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Abstract

The integration of Large Language Models (LLMs) with001
Neural Architecture Search (NAS) has introduced new pos-002
sibilities for automating the design of neural architec-003
tures. However, most existing methods face critical lim-004
itations, including architectural invalidity, computational005
inefficiency, and inferior performance compared to tradi-006
tional NAS. In this work, we present Collaborative LLM-007
based NAS (CoLLM-NAS), a two-stage NAS framework008
with knowledge-guided search driven by two complemen-009
tary LLMs. Specifically, we propose a stateful Naviga-010
tor LLM to guide search direction, a stateless Generator011
LLM to synthesize high-quality candidates, and a Coor-012
dinator module to orchestrate inter-LLM communication013
and manage evaluation processes. CoLLM-NAS efficiently014
guides the search process by combining LLMs’ inherent015
knowledge of structured neural architectures with progres-016
sive knowledge from iterative feedback and historical tra-017
jectory. Experimental results on ImageNet and NAS-Bench-018
201 show that CoLLM-NAS surpasses existing NAS methods019
and conventional search algorithms, achieving new state-020
of-the-art results while significantly reducing search costs021
by 4–10×. Furthermore, CoLLM-NAS consistently en-022
hances the performance and efficiency of various two-stage023
NAS methods (e.g., OFA, SPOS, and AutoFormer) across di-024
verse search spaces (e.g., MobileNet, ShuffleNet, and Auto-025
Former), demonstrating its excellent generalization.026

1. Introduction027

Designing neural architectures remains a critical task in the028
era of deep learning. Neural Architecture Search (NAS),029
a cornerstone of AutoML, is dedicated to automating the030
discovery of optimal neural architectures. Early NAS meth-031
ods typically employ reinforcement learning [32, 42, 43]032
or evolutionary algorithms [28, 29] to search for high-033
performing architectures. While effective, these methods034
require training numerous independent architectures from035
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Figure 1. FLOPs-accuracy trade-off of architectures discovered by
different NAS methods on ImageNet.

scratch, resulting in prohibitive computational costs. To ad- 036
dress this issue, one-shot NAS [13, 23] is developed, utiliz- 037
ing a weight-sharing supernet to amortize training expenses. 038
Two-stage NAS [4, 7, 13] further decouples this process into 039
two phases, i.e., supernet training and architecture search. 040
Although this approach avoids costly retraining by inherit- 041
ing supernet weights, conventional search algorithms (e.g., 042
evolutionary algorithms) still require sampling and evalu- 043
ating thousands of candidates in vast search spaces during 044
the second phase to find optimal architectures, incurring no- 045
table test costs and risking convergence to local optima. 046

Recently, large language models (LLMs) have emerged 047
as novel participants in the NAS landscape, leveraging their 048
powerful representation capabilities, code generation pro- 049
ficiency, and reasoning abilities to enhance the search pro- 050
cess from diverse perspectives [36]. However, most existing 051
LLM-based NAS methods [6, 26] directly modify architec- 052
tures at the code level within unconstrained programming- 053
language token spaces, often resulting in architectural inva- 054
lidity, limited robustness, and independent training of each 055
candidate. Consequently, these methods fail to surpass es- 056
tablished NAS baselines on standard benchmarks [10, 11] 057
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while generating substantial computational overhead [26].058
To address these limitations, we propose integrating the ad-059
vantages of LLMs with mature two-stage NAS methods to060
provide more effective and efficient neural architecture de-061
sign. Specifically, we aim to enhance the search phase of062
two-stage NAS by replacing conventional search algorithms063
with knowledge-guided LLM reasoning, enabling intelli-064
gent navigation of the search space to accelerate conver-065
gence to high-performing regions.066

To this end, this paper introduces a novel Collaborative067
LLM-based NAS framework (CoLLM-NAS) that lever-068
ages synergistic interactions between two complementary069
LLMs to efficiently discover high-performing architectures070
for two-stage NAS. Concretely, we design three key com-071
ponents: (1) A stateful Navigator LLM that provides search072
strategies through dynamic refinement, leveraging itera-073
tive evaluation feedback and historical trajectory analy-074
sis. (2) A stateless Generator LLM that synthesizes high-075
quality architectures according to these strategies. (3) A076
Coordinator module that orchestrates inter-LLM commu-077
nication, validates architectural legality, evaluates candi-078
date performance, and maintains an architecture archive.079
At its core, CoLLM-NAS employs a collaborative frame-080
work where the Navigator and Generator LLMs work in081
concert, guiding the search with dual knowledge sources,082
i.e., LLMs’ inherent architectural prior and progressive in-083
sights learned from iterative feedback and historical tra-084
jectory. The stateful-stateless design further enhances the085
exploration-exploitation balance. Extensive experimental086
results demonstrate that our method can be applied to vari-087
ous two-stage NAS methods across diverse search spaces,088
consistently outperforming baselines under different re-089
source constraints while significantly reducing search costs090
by 4–10×. As shown in Fig. 1, architectures discovered091
by CoLLM-NAS achieve superior FLOPs-accuracy trade-092
off compared to those from state-of-the-art NAS methods093
on ImageNet.094

The main contributions of this work are as follows:095

• We present a novel collaborative LLM-based NAS frame-096
work, CoLLM-NAS, to enhance two-stage NAS with097
knowledge-guided search. To our knowledge, this is the098
first work integrating LLMs with two-stage NAS.099

