This ordering prevents validation information from entering
the numerical objective of CMA-ES. It also ensures that a
program is never carried into the population with an unevalu-
ated parameter vector. If code generation fails repeatedly, the
fallback candidate passes through the same lower- and upper-
level evaluation path; it is not assigned a privileged fitness.
Algorithm 2 gives the lower-level procedure used for each
accepted candidate.

H. Discovery Protocol and Frozen-Proxy Evaluation

Bi-EZP distinguishes proxy discovery from subsequent
proxy use. Discovery is supervised: benchmark accuracies in
Airqin guide CMA-ES, and benchmark accuracies in A,y
guide structural selection. Describing the complete discovery
process as training-free would therefore be inaccurate. The
zero-cost property applies after discovery, when G* and 6*

if @ yields NaN/Inf 18:

Algorithm 1 The Proposed Framework of Bi-EZP
Input: Dyygin, Dyar, population size P, outer cycles T,
crossover probability P,
Output: (H*, G* B*,0%)
: PO < LLM-INITIALIZE(P)
. for each (H;,G;, B;) € PO) do

1
2

3 (Gi, B;) < VALIDATE-OR-CORRECT(G;, B5;)
4 9: — CMA—ES(QM BZ', Dtrain)

5: fi <_7—(@(81)(1[;g7,'79;k)a-‘Aval)
6

7

8

9

: end for
:fort=0to T —1do
0«0
for j =1to P do
10: p1 < TOURNAMENTSELECT(P(®))
11: if rand() < P, then
12: Do — TOURNAMENTSELECT(P(t))
13: ¢ <~ LLM-CROSSOVER(G,,, Gp, )
14: else
15: ¢ +— LLM-MUTATION(Gp, )
16: end if
17: ¢ < VALIDATE-OR-CORRECT(c)
Gj — CMA‘ES(gw Bw Dt'r‘uin)

19: fc — T((I)(Sval; gm 9:), Aval)

20: O+~ 0U{(c,0; fo)}

21:  end for

22:  PtFY « TorP(P®) U Q)

23: end for

24: return the highest-fitness member of P(T)

have been fixed and the resulting proxy scores a candidate
network from initialization-time statistics.
The evaluation protocol first samples a discovery pool from
a benchmark search space, then partitions that pool into the
inner-training and inner-validation subsets used by the two
optimization levels. Architectures outside the discovery pool
are reserved for final evaluation. For an architecture z in this
held-out set, evaluation computes the four base proxies and
applies
$(z) = O(s(x); G*,0%).

Neither the aggregation structure nor its parameters are up-
dated during this stage. Cross-space or cross-dataset evaluation
follows the same requirement: the complete proxy must be
frozen before scores from the target setting are observed.

The distinction also clarifies the role of the DARTS ex-
periments. Bi-EZP does not replace the architecture-search
algorithm. It provides the search procedure with an evaluation
signal that ranks candidate architectures without training each
candidate to convergence. The cost of discovering this signal
is incurred once, whereas the frozen aggregation program can
subsequently score many architectures wherever the required
base proxies are available.

19)

1. Computational Characteristics and Scope

For population size P and T outer cycles, the procedure
evaluates P(T + 1) candidate programs when every cycle
produces a full offspring population. With at most r generation



Algorithm 2 Lower-Level Parameter Calibration via CMA-ES
Input: Decoupled Sub-tuple (G, B) where B =[], [L;, U],
Inner-training data Divgin =  {Strain, Atrain}, Max
evaluations F,, 4.

Output: Optimal

continuous parameters

1: Initialize:

2: Extract bounds L, U from Cartesian product 5

3 m (L + U)/2

4: 0 < max (ﬁ Zz(Ul — LZ),OO].)

