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Abstract

Neural architecture search (NAS) is a core
technique for automating AI model design, yet
its efficiency is limited by the high cost of re-
liable architecture evaluation. To address this
bottleneck, we introduce code-semantic tran-
sition modeling for NAS acceleration: before
spending evaluator budget, we ask whether
a proposal’s semantic change from its par-
ent suggests a worthwhile architecture evo-
lution. We instantiate this idea with ECO-
SCE, an Evolutionary Code Semantic Change
Estimator placed between the architecture
generator and evaluator. Given a parent-
to-proposal code transition, ECO-SCE filters
likely low-gain proposals and reserves evalu-
ator calls for proposals that are more likely
to provide useful evolutionary progress. To
train ECO-SCE, we construct NB101-SemPair
from NAS-Bench-101 by sampling beneficial,
harmful, and marginal transitions with di-
verse semantic and structural changes. ECO-
SCE learns risk-aware transition utility from
global semantic shifts, sparse semantic over-
laps, and explicit structural edits, allowing it
to skip likely low-gain proposals while send-
ing promising or uncertain transitions to the
evaluator. Across seven downstream bench-
marks including CLRS, ECO-SCE reduces av-
erage GPU time by 70.88% and improves task
performance in 6 out of 7 cases when inserted
zero-shot into OpenEvolve.

1 Introduction

Neural architecture search (NAS) is a key step
toward automated AI model design, aiming to
reduce manual architecture engineering by auto-
matically discovering high-performing neural net-
works (Elsken et al., 2019). Most NAS methods
follow a generate–evaluate–refine loop: candidate
architectures are proposed, evaluated, and then
used to guide subsequent search. This loop under-
lies reinforcement-learning-based NAS (Zoph and
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(a) GPU cost reduction across downstream benchmarks.
Each bar reports the relative reduction ratio of OpenEvolve
over ECO-SCE-guided evaluation. GPU hours are measured
on a single NVIDIA RTX 3090 GPU.
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(b) Valid evaluator-call collapse and task-score improvement
on representative benchmarks. ECO-SCE substantially re-
duces valid evaluator calls while preserving or improving
downstream performance.

Figure 1: Efficiency and effectiveness of ECO-SCE-
guided architecture search. Detailed experimental re-
sults are reported in Section 4.3 and Appendix H.

Le, 2017), evolutionary NAS (Real et al., 2019),
differentiable NAS (Liu et al., 2019), and re-
cent LLM-driven architecture search (Chen et al.,
2023; Nasir et al., 2024; Ji et al., 2025). Despite
their different search mechanisms, these methods
share a common bottleneck: reliable feedback re-
mains costly, which usually requires training, par-
tial training, validation, or benchmark querying
(White et al., 2023). The bottleneck is amplified
in evolution-style and LLM-based code-rewriting
NAS. Such methods can flexibly generate exe-
cutable architecture proposals by modifying exist-
ing code, but many proposals provide little gain
over their parents (Chen et al., 2023; Nasir et al.,
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2024; Ji et al., 2025).
A natural response is to make each evaluation

cheaper. Prior work follows this direction through
weight sharing and one-shot NAS (Pham et al.,
2018; Guo et al., 2020), low- or multi-fidelity
evaluation (Trofimov et al., 2023), zero-cost prox-
ies (Abdelfattah et al., 2021), and performance
predictors (Baker et al., 2017). These methods re-
duce the cost or fidelity of assessing a candidate,
but they still assume that a generated architecture
should receive some form of quality assessment.

However, proposal-based NAS exposes two
limitations that are not directly addressed by
cheaper architecture scoring. First, the decision
unit is different. In evolutionary and LLM-based
code-rewriting NAS, a candidate is generated by
modifying a parent architecture. Therefore, the
key question is not only whether the candidate
has a good estimated score, but whether the edit
provides meaningful gain over its parent. A pro-
posal can look reasonable under a proxy or pre-
dictor while still being redundant, marginal, or
low-gain relative to the current architecture. Sec-
ond, a practical filter should not require down-
stream task-specific training. Many predictors,
calibrated proxies, or low-fidelity strategies rely
on evaluated candidates, target search-space statis-
tics, or task-specific validation signals. If each
new task or generator requires additional evaluated
architectures to train or tune a screening model,
the evaluation cost is shifted rather than removed.
Thus, proposal-based NAS needs a model that
can learn transition utility offline and be deployed
zero-shot in downstream search. This motivates
our transition-level question: before invoking the
evaluator, can we estimate from the semantic and
structural change between a parent and a proposal
whether the proposal deserves evaluation budget?

To answer this question, we design ECO-SCE
around two principles. First, the model should
learn parent-relative transition utility rather than
task-specific architecture scores. Since NAS-
Bench-101 (Ying et al., 2019) provides evaluated
architectures but not evolution trajectories, we
construct NB101-SemPair by pairing architectures
into directed architecture-change pairs. Each pair
is treated as a parent-to-proposal transition and
supervised by the proposal’s performance change
over the parent. The pairs are sampled to cover
beneficial, harmful, and marginal transitions un-
der diverse semantic and structural changes, en-
abling ECO-SCE to learn general patterns of use-

ful architecture edits without being trained inside
a downstream search loop. Second, ECO-SCE
should rely only on signals available before eval-
uation. Since downstream accuracy or validation
feedback is unavailable at screening time, the de-
cision must be made from the architecture change
itself. We represent each transition using global
semantic shift, sparse semantic overlap, and ex-
plicit structural-edit features, which describe how
the proposal differs from the parent at both code-
semantic and code-structural levels. ECO-SCE
then combines direction, magnitude, and local-
evidence signals in a risk-aware routing policy,
skipping clearly low-gain transitions while pre-
serving uncertain or potentially beneficial propos-
als for evaluation.

Figure 1 illustrates the effect of ECO-SCE af-
ter zero-shot insertion into OpenEvolve. Across
seven downstream benchmarks, ECO-SCE con-
sistently reduces GPU cost. On representative
MNIST1D-shuffle and CLRS-DFS runs, it sharply
reduces full evaluator calls while improving task
scores.

Our contributions are summarized as follows:

• We formulate NAS acceleration as code-
semantic transition modeling, shifting the fo-
cus from scoring architectures in isolation
to estimating whether a parent-to-proposal
change deserves costly evaluation.

• We construct NB101-SemPair, a transition-
level dataset derived from NAS-Bench-101,
and propose ECO-SCE, a lightweight zero-
shot screening model that learns risk-aware
proposal utility from semantic and structural
code changes.

• We show that ECO-SCE preserves high-gain
transitions better than generic filtering base-
lines and accelerates downstream architec-
ture evolution, reducing average GPU hours
by 70.88% across seven benchmarks when
inserted zero-shot into OpenEvolve.

2 Related Work

Classical and evolutionary NAS. Neural archi-
tecture search (NAS) automates model design by
searching over architecture spaces under valida-
tion or benchmark feedback. Early reinforcement-
learning-based NAS trains a controller to sample
architectures and updates it using evaluated per-
formance (Zoph and Le, 2017). Evolutionary NAS
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maintains a population of candidate architectures
and improves it through mutation, selection, and
survival mechanisms (Real et al., 2019). Differ-
entiable NAS relaxes discrete architecture choices
into continuous variables, enabling gradient-based
optimization of architecture parameters (Liu et al.,
2019). Although these paradigms differ in their
search mechanisms, they all rely on evaluated can-
didates to guide subsequent search. This depen-
dence is especially explicit in evolutionary NAS:
candidates are generated by modifying existing ar-
chitectures, and after evaluation, the search algo-
rithm can decide whether they should enter the
population or archive. This makes evaluator calls
a critical bottleneck in architecture evolution. Our
work follows this evolutionary view, but focuses
on the pre-evaluation decision of whether a gener-
ated transition deserves expensive evaluation.