• We propose three key components: a stateful Naviga-100
tor LLM to provide adaptive search strategies, a stateless101
Generator LLM to synthesize high-quality architectures,102
and a Coordinator module to orchestrate LLMs’ interac-103
tions and manage evaluation processes.104

• Experiments demonstrate that CoLLM-NAS surpasses105
existing NAS methods across diverse search spaces both106
in performance and efficiency, achieving new SOTA re-107
sults while reducing search costs significantly.108

2. Related Work 109

2.1. Two-stage NAS 110

Two-stage NAS, a prominent branch of one-shot NAS, ad- 111
dresses the computational inefficiency of traditional NAS 112
by employing weight-sharing mechanisms. This approach 113
decomposes the NAS problem into two sequential phases: 114

w∗
A = argmin

wA

Eα∼Ω(A)

[
L(wA(α),Dtrain)

]
,

α∗ = argmax
α∈A

P(w∗
A(α),Dval) s.t.Cost(α) ≤ Λ,

(1) 115

whereA denotes the search space, wA represents shared su- 116
pernet weights, wA(α) indicates subnet weights inherited 117
from the supernet, Ω(A) represents the sampling strategy, 118
P and Λ are the performance evaluation function and the 119
resource constraint, respectively. By decoupling architec- 120
ture parameter optimization from network weight training, 121
it eliminates conflicts in simultaneous updates and reduces 122
mutual interference. 123

In the first stage, a weight-sharing supernet is trained 124
via diverse sampling strategies. SPOS [13] pioneers uni- 125
form single-path sampling. OFA [4] enables multi-scale 126
subnet extraction via progressive shrinking. In [24], Pa&da 127
jointly samples paths and data for consistent training. DY- 128
NAS [19] employs subnet-aware dynamic supernet train- 129
ing strategy. While AutoFormer [7] adapts this weight- 130
sharing mechanism for vision transformers. In the sec- 131
ond stage, optimal architectures are searched under resource 132
constraints. During evaluation, candidates can directly in- 133
herit weights from the supernet, enabling efficient perfor- 134
mance estimation without retraining. Since exhaustive eval- 135
uation remains infeasible, most methods employ random 136
search [22], reinforcement learning [42], or evolutionary al- 137
gorithms [4, 13] to efficiently explore the search space. 138

This paper introduces an LLM-based knowledge-guided 139
search paradigm to replace conventional search algorithms 140
in the second stage, aiming to significantly reduce evalua- 141
tions and achieve better performance with lower costs. 142

2.2. LLM for NAS 143

The rise of LLMs offers a fundamentally new perspective 144
for NAS by reformulating the search process through ad- 145
vanced reasoning capabilities and semantic understanding. 146
GENIUS [41] pioneers GPT-4 as a black-box optimizer to 147
generate and refine architectures via natural language. Evo- 148
Prompting [6] repositions LLMs as mutation and crossover 149
operators, employing evolutionary prompt engineering and 150
soft prompt-tuning to explore a vast code-based search 151
space. Similarly, LLMatic [26] leverages LLMs as opera- 152
tors but uniquely integrates Quality-Diversity Optimization 153
to create diverse networks. A reflective zero-cost strategy 154
is developed by RZ-NAS [20], combining LLM reflection 155
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Figure 2. Consistency heatmap between LLM-predicted and
ground-truth rankings on CIFAR-10 and CIFAR-100 within NAS-
Bench-201 search space.

modules with training-free metrics. LM-Searcher [16] re-156
formulates NAS as a ranking task using NCode, enabling157
cross-domain architecture search. While NADER [39] em-158
ploys a multi-agent approach for neural architecture design,159
its open design space and full training requirements limit its160
scalability to ImageNet-scale datasets.161

In contrast, this paper proposes a collaborative LLM-162
based NAS framework with knowledge-guided search.163
Moreover, our approach leverages a pre-trained supernet164
for efficient evaluation and inherits its pre-optimized search165
space to avoid the invalidity issue of generated architec-166
tures, enabling scalable search on large-scale datasets.167

3. Method168

In this section, we first validate LLMs’ capability to com-169
prehend structured neural architectures within hand-crafted170
search spaces. Building on this, we introduce CoLLM-171
NAS, our collaborative LLM-based NAS framework.172

3.1. Architecture Comprehension in LLMs173

Recent advances in LLMs demonstrate their capability to174
understand complex technical domains, acquired through175
pre-training on extensive technical literature. We hypothe-176
size that modern LLMs have internalized knowledge of neu-177
ral architecture design principles that could be valuable for178
NAS. To investigate this capability, we design an experiment179
on NAS-Bench-201.180

Proof-of-Concept Experiment. We partition architec-181
tures in NAS-Bench-201 into 10 equal-sized subsets by182
their precomputed performance, and sample one architec-183
ture from each subset. The Qwen3-30B-A3B LLM [33]184
is prompted to rank these architectures based on its com-185
prehension of neural network design principles, while be-186
ing blinded to ground-truth accuracy. Architectures are187
represented in their standard graph-based encoding format.188
To ensure statistical robustness, we perform 40 indepen-189

