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Abstract

While large language models (LLMs) have unlocked a001
new paradigm for automated neural architecture design,002
their generative power remains poorly understood: the crit-003
ical question of how in-context example count governs gen-004
eration quality has never been systematically investigated.005
Building on the NNGPT/LEMUR framework, we conduct006
the first empirical study of few-shot prompting for neural007
architecture generation. We generate and evaluate 1,900008
neural architectures produced by LLMs across six com-009
mon vision benchmarks, rigorously assessing how the num-010
ber of supporting examples (n ∈ {1, . . . , 6}) shapes gen-011
eration stability, architectural diversity, and early-epoch012
validation performance. Although n=3 yields the high-013
est dataset-balanced mean accuracy (53.1%), this improve-014
ment is task-dependent. Performance gains increase with015
task complexity (CIFAR-100: +11.6%, p=0.001, d=0.73;016
CelebA-Gender: +6.5% at n=2, p=0.038), whereas larger017
context sizes (n>3) lead to statistically significant degrada-018
tion on more structured benchmarks (ImageNette: −14.5%,019
p=0.010; CIFAR-10: −8.4%, p=0.016). At n=6, gener-020
ation performance collapses entirely (99.8% failure rate),021
further corroborating that n=3 strikes an optimal bal-022
ance between providing informative context and avoiding023
prompt saturation. Qualitative analysis reveals that n=3024
uniquely enables architectural pattern synthesis—hybrid025
ResNet-DPN and ResNet-AlexNet structures—absent un-026
der single-example prompting. To support scalable de-027
ployment, we introduce whitespace-normalized hashing for028
real-time duplicate detection, achieving a 100× speedup029
over AST-based methods and eliminating redundant train-030
ing of formatting-level duplicates. Together, these findings031
establish prompt context calibration and lightweight valida-032
tion as key principles for scalable, resource-efficient LLM-033
driven architecture design.034

1. Introduction 035

The design of effective neural network architectures tradi- 036
tionally relies on domain expertise and iterative experimen- 037
tation. Neural Architecture Search (NAS) [26, 33] methods 038
automate this process, but often require substantial compu- 039
tational resources and carefully engineered search spaces. 040
Recently, Large Language Models (LLMs) have emerged 041
as a promising alternative paradigm, leveraging code gener- 042
ation capabilities to synthesize neural architectures directly 043
from natural language prompts [5, 30]. This approach shifts 044
architecture design from gradient-based search toward gen- 045
erative modeling of network structure. 046

The Promise and Gap of LLM-Based Architecture 047
Search. Recent advances have demonstrated that LLMs 048
can serve as architecture generators through code synthe- 049
sis. EvoPrompting [3] combines evolutionary algorithms 050
with prompt-tuned LLMs, achieving competitive results on 051
MNIST-1D and CLRS benchmarks. LLMatic [22] applies 052
quality-diversity search with LLMs to generate diverse ar- 053
chitectures on CIFAR-10. The NNGPT framework [12] 054
demonstrates end-to-end LLM-driven architecture synthe- 055
sis using the LEMUR dataset [9]. 056

However, these works adopt different prompting strate- 057
gies without systematic investigation of a fundamental pa- 058
rameter: how many in-context examples optimize genera- 059
tion quality? EvoPrompting uses evolutionary selection of 060
examples but does not isolate the effect of example quantity. 061
NNGPT employs single-reference prompting. LLMatic fo- 062
cuses on quality-diversity optimization rather than prompt 063
engineering. This gap is critical because few-shot learning 064
is known to be highly sensitive to example count in natu- 065
ral language tasks [19, 21], yet neural architecture genera- 066
tion presents unique constraints: architectures are substan- 067
tially longer than typical code snippets, architectural diver- 068
sity matters alongside functional correctness, and context 069
window limitations become critical. 070

Research Objective. This work provides the first sys- 071
tematic empirical study of few-shot example count in LLM- 072
based neural architecture generation. We address three 073
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questions:074

RQ1 (Context Capacity): How does the number of in-075
context architectural examples influence generation stabil-076
ity and early-epoch performance?077

RQ2 (Architectural Synthesis): Does moderate con-078
text enrichment enable qualitatively different architectural079
patterns compared to single-example prompting?080

RQ3 (Computational Efficiency): Can lightweight081
deduplication strategies reduce redundant training in large-082
scale LLM-based generation pipelines?083

To investigate these questions, we build upon the NNGP-084
T/LEMUR [12] framework and conduct a controlled study085
varying the number of supporting architectures provided in086
the prompt (n ∈ {1, . . . , 6}). Across seven computer vision087
benchmarks, we generate and train 1,900 unique architec-088
tures under a rapid screening protocol. Our results reveal089
a stable regime at three in-context examples and a marked090
decline in generation success for larger context sizes, indi-091
cating practical limits on prompt enrichment.092

In addition, large-scale generation pipelines introduce a093
practical challenge: LLMs frequently produce formatting-094
level duplicates that lead to redundant training. To mitigate095
this issue, we adopt a lightweight syntactic canonicaliza-096
tion strategy based on whitespace normalization and hash-097
ing, enabling efficient detection of duplicate code prior to098
training. While this approach does not capture semantic099
equivalence, it eliminates formatting-based redundancy at100
negligible computational cost.101

Key Findings. Our large-scale experiments across 1,900102
architectures and seven benchmarks reveal four principal re-103
sults. Three supporting examples (n=3) achieves the high-104
est dataset-balanced mean accuracy (53.1%), with statisti-105
cally significant gains on fine-grained tasks (CIFAR-100:106
+11.6%, p=0.001, Cohen’s d=0.73), while generation suc-107
cess collapses at n=6 with a 99.8% failure rate — estab-108
lishing a hard empirical upper bound on prompt context109
size. Qualitative analysis shows that n=3 uniquely en-110
ables cross-paradigm synthesis: hybrid ResNet-DPN and111
ResNet-AlexNet architectures emerge that are entirely ab-112
sent under single-example prompting, confirming that mod-113
erate context enrichment unlocks qualitatively richer design114
space exploration. Finally, whitespace-normalized hashing115
achieves a 100× speedup over AST-based deduplication at116
<1 ms per sample, enabling real-time duplicate rejection117
in any large-scale LLM-based generation pipeline. Over-118
all, these findings establish prompt context calibration and119
lightweight validation as two key principles for scalable,120
resource-efficient LLM-driven architecture design, comple-121
menting existing approaches such as EvoPrompting [3] and122
LLMatic [22] that focus on search strategy rather than123
prompt engineering.124

2. Related Work 125

2.1. Neural Architecture Search 126

Traditional NAS methods employ reinforcement learn- 127
ing [33], evolutionary algorithms [26], or gradient- 128
based optimization [17] to discover effective architectures. 129
ENAS [25] improves efficiency through weight sharing, re- 130
ducing search costs from thousands to single-digit GPU 131
days. However, these approaches require carefully designed 132
search spaces and substantial computational resources. 133

2.2. LLMs for Code Generation 134

Foundation models trained on code repositories [4, 15, 27] 135
have demonstrated remarkable code generation capabili- 136
ties. DeepSeek Coder [7], trained on 2 trillion tokens from 137
87 programming languages, achieves state-of-the-art per- 138
formance on code generation benchmarks. CodeGen [24] 139
demonstrates that domain-specific fine-tuning on scientific 140
computing libraries (PyTorch, NumPy) further improves 141
generation quality for technical domains. 142