LLM-driven architecture generation. Recent
work uses LLM to extend NAS from predefined
operators or fixed search spaces to code-level ar-
chitecture generation (Zheng et al., 2023; Chen
et al., 2023; Hu et al., 2025). LLMatic combines
LLM-based code generation with quality-diversity
optimization, using LLMs to introduce diverse
variations in neural architecture code (Nasir et al.,
2024). CoLLM-NAS studies a collaborative
multi-agent design, where a Navigator LLM
guides the search direction, a Generator LLM syn-
thesizes candidate architectures, and a Coordina-
tor manages their interaction (Li et al., 2026).
Other LLM-driven NAS methods further improve
proposal generation through reflective zero-cost
feedback (Ji et al., 2025), design-principle transfer
across search spaces (Zhou et al., 2025), and code-
difference-based refinement (Sridhar and Chen,
2025). These approaches make proposal genera-
tion more flexible by rewriting executable archi-
tecture code rather than selecting from fixed oper-
ators. However, a single code rewrite can entan-
gle structural, implementation, and module-level
changes, making many valid proposals low-gain
relative to their parents. This motivates a comple-
mentary question to architecture generation: after
a proposal is generated, can we determine whether
the transition is worth evaluating?

Efficient architecture evaluation. A major line
of NAS research reduces search cost by making
architecture evaluation cheaper. Weight-sharing
and one-shot NAS amortize training by sharing
parameters among many sub-architectures (Pham

et al., 2018; Guo et al., 2020). Low-fidelity and
multi-fidelity evaluation approximate final perfor-
mance using cheaper signals such as shorter train-
ing, smaller datasets, or partial training sched-
ules (Trofimov et al., 2023). Zero-cost prox-
ies avoid full training by computing training-free
scores from initialization, gradients, or architec-
ture statistics (Abdelfattah et al., 2021). Perfor-
mance predictors learn to estimate final accuracy
or ranking from architecture representations or
early learning signals (Baker et al., 2017). These
methods are effective for reducing the cost of scor-
ing individual architectures. In architecture evolu-
tion, however, the operational decision is parent-
relative: a proposal should be evaluated only if
it is likely to improve over its parent or provide
useful feedback for the future trajectory. A can-
didate may have plausible standalone quality but
still be redundant or low-gain relative to its parent.
ECO-SCE therefore differs from standard prox-
ies and predictors by modeling the code-semantic
and code-structural change of a directed parent-to-
proposal transition.

3 Method

ECO-SCE is designed to answer a parent-relative
question before costly evaluation: given a parent
architecture and a generated proposal, does this
transition represent a worthwhile architecture evo-
lution? Instead of scoring the proposal in isola-
tion, ECO-SCE models the directed code transi-
tion from the parent to the proposal and makes a
risk-aware routing decision.

3.1 Problem Formulation

As shown in Figure 2, ECO-SCE is inserted be-
tween the architecture generator and the costly
evaluator. Given a parent architecture ap, the gen-
erator produces a proposal ac. A standard archi-
tecture evolution pipeline sends ac directly to the
evaluator to obtain a score, which is then used to
update the archive or population. ECO-SCE in-
stead asks a pre-evaluation question: is the tran-
sition from ap to ac likely to be useful enough to
justify evaluator cost? We define a directed archi-
tecture transition as

τ = (ap, ac), (1)

and define its hindsight evolutionary gain as

∆(τ) = s(ac)− s(ap), (2)

12780



(b) Offline Training

Directed Architecture Pair
Parent 

Architecture 
Relative

Performance

Transition Feature Extraction

Global Semantic 
Change

Code-Structure 
Difference

Sparse Semantic 
Overlap

(c) Zero-shot Deployment in NAS

Archive / Population

select parent

ECO-SCE
semantic transition screening

Low-gain Transition

Skip Proposal
discard proposal, 

keep archive

Costly Evaluator
training / validation / 

benchmark evaluation

PCA

Training Paradigm

Boundary 
Classifier

Magnitude 
Regressor

KNN Evid-
ence Bank

Score
 Feedback

U
pdate Archive / Population

Proposal 
Architecture

NB101-SemPair

NAS-Bench-101
Architecture cache: 380k

(a) Dataset Construction

Candidate pair proposal: 9.4M

Random Structure-
near/far

Balanced Transition Selection

Score-
near/far

Parent
Architecture 

LLM / Evolution 
Generator

Proposal 
Architecture

Evaluation-worthy / 
Uncertain Transition

Figure 2: Overview of ECO-SCE. (a) Dataset construction: ECO-SCE builds NB101-SemPair from NAS-Bench-
101 by generating candidate architecture pairs and selecting balanced transitions with random, score-near/far,
and structure-near/far sampling strategies. (b) Offline training: each parent–proposal architecture pair is encoded
into transition features, including global semantic change, code-structure difference, and sparse semantic overlap,
which are used to train a boundary classifier, magnitude regressor, and KNN evidence bank. (c) Zero-shot deploy-
ment in NAS: during search, ECO-SCE screens generated proposals before costly evaluation, filtering low-gain
transitions while forwarding evaluation-worthy or uncertain proposals to the full evaluator. The resulting score
feedback updates the archive/population for subsequent proposal generation.

where s(·) denotes the task score. ECO-SCE does
not aim to replace the evaluator or predict the ex-
act final score of ac. Instead, it estimates the util-
ity of the parent-to-proposal transition before eval-
uation. Likely low-gain transitions are skipped,
while uncertain or potentially useful transitions
are sent to the evaluator as a safety fallback.

3.2 NB101-SemPair: Transition-Level
Supervision

NAS-Bench-101 (Ying et al., 2019) provides
evaluated architectures but no explicit evolu-
tion trajectories. We construct NB101-SemPair
by converting its static architecture records into
directed parent-to-proposal architecture-change
pairs. Each pair is supervised by the relative gain
∆(τ) = s(ac) − s(ap), enabling ECO-SCE to
learn parent-relative transition utility rather than
task-specific absolute scores. The dataset is de-
signed to cover beneficial, harmful, and marginal
transitions under diverse code-level changes. Al-
gorithm 1 details the construction procedure.

3.3 Code-Semantic Transition
Representation

For each transition τ = (ap, ac), ECO-SCE rep-
resents the architecture edit from the parent to the
proposal rather than the proposal alone. Let Cp and
Cc denote the architecture-defining EVOLVE code
regions of ap and ac. We construct a transition

feature

x(τ) = [xdense;xcode;xsparse] ∈ R1316, (3)

which combines three complementary pre-
evaluation signals: global semantic shift, explicit
structural edit, and sparse semantic overlap.

Global semantic shift. The dense feature cap-
tures the overall semantic direction of the code
rewrite:

xdense = Embeddense(Cc)− Embeddense(Cp),
xdense ∈ R1024.

(4)
We implement Embeddense(·) with text-
embedding-v4 (Zhang et al., 2025). This
difference form describes how the proposal moves
away from the parent in dense semantic space.

Explicit structural edit. The code feature
xcode ∈ R285 records concrete program-level
changes that may be blurred by dense embeddings.
It summarizes token statistics, AST patterns, line
edits, module-call types, and def-use relations, us-
ing parent/proposal profiles, their differences, and
similarity scores.

Sparse semantic overlap. The sparse feature
xsparse ∈ R7 measures how similar the parent
and proposal remain in sparse embedding space.
It compares the nonzero sparse dimensions of the
two code embeddings using nonzero counts, inter-
section and union sizes, Jaccard similarity, sparse
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Algorithm 1 Construction of NB101-SemPair
Require: NAS-Bench-101 records D, random

seed 42
1: Randomly sample 420,000 architecture

records from D.
2: Partition sampled records into 150 score-

quantile bins.
3: Uniformly sample from bins to obtain a score-

balanced cache A of 380,000 architectures.
4: Build a score index over A by benchmark

score.
5: Build a code index over A by lightweight

code statistics, including line count and token
count.

6: Generate 9.4M candidate pairs using the five
policies in Table 11.

7: Remove self-pairs and duplicated pairs.
8: for each remaining ordered pair (ap, ac) do
9: Compute ∆(τ) = s(ac)− s(ap).