Algorithm 1 CoLLM-NAS: Exploring High-Performing
Architectures via Collaborative LLMs
INPUT: Target accuracy Ptarget, Resource constraint Λ, Itera-

tion limit T
OUTPUT: Best architecture α∗

1: Initialization: α∗ ← ∅, p∗ ← 0, V ← ∅,H ← ∅
2: ▷ Best arch, best accuracy, visited set, and history
3: S0 ← NAVIGATORLLM(Ptarget,Λ) ▷ Initialize strategy
4: for t = 1 to T do
5: Ct ← GENERATORLLM(St−1) ▷ Generate candidates
6: Rt ← ∅ ▷ Collection of evaluations
7: for each αi ∈ Ct \ V such that ISLEGAL(αi) do
8: Compute cost ci and evaluate performance pi for αi

9: Rt ←Rt ∪ {(αi, pi, ci)}; V ← V ∪ {αi}
10: if ci ≤ Λ and pi > p∗ then p∗ ← pi, α∗ ← αi

11: end if
12: end for
13: if p∗ ≥ Ptarget then break
14: end if
15: H ← H∪ {(St−1,Rt)} ▷ Update history
16: St ← NAVIGATORLLM(H) ▷ Refine strategy
17: end for
18: return α∗

dent trials on CIFAR-10 and CIFAR-100. As illustrated in 190
Fig. 2, results reveal strong alignment between LLM predic- 191
tions and empirical performance, achieving mean Kendall’s 192
τ values of 0.89 on CIFAR-10 and 0.90 on CIFAR-100. 193
Moreover, the best architecture is correctly identified in the 194
vast majority of trials. This demonstrates that LLMs ex- 195
hibit non-trivial comprehension of neural architecture per- 196
formance patterns, even when operating on structured rep- 197
resentations within hand-crafted search spaces. Notably, 198
modern LLMs may have encountered some architectures of 199
NAS-Bench-201 in their training corpus. To avoid prior 200
knowledge contamination, our prompts prevent transmis- 201
sion of any explicit information about the benchmark. Fur- 202
thermore, as evident from the reasoning contents in Ap- 203
pendix C, the LLM’s ranking decisions stem from its un- 204
derstanding of architectural principles (e.g., operator ef- 205
fectiveness and information flow) rather than memorized 206
architecture-performance mappings. 207

3.2. CoLLM-NAS Framework 208

As shown in Fig. 3, CoLLM-NAS works through a collabo- 209
ration process, consisting of three key components: a Navi- 210
gator LLM, a Generator LLM, and a Coordinator module. 211

Navigator LLM. The stateful Navigator LLM functions 212
as a strategic guide with persistent memory. Through iter- 213
ative analysis of performance patterns emerging from eval- 214
uated architectures, it dynamically formulates and refines 215
search strategies. These strategies progressively concen- 216
trate on high-potential regions of the search space. In the 217
initial phase, the Navigator LLM is prompted to establish 218
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Figure 3. Pipeline of CoLLM-NAS. The search starts with the Navigator LLM generating an initial exploration strategy based on target
accuracy and resource constraint (e.g., FLOPs, Params). The Coordinator then transmits this strategy to Generator LLM, which synthesizes
high-quality candidates accordingly. After Coordinator validation and evaluation, results are fed back to Navigator LLM for strategy
refinement. This loop iterates until achieving the target accuracy or reaching the iteration limit. Orange regions indicate high-performing
areas of search spaces.

an exploration strategy that promotes architectural diver-219
sity, improving initial population quality through its implicit220
comprehension of architectures. As iterations progress,221
it continuously refines this strategy based on accumulated222
feedback, transitioning from broad exploration to targeted223
exploitation of identified high-performing regions.224

Generator LLM. The stateless Generator LLM serves as225
a specialized architecture synthesizer, focusing exclusively226
on the current strategy without retaining any memory. Fol-227
lowing Navigator LLM’s guidance, it translates the strat-228
egy into concrete candidate architectures during each it-229
eration. These candidates simultaneously conform to the230
search space constraints while embodying the architectural231
patterns emphasized by the current strategy.232

Coordinator. The Coordinator manages the overall 233
search process. It orchestrates inter-LLM communication, 234
verifies architectural legality, evaluates candidate perfor- 235
mance, and maintains an archive of visited architectures to 236
eliminate redundant evaluations. Critically, the evaluation 237
employs weight-sharing mechanisms and inherits weights 238
from a pre-trained supernet, enabling rapid performance as- 239
sessment while preserving learned parameter relationships. 240

Through system prompt design, we assign distinct roles 241
and responsibilities to each LLM, inform them of the col- 242
laboration process, and convey knowledge about different 243
search spaces and architectural representations. Similarly, 244
to prevent knowledge contamination, we avoid transmit- 245
ting explicit search space information in our prompts. De- 246
tailed examples of prompts and responses are shown in Ap- 247
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pendix E. Our search workflow is described in Algorithm 1.248
Through this collaborative approach, CoLLM-NAS intel-249
ligently navigates search spaces and efficiently identifies250
high-performing architectures.251

4. Experiment252

4.1. Experimental Setup253

We evaluate the proposed CoLLM-NAS in three macro254
search spaces: MobileNet [3], ShuffleNet [25], and Auto-255
Former [7], and one micro cell-based search space: NAS-256
Bench-201 [11].257

Table 1. Key experimental settings. ”same” indicates identical
settings to the corresponding baseline.