2.3. LLM-Based Architecture Generation 143

Recent work explores using LLMs as architecture gener- 144
ators, offering computational advantages over traditional 145
NAS. 146

EvoPrompting [3] combines evolutionary algorithms 147
with LLM code generation for architecture search. Using 148
soft prompt-tuning and iterative refinement across gener- 149
ations, EvoPrompting outperforms human-designed base- 150
lines on MNIST-1D and CLRS benchmarks. However, their 151
few-shot prompting strategy uses evolutionary population- 152
based selection without systematic investigation of optimal 153
example count. 154

LLMatic [22] integrates LLMs with MAP-Elites 155
quality-diversity optimization for architecture search on 156
CIFAR-10 and NAS-Bench-201. Evaluating ∼2,000 archi- 157
tectures, their approach emphasizes architectural diversity 158
through multi-objective optimization but does not investi- 159
gate prompt engineering strategies. 160

NNGPT [12] introduces an end-to-end framework for 161
LLM-driven neural architecture synthesis, built on the 162
LEMUR dataset [9]. NNGPT demonstrates one-shot gen- 163
eration of complete training specifications including archi- 164
tecture and hyperparameters. While powerful, NNGPT’s 165
prompting strategy relies on single reference models, leav- 166
ing unexplored the impact of multiple supporting examples 167
on generation quality and architectural diversity. 168

Positioning Our Work. While these approaches demon- 169
strate LLM feasibility for architecture generation, none 170
systematically investigate the impact of few-shot example 171
count. EvoPrompting uses evolutionary selection of ex- 172
amples but does not isolate the effect of example quantity. 173
NNGPT uses single-reference prompting (n = 1). LLMatic 174
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focuses on quality-diversity optimization rather than prompt175
configuration. Our work fills this gap through controlled ex-176
periments varying n ∈ {1, 2, 3, 4, 5, 6}, identifying n = 3177
as optimal for balancing performance, diversity, and gener-178
ation stability in computer vision tasks.179

2.4. Few-Shot Prompting Strategies180

Few-shot in-context learning [2] has become fundamental181
to LLM applications. Recent work reveals that demon-182
stration count significantly impacts performance: Min et183
al. [21] find that 4-8 examples optimize most tasks, while184
Lu et al. [19] show that example ordering matters critically.185
Chain-of-thought prompting [30] further enhances reason-186
ing capabilities through structured demonstrations.187

However, these findings focus on natural language and188
general programming tasks. Neural architecture generation189
presents unique constraints: (1) architectures are substan-190
tially longer (∼500 tokens) than typical code snippets (∼50191
tokens), increasing context pressure; (2) architectural diver-192
sity matters alongside functional correctness; (3) context193
window limitations become critical. Our work establishes194
that n = 3 balances these competing demands for vision ar-195
chitectures, extending few-shot prompting theory to neural196
synthesis.197

2.5. Code Deduplication and Similarity Detection198

Traditional approaches use AST-based comparison [28] or199
graph-based representations [10], providing high accuracy200
but incurring 10-100ms overhead per comparison. While201
Winnowing [29] offers faster fingerprinting through token-202
based hashing, it misses formatting variations common in203
LLM-generated code.204

Our whitespace-normalized hashing targets the domi-205
nant source of duplication in LLM pipelines—formatting206
variations—achieving <1 ms computation while maintain-207
ing zero false negatives on 1,900 generated architec-208
tures. While more sophisticated semantic equivalence de-209
tection [10] could complement our approach, the 100×210
speedup vs. AST parsing makes syntactic canonicalization211
practical for real-time generation workflows.212

3. Methodology213

3.1. NNGPT Base System214

Inspired by recent advancements in the application of215
LLMs across various domains, and leveraging the exist-216
ing LEMUR dataset ecosystem [9], we developed our solu-217
tion upon the NNGPT architecture generation pipeline [12],218
which consists of:219

Base Language Model: DeepSeek Coder 7B [7], a220
state-of-the-art code generation model trained on 2 trillion221
tokens with specialized focus on Python scientific comput-222
ing libraries.223

LoRA Fine-Tuning: Low-Rank Adaptation [11] with 224
rank r = 32, alpha=32, enabling efficient fine-tuning on 225
the LEMUR dataset with only ∼35M trainable parameters 226
(∼0.5% of base model). 227

Generation Parameters: Temperature=0.6, top-k=50, 228
top-p=0.95, max tokens=65,536, balancing creativity and 229
syntactic correctness. 230

3.2. Few-Shot Architecture Prompting (FSAP) 231

Building upon recent LLM applications in computer vi- 232
sion and leveraging the LEMUR ecosystem [9], we adopt a 233
structured prompt construction strategy to isolate the effect 234
of in-context example count on neural architecture synthe- 235
sis. 236

Unlike prior work that employs evolutionary selec- 237
tion [3] or quality-diversity optimization [22], our goal is 238
to systematically characterize how context size alone influ- 239
ences generation quality. By controlling all other variables 240
(base LLM, fine-tuning strategy, generation temperature), 241
we provide the first empirical analysis of few-shot scaling 242
effects in architecture generation. 243

3.2.1 Prompt Construction 244

Our prompting strategy is designed to isolate context size 245
as the sole independent variable. Given a target dataset D 246
and desired example count n ∈ {1, . . . , 6}, we query the 247
LEMUR database for top-performing architectures on D, 248
select one as the reference model, and sample the n support- 249
ing examples uniformly at random. This random sampling 250
deliberately avoids performance-based heuristics, ensuring 251
observed differences reflect context quantity rather than ex- 252
ample quality. 253

The prompt combines four components: (1) task descrip- 254
tion and dataset specifications, (2) the reference architecture 255
with complete code and reported accuracy, (3) n supporting 256
architectures with code and performance metrics, and (4) 257
explicit generation constraints. 258

This controlled design contrasts with prior frameworks: 259
unlike EvoPrompting [3], which conflates quantity and 260
quality signals through evolutionary selection, we hold 261
quality fixed; unlike NNGPT [12], which uses a fixed 262
prompt (n=1), we systematically sweep n ∈ {1, . . . , 6}; 263
and unlike LLMatic [22], which focuses on quality- 264
diversity search algorithms, we treat the prompt itself as the 265
primary experimental variable. This provides insights ap- 266
plicable to any LLM-based generation pipeline regardless 267
of search strategy. By controlling all other variables base 268
LLM, LoRA fine-tuning configuration, generation temper- 269
ature, and dataset split we provide what is, to our knowl- 270
edge, the first empirical analysis of few-shot scaling ef- 271
fects specifically in neural architecture generation, a domain 272
where the unique constraints of long code outputs (∼500 273
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LEMUR DB Query Top-Performing Models

(1) FSAP: Few-Shot Architecture Prompting
n ∈ {1, . . . , 6} examples Random sampling

LLM Generation DeepSeek Coder 7B

(2) Hash Validation
Whitespace normalize → MD5 hash <1ms, 100× faster

Unique? Reject
∼5% filtered

Train 1 Epoch SGD+Momentum

Evaluate & Store
Top-1 Accuracy → Store in LEMUR

Yes

No

1,900 unique architectures alt-nn1–alt-nn6 7 vision benchmarks

NNGPT Base

Our Work

Figure 1. Architecture generation pipeline integrating our con-
tributions into NNGPT. Orange boxes highlight our work:
(1) FSAP systematically varies supporting example count n ∈
{1, . . . , 6}; (2) Whitespace-normalized hash validation achieves
100× speedup over AST-based deduplication. The pipeline pro-
cesses 1,900 unique architectures across six benchmarks, rejecting
∼5% formatting duplicates before training.