10: Assign the pair to beneficial if ∆(τ) > 0
and harmful if ∆(τ) < 0.

11: end for
12: Stratify beneficial and harmful pairs sepa-

rately into 16 bins by |∆(τ)|.
13: Sample 5,000 beneficial and 5,000 harmful

transitions from the 32 cells.
14: Avoid keeping both (ai, aj) and (aj , ai); limit

each architecture to at most two selected pairs.
15: Split pairs by parent architecture into

60%/20%/20% train/validation/test sets.
16: return NB101-SemPair with 10,000 directed

architecture-change pairs.

ℓ1 distance, and sparse cosine similarity. This fea-
ture helps distinguish small semantic edits from
larger semantic shifts. Together, these features de-
scribe both the semantic and structural change in-
duced by a proposal, allowing ECO-SCE to iden-
tify low-gain or redundant edits before evalua-
tion. Before estimation, we standardize x(τ) us-
ing training-set statistics and project it to a com-
pact representation:

z(τ) = PCAd(Std(x(τ))), d = 64. (5)

The standardization and PCA projection are fitted
only on the training split and reused unchanged for
validation, testing, and downstream deployment.

3.4 ECO-SCE Estimator
ECO-SCE uses a lightweight estimator bundle
over the shared representation z(τ). It consists

of three components: a dual-boundary classifier
for transition direction, a magnitude regressor for
change strength, and a KNN evidence bank for
local reliability calibration. All components are
trained or constructed on NB101-SemPair and are
fused only at inference time by the routing policy.

Dual-boundary classification. Given the transi-
tion gain ∆(τ) = s(ac)− s(ap), we define a mar-
gin m = 0.02 and construct two boundary labels:

ybad(τ) = I[∆(τ) ≤ −m] ,

ygood(τ) = I[∆(τ) ≥ m] .
(6)

We use two linear logistic regressors over z(τ)
to estimate the negative and positive transition
boundaries:

pbad(z) = P (∆ ≤ −m | z),
pgood(z) = P (∆ ≥ m | z). (7)

These two classifiers form a single ordered bound-
ary module. The negative boundary detects clearly
harmful transitions, while the positive boundary
detects clearly beneficial transitions. Transitions
within −m < ∆ < m are treated as small or am-
biguous changes and are handled conservatively
by the routing policy.

Magnitude and signed benefit estimation. The
boundary probabilities indicate transition direc-
tion but not change scale. We therefore train a
linear ridge regressor over z(τ) to estimate the ab-
solute gain magnitude:

ˆ︁a(z) ≈ |∆(τ)|. (8)

Since ˆ︁a(z) is unsigned, we combine it with the
boundary probabilities to obtain a signed benefit
estimate:

ˆ︁r(z) = (pgood(z)− pbad(z))ˆ︁a(z). (9)

The sign of ˆ︁r(z) predicts whether a transition im-
proves or degrades the parent. For risk control,
high-impact transitions with uncertain direction
are evaluated rather than skipped.

KNN evidence bank. The KNN evidence bank
calibrates global predictions with local transition
evidence. For a candidate transition, we retrieve
its K = 80 nearest training transitions by Eu-
clidean distance in the PCA space, denoted by
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NK(z). The local bad and good supports are

sbad(z) =
1

K

∑︂

i∈NK(z)

ybad(τi),

sgood(z) =
1

K

∑︂

i∈NK(z)

ygood(τi).

(10)

We estimate local uncertainty using the 0.9 quan-
tile of neighbor residuals:

u(z) = Quantile0.9 ({|∆(τi)− ˆ︁r(zi)| | i ∈ NK(z)}) .
(11)

Here, sbad and sgood indicate whether similar tran-
sitions were mostly harmful or beneficial, while
u(z) measures local prediction uncertainty.

3.5 Risk-Aware Routing
As shown in Figure 2, the routing policy combines
boundary, benefit, and KNN evidence:

d(τ) =

⎧
⎪⎨
⎪⎩

reject, Rrej(z) = 1,

uncertain, Runc(z) = 1,

eval-worthy, otherwise.
(12)

Here, d(τ) denotes a screening state rather than a
final archive action.

The reject rule is activated when global and lo-
cal evidence consistently indicate a harmful tran-
sition:

Rrej(z) = 1 if pbad(z) ≥ τbad,

pgood(z) ≤ τprotect,

sbad(z) ≥ pbad(z),

ˆ︁r(z) + λu(z) < 0.

(13)

The uncertain-transition rule is defined symmet-
rically: it requires high pgood, low pbad, sufficient
local good support, and a positive uncertainty-
adjusted benefit. All remaining non-rejected tran-
sitions are regarded as evaluation-worthy. For un-
certain transitions, ECO-SCE uses ˆ︁r(z) only as an
auxiliary screening estimate rather than a surro-
gate evaluator score.

Both uncertain and evaluation-worthy transi-
tions are sent to the full evaluator. Only rejected
proposals bypass evaluation, and only evaluator-
verified scores can update the archive or influence
subsequent search.

4 Experiments

We organize the experiments around five
questions covering offline transition-utility es-
timation, downstream architecture evolution,

evaluator-budget allocation, comparisons with
filtering/proxy baselines, and ablation/sensitivity
studies. Unless stated otherwise, OpenEvolve-
based experiments use 100 evolution rounds,
and EvoPrompting-based (Chen et al., 2023)
experiment follows its original 1,600-iteration set-
ting. GPU hours denote the end-to-end evolution
runtime, including search, ECO-SCE screen-
ing, and evaluation, measured on a single RTX
3090 GPU. A detailed component-wise runtime
breakdown, covering both offline preparation
and online inference costs, is provided in the
Appendix. Hyperparameter settings and selection
are provided in Appendix B.

4.1 RQ1: Can ECO-SCE Identify High- and
Low-Gain Proposals?

Each sample in NB101-SemPair is an ordered
parent-to-proposal pair with a known score dif-
ference, together with semantic and code-structure
differences between the two architectures. This al-
lows us to directly test whether ECO-SCE can dis-
tinguish high-gain proposals from low-gain ones
before full evaluation. Since ECO-SCE is used
for routing rather than plain classification, we re-
port routing-oriented metrics as shown in Table 1.
Table 1 shows that larger transition-level supervi-
sion improves routing quality. With 10,000 train-
ing pairs, ECO-SCE reaches the highest proxy re-
duction of 75.02% and the best AUC of 85.76%,
while keeping 94.80% of top-10 high-gain pro-
posals. Accept Precision also reaches 90.39%,
and Missed Improve remains below 9%, suggest-
ing that ECO-SCE saves more evaluations without
blindly filtering valuable transitions.

4.2 RQ2: Can ECO-SCE Improve
Downstream Architecture Evolution?

We next study whether ECO-SCE improves
an existing architecture evolution pipeline on
CLRS (Velickovic et al., 2022), a 30-task al-
gorithmic reasoning benchmark. We compare
against SPARK (Liu et al., 2026), EvoPrompt-
ing (Chen et al., 2023), OpenEvolve (Sharma,
2025), and Triplet-GMPNN (Ibarz et al., 2022).
As shown in Table 2, OpenEvolve+ECO-SCE
achieves the best average accuracy over all tasks,
86.10%, and the best cross-task accuracy ex-
cluding DFS, 87.00%. It also increases task-
level wins from 1/30 for vanilla OpenEvolve to
16/30. These results show that ECO-SCE im-
proves evaluator-budget allocation during archi-
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Training Pairs Proxy Red. ↑ Missed Imp. ↓ Accept Bad ↓ Accept Prec. ↑ Reject NPV ↑ Top-10 Kept ↑ AUC ↑
500 35.80% 5.20% 6.82% 93.18% 87.62% 96.00% 76.86%
1,000 51.60% 7.20% 11.35% 88.65% 85.71% 94.00% 80.58%
5,000 67.22% 8.12% 11.39% 88.61% 87.87% 96.00% 81.34%
10,000 75.02% 8.98% 9.61% 90.39% 88.19% 94.80% 85.76%

Table 1: Effect of training-pair scale on ECO-SCE. Proxy Red. measures the fraction of candidates that avoid full
evaluation; Missed Imp. measures beneficial proposals mistakenly skipped; Accept Bad and Accept Prec. measure
the reliability of uncertain transition proposals; Reject NPV measures whether rejected proposals are truly low-
gain; Top-10 Kept measures preservation of the highest-gain proposals; and AUC measures overall separability.