5: C + I,xn % Initial covariance matrix

6: e+ 0 % Evaluation counter

7. while e < E,,,, and not converged do

8:  Sample X offspring: 6, ~ m + oN(0,C) for k =
...,

9: fork=1to \do

10: 0 < Chp(&k, L, U)

boundaries B

% Enforce explicit LLM

11: Compute proxy scores s = ®(Sirain; G, Ok)

12: if s, contains NaN or Inf then

13: L(0r) < 999.0 % Penalty for instability
14: else

15: 7 < KendallTau(sg, Atrain)

16: L(O) +1—7k

17: end if

18: e<e+1

19:  end for

20:  Sort the population such that £(61.)) < L(62.)) - <
L(0x:)

21:  Update mean m using the top u vectors: m <—
Dieq Wibi:n

22:  Update global step size o using cumulative step-size
adaptation

23:  Update covariance matrix C' using rank-p and rank-1
updates

24: end while

25: Return 6* < 0;., % Best evaluated parameters

or correction attempts per candidate, the number of LLM
requests is bounded by rP(T + 1). If CMA-ES is limited to
E,,q: objective evaluations for each candidate, the inner level
performs at most E,,q, P(T + 1) aggregation evaluations on
the discovery training split. The total discovery cost there-
fore combines LLM inference, base-proxy extraction for the
discovery architectures, repeated aggregation evaluation inside
CMA-ES, and validation evaluation of calibrated programs.

The principal modeling assumption is that the four fixed
base proxies contain complementary information that an ag-
gregation program can exploit. Bi-EZP does not establish that
this pool is optimal, nor does it penalize program complexity
explicitly. Moreover, the executable search space depends on
the language model, prompt, decoding behavior, and valida-
tor. Reproducible use therefore requires reporting the LLM
version, decoding configuration, random seeds, population
and cycle counts, correction and fallback rates, CMA-ES
budget, data partitions, and the final generated program with

its optimized parameters.

The current implementation validates syntax, interface
shape, and finite parameter bounds, but it does not enforce
a closed operator grammar or reject semantically duplicate
programs. These choices favor structural flexibility at the cost
of a less sharply characterized search space. The empirical
claims in this work are consequently restricted to the supplied
four-proxy basis, the reported benchmarks, and the evaluated
discovery and transfer protocols.

IV. EXPERIMENTAL STUDIES
A. Datasets and Search Space

To comprehensively evaluate the proposed framework and
the discovered ensemble proxies, we conduct extensive ex-
periments across diverse, well-established architectural search
spaces and image classification datasets.

Search Spaces for Rank Correlation Evaluation. To rigor-
ously assess the effectiveness of the generated zero-cost prox-
ies, we measure the Kendall’s rank correlation coefficient (7)
between the proxy scores and the ground-truth test accuracies.
For this evaluation, we utilize two prominent benchmarks:
NATS-Bench [42] and the Network Design Spaces (NDS)
[43]. NATS-Bench provides a standardized environment con-
taining both topology-based and size-based search spaces with
fully trained ground-truth performances, allowing for precise,
reproducible correlation analysis. NDS offers a broader set
of network families (such as ResNet and ResNeXt variants),
enabling us to test the structural generalization capacity of our
composite proxies across highly heterogeneous architectural
topologies.

DARTS Search Space. In addition to the benchmarks, we
apply our automated proxy evaluation framework to the widely
adopted DARTS search space. Evaluation within the continu-
ous relaxation of DARTS tests whether the discovered proxy
can serve as an architecture-ranking signal in a downstream
search procedure.

Datasets. The evaluations across these search spaces are
conducted on three standard visual recognition datasets:
CIFAR-10, CIFAR-100 [44], and ImageNet. CIFAR-10 and
CIFAR-100 serve as the primary datasets for extracting ini-
tialized network statistics, conducting the structural evolution
of the proxies, and performing the lower-level numerical
calibration. To further verify the robust transferability and
large-scale generalization of the architectures discovered via
our optimized proxies, we extend our final evaluations to the
high-resolution, large-scale ImageNet dataset.

B. Implementation Details

To ensure a fair and consistent comparison, the dataset
configurations and evaluation protocols strictly follow the
experimental settings established in prior ensemble proxy
research [18]. Specifically, to construct the fitness evaluation
datasets, we randomly sample 1,000 architectures along with
their corresponding accuracies on the second training set for
the NATS-Bench tasks. For the NDS search spaces, a subset
of 500 architectures is sampled for fitness evaluation. To
construct the fitness evaluation set within the open-domain



DARTS search space, a random subset of 100 architectures
and their corresponding accuracies on the CIFAR-10 second
training set was sampled. Following the configuration in [18],
[45], the search process on the DARTS space entails 10 search
and 100 validation iterations. The discovered architectures are
subsequently evaluated using the standard DARTS training
pipeline [6]. During the proxy extraction phase across all tasks,
the input batch size is set to 128. Furthermore, for the gradient-
based base proxies (i.e., SSNIP and SZiCo), the sweet gradient
intervals are uniformly set to [le — 4, le — 3] for the NATS-
Bench and NDS benchmarks. For the DARTS search space,
these intervals are adjusted to [le — 5, 1e — 2] for CIFAR-10
and [5e — 5, 1e — 4] for ImageNet.