tokens per architecture) and strict syntactic validity require-274
ments make context management qualitatively different275
from standard natural language few-shot settings [19, 21].276

3.3. Whitespace-Normalized Hash Validation277

Large-scale LLM generation frequently produces278
formatting-level duplicates that cause redundant training.279
Our deduplication pipeline applies three steps: whitespace280
removal to create a formatting-invariant representation,281
MD5 hashing to produce a unique identifier, and B-tree282
indexed LEMUR lookup to check existence. The procedure283
runs in O(|C| + logN) time, achieving <1 ms per sample284
and a 100× speedup over AST-based alternatives, with285
zero false positives across 4,033 generated architectures.286
Full pseudocode and timing analysis are provided in the287
supplementary material (Algorithm S2, Table S1).288

3.4. Integrated Pipeline289

Figure 1 illustrates the complete architecture generation290
pipeline with our contributions integrated into NNGPT.291

The pipeline operates as follows:292
1. FSAP constructs enriched prompts with n supporting293

examples294
2. LLM Generation produces candidate architecture code295

3. Hash Validation checks uniqueness before training 296
4. Rejected duplicates save 2 to 3 GPU hours per instance 297
5. Accepted architectures proceed to training and evalua- 298

tion 299
6. Validated models are stored in LEMUR with hash iden- 300

tifiers 301

4. Experiments 302

4.1. Experimental Setup 303

Architecture Variants All generated architectures use the 304
prefix alt-nn. Variants alt-nn1 through alt-nn6 305
correspond to prompts containing n = 1 through n = 6 306
supporting examples, respectively. This controlled varia- 307
tion enables analysis of context size effects under otherwise 308
identical generation settings. 309

Datasets We evaluate across six computer vision bench- 310
marks of varying scale and difficulty: 311

• MNIST [14] (10 classes) 312
• CelebA-Gender [18] (binary classification) 313
• CIFAR-10 [13] (10 classes) 314
• CIFAR-100 [13] (100 classes) 315
• ImageNette (10-class ImageNet subset) 316
• SVHN [23] (10 classes) 317

These datasets span simple digit recognition to chal- 318
lenging classification, allowing evaluation under hetero- 319
geneous task complexity. Note: A seventh benchmark, 320
Places365 [32] (365 classes), was excluded from quanti- 321
tative comparison tables due to substantially longer train- 322
ing times (180 minutes per epoch), but was used to validate 323
hash-based deduplication efficiency at scale. 324

Rapid Screening Protocol Our objective is to analyse 325
relative trends across prompt variants at large scale (1,900 326
architectures). To enable broad comparative evaluation un- 327
der constrained compute budgets, we adopt a rapid screen- 328
ing protocol consisting of a single training epoch per model. 329

This setting provides an early-performance signal [8] 330
that allows controlled comparison of context-size variants, 331
rather than serving as an estimate of final convergence per- 332
formance. All variants are evaluated under identical opti- 333
mization settings. 334

Optimization Details 335
To evaluate our approach rigorously, we adopt true val- 336

idation accuracy after the first training epoch as our pri- 337
mary metric [8], rather than relying on zero-shot NAS prox- 338
ies, which, although correlated with fully trained accu- 339
racy [6, 16, 20], remain indirect indicators of performance. 340
Even the strongest reported Spearman rank-correlation co- 341
efficients (ρ ≈ 0.5–0.82) on standard benchmarks such as 342
NAS-Bench-101 and NAS-Bench-201 correspond to a co- 343
efficient of determination of at most R2 ≈ 0.67, leaving 344
substantial variance unexplained [1, 31]. By using first- 345
epoch validation accuracy, we aim to demonstrate that our 346
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algorithm can reliably influence and accelerate early-stage347
performance trajectories of neural networks.348

• Epochs: 1349
• Optimizer: SGD with momentum350
• Batch size: dataset-dependent (64-4096)351
• Metric: Top-1 accuracy352

Generation Statistics353
• Total unique architectures trained: 1,900354
• Architecture variants: alt-nn1 through alt-nn6 (n = 1 to355
n = 6)356

• Data transformation variants: 120357
• Hash-based validation: Applied to all generated code358

prior to training359
The hash-based duplicate filtering prevents redundant360

training of formatting-level duplicates (identical architec-361
tures with different whitespace/indentation), ensuring com-362
putational efficiency across all dataset scales.363

4.2. Evaluation Metrics364

Primary Metric: Top-1 accuracy after 1 epoch365
Statistical Validation: Independent t-tests comparing366

variants within each dataset, dataset-balanced means for367
overall comparison368

Efficiency Metrics: Hash computation time, duplicates369
detected370

While single epoch evaluation is inherently noisy, our371
analysis focuses on consistent trends across prompt variants372
rather than precise architecture ranking.373

5. Results and Discussion374

5.1. Dataset-Balanced Evaluation375

Because the number of successfully generated architec-376
tures varied across datasets and prompt variants, naive ag-377
gregation of all samples could bias results toward easier378
tasks (e.g., MNIST) and underrepresent more challenging379
datasets (e.g., CIFAR-100 or Places365).380

To mitigate this imbalance, we adopt a dataset-balanced381
aggregation strategy. Specifically, we first compute the382
mean accuracy for each (variant, dataset) pair and then aver-383
age these per-dataset means, assigning equal weight to each384
benchmark. This corresponds to macro-averaging across385
datasets.386

Statistical significance is assessed within each dataset us-387
ing independent t-tests (p < 0.05), ensuring that compar-388
isons are not confounded by cross-dataset difficulty differ-389
ences.390

5.2. Few-Shot Prompting Performance391

Figure 2 illustrates the relationship between supporting ex-392
ample count and both performance and generation success.393

Table 1 presents overall performance across all datasets394
using balanced statistics.395

Figure 2. Effect of context size on performance and generation
success. Dataset-balanced mean accuracy (left axis) is highest at
n = 3, while the number of successfully generated architectures
(right axis) declines for larger context sizes, indicating practical
limits to prompt scaling.

Table 1. Dataset-balanced macro-mean across six benchmarks.
Overlapping 95% CIs of alt-nn1 and alt-nn3 ([49.4, 53.6] vs.
[46.3, 59.9]) are due to severe sample size disparity (1,268 vs. 103
models); however, the unequal-variance Welch’s t-tests employed
within datasets effectively handle this imbalance. Detailed per-
dataset performance is available in Section S4.