Method Avg. Params ↓ DFS Acc. ↑ Avg. Acc. ↑ Avg. Acc. w/o DFS ↑ Wins

Triplet-GMPNN (Ibarz et al., 2022) 467.3K 47.79 75.98 76.95 1/30
OpenEvolve (Sharma, 2025) 498.6K 32.54 62.69 63.73 1/30
EvoPrompting (Chen et al., 2023) 478.2K 68.14 80.88 81.32 2/30
Spark (Liu et al., 2026) 470.2K 83.74 83.91 83.92 10/30
OpenEvolve+ECO-SCE (ours) 485.9K 60.01 86.10 87.00 16/30

Table 2: CLRS downstream architecture evolution results. For EvoPrompting and Triplet-GMPNN, we report the
per-task CLRS results from their original papers. All other methods are evolved on the CLRS-DFS task under
Spark’s experimental setting and evaluated zero-shot on all 30 CLRS algorithmic reasoning tasks. “DFS Acc.”
reports performance on the search task. “Avg. Acc.” averages over all tasks, while “Avg. Acc. w/o DFS” excludes
the search task and measures cross-task performance. “Wins” counts the number of tasks on which each method
achieves the best accuracy among the compared methods. Detailed results on each task can be seen in Table 17.

tecture evolution, enabling OpenEvolve to dis-
cover architectures with stronger cross-task algo-
rithmic reasoning performance. Broader zero-shot
results on seven downstream benchmarks are re-
ported in Appendix H.

4.3 RQ3: Does ECO-SCE Allocate
Evaluation to More Promising Proposals?

We examine whether ECO-SCE reduces evalua-
tion cost through meaningful allocation rather than
invalid-program filtering. We consider only valid
proposals that pass basic execution checks and test
whether ECO-SCE can screen runnable but low-
gain transitions before full evaluation. Table 3
reports two complementary settings. MNIST1D-
shuffle covers four architecture families (LR,
MLP, CNN, and GRU), while CLRS-DFS uses the
benchmark-defined DFS setting. On MNIST1D-
shuffle, ECO-SCE evaluates only 12.25 of 98.00
valid proposals on average, skipping 87.50%. On
CLRS-DFS, it evaluates 6 of 86 valid proposals,
skipping 93.02%. For MNIST1D-shuffle CNN,
among 93 valid proposals, 83 are rejected, 3 are
routed as uncertain transitions and subsequently
fully evaluated, and 7 are directly evaluated. Thus,
the reduction comes from screening valid low-gain
transitions rather than invalid code, while allocat-
ing full-evaluator calls to a compact subset of po-

Dataset Setting Valid Eval. Skip Skip Rate

MNIST1D-shuf.

LR 100 19 81 81.00%
MLP 99 16 83 83.84%
CNN 93 10 83 89.25%
GRU 100 4 96 96.00%
Avg. 98.00 12.25 85.75 87.50%

CLRS-DFS CLRS-protocol 86 6 80 93.02%

Table 3: Evaluator-call analysis of OpenEvolve+ECO-
SCE over 100 search iterations. “Valid” denotes
runnable proposals, “Eval.” denotes valid proposals
sent to the full evaluator, and “Skip” denotes valid pro-
posals screened before full evaluation.

tentially useful proposals.

4.4 RQ4: Is ECO-SCE More Than Simple
Filtering?

To verify that ECO-SCE does not merely benefit
from reducing the number of evaluations, we com-
pare it with generic filtering and proxy-evaluation
alternatives. We consider two complementary set-
tings. First, on NB101-SemPair, we perform a
controlled offline comparison where random and
rule-based filters are matched to ECO-SCE with
the same filtering budget. This isolates whether
ECO-SCE selects better proposals under the same
amount of skipped evaluation. Second, inside
OpenEvolve, we compare ECO-SCE with random
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Filter Missed Imp. ↓ Top-10 Kept ↑ Eval. Red. ↑
Random 74.97% 25.53% 75.02%
Rule-based 64.08% 38.80% 75.02%
Acc. Pred. 54.54% 99.40% 75.02%
ECO-SCE 8.98% 94.80% 75.02%

Table 4: Controlled filtering comparison on NB101-
SemPair under the same evaluation-reduction budget.

filtering and ZeroProxy (Abdelfattah et al., 2021)
under comparable search budgets. This evaluates
whether the learned transition utility leads to bet-
ter downstream architecture evolution.

Controlled filtering on NB101-SemPair. We
first compare ECO-SCE with random filtering,
rule-based structural filtering, and an accuracy-
prediction filter under the same evaluation-
reduction budget of 75.02%. This setting controls
the number of skipped evaluations, so the com-
parison reflects which proposals each method pre-
serves. The results in Table 4 suggest that stan-
dalone accuracy prediction is insufficient for ar-
chitecture evolution: a proposal may have a high
predicted score but still provide little gain over
its parent. In contrast, ECO-SCE uses parent-
to-proposal transition information to identify gen-
uinely useful evolutionary changes. Details of the
rule-based filter are provided in Appendix E.

Comparison inside OpenEvolve. We further
test whether this filtering advantage transfers to an
actual OpenEvolve loop on the MNIST1D-shuffle
CNN setting. To isolate proposal-selection qual-
ity, Random Filter is budget-matched to ECO-
SCE: after ECO-SCE sends 10 runnable propos-
als to the full evaluator, Random Filter randomly
selects the same number of runnable proposals for
evaluation. As shown in Table 5, ECO-SCE im-
proves evaluator allocation, rather than merely re-
ducing the number of evaluations.

4.5 RQ5: Are ECO-SCE’s Components and
Routing Hyperparameters Robust?

We provide component and feature-level abla-
tions and routing-hyperparameter sensitivity stud-
ies in Appendices F and G. Appendix Table 15
shows complementary roles of the boundary clas-
sifier, evidence bank, and magnitude regressor.
Appendix Table 16 further compares semantic-
only, structural-only, and combined representa-
tions. Structural features are stronger alone, while

Method Full Eval. ↓ GPU Hours ↓ Best Acc. ↑
OpenEvolve 100 1.27 59.10
+ ZeroProxy 18 1.23 61.10
+ Random Filter 10 0.68 67.40
+ ECO-SCE 10 0.46 72.40

Table 5: Comparison with filtering and proxy-
evaluation strategies inside OpenEvolve on MNIST1D-
shuffle CNN setting. Random Filter is budget-matched
to ECO-SCE: after ECO-SCE sends 10 proposals to
the full evaluator, Random Filter randomly selects the
same number of runnable proposals for evaluation.

semantic features provide complementary infor-
mation; combining both improves AUROC and
Macro-F1 by 3.75 and 5.88 points. Appendix
Figure 3 shows stable performance across broad
routing-hyperparameter ranges. Overall, ECO-
SCE benefits from complementary representation
and estimator components rather than any single
feature or narrowly tuned threshold.

5 Conclusion

We introduced ECO-SCE, a code-semantic tran-
sition model that accelerates NAS by decid-
ing whether parent-to-proposal transitions merit
costly evaluation. Instead of scoring archi-
tectures independently, ECO-SCE learns parent-
relative proposal utility from NB101-SemPair and
routes proposals using semantic-change, sparse-
overlap, and code-structural signals. Experiments
on NB101-SemPair and downstream OpenEvolve
show reduced evaluator usage and GPU cost while
preserving or improving search quality. These re-
sults establish code-semantic transition modeling
as a promising direction for evaluator-aware ar-
chitecture evolution. Code will be released at this
repository for reproducibility.