For the proposed bilevel optimization framework, the upper-
level structural evolution, which is driven by the Large
Language Model (LLM), maintains a population size of 20
individuals. Specifically, GLM-4.7-Flash [46] is employed
as the underlying LLM in our experiments. The structural
evolutionary search is conducted over a maximum of 20
generations. In the lower-level numerical calibration phase, the
Covariance Matrix Adaptation Evolution Strategy (CMA-ES)
is configured according to standard CMA-ES hyperparame-
ter settings. The continuous parameter optimization strictly
adheres to the boundaries generated by the LLM, with the
maximum number of fitness evaluations for CMA-ES capped
at 1,500 per structural hypothesis.

The implementation initializes the Python, NumPy, and
PyTorch random-number generators with seed 1 before ar-
chitecture sampling and proxy discovery. CMA-ES is in-
voked without a separate optimizer seed, and no deterministic
seed is passed to the LLM APIL. LLM requests use the
ZhipuAl v4 chat-completions endpoint with the model iden-
tifier glm-4.7-flash, temperature 1.0, disabled thinking,
and non-streaming output. Top-p and the maximum output-
token budget are not set explicitly and therefore follow the API
defaults. Generated responses are parsed and checked using the
validation and correction procedure described in Section III-C.

C. Experimental Analysis

This section evaluates Bi-EZP across established neural ar-
chitecture search benchmarks and open-domain search spaces.
The experiments examine rank correlation, transfer across
datasets and search spaces, sensitivity to design choices, and
use of the proxy in downstream architecture search.

1) Experimental Result in Rank Correlation Across NAS
Benchmarks: The Kendall’s rank correlation coefficient (7)
serves as the primary metric for evaluating the ranking fidelity
of zero-cost proxies, measuring the consistency between proxy
predictions and ground-truth test accuracies. Table I presents
a comprehensive comparison on the NATS-Bench benchmark,
covering both topology-based (TSS) and size-based (SSS)
search spaces.

Bi-EZP achieves the highest rank correlation among the
compared methods under the reported protocol. Relative to
ECP, Bi-EZP increases the TSS 7 score from 0.782 to 0.809
on CIFAR-10, from 0.771 to 0.791 on CIFAR-100, and from

TABLE I
SCORE-ACCURACY CORRELATION COMPARISON ON NATS-BENCH.

NATS-Bench-TSS NATS-Bench-SSS

Method
C-10 C-100 IN-16 C-10 C-100 IN-16
ZiCo [14] 0.604 0.593 0.589 0.709 0.536 0.719
Zen-Score [31] 0.236 0.236 0.277 0.500 0.520 0.690
SWAP [32] 0.641 0.664 0.613 0.502 0.233 0.430
GradNorm [15]  0.466 0.474 0.429 0.524 0.338 0.512
SynFlow [47] 0.581 0.568 0.561 0.610 0.600 0.390
ePADS [48] 0.641 0.652 0.620 0.384 0.137 0.351
NASWOT [12] 0.604 0.622 0.601 0.430 0.184 0.403
NI [49] 0.508 0.517 0.481 0.722 0.468 0.667
GradSign [50] 0.619 0.600 0.593 0.210 0.160 0.040
NTK [30] -0.349  -0364 -0.321  0.200 0.618 0.423
GraSP [11] 0.385 0.388 0.395 -0.090 0.010 0.290
SNIP [10] 0.472 0.474 0.433 0.420 0.460 0.570
AZ-NAS [17] 0.741 0.723 0.710 0.581 0.350 0.531
#Params 0.576 0.552 0.519 0.190 0.210 0.380
#FLOPs 0.541 0.517 0.487 0.530 0.540 0.650
MeCo [13] 0.730 0.711 0.669  -0.601 -0.717 -0.581
MeCoopt [13] 0.691 0.712 0.689 0.674 0.641 0.617
ParZC [34] 0.706 0.743 0.699 - - -
&-GSNR [51] 0.661 0.658 0.608 - - -
EZNAS-A [19] 0.650 0.650 0.610 - - -
ECP [18] 0.782 0.771 0.740 0.771 0.722 0.806
Bi-EZP 0.809 0.791 0.775 0.792 0.733 0.826
TABLE II
SCORE-ACCURACY CORRELATION COMPARISON ON NDS SEARCH
SPACES.