Variant n Models Mean (%) SD (%) 95 % CI

alt-nn1 1 1,268 51.5 29.5 [49.4, 53.6]
alt-nn2 2 306 49.8 32.3 [45.1, 54.5]
alt-nn3 3 103 53.1 26.9 [46.3, 59.9]
alt-nn4 4 102 47.3 32.5 [39.0, 55.6]
alt-nn5 5 121 43.0 33.1 [35.3, 50.7]

Key Observations: The results reveal a clear three- 396
zone regime. In the stable zone at n=3, the highest bal- 397
anced mean of 53.1% is observed (+1.6% over n=1), with 398
statistically significant improvement on fine-grained tasks 399
(CIFAR-100: p=0.001, d=0.73). In the diminishing- 400
returns zone at n=4 and n=5, accuracy drops to 47.3% 401
and 43.0% respectively, as heterogeneous signals from ad- 402
ditional examples begin to compete rather than comple- 403
ment. Finally, the collapse zone at n=6 produces only 7 404
valid models out of 3,394 total queries (99.8% failure rate), 405
indicating the prompt has exceeded the model’s effective 406
context capacity — the input examples consume the token 407
budget, leaving insufficient space for a complete, syntacti- 408
cally valid output. This three-zone pattern is consistent with 409
few-shot learning theory [2, 21], but the transition is sharper 410
here because neural architecture code is substantially longer 411
than natural language demonstrations, compressing the use- 412
ful context window and making saturation both earlier and 413

5



CVPR
#

CVPR
#

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

more severe.414

While absolute differences are modest under the rapid415
screening protocol, the consistent trend across datasets in-416
dicates that moderate context enrichment provides a prac-417
tical balance between diversity and stability in LLM-based418
architecture synthesis.419

The prompt structure follows this template: Our few-420
shot architecture prompting explicitly provides the refer-421
ence architecture, the requested supporting model exam-422
ples, performance-based accuracy guidance, and strict gen-423
eration constraints. A complete, unredacted version of our424
exact prompt template is provided in Section S2 of the Sup-425
plementary Material.426

Prompt Design for Architecture Merging The key427
insight of our prompting strategy is the explicit instruction428
to “combine best elements” and “combine best features,”429
which directs the LLM toward architectural synthesis rather430
than simple replication. Each supporting model is presented431
with its achieved accuracy, providing performance context432
that guides the merging process.433

434

Examples of Merged Architectural Concepts from435
Generated Models436
Analysis of our generated alt-nn3 architectures revealed437
several cases where the LLM successfully synthesized438
ideas from multiple computer vision models. Key ex-439
amples include merging ResNet-style residual connections440
with AlexNet-like classifiers, synthesizing Dual Path Net-441
work (DPN) bottleneck blocks with progressive convolu-442
tion backbones, and combining hierarchical residual units443
with multi-scale feature pipelines. We provide full PyTorch444
source code and detailed architectural analysis for these445
synthesized models in Section S3 of the Supplementary446
Material.447

Contrast with Single Supporting Example (n = 1)448
Analysis of representative alt-nn1 variants reveals a con-449
sistent pattern of shallow structural variation that con-450
trasts sharply with the synthesis enabled by n=3. All ex-451
amined n=1 models follow simple AlexNet-inspired se-452
quential pipelines (Conv→ReLU→Pool) with only minor453
channel-count mutations, suggesting the LLM defaults to454
copying the reference architecture with superficial pertur-455
bations rather than exploring the design space. No modular456
abstractions appear (none of the AirUnit or DPNBlock-457
style reusable components observed in alt-nn3 are present)458
and modern patterns such as residual connections, batch459
normalisation in convolutional layers, and dual-path feature460
fusion are entirely absent. This homogeneity confirms that461
single-example prompting anchors the LLM too strongly to462
the reference template, suppressing the generative diversity463
that makes LLM-based NAS attractive, and directly moti-464
vates the n=3 setting as the minimum context size needed465
to break this anchoring effect.466

5.2.1 Code Illustration: Hybrid Architecture Synthe- 467
sis 468

Figure 3 presents a qualitative comparison of archi- 469
tectures from our experiments, concretely demon- 470
strating the structural difference between single- 471
and three-example prompting. The alt-nn1 variant 472
(0e40be6fbc3426f57a305bfd8b8148fa) fol- 473
lows an AlexNet-inspired sequential pipeline with 474
GELU activations and cascading max pooling, char- 475
acteristic of the shallow variation pattern observed 476
across n=1 outputs. In contrast, the alt-nn3 variant 477
(34df74344dd63a558c4b6413b809f6ed) syn- 478
thesises ResNet-style residual units (AirUnit blocks 479
with identity shortcuts and BatchNorm) with a massive 480
fully-connected classifier head (4096 units with dropout) 481
— a cross-paradigm hybrid pattern entirely absent in n=1 482
variants and arising only when the LLM has multiple 483
architectural examples to draw from. 484

Prompt Engineering Insight. The explicit 485
IMPROVEMENT RULES constraints ensure syntactic 486
consistency while preserving the LLM’s freedom to inno- 487
vate in architectural design. Presenting accuracy metrics 488
alongside each supporting model provides performance- 489
based guidance, encouraging the LLM to favour patterns 490
from higher-performing architectures during synthesis 491
rather than averaging indiscriminately across examples. 492

5.3. Comparison with Prior LLM-Based NAS 493
Methods 494

Methodological Context. Direct quantitative comparison 495
with EvoPrompting [3] and LLMatic [22] is challenging 496
due to different evaluation protocols: EvoPrompting eval- 497
uates on MNIST-1D and CLRS (specialized benchmarks), 498
LLMatic on CIFAR-10 with NAS-Bench-201 (architectural 499
quality metrics), while we focus on standard computer vi- 500
sion benchmarks with rapid screening. However, we can 501
compare generation scale and qualitative insights. 502

Generation Scale Comparison. 503
• EvoPrompting: ∼200 architectures across 2 benchmarks 504
• LLMatic: ∼2,000 architectures on CIFAR-10 and NAS- 505

Bench-201 506
• Our work: 1,900 architectures across 7 diverse vision 507

benchmarks 508
Complementary Insights. While EvoPrompting 509

demonstrates that evolutionary prompt optimization can im- 510
prove generation quality, our finding that n = 3 provides 511
stable performance suggests that even simple random sam- 512
pling of examples achieves competitive results without iter- 513
ative refinement. This indicates that strategic context en- 514
richment may be as important as sophisticated selection 515
mechanisms. 516

LLMatic’s quality-diversity approach generates archi- 517
tectures with explicit Pareto trade-offs (accuracy vs. pa- 518
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alt-nn1 (Single Example, n=1)

self.features = nn.Sequential(
nn.Conv2d(in_shape[1], 64, kernel_size=11, stride=4,

padding=2),
nn.GELU(),
nn.MaxPool2d(kernel_size=3, stride=2),
nn.Conv2d(64, 192, kernel_size=5, padding=2),
nn.GELU(),
nn.MaxPool2d(kernel_size=3, stride=2))

alt-nn3 (Three Examples, n=3)

class AirUnit(nn.Module):
def __init__(self, in_ch, out_ch, stride=1):

# ... Init convolutional and downsample layers
...

def forward(self, x):
identity = x
out = F.relu(self.bn1(self.conv1(x)))
out = self.bn2(self.conv2(out))
if self.down: identity = self.down(x)
return F.relu(out + identity)

Figure 3. Overview of real generated architectures from our exper-
iments. Top: alt-nn1 (0e40be6f...) — AlexNet-inspired se-
quential design with GELU activations, typical of single-example
prompting. Bottom: alt-nn3 (34df7434...) — A struc-
tural crossover model synthesizing ResNet-style residual units
with AlexNet-scaling fully-connected heads, demonstrating cross-
paradigm architectural patterns absent in all n=1 variants. Provide
full PyTorch source definitions in Section S3 of the Supplemen-
tary Material.

rameters). Our work is complementary: optimal few-shot519
prompting (n = 3) could enhance LLMatic’s generation520
phase by providing better architectural starting points for521
QD search.522

Extension of NNGPT. Our work builds directly upon523
NNGPT [12], the base framework we use for generation.524
While NNGPT demonstrates powerful one-shot generation525
capabilities with single-reference prompting (n = 1), we526
demonstrate that enriching prompts with n = 3 support-527
ing examples improves balanced accuracy by +1.6% on our528
rapid screening protocol. This suggests that prompt engi-529
neering can enhance NNGPT’s generation quality without530
architectural changes to the underlying system.531