Limitations

We summarize the limitations as follows. First,
ECO-SCE depends on code-level semantic repre-
sentations, so noisy, overly long, or poorly struc-
tured architecture code may increase token cost
and weaken transition features. Second, since
NB101-SemPair is derived from NAS-Bench-101,
validation on larger architecture spaces remains
future work. Third, as a pre-evaluation screening
model, ECO-SCE may still miss some beneficial
proposals, although uncertain transitions are sent
to the evaluator as a fallback. Future work will
extend ECO-SCE to broader search spaces.
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6 Appendix

A Additional Details of NB101-SemPair

We generate 9.4M candidate pair proposals with
five complementary policies: random, score-near,
score-far, code-near, code-far, as summarized in
Table 11.

B Hyperparameter Details

Table 13 reports the default hyperparameter val-
ues used by ECO-SCE. The margin m, PCA di-
mension d, and KNN size K are fixed design pa-
rameters used to define the transition represen-
tation and local evidence bank. The remaining
parameters, τbad, τgood, τprotect, and λ, control
the risk-aware routing policy. We select the re-
ported values on the validation split to obtain a bal-
anced trade-off between evaluation reduction and
missed-improvement risk. Sensitivity analysis in
Section 4.5 further shows that ECO-SCE is not
overly sensitive to a narrow hyperparameter set-
ting.

Hyperparameter selection. ECO-SCE has two
coupled goals: reducing full-evaluator calls and
avoiding unsafe routing decisions. Therefore,
we do not select hyperparameters by maximizing
Proxy Reduction alone. Instead, we first define a
safety-feasible set:

F = {x | MissedImp(x) ≤ ϵm,

AcceptBad(x) ≤ ϵb,

Top10Kept(x) ≥ ϵt}.
(14)

We set ϵm = 10%, ϵb = 10%, and ϵt = 90%.
Thus, a setting is considered safe only if it keeps
missed improvements and bad accepts below 10%
while preserving at least 90% of the top-10 high-
gain proposals.

Among safe settings, we select from the high-
reduction plateau. Let R(x) denote Proxy Reduc-
tion and

Rmax = max
x∈F

R(x). (15)

The plateau is defined as

P = {x ∈ F | R(x) ≥ Rmax −∆R}, (16)

where ∆R is the median nonzero change between
adjacent points on the sensitivity curve. This
makes the plateau tolerance adaptive to each hy-
perparameter sweep.
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We then choose a representative point from P
rather than always taking the most aggressive end-
point. This procedure, referred to as the Feasible
Plateau Representative Score (FPRS), favors set-
tings that are both safe and close to the best feasi-
ble reduction. Using FPRS, we select

(τbad, τgood, τprotect, λ) = (0.40, 0.40, 0.40, 0.25).
(17)

This configuration achieves 75.02% Proxy Reduc-
tion with 8.98% Missed Imp., 9.61% Accept Bad,
90.39% Accept Prec., 88.19% Reject NPV, and
94.80% Top-10 Kept.

C Runtime and Cost Accounting

We separate the computational cost of ECO-SCE
into one-time offline preparation and online
evolution. Offline preparation includes NB101-
SemPair construction, embedding computation,
ECO-SCE training, and PCA/KNN-bank con-
struction. These components are built once and
reused unchanged across downstream tasks. In
contrast, online evolution includes proposal gener-
ation, ECO-SCE screening, and full evaluator ex-
ecution. Accordingly, all GPU hours reported in
our downstream experiments measure the end-to-
end online evolution runtime on a single NVIDIA
RTX 3090 GPU and already include ECO-SCE
overhead.

Table 10 summarizes the cost breakdown. For
the online components, we profile the MNIST1D-
shuffle CNN experiment as a representative case.
ECO-SCE requires only 126.17 ms per proposal
on average. Including a one-time initialization
cost of 2.57 s, its total overhead over 100 evolu-
tion rounds is 15.23 s. The complete evolution run
takes 0.46 GPU hours, indicating that ECO-SCE
contributes only a small fraction of the total on-
line runtime.

D Case study

Qualitative analysis. We further inspect the
best programs found on the CLRS-DFS setting.
The initial program and final best program pro-
posed by OpenEvolve and OpenEvolve + ECO-
SCE can be seen in the following subsections.
This example is consistent with the design of
ECO-SCE’s transition representation. ECO-SCE
does not judge a proposal only by its standalone
code, but by the semantic and structural differ-
ence between the proposal and its parent. The se-

lected ECO-SCE architecture preserves the orig-
inal message-passing backbone and introduces
a localized graph-conditioned gate in the triplet
branch. Such an edit corresponds to a small but
semantically meaningful transition: it adds adap-
tive control to high-order messages without dis-
rupting the main aggregation path. In contrast,
the vanilla OpenEvolve solution performs a much
larger rewrite of the triplet branch, adding multi-
ple coupled mechanisms such as multi-head pro-
jections, edge gates, direction gates, adjacency re-
finement, and DFS-specific gating. Although ex-
pressive, this type of entangled edit is harder to
validate under limited evaluator budget and may
be less stable.

This behavior is also aligned with the construc-
tion of NB101-SemPair. Because the training
pairs cover both code-near and code-far transitions
with positive and negative score changes, ECO-
SCE can learn which semantic/code differences
tend to correspond to useful parent-relative gains.
Thus, the model is not simply biased toward small
edits; rather, it learns to favor transitions whose se-
mantic and structural changes resemble beneficial
evolution patterns observed in the training data.

D.1 Initial Program
Listing 1 shows the original triplet branch used by
the initial processor. We omit the shared first-order
message-passing layers, residual path, and op-
tional gates because they are not the focus of this
case study and are largely shared by the evolved
programs. The highlighted lines indicate the base-
line high-order triplet projection and message con-
struction.
1 class PGN(Processor):
2 # ... shared constructor and first-order message-passing

backbone ...
3
4 def _maybe_lazy_init(self, z, edge_fts, graph_fts):
5 if self._lazy:
6 in_z, in_e, in_g = z.shape[-1], edge_fts.shape[-1],

graph_fts.shape[-1]
7
8 # Original high-order triplet projections.
9 if self.use_triplets:

10 self.t_1 = nn.Linear(in_z, self.nb_triplet_fts)
11 self.t_2 = nn.Linear(in_z, self.nb_triplet_fts)
12 self.t_3 = nn.Linear(in_z, self.nb_triplet_fts)
13 self.t_e_1 = nn.Linear(in_e, self.nb_triplet_fts)
14 self.t_e_2 = nn.Linear(in_e, self.nb_triplet_fts)
15 self.t_e_3 = nn.Linear(in_e, self.nb_triplet_fts)
16 self.t_g = nn.Linear(in_g, self.nb_triplet_fts)
17 self.o3 = nn.Linear(self.nb_triplet_fts, self.

out_size)
18
19 # ... unchanged first-order layers, normalization,

and gates ...
20
21 def _compute_tri_msgs(self, z, edge_fts, graph_fts):
22 if not self.use_triplets:
23 return None
24
25 tri_1, tri_2, tri_3 = self.t_1(z), self.t_2(z), self.

t_3(z)
26 tri_e_1 = self.t_e_1(edge_fts)
27 tri_e_2 = self.t_e_2(edge_fts)
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Value Proxy Red. Missed Imp. Accept Bad Accept Prec. Reject NPV Top-10 Kept Safe Plateau FPRS

0.30 75.39 9.24 9.61 90.39 87.96 94.80 Yes Yes 0.60
0.35 75.30 9.16 9.61 90.39 88.04 94.80 Yes Yes 0.75
0.40 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 1.00
0.45 74.05 8.28 9.61 90.39 88.82 95.80 Yes Yes 0.75
0.50 71.00 6.72 9.61 90.39 90.11 96.00 Yes No 0.00
0.55 67.68 5.08 9.61 90.39 91.72 97.00 Yes No 0.00
0.60 66.24 4.50 9.61 90.39 92.30 97.20 Yes No 0.00
0.65 62.49 3.12 9.61 90.39 93.88 97.80 Yes No 0.00
0.70 61.92 2.92 9.61 90.39 94.14 97.80 Yes No 0.00
0.75 59.33 2.20 9.61 90.39 95.07 98.20 Yes No 0.00
0.80 56.73 1.58 9.61 90.39 95.99 98.40 Yes No 0.00
0.85 52.30 0.84 9.61 90.39 97.25 98.80 Yes No 0.00
0.90 47.43 0.42 9.61 90.39 97.98 99.40 Yes No 0.00

Table 6: Sensitivity results and FPRS values for τbad under the 10,000-training-pair setting. All percentage metrics
are reported in %. Unsafe configurations are assigned an FPRS of −1, feasible but non-plateau configurations are
assigned 0, and the selected plateau representative is assigned 1.