Method DARTS ENAS PNAS NASNet Amoeba
ZiCo [14] 0.345 0.197 0.195 0.087 -0.019
SWAP [32] 0.446 0.345 0.342 0.266 0.138
GradSign [50] 0.537 0.424 0.396 0.290 0.250
NASWOT [12] 0.480 0.387 0.363 0.299 0.208
ePADS [48] 0.507 0.485 0.429 0.404 0.374
SynFlow [47] -0.001 -0.092  -0.090 -0.191 -0.001
EZNAS-A [19] 0.560 0.520 0.510 0.440 0.450
#FLOPs 0.500 0.413 0.395 0.288 0.238
#Params 0.493 0.411 0.387 0.289 0.241
AZ-NAS [17] 0.416 0.446 0.375 0.396 0.368
NI [49] 0.305 0.327 0.268 0.278 0.114
£-GSNR [51] 0.547 0.440 0.403 0.313 0.226
ParZC [34] 0.503 0.506 - 0.385 -
MeCo [13] 0.204 0.122 0.095 0.072 0.102
MeCoopt [13] 0.486 0.403 0.375 0.314 0.188
GradNorm [15] 0.227 0.055 0.109 0.080 -0.116
ECP [18] 0.568 0.512 0.476 0.468 0.406
Bi-EZP 0.621 0.582 0.551 0.519 0.511

0.740 to 0.775 on ImageNet-16-120. On SSS, the correspond-
ing correlations increase from 0.771 to 0.792 on CIFAR-10
and from 0.806 to 0.826 on ImageNet-16-120.

ECP already employs an automated symbolic-regression
mechanism for proxy discovery. These results are consistent
with a benefit from separating symbolic structure search and
continuous parameter calibration under the reported protocol.
The bilevel formulation is intended to reduce the coupling
between structural comparison and coefficient calibration; the
comparison does not establish that the gain arises from pro-
gram representation, operator choice, or expression size.

Bi-EZP also obtains higher rank correlations than the re-
ported AZ-NAS and EZNAS-A results. These comparisons
establish an empirical difference under the reported protocol,



TABLE 11T
CROSS-DATASET KENDALL’S 7 OF FROZEN BI-EZP PROXIES ON
NATS-BENCH-TSS. ROWS ARE DISCOVERY SOURCES AND COLUMNS ARE
EVALUATION TARGETS. BOLD MARKS THE BEST SOURCE FOR EACH

TARGET.
Source \ Target C-10 C-100 IN-16
CIFAR-10 0.809 0.786 0.731
CIFAR-100 0.804 0.791 0.748
ImageNet-16-120 0.799 0.784 0.775

but they do not isolate program representation, operator choice,
or expression size as its cause.

2) Experimental Result in Rank Correlation Across NDS
Benchmarks: To further examine the structural generalization
capability of the discovered proxies, we extend the evaluation
to the Network Design Spaces (NDS) benchmark, which en-
compasses highly heterogeneous architectural families, includ-
ing DARTS, ENAS, PNAS, NASNet, and Amoeba. Compared
with NATS-Bench, the NDS benchmark presents significantly
greater variability in architectural topology, thereby constitut-
ing a more stringent test of cross-space robustness.

As summarized in Table II, Bi-EZP obtains the highest
rank correlation among the compared methods across the
five evaluated architectural families. Relative to ECP, the
correlation increases from 0.568 to 0.621 on DARTS, from
0.512 to 0.582 on ENAS, and from 0.406 to 0.511 on Amoeba.
These per-space results establish an empirical improvement
under task-specific discovery, while the frozen source—target
evaluation below examines whether a discovered proxy can be
reused without recalibration.

The per-space comparisons alone do not rule out search-
space-specific fitting. Cross-space reuse is therefore assessed
separately by freezing both the aggregation program and its
calibrated parameters before transfer.