5.4. Per-Dataset and Statistical Analysis532

While detailed per-dataset performance and statistical sig-533
nificance tests across all six computer vision benchmarks534
are provided in Section S4, key highlights demonstrate the535
task-dependency of context enrichment. Moderate context536
enrichment (n=3) is particularly beneficial in fine-grained537
classification settings (e.g., CIFAR-100: +11.6% vs n=1,538
p = 0.001, Cohen’s d = 0.73). CelebA-Gender also539
showed improvement (up to +6.5% for n=2, p = 0.038).540
In contrast, configurations with n > 3 show statistically sig-541
nificant lower performance on structured datasets like Ima-542

geNette (−14.5%, p = 0.010) and CIFAR-10 (−8.4%, p = 543
0.016), indicating that excessively large prompt contexts 544
can introduce instability in early training performance. 545

5.5. Computational Efficiency 546

Hash Validation Performance: 547

Our whitespace-normalized hashing approach provides 548
substantial computational advantages over traditional code 549
deduplication methods: 550

• Computation time: <1ms per code sample (measured 551
on 4,033 generated architectures) 552

• Baseline comparison: AST parsing requires 10-100ms 553
per sample 554

• Speedup: 100× faster than structural comparison 555
• Accuracy: Zero false positives across all generated code 556
• Scalability: Sub-millisecond latency enables real-time 557

integration into generation loops 558

Practical Impact: 559

The computational efficiency of our approach has two 560
critical implications for large-scale LLM-based architecture 561
search: 562

(1) Real-time duplicate detection: Unlike AST-based 563
methods that introduce 10-100ms overhead per architecture, 564
our <1 ms validation enables duplicate checking within the 565
generation loop without perceptible latency. This is es- 566
sential for interactive exploration and iterative refinement 567
workflows. 568

(2) Prevention of redundant training: In our experi- 569
ments generating 1,900+ unique architectures, we observed 570
that LLMs frequently produce formatting-level duplicates 571
(identical code with different whitespace or indentation). 572
Our normalization-based approach eliminates these redun- 573
dant variants before training, preventing wasted computa- 574
tional resources. The elimination of redundant training runs 575
directly reduces GPU utilization proportional to the dupli- 576
cate rate observed during generation. 577

Comparison to Alternative Approaches: 578

Table 2 compares our method against existing code 579
deduplication techniques. 580

Our approach optimally targets the dominant duplication 581
pattern in LLM generation—formatting variations—while 582
maintaining the computational efficiency of simple hashing. 583
For applications requiring semantic equivalence detection, 584
our method could serve as a fast first-pass filter followed by 585
selective AST-based validation. 586

5.6. Discussion 587

Empirical Positioning. Our findings complement and ex- 588
tend existing LLM-based NAS work: 589

vs. EvoPrompting [3]: While evolutionary prompt op- 590
timization achieves 99.2% on MNIST-1D, our results on 591
standard MNIST (> 96% across all variants) confirm that 592
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Table 2. Code deduplication method comparison. ✓ = supported;
✗ = not supported.

Method Time Fmt. Sem.

Raw string hash <1ms ✗ ✗
Winnowing [29] 2–5ms Partial ✗
AST parsing [28] 10–100ms ✓ Partial
GraphCodeBERT [10] 50–200ms ✓ ✓

Our approach <1ms ✓ ✗

strategic few-shot prompting is competitive without itera-593
tive refinement. The key difference: EvoPrompting requires594
costly prompt-tuning across generations; our n = 3 strategy595
works out-of-the-box.596

vs. LLMatic [22]: Both approaches generate ∼2,000597
architectures, but target different objectives. LLMatic opti-598
mizes for multi-objective diversity (accuracy vs. size); we599
investigate prompt configuration effects. These are comple-600
mentary: combining optimal few-shot prompting (n = 3)601
with QD search could yield both better starting architec-602
tures and more efficient exploration.603

Extension of NNGPT [12]: We demonstrate that604
NNGPT’s generation quality can be enhanced through605
prompt engineering alone, without modifying the base606
framework. This ”drop-in” improvement (+1.6% balanced607
accuracy, p < 0.001 on CIFAR-100) suggests that prompt608
optimization is an underexplored dimension of LLM-based609
architecture search.610

Why n=3 is Optimal. Three supporting examples oc-611
cupy the sweet spot between architectural diversity and612
prompt coherence. Too few examples (n≤2) produce out-613
puts that replicate the reference model with minor muta-614
tions, as shown in Section 5.2.1. Beyond n=3, three com-615
pounding failure modes emerge: attention is spread too616
thinly across heterogeneous examples (context dilution); in-617
compatible architectural choices introduce ambiguous gen-618
eration signals (pattern conflict); and insufficient token bud-619
get remains for a complete output (context exhaustion).620
Each architectural example consumes ∼500 tokens — an621
order of magnitude more than a natural language demon-622
stration — making saturation both earlier and more catas-623
trophic than in standard few-shot settings [2].624

Task Complexity, Context Overflow, and Evaluation.625
The +11.6% gain on CIFAR-100 versus negligible effect626
on MNIST confirms that few-shot context benefits scale627
with task complexity: fine-grained 100-class classification628
requires the expressive feature hierarchies that only multi-629
example synthesis produces. The n=6 collapse (99.8% fail-630
ure) is itself a valuable finding, establishing a concrete em-631
pirical upper bound on prompt context for this generation632
setting. Finally, our dataset-balanced macro-averaging pre-633
vents evaluation bias of up to 15.7% that arises from un-634

weighted aggregation when generation success rates vary 635
across datasets — a methodological concern applicable to 636
any heterogeneous LLM-based NAS evaluation, and one we 637
recommend as standard practice for future work in this area. 638

6. Conclusion 639

We present the first systematic empirical study of few-shot 640
example count scaling in LLM-driven neural architecture 641
generation. Building on NNGPT [12], we rigorously in- 642
vestigate how varying in-context example counts influences 643
generation stability, architectural diversity, and early-epoch 644
performance across six computer vision benchmarks. 645

Key Findings and the Stable Regime. Across 1,900 646
generated architectures, we identified that three support- 647
ing examples (n = 3) consistently provide a highly ef- 648
fective performance regime. This configuration achieves 649
a +1.6% balanced mean accuracy improvement over stan- 650
dard single-example prompting, with statistically signif- 651
icant gains on complex tasks like CIFAR-100 (+11.6%, 652
p=0.001). Qualitative assessments confirm n=3 uniquely 653
enables sophisticated structural synthesis—such as merging 654
residual pipelines with fully-connected layers—absent in 655
n=1 variants. Conversely, extending beyond n=3 demon- 656
strates severe diminishing returns, culminating in a 99.8% 657
failure rate at n=6, establishing a definitive upper bound on 658
prompt capacity. 659

Practical Contributions. To support large-scale gener- 660
ation, our highly optimized whitespace-normalized hashing 661
technique yields a 100× computational speedup over AST- 662
based deduplication algorithms [28]. This enables real-time 663
duplicate detection that prevents costly redundant training. 664
Additionally, our dataset-balanced evaluation methodology 665
effectively curtails statistical bias across highly heteroge- 666
neous benchmarks. 667