Value Proxy Red. Missed Imp. Accept Bad Accept Prec. Reject NPV Top-10 Kept Safe Plateau FPRS

0.30 75.50 8.98 9.94 90.06 88.19 94.80 Yes Yes 0.60
0.35 75.29 8.98 9.89 90.11 88.19 94.80 Yes Yes 0.75
0.40 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 1.00
0.45 73.51 8.98 8.42 91.58 88.19 94.80 Yes Yes 0.75
0.50 71.18 8.98 6.93 93.07 88.19 94.80 Yes No 0.00
0.55 69.06 8.98 5.37 94.63 88.19 94.80 Yes No 0.00
0.60 67.48 8.98 4.64 95.36 88.19 94.80 Yes No 0.00
0.65 65.37 8.98 3.89 96.11 88.19 94.80 Yes No 0.00
0.70 62.39 8.98 2.69 97.31 88.19 94.80 Yes No 0.00
0.75 59.36 8.98 1.69 98.31 88.19 94.80 Yes No 0.00
0.80 57.18 8.98 1.44 98.56 88.19 94.80 Yes No 0.00
0.85 54.52 8.98 0.62 99.38 88.19 94.80 Yes No 0.00
0.90 50.87 8.98 0.23 99.77 88.19 94.80 Yes No 0.00
0.95 45.96 8.98 0.00 100.00 88.19 94.80 Yes No 0.00

Table 7: Sensitivity results and FPRS values for τgood under the 10,000-training-pair setting.

28 tri_e_3 = self.t_e_3(edge_fts)
29 tri_g = self.t_g(graph_fts)
30
31 # Original triplet message construction.
32 triplets = (
33 tri_1.unsqueeze(2).unsqueeze(3)
34 + tri_2.unsqueeze(1).unsqueeze(3)
35 + tri_3.unsqueeze(1).unsqueeze(2)
36 + tri_e_1.unsqueeze(3)
37 + tri_e_2.unsqueeze(2)
38 + tri_e_3.unsqueeze(1)
39 + tri_g.unsqueeze(1).unsqueeze(2).unsqueeze(3)
40 )
41 tri_msgs = self.o3(torch.amax(triplets, dim=1))
42 return self.activation(tri_msgs) if self.activation

else tri_msgs

Listing 1: Initial program: original triplet branch

D.2 ECO-SCE Best Program

Listing 2 highlights the localized change selected
by ECO-SCE. The original triplet construction
is retained, and only a graph-conditioned gate is
added to modulate high-order triplet messages.
1 class PGN(Processor):

2 # ... same constructor and shared backbone as Listing 1
...

3
4 def _maybe_lazy_init(self, z, edge_fts, graph_fts):
5 if self._lazy:
6 in_z = z.shape[-1]
7 in_e = edge_fts.shape[-1]
8 in_g = graph_fts.shape[-1]
9 # ... unchanged first-order layers ...

10
11 if self.use_triplets:
12 # Original triplet branch is preserved.
13 self.t_1 = nn.Linear(in_z, self.nb_triplet_fts)
14 self.t_2 = nn.Linear(in_z, self.nb_triplet_fts)
15 self.t_3 = nn.Linear(in_z, self.nb_triplet_fts)
16 self.t_e_1 = nn.Linear(in_e, self.nb_triplet_fts)
17 self.t_e_2 = nn.Linear(in_e, self.nb_triplet_fts)
18 self.t_e_3 = nn.Linear(in_e, self.nb_triplet_fts)
19 self.t_g = nn.Linear(in_g, self.nb_triplet_fts)
20 self.o3 = nn.Linear(self.nb_triplet_fts, self.

out_size)
21
22 # Added: graph-conditioned triplet gate.
23 self.triplet_gate_proj = nn.Linear(in_g, self.

nb_triplet_fts)
24 self.triplet_gate_sigmoid = nn.Sigmoid()
25
26 def _compute_tri_msgs(self, z, edge_fts, graph_fts):
27 if not self.use_triplets:
28 return None
29 # ... unchanged computation of tri_1, tri_2, tri_3,
30 # tri_e_1, tri_e_2, tri_e_3, and tri_g ...
31
32 # Added: use graph context to modulate high-order
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Value Proxy Red. Missed Imp. Accept Bad Accept Prec. Reject NPV Top-10 Kept Safe Plateau FPRS

0.05 59.25 2.20 9.61 90.39 95.05 98.80 Yes No 0.00
0.10 67.80 5.08 9.61 90.39 91.75 97.40 Yes No 0.00
0.15 73.00 7.76 9.61 90.39 89.22 96.00 Yes No 0.00
0.20 74.19 8.42 9.61 90.39 88.68 95.60 Yes Yes 0.80
0.25 74.89 8.94 9.61 90.39 88.20 94.80 Yes Yes 0.84
0.30 74.97 8.98 9.61 90.39 88.17 94.80 Yes Yes 0.89
0.35 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.94
0.40 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 1.00
0.45 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.94
0.50 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.89
0.55 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.84
0.60 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.80
0.65 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.76
0.70 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.73
0.75 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.70
0.80 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.67
0.85 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.64
0.90 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.62
0.95 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.59
1.00 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 0.57

Table 8: Sensitivity results and FPRS values for τprotect under the 10,000-training-pair setting.

messages.
33 triplet_gate = self.triplet_gate_sigmoid(
34 self.triplet_gate_proj(graph_fts)
35 )
36 triplet_gate = triplet_gate.unsqueeze(1).unsqueeze(2)
37
38 triplets = (
39 tri_1.unsqueeze(2).unsqueeze(3)
40 + tri_2.unsqueeze(1).unsqueeze(3)
41 + tri_3.unsqueeze(1).unsqueeze(2)
42 + tri_e_1.unsqueeze(3)
43 + tri_e_2.unsqueeze(2)
44 + tri_e_3.unsqueeze(1)
45 + tri_g.unsqueeze(1).unsqueeze(2).unsqueeze(3)
46 )
47 # Added: localized modulation; construction remains

unchanged.
48 triplets = triplets * triplet_gate.unsqueeze(3)
49 tri_msgs = self.o3(torch.amax(triplets, dim=1))
50 return self.activation(tri_msgs) if self.activation

else tri_msgs
51
52 def forward(self, node_fts, edge_fts, graph_fts, adj_mat

, hidden, **unused):
53 # ... unchanged first-order aggregation ...
54 tri_msgs = self._compute_tri_msgs(z, edge_fts,

graph_fts)
55 return ret, tri_msgs

Listing 2: ECO-SCE best program: localized graph-
conditioned triplet gate

D.3 OpenEvolve Best Program

Listing 3 shows the larger rewrite found by vanilla
OpenEvolve. Compared with ECO-SCE, this pro-
gram changes the triplet branch more aggressively
and introduces multiple coupled mechanisms si-
multaneously.
1 class PGN(Processor):
2 # ... same constructor and shared backbone as Listing 1

...
3 def _maybe_lazy_init(self, z, edge_fts, graph_fts):
4 if self._lazy:
5 in_z = z.shape[-1]
6 in_e = edge_fts.shape[-1]
7 in_g = graph_fts.shape[-1]
8 # ... unchanged first-order layers ...
9