Method Evaluation
Resource
Constraint

Retrain

OFA predict→validate FLOPs ×
SPOS validate FLOPs ✓
AutoFormer validate Params. ×
Ours validate same same

Macro Search Spaces. In each macro search space, we258
adopt a two-stage NAS approach (i.e., OFA [4], SPOS [13],259
and AutoFormer [7]) as the baseline and apply our collab-260
orative LLM-based search to them. To ensure fair com-261
parison, we directly reuse the pre-trained supernet from262
each baseline for the search phase. All baselines employ263
evolutionary algorithms as their search methods. Our ap-264
proach implements Qwen3-30B-A3B [33] as the founda-265
tional LLM, deployed locally via vLLM [21], with tem-266
perature 0.6 and chain-of-thought reasoning enabled. Key267
experimental settings are summarized in Tab. 1, including268
evaluation methodologies, resource constraint types, and re-269
training requirements. Notably, while OFA originally em-270
ploys a trained accuracy predictor for rapid subnet perfor-271
mance estimation, we observe that this predictor is unre-272
liable for distinguishing top-performing architectures (Ap-273
pendix D), and training the predictor requires substantial274
additional computational overhead. To ensure fair compari-275
son, both OFA and CoLLM-NAS adopt the same evaluation276
methodology as SPOS and AutoFormer by directly evaluat-277
ing subnets on the full validation set, which improves OFA’s278
accuracy over its original predictor.279

All experiments are conducted on ImageNet [10] under280
varying resource constraints and fixed budgets on the num-281
ber of explored architectures. Search costs, covering the en-282
tire duration of the search phase (including LLM inference),283
are quantified in GPU days on a single NVIDIA A100-284
80GB GPU. For SPOS, we note the narrow FLOPs range285
(280-360M) of ShuffleNet search space is unsuitable for286
multi-tiered constraint decomposition. We therefore pre-287

Table 2. Performance comparison on ImageNet within macro
search spaces. ”GPU Days” only covers the search phase (exclud-
ing supernet training), and ”Arch. Budget” refers to the budget on
the number of explored architectures.

Method
Top-1
(%)

FLOPs
(M)

Params.
(M)

GPU
Days

Arch.
Budget

MobileNet Search Space

OFA-T 75.4 200 3.6

0.42 1000
OFA-S 77.2 299 4.2
OFA-B 78.1 397 5.1
OFA-L 78.7 499 5.5
OFA-T + Ours 75.9 200 3.8
OFA-S + Ours 77.6 297 4.1
OFA-B + Ours 78.5 391 5.1
OFA-L + Ours 79.0 498 5.4

0.09
↓4.7×

250
↓4×

ShuffleNet Search Space

SPOS 73.7 323 3.5 0.32 1000

SPOS + Ours 74.4 325 3.7
0.07
↓4.6×

250
↓4×

AutoFormer Search Space

AutoFormer-T 74.7 1344 5.9
1.0 1000AutoFormer-S 81.6 4887 22.8

AutoFormer-B 82.1 11305 54.0
AutoFormer-T + Ours 75.3 1366 6.0
AutoFormer-S + Ours 81.7 4897 22.9
AutoFormer-B + Ours 82.3 11074 52.8

0.1
↓10×

250
↓4×

serve the original setting from SPOS [13], searching ex- 288
clusively at the 330M FLOPs constraint. Results report 289
the best-performing subnet from three independent runs per 290
method. More details about the search spaces are provided 291
in Appendix A. 292

Micro Search Space. NAS-Bench-201 is a widely used 293
cell-based search space for NAS benchmarking. It con- 294
tains 15,625 architectures with precomputed performance 295
on CIFAR-10, CIFAR-100, and ImageNet-16-120 datasets. 296
Each architecture is represented as a directed acyclic graph 297
(DAG) with 4 nodes and 6 edges, where every edge is as- 298
signed one of five candidate operations: none, skip connect, 299
conv 1x1, conv 3x3, or avg pool 3x3. 300

We evaluate various approaches on NAS-Bench-201, in- 301
cluding traditional one-shot NAS methods, emerging LLM- 302
based NAS methods, and conventional search algorithms. 303
To ensure fair comparison and avoid evaluation discrepan- 304
cies, our method follows conventional search algorithms, 305
i.e., Random Search (RS), Reinforcement Learning (RL), 306
and Evolutionary Algorithm (EA), in directly adopting 307
ground-truth performance metrics as accuracy measures. 308
Specifically, EA employs a population size of 10 over 20 309
iterations, with 50% elite preservation. RL operates with 310
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Table 3. Comparison with SOTA NAS methods on ImageNet.
Top: manual design. Upper middle: differentiable NAS. Lower
middle: two-stage NAS. Bottom: LLM-based NAS.

Method Top-1 (%) Top-5 (%) FLOPs (M)

Mobilenetv2 [30] 72.0 - 300
Mobilenetv3 [15] 76.6 - 350
MixNet [31] 77.0 93.3 360

DARTS [23] 73.3 91.3 574
PC-DARTS [37] 75.8 92.7 597
DARTS- [8] 76.2 93.0 467
EG-NAS [5] 74.4 - -

ProxylessNAS [3] 74.6 92.2 320
SPOS [13] 75.6 92.8 330
FairNAS [9] 76.7 - 325
OFA [4] 77.5 93.5 330
GreedyNAS [40] 76.8 93.0 324
GreedyNASv2 [18] 77.5 93.5 324
SUMNAS [14] 77.6 - 349
PA&DA [24] 77.3 93.5 399
SparseNAS [17] 76.7 - 295
DYNAS [19] 75.9 - 329