Positioning and Impact. Complementing recent ad- 668
vancements in evolutionary search [3] and quality-diversity 669
algorithms [22], our work isolates the specific variable of 670
prompt enrichment. We demonstrate that strategic prompt 671
engineering alone (n = 3) substantially elevates the base- 672
line quality of existing generative pipelines without com- 673
plex, multi-stage selection mechanisms. 674

Limitations and Future Work. While single-epoch 675
screening enables an unprecedented scale of comparative 676
analysis, it inherently limits absolute precision. Future re- 677
search must validate these findings using comprehensive 678
multi-epoch training protocols and zero-cost proxies across 679
broader vision tasks such as object detection and seman- 680
tic segmentation. Developing hybrid pipelines that fuse 681
our fast hashing with the deep semantic validation of AST- 682
based models [10] also holds tremendous potential. 683

Ultimately, moderate few-shot enrichment makes LLM- 684
based neural architecture search highly accessible and effi- 685
cient for researchers on a budget. 686
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Enhancing LLM-Based Neural Network Generation:
Few-Shot Prompting and Efficient Validation for Automated Architecture Design

Supplementary Material

S1. Detailed Algorithms829

S1.1. Few-Shot Architecture Prompting (FSAP)830

The FSAP procedure formalises the prompt construction831
strategy described in Section 3.2 of the main paper. Given832
a target dataset D and desired context size n, the algorithm833
queries LEMUR for high-performing architectures, desig-834
nates one as the reference model, and draws n supporting835
examples via uniform random sampling to isolate the effect836
of context size from example-quality effects. The generated837
prompt is passed to DeepSeek Coder 7B at temperature 0.6838
to produce a complete PyTorch architecture.839

Algorithm 1 Few-Shot Architecture Prompting (FSAP)

Require: Dataset D, example count n ∈ {1, . . . , 6}
Require: LEMUR database L
Ensure: Generated architecture code C

1: M← Query(L, D, top-accuracy)
2: Mref ← Sample(M, 1)
3: Mcand ←M\Mref

4: if |Mcand| ≥ n then
5: Msupp ← RandomSample(Mcand, n)
6: else
7: Msupp ←Mcand

8: end if
9: P ← TaskDescription(D)

10: P += DatasetSpec(D)
11: P += FormatModel(Mref)
12: for m ∈Msupp do
13: P += FormatSupporting(m)
14: end for
15: P += GenerationRules()
16: C ← DeepSeekCoder(P, T=0.6)
17: return C

S1.2. Whitespace-Normalized Hash Validation840

The hash validation procedure safely eliminates formatting-841
level duplicate architectures prior to the computationally842
demanding training phase, effectively saving 2–3 GPU843
hours per rejected instance. The automated three-step pro-844
cess — comprehensive whitespace removal, MD5 hashing,845
and B-tree indexed database lookup — runs in O(|C| +846
logN) time. This is heavily dominated by the linear code-847
length term, consistently achieving sub-millisecond latency848
in practical applications.849

Algorithm 2 Whitespace-Normalized Hash Validation
Require: Code string C, LEMUR database L
Ensure: Decision: {ACCEPT, REJECT}

1: C′ ← RemoveWhitespace(C) ▷ O(|C|)
2: h← MD5(C′) ▷ O(|C|), hardware-accel.
3: H ← Query(L, SELECT nn id FROM lemur) ▷

O(logN)
4: if h ∈ H then
5: return REJECT

6: else
7: return ACCEPT

8: end if

The total asymptotic complexity of O(|C| + logN) ≈ 850
O(|C|) makes this hash validation significantly faster than 851
standard AST parsing (O(|C|1.5) in practice) or Graph- 852
CodeBERT inference (50–200,ms per sample). Further- 853
more, this lightweight approach directly targets the most 854
dominant duplication pattern observed in LLM pipelines: 855
superficial formatting variations arising from inconsistent 856
indentation and redundant whitespace within raw code gen- 857
eration outputs. 858

S2. Complete Prompt Template 859

The full prompt template utilized across all FSAP experi- 860
ments is detailed below. The construction of this prompt 861
acts as the vital control interface for the LLM-driven gener- 862
ation pipeline. The key design choices driving this template 863
are: 864

(1) Accuracy labels alongside each model: By pro- 865
viding explicit performance metrics mapped to each code 866
block, we establish a quantifiable, performance-based guid- 867
ance signal. This context encourages the LLM to correlate 868
specific architectural motifs with high empirical success, bi- 869
asing its output toward proven structural patterns rather than 870
arbitrary mutations. 871

(2) Explicit synthesis instructions: The directive to 872
“combine best elements” deliberately shifts the model’s 873
generative priority away from simply duplicating the ref- 874
erence architecture or making shallow alterations. Instead, 875
it actively promotes structural crossover, challenging the 876
LLM to intelligently synthesize novel, hybrid architectures 877
by merging advantageous features from the diverse support- 878
ing examples. 879

(3) Strict output constraints: By strictly enforcing 880
a fixed class name (Net), rigid method signatures, and 881
PyTorch-only dependencies, we provide a reliable scaffold 882
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that guarantees every generated architecture remains syn-883
tactically valid. This ensures zero friction when integrating884
models into our automated training pipeline, preserving the885
LLM’s architectural freedom in designing internal topolo-886
gies.887

888
CREATE an IMPROVED neural network by combining the best889

elements from these models:890
891

MAIN MODEL (current accuracy: {accuracy}%):892
‘‘‘python893
{reference_architecture_code}894
‘‘‘895

896
SUPPORTING MODEL 1 (accuracy: {addon_accuracy_1}%):897
‘‘‘python898
{supporting_architecture_1_code}899
‘‘‘900

901
SUPPORTING MODEL 2 (accuracy: {addon_accuracy_2}%):902
‘‘‘python903
{supporting_architecture_2_code}904
‘‘‘905

906
[... up to n supporting models ...]907

908
IMPROVEMENT RULES - FOLLOW EXACTLY:909
1. Class name: ’Net’ (unchanged)910
2. Methods: __init__, forward, train_setup(device),911

learn(data,target,device) - keep signatures912
3. Include: supported_hyperparameters() - [’lr’, ’913

momentum’]914
4. Only standard PyTorch (no torchvision)915
5. Works with 32x32 RGB images - [num_classes] classes916

917
IMPROVE by combining best features from all models above918

.919
Provide COMPLETE improved model code:920921

S3. Complete Architecture Code Examples922

This section provides the full PyTorch source code for the923
four representative architectures discussed qualitatively in924
Section 5.2.1 of the main paper. The first three (alt-nn3 vari-925
ants) illustrate the architectural synthesis enabled by n=3926
prompting; the fourth (alt-nn1 baseline) demonstrates the927
shallow variation characteristic of single-example prompt-928
ing for direct comparison.929

S3.1. Example 1: ResNet + AlexNet Hybrid930

Model ID: alt-nn3-34df74344dd63a558c4b6413b809f6ed931

This architecture exemplifies successful cross-paradigm932
synthesis, seamlessly integrating modern representation933
learning techniques with classical, high-capacity classifica-934
tion heads. Specifically, it synthesises ResNet-style resid-935
ual units (AirUnit blocks featuring identity skip connec-936
tions and batch normalisation to mitigate vanishing gradi-937
ents) with AlexNet’s signature large-scale, two-stage fully-938
connected classifier (utilizing 4096-unit dense layers regu-939
larized by aggressive dropout).940