3) Cross-Dataset and Cross-Search-Space Proxy Perfor-
mance: The preceding comparisons evaluate proxies discov-
ered separately for each target. We further consider a stricter
transfer setting, where the complete proxy discovered on a
source task, including both its aggregation program and CMA-
ES-optimized parameters, is frozen and directly evaluated on
other targets. Rows in Tables III and IV denote the discovery
sources, while columns denote the evaluation targets. Diagonal
entries represent settings in which the discovery and evaluation
tasks are the same, whereas off-diagonal entries measure
transfer performance without rediscovery or recalibration.

Table III shows a consistent cross-dataset pattern. Each
target achieves its highest correlation when the source dataset
matches the target, but every off-diagonal transfer remains
between 0.731 and 0.804. Averaged over the three matched
settings, 7 is 0.792; the mean over the six transferred settings
is 0.775, a decrease of 0.017. Transfer is strongest between
CIFAR-10 and CIFAR-100, where the two directions yield
0.804 and 0.786. Transfer to ImageNet-16-120 is more sen-
sitive to the source: the CIFAR-100 proxy reaches 0.748,
compared with 0.731 for the CIFAR-10 proxy. These results
indicate that the frozen program retains most of its ranking
fidelity across datasets within the same topology search space,

while the remaining gap reflects a measurable source—target
effect.

The NDS matrix in Table IV covers a larger structural
shift. Off-diagonal correlations range from 0.429 to 0.627,
with a mean of 0.515 compared with 0.557 on the diagonal.
Transfer among DARTS, ENAS, and PNAS is particularly
stable: their cross-space values fall between 0.519 and 0.627.
The PNAS-discovered proxy attains the highest DARTS cor-
relation (0.627), slightly exceeding the DARTS-discovered
proxy (0.621), which shows that a matched source is not
uniformly necessary for the best target ranking. NASNet
and Amoeba expose a larger shift: proxies transferred into
these targets range from 0.454 to 0.519 and from 0.429 to
0.511, respectively. These results provide evidence of cross-
space reuse, while the source—target differences indicate that
the proxy is not invariant to architectural-family shifts. The
observed robustness may be facilitated by the separation of
structural search and numerical calibration.

4) Effectiveness and Efficiency in Open-Domain Architec-
ture Search: While rank correlation provides an indirect
measure of proxy fidelity, the ultimate criterion of a proxy’s
practical value lies in its ability to guide end-to-end architec-
ture search. To this end, we integrate Bi-EZP into a full neural
architecture search pipeline within the continuous relaxation of
the DARTS search space, thereby evaluating its effectiveness
under realistic search dynamics.

As summarized in Table V, architectures discovered under
the guidance of Bi-EZP reach test errors of 2.47% on CIFAR-
10 and 16.10% on CIFAR-100. ECP reports 2.52% on CIFAR-
10 under the same tabulated search cost. These results show
that the rank-correlation improvements are accompanied by
competitive downstream architecture quality under the re-
ported protocol.

Bi-EZP-guided search is also compared with reinforcement-
learning approaches such as ENAS and gradient-based meth-
ods including PC-DARTS and GDAS. The reported 0.06 GPU-
days correspond only to the downstream DARTS architecture-
search stage and do not include the one-time offline Bi-EZP
proxy-discovery cost, which comprises LLM inference, base-
proxy extraction, CMA-ES evaluations, and validation. The
tabulated number should therefore be interpreted as down-
stream search cost rather than total method-development cost.

a) Scalability to Large-Scale Datasets.: To further eval-
uate the scalability of the discovered proxy beyond moderate-
scale benchmarks, we extend the search process to the high-
resolution ImageNet dataset. Following the established evalu-
ation protocol in prior evolutionary proxy frameworks such as
ECP [18], directly evolving task-specific proxy coefficients on
ImageNet is computationally prohibitive due to the substan-
tial evaluation overhead. Therefore, to ensure both fairness
and computational feasibility, we transfer the proxy structure
evolved on the DARTS-CIFAR-10 search space to the DARTS-
ImageNet setting, leveraging the structural similarity between
the two search domains.

Under this transfer-based protocol, the architecture dis-
covered under Bi-EZP guidance achieves a Top-1 test error
of 24.7% with 5.3M parameters, as reported in Table VL.
The corresponding downstream architecture-search stage costs



TABLE IV

CROSS-SEARCH-SPACE KENDALL’S 7 OF FROZEN BI-EZP PROXIES ON NDS. ROWS ARE DISCOVERY SOURCES AND COLUMNS ARE EVALUATION
TARGETS. BOLD MARKS THE BEST SOURCE FOR EACH TARGET.