GENIUS [41] 74.9 - -
RZ-NAS [20] 75.5 - -
LM-Searcher [16] 75.1 - -
Ours 77.9 93.8 320

a learning rate of 0.01 and EMA momentum of 0.9. Our311
method explores up to 100 architectures. Results are aver-312
aged over 10 independent runs.313

4.2. Main Results314

Macro Search Spaces Results. Tab. 2 compares Top-1315
test accuracy of subnets discovered by our method with316
baselines in different macro search spaces. Our method317
consistently outperforms baselines across all search spaces,318
with significantly lower search costs and fewer architecture319
evaluations, demonstrating its effectiveness and efficiency320
in discovering high-performing architectures. While our ap-321
proach incurs additional overhead from LLM inference, this322
cost is substantially outweighed by the dramatic reduction323
in evaluations. Specifically, our approach achieves up to324
0.7% accuracy improvements while reducing search costs325
by 4–10× compared to baselines.326

Comparison with State-of-the-Art Methods. We fur-327
ther provide a comparison with SOTA NAS methods on Im-328
ageNet. As shown in Tab. 3, our approach achieves 77.9%329
Top-1 accuracy with only 320M FLOPs, surpassing exist-330
ing SOTA methods. This demonstrates our method’s en-331
hanced capability to efficiently navigate expansive search332
spaces and identify superior subnets.333
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Figure 4. T-SNE visualization of CoLLM-NAS’s search dynamics
on ImageNet-16-120 within NAS-Bench-201 search space. Ar-
chitectural performance rankings are represented through color-
coding, with unexplored ones displayed in gray.

Micro Search Space Results. We present NAS-Bench- 334
201 results in Tab. 4, where our approach performs favor- 335
ably against other search methods across all datasets, es- 336
pecially achieving significant improvements over RL and 337
EA. Our method further demonstrates enhanced robustness, 338
evidenced by lower standard deviations. Moreover, by ex- 339
ploring at most 100 architectures, significantly fewer than 340
the other NAS methods require, our method achieves SOTA 341
performance with high search efficiency. 342

4.3. Discussion 343

Traditional two-stage NAS relies on evolutionary algo- 344
rithms (EAs) that refine architectures through stochastic op- 345
erators like mutation and crossover. While capable of explo- 346
ration, these operators are inherently local and undirected, 347
generating new candidates via small perturbations of elite 348
individuals. This approach lacks a global understanding of 349
the performance landscape, often requiring numerous eval- 350
uations to achieve significant progress, resulting in reduced 351
search efficiency. 352

In contrast, CoLLM-NAS transforms architecture search 353
into a directed, learning-based optimization process, align- 354
ing with the emerging ”LLMs as optimizers” paradigm 355
[38], where LLMs can gradually improve the generated so- 356
lutions based on past optimization steps. However, com- 357
pared to prior work like OPRO [38] that typically employs 358
a single LLM to directly map optimization trajectories to 359
solutions, our framework implements a more sophisticated, 360
two-step generative process: 361

St ← NAVIGATORLLM(Ht),

Ct+1 ← GENERATORLLM(St).
(2) 362
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Table 4. Test and validation accuracy on NAS-Bench-201. Top: one-shot NAS methods. Upper middle: conventional search algorithms.
Lower middle: LLM-based NAS methods. † denotes results from [20].

Method
CIFAR-10 CIFAR-100 ImageNet-16-120

valid test valid test valid test

DARTS [23] 39.77 ± 0.00 54.30 ± 0.00 15.03 ± 0.00 15.61 ± 0.00 16.43 ± 0.00 16.32 ± 0.00
PC-DARTS [37] 89.96 ± 0.15 93.41 ± 0.30 67.12 ± 0.39 67.48 ± 0.89 40.83 ± 0.08 41.31 ± 0.22
DARTS- [8] 91.03 ± 0.44 93.80 ± 0.40 71.36 ± 1.51 71.53 ± 1.51 44.87 ± 1.46 45.12 ± 0.82
FairNAS [9] 90.07 ± 0.57 93.23 ± 0.18 70.94 ± 0.94 71.00 ± 1.46 41.90 ± 1.00 42.19 ± 0.31
EG-NAS [5] 90.12 ± 0.05 93.56 ± 0.02 70.78 ± 0.12 70.91 ± 0.07 44.89 ± 0.29 46.13 ± 0.46

Random Search [2] 90.96 ± 0.24 93.83 ± 0.09 71.62 ± 0.73 71.52 ± 0.93 45.52 ± 0.48 45.37 ± 0.54
Reinforcement Learning [35] 91.20 ± 0.41 93.94 ± 0.25 71.51 ± 0.93 71.78 ± 1.20 45.22 ± 0.79 45.95 ± 0.76
Evolutionary Algorithm [29] 91.33 ± 0.35 94.23 ± 0.25 72.31 ± 1.07 72.82 ± 0.87 46.19 ± 0.46 46.49 ± 0.60

GENIUS† [41] 91.07 ± 0.20 93.79 ± 0.09 70.96 ± 0.33 70.91 ± 0.72 45.29 ± 0.81 44.96 ± 1.02
LLMatic† [26] 91.42 ± 0.13 94.26 ± 0.10 71.41 ± 1.44 71.62 ± 1.73 44.98 ± 0.87 45.87 ± 0.96
RZ-NAS† [20] 91.45 ± 0.10 94.24 ± 0.12 73.35 ± 0.14 73.30 ± 0.21 46.53 ± 0.24 46.24 ± 0.23
LM-Searcher [16] 91.52 94.20 72.82 72.96 46.48 46.51
Ours 91.59 ± 0.04 94.37 ± 0.01 73.44 ± 0.12 73.44 ± 0.15 46.62 ± 0.10 46.79 ± 0.28