10 if self.use_triplets:
11 # Rewritten: multi-head triplet branch.
12 nb_heads = 4
13 self.nb_heads = nb_heads
14 self.head_dim = self.nb_triplet_fts // nb_heads
15 self.head_source = nn.Linear(in_z, nb_heads * self

.head_dim)
16 self.head_target = nn.Linear(in_z, nb_heads * self

.head_dim)
17 self.head_global = nn.Linear(in_g, nb_heads * self

.head_dim)
18 self.o3 = nn.Linear(self.nb_triplet_fts, self.

out_size)
19
20 # Rewritten: multiple coupled gates and

refinements.
21 self.edge_gate = nn.Linear(2 * in_z + in_e,

nb_heads)
22 self.dir_gate = nn.Linear(self.head_dim, self.

head_dim)
23 self.adj_refine = nn.Linear(in_e, nb_heads * self.

head_dim)
24 self.dfs_gate = nn.Sequential(
25 nn.Linear(in_z, self.out_size), nn.Sigmoid()
26 )
27
28 def _compute_tri_msgs(self, z, edge_fts, graph_fts,

adj_mat):
29 if not self.use_triplets:
30 return None
31
32 b, n, _ = z.shape
33 source = self.head_source(z).view(b, n, self.nb_heads,

self.head_dim)
34 target = self.head_target(z).view(b, n, self.nb_heads,

self.head_dim)
35 z_i = z.unsqueeze(2).expand(-1, -1, n, -1)
36 z_j = z.unsqueeze(1).expand(-1, n, -1, -1)
37
38 # Rewritten: direction-aware pairwise interaction.
39 gated_target = torch.sigmoid(
40 self.dir_gate(target.view(-1, self.head_dim))
41 ).view(b, n, self.nb_heads, self.head_dim)
42 tri_head = source.unsqueeze(2) * gated_target.

unsqueeze(1)
43
44 # Rewritten: edge-conditioned gating and global

injection.
45 edge_gate = torch.sigmoid(
46 self.edge_gate(torch.cat([edge_fts, z_i, z_j], dim

=-1))
47 ).unsqueeze(-1)
48 global_feat = self.head_global(graph_fts).view(
49 b, 1, 1, self.nb_heads, self.head_dim
50 )
51 tri_head = (tri_head + global_feat) * edge_gate
52 # Rewritten: adjacency refinement and DFS-specific
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Value Proxy Red. Missed Imp. Accept Bad Accept Prec. Reject NPV Top-10 Kept Safe Plateau FPRS

0.10 85.08 11.30 12.26 87.74 86.71 93.80 No No -1.00
0.15 82.73 10.80 11.59 88.41 87.02 94.00 No No -1.00
0.20 79.20 9.94 10.62 89.38 87.53 94.40 No No -1.00
0.25 75.02 8.98 9.61 90.39 88.19 94.80 Yes Yes 1.00
0.30 70.82 8.08 8.11 91.89 88.74 95.20 Yes Yes 0.50
0.35 66.72 7.24 7.12 92.88 89.24 95.20 Yes No 0.00
0.40 62.82 6.46 6.42 93.58 89.75 95.40 Yes No 0.00
0.45 58.93 5.74 5.73 94.27 90.24 95.80 Yes No 0.00
0.50 55.20 5.00 5.12 94.88 90.85 96.60 Yes No 0.00
0.60 48.19 3.74 4.35 95.65 91.98 97.20 Yes No 0.00
0.70 41.57 2.72 3.84 96.16 93.05 97.60 Yes No 0.00
0.80 35.72 2.08 3.14 96.86 93.58 98.00 Yes No 0.00
0.90 30.29 1.76 3.10 96.90 93.23 98.20 Yes No 0.00
1.00 25.62 1.18 2.60 97.40 94.22 98.40 Yes No 0.00
1.25 16.41 0.48 1.74 98.26 95.01 99.00 Yes No 0.00
1.50 11.29 0.18 1.32 98.68 95.50 99.40 Yes No 0.00

Table 9: Sensitivity results and FPRS values for λ under the 10,000-training-pair setting.

Table 10: Computational cost of ECO-SCE. Offline
components are constructed once and reused across
downstream tasks. Online costs are profiled on the
MNIST1D-shuffle CNN experiment.

Stage Component Cost

Offline

NB101-SemPair construction ∼10 h
Embedding computation 19,460 codes, ∼0.58 h
ECO-SCE training CPU only
PCA and KNN-bank construction One-time, reused

Online
ECO-SCE inference 126.17 ms / proposal
Initialization 2.57 s / run
Total ECO-SCE overhead 15.23 s / 100 rounds

Source Attempts Role

Random 3.0M Global diversity
Score-near 0.6M Small score differences
Score-far 3.0M Clear score changes
Code-near 0.6M Local code changes
Code-far 2.2M Larger structural changes

Table 11: Candidate pair proposal policies for con-
structing NB101-SemPair.

masking.
53 adj_refine = F.gelu(
54 self.adj_refine(edge_fts).view(b, n, n, self.

nb_heads, self.head_dim)
55 )
56 tri_head = tri_head + adj_refine * adj_mat.unsqueeze

(-1).unsqueeze(-1)
57 tri_msgs = self.o3(tri_head.view(b, n, n, self.

nb_triplet_fts))
58 tri_msgs = tri_msgs * self.dfs_gate(z_i - z_j)
59 tri_msgs = tri_msgs * adj_mat.unsqueeze(-1)
60 return self.activation(tri_msgs) if self.activation

else tri_msgs
61 def forward(self, node_fts, edge_fts, graph_fts, adj_mat

, hidden, **unused):
62 # ... unchanged first-order aggregation ...
63 tri_msgs = self._compute_tri_msgs(z, edge_fts,

graph_fts, adj_mat)
64 return ret, tri_msgs

Listing 3: OpenEvolve best program: entangled multi-
head triplet rewrite

E Details of Rule-Based Filtering
Baselines

We include rule-based structural filters as non-
learning baselines to test whether simple hand-
designed heuristics can replace transition-level
modeling. Each heuristic assigns a risk score to
a parent-to-proposal transition using one struc-
tural or semantic-change statistic. Under the con-
trolled filtering setting, the heuristic rejects the
same number of proposals as ECO-SCE, so perfor-
mance differences reflect proposal-selection qual-
ity rather than filtering budget.

The intuition behind these rules is as fol-
lows. param_decrease assumes that a
large reduction in parameter count may weaken
model capacity, while param_increase
assumes that a large parameter increase may
introduce inefficient or over-complex architec-
tures. diff_replaced_lines_large
treats extensive code replacement as a
sign of unstable architecture modification.
aux_complexity_large aggregates token-,
AST-, line-, and call-level changes and rejects
transitions with the largest overall structural
shift. semantic_l2_large uses the dense
semantic embedding distance between parent and
proposal as a proxy for large semantic deviation.
These heuristics capture intuitive risk factors,
but they do not learn how different semantic and
structural changes jointly relate to parent-relative
evolutionary gain.
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Figure 3: Sensitivity of ECO-SCE to routing hyperparameters on NB101-SemPair. We vary τbad, τgood, τprotect,
and λ, and report Proxy Reduction, Missed Improvement, Accept Bad, Accept Precision, Reject NPV, Top-10 Kept,
and FPRS. FPRS selects safety-feasible high-reduction settings by balancing evaluation reduction with routing
reliability. The circled points indicate the selected default hyperparameters. Detailed results are shown in Table 6,
7, 8 and 9.

Heuristic Category Rejection criterion

param_decrease Parameter change Largest parameter decrease
diff_replaced_lines_large Code diff Largest number of replaced lines
aux_complexity_large Structural change Largest aggregated structural-change score
semantic_l2_large Dense semantic shift Largest dense-embedding distance
param_increase Parameter change Largest parameter increase

Table 12: Rule-based filtering heuristics. Each rule ranks candidate transitions by a hand-designed risk signal and
rejects the highest-risk candidates under the same filtering budget as ECO-SCE.

F Ablation Study: Which Components
and Features Matter?