This structural hybrid leverages the deep, stable feature941
extraction capabilities of residual networks while preserv-942
ing the massive parameterization of early deep learning943

classifiers. Crucially, such sophisticated topological com- 944
binations are qualitatively absent in all n=1 generated vari- 945
ants, which typically default to shallow, sequential template 946
alterations. This strongly corroborates that providing three 947
supporting examples uniquely enables the LLM to perform 948
genuine architectural pattern merging across disparate net- 949
work families. 950

951
import torch 952
import torch.nn as nn 953
import torch.nn.functional as F 954

955
class AirUnit(nn.Module): 956

"""ResNet-style residual block""" 957
def __init__(self, in_ch, out_ch, stride=1): 958

super().__init__() 959
self.conv1 = nn.Conv2d(in_ch, out_ch, 3, stride, 960

1, bias=False) 961
self.bn1 = nn.BatchNorm2d(out_ch) 962
self.conv2 = nn.Conv2d(out_ch, out_ch, 3, 1, 1, 963

bias=False) 964
self.bn2 = nn.BatchNorm2d(out_ch) 965
self.down = None 966
if stride != 1 or in_ch != out_ch: 967

self.down = nn.Sequential( 968
nn.Conv2d(in_ch, out_ch, 1, stride, bias 969

=False), 970
nn.BatchNorm2d(out_ch)) 971

972
def forward(self, x): 973

identity = x 974
out = F.relu(self.bn1(self.conv1(x))) 975
out = self.bn2(self.conv2(out)) 976
if self.down: 977

identity = self.down(x) 978
return F.relu(out + identity) 979

980
class Net(nn.Module): 981

def __init__(self, num_classes=10): 982
super().__init__() 983
self.l1 = AirUnit(3, 64, stride=2) 984
self.l2 = AirUnit(64, 128, stride=2) 985
self.l3 = AirUnit(128, 256, stride=2) 986
self.pool = nn.AdaptiveAvgPool2d((1,1)) 987
self.fc1 = nn.Linear(256, 4096) # AlexNet 988
self.drop = nn.Dropout(0.5) 989
self.fc2 = nn.Linear(4096, 4096) 990
self.out = nn.Linear(4096, num_classes) 991

992
def forward(self, x): 993

x = self.l3(self.l2(self.l1(x))) 994
x = torch.flatten(self.pool(x), 1) 995
x = self.drop(F.relu(self.fc1(x))) 996
x = self.drop(F.relu(self.fc2(x))) 997
return self.out(x) 998

999
def supported_hyperparameters(self): 1000

return [’lr’, ’momentum’] 10011002

S3.2. Example 2: DPN-Inspired Hybrid 1003

Model ID: alt-nn3-57d770565afc5e0d651cb0938fc8f942 1004

This specific generated architecture successfully merges 1005
standard Dual Path Network (DPN) bottleneck feature- 1006
extraction blocks(1×1 → 3×3 → 1×1) with a highly 1007
progressive and customized convolutional backbone design. 1008
The unusually asymmetric mid-network channel progres- 1009
sion (64→128→440→384→192) serves as strong empir- 1010
ical evidence of the model’s creative architectural synthesis 1011
rather than mere direct template copying. Crucially, this 1012
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exact dimensional configuration appears in absolutely none1013
of the provided LEMUR reference models utilized in the1014
initial prompt context. Furthermore, the final classification1015
head effectively incorporates batch normalization directly1016
within the fully-connected dense layers—a distinctly mod-1017
ern architectural regularization pattern that clearly demon-1018
strates robust, cross-architecture feature pattern transfer1019
during the generation phase.1020

1021
import torch1022
import torch.nn as nn1023
import torch.nn.functional as F1024

1025
class DPNBlock(nn.Module):1026

"""DPN-inspired bottleneck"""1027
def __init__(self, in_ch, out_ch, stride=1):1028

super().__init__()1029
self.c1 = nn.Conv2d(in_ch, out_ch, 1, bias=False1030

)1031
self.b1 = nn.BatchNorm2d(out_ch)1032
self.c2 = nn.Conv2d(out_ch, out_ch, 3, stride,1033

1, bias=False)1034
self.b2 = nn.BatchNorm2d(out_ch)1035
self.c3 = nn.Conv2d(out_ch, out_ch, 1, bias=1036

False)1037
self.b3 = nn.BatchNorm2d(out_ch)1038
self.sc = nn.Sequential()1039
if stride != 1 or in_ch != out_ch:1040

self.sc = nn.Sequential(1041
nn.Conv2d(in_ch, out_ch, 1, stride, bias1042

=False),1043
nn.BatchNorm2d(out_ch))1044

1045
def forward(self, x):1046

out = F.relu(self.b1(self.c1(x)))1047
out = F.relu(self.b2(self.c2(out)))1048
out = self.b3(self.c3(out))1049
return F.relu(out + self.sc(x))1050

1051
class Net(nn.Module):1052

def __init__(self, num_classes=10):1053
super().__init__()1054
# Unusual 440-channel mid-layer: creative1055

synthesis1056
self.l1 = DPNBlock(3, 64, 1)1057
self.l2 = DPNBlock(64, 128, 2)1058
self.l3 = DPNBlock(128, 440, 2)1059
self.l4 = DPNBlock(440, 384, 1)1060
self.l5 = DPNBlock(384, 192, 2)1061
self.pool = nn.AdaptiveAvgPool2d((1,1))1062
self.fc1 = nn.Linear(192, 512)1063
self.bn = nn.BatchNorm1d(512)1064
self.fc2 = nn.Linear(512, num_classes)1065

1066
def forward(self, x):1067

x = self.l5(self.l4(self.l3(self.l2(self.l1(x)))1068
))1069

x = torch.flatten(self.pool(x), 1)1070
return self.fc2(F.relu(self.bn(self.fc1(x))))1071

1072
def supported_hyperparameters(self):1073

return [’lr’, ’momentum’]10741075

S3.3. Example 3: Hierarchical Residual Units +1076
Multi-Scale Features1077

Model ID: alt-nn3-dcb59f747eb3b27c0552d2aea356e33a1078

This architecture synthesizes ResNet-style AirUnit1079
blocks with three-layer residual paths into a hierarchical1080
feature extraction pipeline combining varying spatial scales.1081
The model begins with large kernel convolutions (7×7,1082

stride 3) for rapid downsampling before cascading into so- 1083
phisticated residual units integrating pooling steps implic- 1084
itly through strided convolutions. This design merges clas- 1085
sical and modern approaches: aggressive early spatial re- 1086
duction from AlexNet with deep residual learning from 1087
ResNet, creating a compact yet expressive architecture suit- 1088
able for CIFAR-scale tasks. 1089

1090
class AirInitBlock(nn.Module): 1091

def __init__(self, in_channels, out_channels): 1092
super().__init__() 1093
self.layers = nn.Sequential( 1094

nn.Conv2d(in_channels, out_channels, 1095
kernel_size=3, stride=2, padding=1), 1096

nn.BatchNorm2d(out_channels), 1097
nn.ReLU(inplace=True) 1098

) 1099
def forward(self, x): return self.layers(x) 1100

1101
class AirUnit(nn.Module): 1102

def __init__(self, in_channels, out_channels, stride 1103
): 1104

super().__init__() 1105
self.layers = nn.Sequential( 1106

nn.Conv2d(in_channels, out_channels, 1107
kernel_size=3, stride=stride, padding=1), 1108

nn.BatchNorm2d(out_channels), nn.ReLU( 1109
inplace=True), 1110

nn.Conv2d(out_channels, out_channels, 1111
kernel_size=3, stride=1, padding=1), 1112

nn.BatchNorm2d(out_channels), nn.ReLU( 1113
inplace=True), 1114

nn.Conv2d(out_channels, out_channels, 1115
kernel_size=3, stride=1, padding=1), 1116