Optimal 91.61 94.37 73.49 73.51 46.73 47.31

The Navigator LLM first maps the optimization trajectory363
Ht to an abstract, natural-language strategy St. Then, a364
separate Generator LLM translates this strategy into con-365
crete candidates Ct+1. This ”trajectory → strategy → so-366
lution” pipeline encourages more structured exploration by367
reasoning at a higher abstraction level, mitigating overfit-368
ting to specific architectural syntax and improving search369
robustness. We validate this hypothesis in Sec. 4.4.370

This guided search is further enhanced by the interplay371
between dual knowledge sources. First, as demonstrated372
in Sec. 3.1, LLMs’ inherent knowledge of effective archi-373
tecture design improves the quality of generated candidates374
and provides a powerful ”warm-start” in promising regions.375
Second, the progressive knowledge accumulated from opti-376
mization trajectories enables the Navigator LLM to gradu-377
ally learn an implicit model of the performance landscape,378
and guide the Generator LLM towards increasingly promis-379
ing regions. Moreover, our unique memory retention mech-380
anism—featuring a stateful Navigator LLM paired with a381
stateless Generator LLM—further ensures a better balance382
between exploration and exploitation. In Fig. 4, we present383
t-SNE visualization of CoLLM-NAS’s search dynamics, il-384
lustrating how the search distribution rapidly focuses on385
high-performance areas and efficiently locates the global386
optimum.387

4.4. Ablation Studies388

Main Mechanisms. We ablate our collaboration and389
memory retention mechanisms respectively. For collabora-390
tion, we introduce a Single LLM NAS (SiLLM-NAS) vari-391
ant that maintains the reflection-then-generation paradigm392
but consolidates both roles into a single LLM. Over 10 runs,393
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CIFAR-100 SiLLM-NAS
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Figure 5. Comparison of iterative performance between CoLLM-
NAS and SiLLM-NAS on NAS-Bench-201.

we track mean accuracy of the best architecture per itera- 394
tion. Fig. 5 shows CoLLM-NAS consistently outperforms 395
SiLLM-NAS across all datasets, verifying collaboration ef- 396
ficacy. Crucially, CoLLM-NAS generates better initial pop- 397
ulations, highlighting the Navigator LLM’s critical role in 398
initial exploration. 399

Regarding memory retention, Fig. 6 shows that for low- 400
complexity datasets (e.g., CIFAR-10, CIFAR-100), optimal 401
performance is achieved without memory retention in ei- 402
ther LLM, indicating that iterative feedback alone suffices 403
for simpler tasks. Conversely, for high-complexity datasets 404
(e.g., ImageNet-16-120, ImageNet), preserving the Naviga- 405
tor LLM’s memory while disabling the Generator’s yields 406
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optimal results, confirming the necessity of historical trajec-407
tory in demanding scenarios. Notably, we observe that re-408
taining the Generator LLM’s memory induces progressive409
noise accumulation, leading to performance degradation.410

Rephrasing Prompts. To assess whether our gains de-411
pend on a particular wording, we rephrase the original412
prompts with three leading LLMs, i.e., Claude Sonnet 4 [1],413
GPT-5 [27], and DeepSeek-R1 [12]. As shown in Tab. 5,414
all variants achieve comparable performance across NAS-415
Bench-201 datasets, with Variant 2 even outperforming the416
original prompt on ImageNet-16-120. The narrow perfor-417
mance spread indicates that improvements stem from the418
proposed collaborative framework rather than handcrafted419
phrasing, evidencing robustness to linguistic reformulation.420

Different LLMs. We further perform extensive experi-421
ments with different open-source LLMs on NAS-Bench-422
201. As shown in Tab. 6, CoLLM-NAS maintains consis-423
tently strong performance across diverse LLMs, confirming424
its generality beyond specific LLM implementations. Ad-425
ditionally, we verify CoLLM-NAS’s robustness across dif-426
ferent LLM temperature settings. Detailed experiments and427
results are provided in Appendix B.428

Table 5. Performance comparison with rephrasing prompts. Vari-
ant 1-3 are rephrased by Claude Sonnet 4, GPT-5, and DeepSeek-
R1 respectively.

Prompt CIFAR-10 CIFAR-100 ImageNet-16-120

Base (Ours) 94.37±0.01 73.44±0.15 46.79±0.28
Variant 1 94.36±0.02 73.35±0.52 46.52±0.36
Variant 2 94.35±0.03 73.36±0.18 46.89±0.35
Variant 3 94.16±0.23 73.19±0.11 46.60±0.29

Table 6. Performance comparison using different LLMs. ∗ from
[33], and ‡ from [12].