We perform both component-level and feature-
level ablations on the MNIST1D-shuffle CNN set-
ting inside OpenEvolve. The component-level
study examines how the boundary classifier, mag-
nitude regressor, and evidence bank contribute
to evaluator allocation and search quality. The
boundary classifier provides directional evidence,
the magnitude regressor estimates the strength of
performance changes, and the evidence bank cal-
ibrates decisions using local nearest-neighbor evi-
dence. All variants use the same 100-iteration evo-
lution budget.

Parameter Value Role

m 0.02 Boundary margin
d 64 PCA dimension
K 80 KNN neighbors
τbad 0.4 Auto-reject threshold
τgood 0.4 Auto-accept threshold
τprotect 0.4 Reject protection
λ 0.25 Uncertainty weight

Table 13: ECO-SCE hyperparameters for the balanced
routing policy.

Table 15 shows that all three components are
useful but play different roles. Removing the
boundary classifier causes the largest drop in
search quality, reducing the best accuracy from
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Dataset Protocol GPU Hours ↓ Task Score ↑
OpenEvolve +ECO-SCE OpenEvolve +ECO-SCE

CLRS CLRS-protocol 6.01 1.74−71.01% 62.69 86.10+23.41

MNIST1D Family-controlled 0.74 0.20−72.97% 70.25 80.10+9.85

MNIST1D-shuffle Family-controlled 1.03 0.31−69.90% 61.65 67.48+5.83

20 Newsgroups Random-start 0.29 0.13−55.17% 57.10 57.91+0.81

CartPole-v1 Random-start 0.73 0.09−87.67% 377.6 500.0+122.4

Yeast Random-start 0.21 0.18−14.29% 61.78 62.63+0.85

Breast Cancer Random-start 0.13 0.01−92.31% 96.90 96.81−0.09

Average – 1.31 0.38−70.88% 6/7 improved

Table 14: Zero-shot deployment of ECO-SCE with OpenEvolve across downstream architecture evolution bench-
marks. Superscripts denote relative GPU-hour reduction and absolute task-score change over OpenEvolve. Scores
are accuracies for classification tasks, mean test return for CartPole-v1, and average task score for CLRS.
MNIST1D-style tasks use LR/MLP/CNN/GRU controlled searches, CLRS uses the benchmark-defined initial-
ization, and the remaining tasks use random-start evolution. The average row reports mean GPU hours across
benchmarks; raw task scores are not averaged because their scales differ.

Method Bound. Mag. Evid. Passed Full Eval. Skip GPU Best Acc.

OpenEvolve – – – 100 100 0 1.27 59.10
Full ECO-SCE ✓ ✓ ✓ 93 10 83 0.46 72.40
w/o Evidence ✓ ✓ × 85 26 41 1.30 71.40
w/o Magnitude ✓ × ✓ 98 19 71 0.88 71.80
w/o Boundary × ✓ ✓ 89 24 59 1.11 66.50

Table 15: Component ablation of ECO-SCE inside OpenEvolve on the MNIST1D-shuffle CNN setting. GPU
hours are measured for the evolution run.

72.40% to 66.50%. This indicates that directional
evidence is critical for distinguishing beneficial
transitions from harmful ones. Without this mod-
ule, the system can still skip some evaluations, but
it becomes less reliable in preserving high-value
proposals.

The evidence bank mainly contributes to evalu-
ation saving. Without local evidence calibration,
the number of full evaluator calls increases from
10 to 26 and GPU time rises from 0.46h to 1.30h,
while the best accuracy remains relatively close to
the full model. This suggests that local evidence is
especially important for identifying regions where
ECO-SCE can safely skip evaluation. The mag-
nitude regressor also reduces evaluator usage: re-
moving it increases full evaluations from 10 to 19
and GPU time from 0.46h to 0.88h, with only a
small accuracy change. Overall, the full ECO-
SCE achieves the best balance between search
quality and evaluation cost, showing that direction
prediction, magnitude estimation, and local evi-
dence calibration are complementary.

We further isolate the contribution of transi-
tion representations by comparing semantic-only,

Table 16: Feature-level ablation of ECO-SCE using the
same data split and estimator.

Representation AUROC Macro-F1

Semantic only 76.34% 51.05%
Structural only 82.34% 60.25%
Semantic + Structural 86.09% 66.13%

structural-only, and combined features under the
same data split and estimator. As shown in Ta-
ble 16, structural features provide a stronger stan-
dalone signal, achieving 82.34% AUROC and
60.25% Macro-F1, while semantic features alone
achieve 76.34% and 51.05%, respectively. Com-
bining both yields the best performance, reaching
86.09% AUROC and 66.13% Macro-F1. This in-
dicates that semantic embeddings provide comple-
mentary information beyond explicit structural ed-
its, improving AUROC by 3.75 points and Macro-
F1 by 5.88 points over structural features alone.

G Hyperparameter Sensitivity

We further study the sensitivity of ECO-SCE to
the routing hyperparameters on NB101-SemPair.
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Specifically, we vary the reject threshold τbad, ac-
cept threshold τgood, protection threshold τprotect,
and uncertainty weight λ, while keeping the other
hyperparameters fixed. We report Proxy Reduc-
tion, Missed Improvement, Accept Bad, Accept
Precision, Reject NPV, Top-10 Kept, and FPRS.

Figure 3 shows that ECO-SCE exhibits sta-
ble routing behavior across broad hyperparam-
eter ranges. For τbad and τgood, increasing
the thresholds makes routing more conserva-
tive: Proxy Reduction decreases, while Missed
Improvement and Accept Bad generally remain
within the safety range. For τprotect, larger val-
ues increase protection against mistakenly reject-
ing potentially beneficial transitions, with only
moderate changes in the main reliability metrics.
The uncertainty weight λ controls the strongest
cost–risk trade-off: larger λ makes ECO-SCE
more conservative, reducing Proxy Reduction but
also lowering missed improvements and bad ac-
cepts. Across all sweeps, Top-10 Kept remains
high and Accept Precision stays around or above
90% near the selected operating points, indicat-
ing that ECO-SCE preserves high-gain propos-
als while reducing evaluator usage. FPRS selects
(τbad, τgood, τprotect, λ) = (0.40, 0.40, 0.40, 0.25)
as the default setting, which lies in the safety-
feasible high-reduction region for all four sensi-
tivity curves.

H Additional Tests on RQ2

We examine whether adding ECO-SCE to an ex-
isting architecture evolution pipeline reduces eval-
uation cost while preserving search quality across
diverse benchmarks. Specifically, we insert ECO-
SCE into OpenEvolve and compare the original
pipeline with its ECO-SCE-augmented variant.
The evaluation covers seven benchmarks from di-
verse domains: CLRS (Velickovic et al., 2022) for
algorithmic reasoning, MNIST1D and MNIST1D-
shuffle for 1D sequence classification (Greydanus
and Kobak, 2024), 20 Newsgroups for text clas-
sification (Mitchell, 1997), CartPole-v1 (Towers
et al., 2024) for reinforcement-learning control,
and Yeast (Nakai, 1991) and Breast Cancer Wis-
consin Diagnostic (Wolberg et al., 1993) for scien-
tific tabular classification. MNIST1D-style tasks
use controlled searches over LR, MLP, CNN, and
GRU architecture types. CLRS starts from the
benchmark-defined initial architecture, while the
remaining benchmarks use random-start evolu-

tion. We report GPU hours and task score, where
task score denotes classification accuracy, mean
test return for CartPole-v1, and average task score
for CLRS.

Table 14 shows that ECO-SCE reduces GPU
hours on all seven benchmarks. On average, GPU
hours decrease from 1.31 to 0.38, corresponding to
a 70.88% reduction. Task performance improves
in six out of seven benchmarks, with only a neg-
ligible 0.09 drop on Breast Cancer. These results
indicate that ECO-SCE can reduce downstream ar-
chitecture evolution cost while maintaining or im-
proving search quality.

In addition, the detailed performance of CLRS-
based experiments is shown in Table 17.
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