Source \ Target DARTS ENAS PNAS NASNet Amoeba
DARTS 0.621 0.558 0.519 0.486 0.476
ENAS 0.625 0.582 0.548 0.488 0.429
PNAS 0.627 0.563 0.551 0.485 0.434
NASNet 0.528 0.501 0.479 0.519 0.479
Amoeba 0.549 0.554 0.519 0.454 0.511
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Fig. 3. Sensitivity of Bi-EZP to the number of evolutionary generations on
NATS-Bench-TSS.

0.07 GPU-days; as above, this value excludes the one-time
offline proxy-discovery cost. The result shows that a proxy
discovered in the DARTS-CIFAR-10 setting can be used to
guide the reported DARTS-ImageNet search, while broader
transfer claims remain outside the evaluated setting.

D. Ablation Study and Hyperparameter Analysis

To understand the contribution of the main mechanisms
in Bi-EZP, we conduct an ablation study on NATS-Bench
(Table VII) and analyze sensitivity to population size and
the number of evolutionary generations (Figs. 2 and 3). The
updated sweeps evaluate both quantities up to 50, allowing
us to distinguish a useful operating region from a simple
monotonic budget effect.

NB-SSS ¢-10 NB-JSS C-10

= GLM-4.7-FLASH

Deepseek-va-flash ~ NB-SSS C-16Q

Fig. 4. Performance Comparison under Different LLMs of the proposed
framework.

1) The Efficacy of Bilevel Decoupling and LLM-Driven
Semantic Search: Bi-EZP uses a bilevel design to separate dis-
crete structure proposal from continuous parameter calibration.
To assess this separation, we first evaluate a variant denoted
as “w/o Bilevel Structure”. In this configuration, the LLM
directly generates both the symbolic computation graph and
its numerical coefficients, collapsing the search into a single
level. Table VII reports lower correlation for this variant across
the evaluated datasets, including a reduction from 0.809 to
0.783 on TSS CIFAR-10. These observations are consistent
with a benefit from calibrating continuous coefficients with a
dedicated lower-level optimizer under the reported protocol.

Secondly, to assess the effect of the upper-level proposal
mechanism, we test the “w/o LLM (ECP Aggregation +
CMA-ES)” variant. This baseline replaces the LLM proposal
operator with the ECP aggregation structure while retaining
CMA-ES for lower-level calibration. It is inferior to the
complete framework under the reported protocol (e.g., 0.784
versus 0.809 on TSS CIFAR-10). Following the motivation of
EoH [76], we use an LLM because it can express candidate
heuristics jointly as a short functional description and exe-
cutable code, and can propose context-conditioned transfor-



TABLE V
COMPARISON OF BI-EZP WITH REPRESENTATIVE NAS METHODS ON CIFAR-10 AND CIFAR-100.

Architecture

Test Error (%)

Params Search Cost

CIFAR-10 CIFAR-100 (M) (GPU-Days)