LLM CIFAR-10 CIFAR-100
ImageNet-

16-120

Qwen3-30B-A3B∗ 94.37±0.01 73.44±0.15 46.79±0.28

Qwen3-32B∗ 94.31±0.14 73.29±0.29 46.64±0.52

DeepSeek-R1-
94.36±0.04 73.37±0.19 46.53±0.32

Distill-Qwen-32B‡

DeepSeek-R1- 94.37±0.00 73.41±0.22 46.74±0.31
Distill-Llama-70B‡

4.5. Downstream Tasks 429

We transfer architectures discovered by CoLLM-NAS to 430
object detection tasks. Specifically, we adopt architec- 431
tures from MobileNet search space as the backbone of 432
FCOS detector [34], inheriting pre-trained supernet weights 433
and training on COCO dataset for a 1x schedule. Fig. 7 434
shows that our architectures perform favorably, demonstrat- 435
ing strong generalization to downstream tasks. 436

5. Conclusion 437

In this paper, we present CoLLM-NAS, a collaborative 438
LLM-based NAS framework that integrates LLMs with 439
two-stage NAS. We design a stateful Navigator LLM to 440
provide adaptive search strategies, a stateless Generator 441
LLM to synthesize high-quality architectures, and a Coor- 442
dinator module to orchestrate inter-LLM communication 443
and manage evaluation processes. CoLLM-NAS em- 444
ploys knowledge-guided search by coupling LLMs’ 445
inherent knowledge of structured neural architectures 446
with progressive knowledge from iterative feedback and 447
historical trajectory. Extensive experiments demonstrate 448
that our approach consistently enhances various two-stage 449
NAS methods across diverse search spaces, outperforms 450
existing NAS methods and conventional search algo- 451
rithms, and achieves new SOTA results while reducing 452
search costs significantly. Furthermore, the generalizable 453
nature of CoLLM-NAS suggests promising extensions 454
beyond NAS, revealing avenues for future exploration. 455

456
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CoLLM-NAS: Collaborative Large Language Models for Efficient 639

Knowledge-Guided Neural Architecture Search 640

Supplementary Material 641

A. Macro Search Spaces 642

MobileNet Search Space. The MobileNet search space employs MBConv blocks as fundamental units, featuring depthwise 643
separable convolutions and squeeze-excitation modules. Configurable dimensions include: 644
• Resolution (r ∈ {160, 176, 192, 208, 224}) controlling input scale, 645
• Stage depth (di ∈ {2, 3, 4} for i = 1 to 5 stages) determining active blocks per stage, 646
• Kernel size (kj ∈ {3, 5, 7} for j = 1 to 20 convolutional layers), 647
• Expansion ratio (ej ∈ {3, 4, 6} for j = 1 to 20 inverted residual blocks). 648
The combinatorial space contains ∼1019 architectures, with stage-specific depth controlling block activation patterns (e.g., 649
d = [2, 3, 4, 3, 2] activates blocks 0-1,4-6,8-11,12-14,16-17). 650

ShuffleNet Search Space. The ShuffleNet search space utilizes ShuffleNetv2 units and Xception modules as fundamental 651
building blocks, featuring channel split/shuffle operations and depthwise separable convolutions. Configurable dimensions 652
include: 653
• ShuffleNet unit with 3× 3 kernel, 654
• ShuffleNet unit with 5× 5 kernel, 655
• ShuffleNet unit with 7× 7 kernel, 656
• Xception module. 657
This yields 420 possible configurations, where each block’s operator is selected independently during sampling. 658

AutoFormer Search Space. The AutoFormer search space employs multi-head self-attention (MSA) and MLP blocks as 659
fundamental units, defining a pure-transformer search space with four layer-wise variables: 660
• Depth: Tiny ∈ {12, 13, 14}, Small ∈ {12, 13, 14}, and Base ∈ {14, 15, 16}. 661
• Embedding dimension: Tiny ∈ {192, 216, 240}, Small ∈ {320, 384, 448}, and Base ∈ {528, 576, 624}. 662
• Number of heads: Tiny ∈ {3, 4}, Small ∈ {5, 6, 7}, and Base ∈ {8, 9, 10}. 663
• MLP ratio ∈ {3.0, 3.5, 4.0} uniformly across all model scales. 664
The unified space exceeds 1016 configurations with layer-wise independent hyperparameters. 665

B. Ablation on Temperature Settings 666
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Figure 8. Performance comparison of different temperature settings on CIFAR-100 within NAS-Bench-201 search space.
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To investigate the impact of LLM temperature on our approach, we conduct a comprehensive sensitivity analysis using six667
distinct temperature values [0, 0.2, 0.4, 0.6, 0.8, 1.0] for both LLMs. This 6×6 grid experiment, conducted on CIFAR-100 test668
set within NAS-Bench-201 search space, evaluates performance consistency across all temperature combinations. Robustness669
is quantified using the coefficient of variation (CV) of results. As shown in Figure 8, our method maintains consistently high670
performance across all temperature settings, with a remarkably low CV of 0.1769%, demonstrating exceptional robustness to671
temperature variations. We adopt a temperature of 0.6 for both LLMs as the optimal setting, enabling each to independently672
achieve optimal performance.673

C. Proof-of-Concept Experiment674

We provide the sampled architectures from our proof-of-concept experiment and their performance metrics on CIFAR-10 test675
set, along with the prompts provided to the LLM and an example response.676

C.1. Sampled Architectures677

Table 7. Sampled architectures and their performance metrics on CIFAR-10 test dataset.