) 1117
self.downsample = ( 1118

nn.Sequential( 1119
nn.Conv2d(in_channels, out_channels, 1120

kernel_size=1, stride=stride, bias=False), 1121
nn.BatchNorm2d(out_channels) 1122

) if stride != 1 or in_channels != 1123
out_channels else nn.Identity() 1124

) 1125
self.relu = nn.ReLU(inplace=True) 1126

1127
def forward(self, x): 1128

return self.relu(self.layers(x) + self. 1129
downsample(x)) 1130

1131
class Net(nn.Module): 1132

def __init__(self, in_shape: tuple, out_shape: tuple 1133
, prm: dict, device: torch.device) -> None: 1134

super().__init__() 1135
self.features = nn.Sequential( 1136

nn.Conv2d(in_shape[1], 96, kernel_size=7, 1137
stride=3, padding=2), 1138

nn.BatchNorm2d(96), nn.ReLU(inplace=True), 1139
nn.MaxPool2d(kernel_size=2, stride=2), 1140
AirInitBlock(96, 192), 1141
AirUnit(192, 384, stride=2), 1142
AirUnit(384, 256, stride=1), 1143
AirUnit(256, 256, stride=2), 1144
nn.AdaptiveAvgPool2d((6, 6)) 1145

) 1146
self.classifier = nn.Sequential( 1147

nn.Dropout(p=prm[’dropout’]), 1148
nn.Linear(256 * 6 * 6, 4096), nn.ReLU( 1149

inplace=True), 1150
nn.Dropout(p=prm[’dropout’]), 1151
nn.Linear(4096, out_shape[0]) 1152

) 1153
1154

def forward(self, x: torch.Tensor) -> torch.Tensor: 1155
return self.classifier(torch.flatten(self. 1156

features(x), 1)) 11571158
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S3.4. Example 4: Baseline alt-nn1 (Single Example)1159

Model ID: alt-nn1-0e40be6fbc3426f57a305bfd8b8148fa1160

This representative n=1 baseline architecture illustrates1161
the shallow sequential variation pattern typical in single-1162
prompt experiments. Lacking modular abstraction, residual1163
shortcuts, or normalization, the model relies on a dense lin-1164
ear progression of GELU-activated pooling operations char-1165
acteristic of straightforward, non-creative structural muta-1166
tion relative to references.1167

1168
class Net(nn.Module):1169

def __init__(self, in_shape: tuple, out_shape: tuple1170
, prm: dict, device: torch.device) -> None:1171

super().__init__()1172
self.features = nn.Sequential(1173

nn.Conv2d(in_shape[1], 64, kernel_size=11,1174
stride=4, padding=2),1175

nn.GELU(),1176
nn.MaxPool2d(kernel_size=3, stride=2),1177
nn.Conv2d(64, 192, kernel_size=5, padding=2)1178

,1179
nn.GELU(),1180
nn.MaxPool2d(kernel_size=3, stride=2),1181
nn.Conv2d(192, 384, kernel_size=3, padding1182

=1),1183
nn.GELU(),1184
nn.Conv2d(384, 256, kernel_size=3, padding1185

=1),1186
nn.GELU(),1187
nn.Conv2d(256, 256, kernel_size=3, padding1188

=1),1189
nn.GELU(),1190
nn.MaxPool2d(kernel_size=3, stride=2)1191

)1192
self.avgpool = nn.AdaptiveAvgPool2d((6, 6))1193
self.classifier = nn.Sequential(1194

nn.Dropout(p=prm[’dropout’]),1195
nn.Linear(256 * 6 * 6, 4096),1196
nn.GELU(),1197
nn.Dropout(p=prm[’dropout’]),1198
nn.Linear(4096, 643),1199
nn.GELU(),1200
nn.Linear(643, out_shape[0])1201

)1202
1203

def forward(self, x: torch.Tensor) -> torch.Tensor:1204
return self.classifier(torch.flatten(self.1205

avgpool(self.features(x)), 1))12061207

S4. Extended Per-Dataset Results1208

This section expands upon the dataset-balanced evaluation1209
discussed in the main paper by providing the raw, per-1210
dataset quantitative performance and statistical significance1211
matrices.1212

S4.1. Per-Dataset Performance Analysis1213

Table S1 presents detailed per-dataset results with statistical1214
significance markers.1215

Observations:1216

• Task-dependent variation: The relative performance of1217
prompt variants differs across datasets. In particular, n=31218
achieves the highest mean accuracy on CIFAR-100, while1219
other datasets exhibit different preferences.1220

Table S1. Per-Dataset Performance (Mean Accuracy %) on 1-
epoch. Asterisks denote significance vs. baseline: * p < 0.05,
** p < 0.01. Best per dataset in bold.

Dataset alt-nn1 alt-nn2 alt-nn3 alt-nn4 alt-nn5

MNIST 96.5 93.8∗ 97.1 93.9 94.7
CelebA-Gender 75.8 82.3∗ 74.4 80.6 72.1
CIFAR-10 38.7 36.1 38.3 30.3∗ 34.0
CIFAR-100 14.5 7.4∗ 26.1∗∗ 10.8 10.5
ImageNette 44.2 36.4∗ 42.5 29.8∗∗ 18.2∗∗

SVHN 39.2 43.1 40.0 38.3 28.5

Bal. Mean 51.5 49.8 53.1 47.3 43.0

• Simple vs. complex tasks: On simpler benchmarks such 1221
as MNIST, performance remains high across all variants 1222
(> 93%), suggesting limited sensitivity to prompt config- 1223
uration under low task complexity. 1224

• Context scaling effects: Variants with n>3 exhibit lower 1225
performance on several datasets (e.g., ImageNette), in- 1226
dicating that larger prompt contexts do not consistently 1227
translate into improved early performance. 1228

S4.2. Statistical Significance Analysis 1229

Table S2 presents statistical validation focusing on key find- 1230
ings. 1231

Table S2. Statistical Significance Tests (per-dataset comparison
vs. alt-nn1 baseline). Only results with p < 0.05 shown.

Dataset Comparison ∆ p d

CIFAR-100 alt-nn3 vs alt-nn1 +11.6% 0.001 0.73
MNIST alt-nn2 vs alt-nn1 -2.7% 0.029 -0.19
CelebA alt-nn2 vs alt-nn1 +6.5% 0.038 0.41
CIFAR-10 alt-nn4 vs alt-nn1 -8.4% 0.016 -0.54
ImageNette alt-nn4 vs alt-nn1 -14.5% 0.010 -1.20

Key Statistical Result: On CIFAR-100, the n=3 1232
configuration achieves higher mean accuracy than n=1 1233
(p=0.001, Cohen’s d=0.73), suggesting that moderate con- 1234
text enrichment may be particularly beneficial in fine- 1235
grained classification settings under the rapid screening pro- 1236
tocol. 1237

In contrast, configurations with n>3 show statistically 1238
significant lower performance on certain datasets (e.g., Im- 1239
ageNette), indicating that larger prompt contexts can in- 1240
troduce instability or diminishing returns in early training 1241
performance. We emphasise that these comparisons reflect 1242
early-epoch behavior under a rapid screening protocol and 1243
are intended to capture relative trends across prompt vari- 1244
ants rather than final converged performance. 1245
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