Search Strategy

DenseNet [52] 3.46 17.18 25.6 - -

ResNet [53] 4.61 22.1 1.7 - -

VGG [54] 6.66 28.05 20.1 - -

ENAS [3] 2.89 19.43 4.6 0.5 RL
MetaQNN [55] 6.92 17.14 - 100 RL
ADARTS [7] 2.46 17.03 2.9 0.2 GD
B-DARTS [8] 2.53 16.24 3.78 0.4 GD
PC-DARTS [56] 2.57 16.90 3.6 0.1 GD
DARTS- [57] 2.59 17.51 34 0.4 GD
FairDARTS [58] 2.54 17.61 2.8 0.4 GD
SNAS [59] 3.10 20.09 2.8 1.5 GD
IS-DARTS [60] 2.56 - 4.25 0.42 GD
DARTS(2st) [6] 2.76 - 33 1.0 GD
GDAS [61] 2.93 19.18 3.4 0.2 GD
DrNAS [62] 2.54 - 4.0 0.4 GD
DARTS+PT [63] 2.61 - 3.0 0.8 GD
DARTS(1st) [6] 3.00 17.54 3.4 0.4 GD
Cars [64] 2.62 - 3.6 0.4 EA
GENAS [65] 2.49 16.96 3.20 0.26 EA
CNN-GA (CIFAR100) [5] - 20.53 4.1 40 EA
EAEPSO [66] 2.74 16.94 2.94 2.2 EA
AmoebaNet-A [67] 3.34 17.63 33 3150 EA
SLE-NAS-B [68] 3.47 18.07 0.94 04 EA
NPENAS-NP [69] 3.62 26.76 3.5 1.8 EA
SaDENAS [70] 2.59 16.91 3.24 0.2 EA
CNN-GA (CIFAR10) [5] 3.22 - 2.9 35 EA
EPCNAS-C [71] 3.07 18.36 1.16 1.10 EA
NSGANetV1-A2 [72] 2.65 17.42 0.9 27 EA
NTK [30] 2.89 20.30 4.1 0.21 A
GraSP [11] 2.73 22.65 33 0.1 A
MeCo [13] 2.69 16.86 4.2 0.08 A
SynFlow [47] 2.96 19.82 5.1 0.03 A
NASWOT [15] 2.77 22.90 4.8 0.06 ZS
Sweetimator [40] 2.54 - 4.6 0.05 A
ZiCo [14] 2.80 19.54 5.1 0.04 A
SNIP [10] 2.90 19.95 4.0 0.04 zS
ECP [18] 2.52 - 4.5 0.06 ZS
Bi-EZP 247 16.10 3.3 0.06 ZS

TABLE VI mations without requiring us to enumerate a closed grammar

COMPARISON WITH REPRESENTATIVE NAS METHODS ON IMAGENET.

Architecture ’f(e);t- 1e (I;r%(: )r (Sé;g:le(;;sst) Pzz;[r)ns Search Strategy
ResNet [53] 30.1 - 6.6 Manual
VGG [54] 294 - 4.2 Manual
DenseNet [52] 294 - 42 Manual
DARTS(2st) [6] 26.7 1.0 4.7 GD
SNAS [59] 27.3 1.5 2.8 GD
PC-DARTS [56] 25.1 0.1 4.7 GD
GDAS [61] 26.0 0.3 34 GD
ProxylessNAS [73] 249 8.3 7.1 GD
DARTS+PT [63] 25.5 34 4.7 GD
AmoebaNet-B [67] 26.0 3150 53 EA
CARS [64] 24.8 0.4 5.1 EA
NSGANetV1-A2 [72] 25.5 27 4.1 EA
EAEPSO [66] 26.9 4.0 49 EA
EPCNAS-C2 [71] 27.1 1.17 3.0 EA
EG-NAS [29] 24.9 0.1 53 EA
LAPT-NAS [37] 24.9 2 4.6 EA
TE-NAS [30] 26.2 0.05 6.3 7S
NASI-ADA [74] 24.8 0.07 52 7S
QE-NAS [75] 25.5 0.02 32 7S
ECP [18] 24.7 0.07 6.7 7S
Bi-EZP 24.7 0.07 53 7S

of all admissible compositions. Selection remains empirical:
generated programs are retained only after interface valida-
tion, CMA-ES calibration, and validation-set rank-correlation
evaluation. Since we do not report matched expression-size or
search-efficiency measurements for a GP system, we draw no
comparative conclusion about expression size or interpretabil-
ity.

2) Comparison of Lower-Level Optimizers: Once the
upper-level LLM formulates the explicit parameter boundaries,
the lower-level solver must navigate this continuous manifold
to maximize the Kendall rank correlation strictly on the
inner-training set. Table VII presents a comparative analysis
of different continuous optimizers, replacing CMA-ES with
Genetic Algorithm (GA), Differential Evolution (DE), and
Particle Swarm Optimization (PSO).

Under the reported settings, Bi-EZP (CMA-ES) obtains
higher rank correlation than the GA-, DE-, and PSO-based
variants across the evaluated search spaces. We use CMA-ES
because its derivative-free covariance adaptation is compatible
with the non-differentiable rank-correlation objective and can
model dependencies among continuous parameters. This abla-
tion is limited to the three alternative optimizers in Table VII



TABLE VII
ABLATION STUDY OF DIFFERENT COMPONENTS IN BI-EZP ON NATS-BENCH.

NATS-Bench-TSS NATS-Bench-SSS

Method

C-10 C-100 IN-16 C-10 C-100 IN-16
w/o Bilevel Structure 0.783 0.741 0.731 0.743 0.678 0.806
w/o LLM (ECP Aggregation + CMA-ES) 0.784 0.771 0.740 0.769 0.656 0.805
Bi-EZP (GA) 0.807 0.783 0.737 0.751 0.725 0.580
Bi-EZP (DE) 0.788 0.771 0.752 0.768 0.713  0.805
Bi-EZP (PSO) 0.789 0.774 0.756 0.780 0.719 0.798
Bi-EZP 0.809 0.791 0.775 0.792 0.733 0.826

and does not establish that CMA-ES is optimal among all
possible lower-level solvers.

3) Impact of Evolutionary Hyperparameters: We evaluate
population sizes and generation budgets in {5, 10,15, 20, 50},
as shown in Figs. 2 and 3. Each point reports the final Kendall
correlation for one configuration; no uncertainty interval is
available, so the analysis concerns the observed sensitivity
rather than statistical monotonicity.

For population size, performance generally improves from
P =5 to P = 20. On CIFAR-10, 7 rises from approximately
0.787 to 0.809; CIFAR-100 improves from 0.761 to 0.791;
and ImageNet-16-120 improves from 0.746 to 0.775, despite
smaller non-monotonic changes at intermediate sizes. Expand-
ing the population to P = 50 does not yield a further gain:
CIFAR-10 remains close at about 0.807, while CIFAR-100
and ImageNet-16-120 fall to about 0.769 and 0.755. Thus,
additional candidates beyond 20 increase the number of LLM
generations and CMA-ES calibrations without improving the
observed aggregate outcome. We use P = 20 as the best tested
balance across the three tasks.

The generation sweep is also non-monotonic. Increasing
the budget from 5 to 20 raises the observed correlation from
about 0.783/0.772/0.749 to 0.809/0.791/0.775 on CIFAR-
10, CIFAR-100, and ImageNet-16-120, respectively, with a
common dip at 15 generations. Extending the run to 50 gener-
ations produces mixed results: CIFAR-100 increases slightly
to about 0.794, whereas CIFAR-10 declines to about 0.805
and ImageNet-16-120 to about 0.751. The extra generations
therefore do not provide a consistent cross-dataset benefit. We
retain T,,,, = 20 because it gives the strongest balanced
result among the tested budgets and requires less than half
the candidate evaluations of the 50-generation setting. These
curves support a practical budget choice, but they do not by
themselves establish convergence or identify the causes of the
intermediate fluctuations.

4) Performance Sensitivity under Different LLMs: To ex-
amine sensitivity to the upper-level generative backbone, we
compare GLM-4.7-Flash [46] and DeepSeek-V4-Flash [77].
Figure 4 reports competitive rank correlations for both variants
across the evaluated benchmarks, with GLM-4.7-Flash produc-
ing higher correlations in several settings, including ImageNet-
16-120 under TSS and SSS. This two-model comparison
shows that the evaluated procedure can operate with either
tested backbone, but it does not establish invariance across
LLM providers, model scales, or decoding configurations.

E. Evolutionary Trajectory and Search Dynamics

To elucidate the search dynamics of the proposed frame-
work, we analyze the step-wise convergence of the Kendall
rank correlation coefficient (K ;) over 20 generations (Fig-
ure 5).

The trajectory shows a rapid increase in the best observed
validation correlation during Generations 1-5 (K reaching
0.8115), followed by a plateau during Generations 5-16 and a
later improvement. This trace describes the best-so-far fitness
in one run; it does not reveal why individual proposals were
rejected and should not be interpreted as evidence of global
convergence. The best-so-far correlation reaches 0.8255 at
Generation 17 and remains unchanged through the recorded
budget.

V. CONCLUSION

Bi-EZP separates LLM-based program proposal from
CMA-ES-based continuous parameter calibration for auto-
mated ensemble zero-shot proxy discovery. Under the eval-
uated protocols, the resulting proxies achieve higher rank
correlation than the compared baselines on NATS-Bench and
NDS and can be used as evaluation signals in downstream
DARTS search.

Despite its efficacy, the current framework exhibits certain
limitations. The offline proxy discovery phase introduces non-
trivial token costs and latency due to iterative LLM querying.
Additionally, the quality of the discovered proxy is bounded
by the intrinsic properties of the pre-selected base metrics,
and the structural diversity remains sensitive to the contex-
tual alignment of prompt constraints. Future work will focus
on expanding the bilevel formulation into a multi-objective
paradigm to handle hardware-aware constraints like device
latency.
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