ID Architecture Top-1 (%) Ranking

1 |none∼0|+|none∼0|none∼1|+|none∼0|none∼1|skip connect∼2| 10.00 10

2
|none∼0|+|none∼0|none∼1|+|nor conv 1x1∼0|

88.67 7|nor conv 1x1∼1|skip connect∼2|

3
|nor conv 3x3∼0|+|nor conv 3x3∼0|nor conv 3x3∼1|+

94.37 1|skip connect∼0|nor conv 3x3∼1|nor conv 1x1∼2|

4
|nor conv 3x3∼0|+|skip connect∼0|nor conv 1x1∼1|+

92.98 2|nor conv 3x3∼0|nor conv 1x1∼1|nor conv 3x3∼2|

5
|avg pool 3x3∼0|+|none∼0|none∼1|+|skip connect∼0|

86.63 8|none∼1|none∼2|

6
|none∼0|+|nor conv 1x1∼0|avg pool 3x3∼1|+

89.53 6|nor conv 1x1∼0|nor conv 3x3∼1|nor conv 1x1∼2|

7
|nor conv 1x1∼0|+|nor conv 3x3∼0|nor conv 1x1∼1|+

92.36 3|nor conv 1x1∼0|skip connect∼1|skip connect∼2|

8
|avg pool 3x3∼0|+|none∼0|avg pool 3x3∼1|+

78.71 9|skip connect∼0|avg pool 3x3∼1|none∼2|

9
|nor conv 3x3∼0|+|none∼0|avg pool 3x3∼1|+

92.03 4|nor conv 3x3∼0|skip connect∼1|avg pool 3x3∼2|

10
|nor conv 3x3∼0|+|avg pool 3x3∼0|avg pool 3x3∼1|+

90.75 5|nor conv 3x3∼0|none∼1|skip connect∼2|

C.2. Prompts678

"You are the Architecture Ranking Expert, specializing in evaluating and ranking neural
architectures for image classification tasks. You possess prior knowledge of effective
architectural patterns and use this knowledge to assess the potential performance of
different architectures.

# Core Mission
Your primary task is to rank a given set of neural architectures from highest to lowest
expected performance on CIFAR-10 dataset.

# Architecture Knowledge Base
## Overall architecture description

679

2



CVPR
#

CVPR
#

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

The entire network architecture is composed of the same cell stacked multiple times, as
well as some fixed pre- and post-processing modules. Therefore, you only need to focus
on the internal connections and operations of this cell, without considering the rest of
the network.

## Search Space
The search space is defined as follows:
- Each cell contains 4 nodes (node 0-3)
- Connections between nodes are represented as a directed acyclic graph (DAG)
- Each edge can choose one of the following 5 operations:

* none: no connection

* skip connect: skip connection

* nor conv 1x1: 1x1 convolution

* nor conv 3x3: 3x3 convolution

* avg pool 3x3: 3x3 average pooling

## Representation Format
Valid architectures follow this representation format:
‘|op1∼0|+|op2∼0|op3∼1|+|op4∼0|op5∼1|op6∼2|‘
This format represents connections between 4 nodes (0-3) with ordered connections:
1.First section (‘|op1∼0|‘): one connection from node 0 to node 1
2.Second section (‘|op2∼0|op3∼1|‘): two connections to node 2:
- First must be from node 0 (‘op2∼0‘)
- Second must be from node 1 (‘op3∼1‘)

3.Third section (‘|op4∼0|op5∼1|op6∼2|‘):three connections to node 3:
- First must be from node 0 (‘op4∼0‘)
- Second must be from node 1 (‘op5∼1‘)
- Third must be from node 2 (‘op6∼2‘)

Example: ‘|nor conv 3x3∼0|+|nor conv 3x3∼0|avg pool 3x3∼1|+|skip connect
∼0|nor conv 3x3∼1|skip connect∼2|‘
- Node 1: Apply 3x3 convolution to node 0
- Node 2: Apply 3x3 convolution to node 0, apply 3x3 average pooling to node 1, then

add them
- Node 3: Apply skip connection to node 0, apply 3x3 convolution to node 1, apply

skip connection to node 2, then add them.

Here are the architectures need to be ranked: {archs}. When outputting, you only need
to output the predicted ranking and architecture number in descending order of predicted
ranking."

680

C.3. Response 681

"reasoning content":"
Okay, let’s analyze these 10 architectures for CIFAR-10. The main idea is to look at
each cell of 4 nodes and the operations on each edge: none, skip connect, nor conv 1x1,
nor conv 3x3, and avg pool 3x3. As we know, 3x3 convolutions are really good for
capturing spatial features, skip connections help with gradient flow, and pooling or
none operations tend to reduce the cell’s representational power.

Starting with Architecture 1, most operations are none, except a skip at node 3. So
honestly, it’s very weak. Architecture 2 is slightly better because node 3 has two 1x1
convolutions and a skip, but nodes 1 and 2 contribute almost nothing. Architecture 5
and 8 rely heavily on avg pool or none operations, so they probably won’t perform well
either.

Now looking at Architecture 3, node 1 has a 3x3 convolution, node 2 combines two 3x3
682
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convolutions, and node 3 has a skip, 3x3, and 1x1. This is quite solid---strong spatial
features and diverse aggregation paths, which should really help. Architecture 4 is
similar: node 1 has 3x3, node 2 has a skip and 1x1, and node 3 combines 3x3, 1x1,
3x3. It’s also strong, though node 2 has fewer spatial convolutions compared to 3.
Architecture 6 mixes 1x1, 3x3, and avg pool, but node 1 is none, which weakens early
feature extraction. Architecture 7 has 1x1 at node 1, node 2 with 3x3 and 1x1, and
node 3 with 1x1 and two skips---still decent, though the skips in node 3 don’t add as
much spatial power. Architecture 9 has an avg pool at node 2, reducing features, and
node 3 combines 3x3, skip, and avg pool. Architecture 10 is similar but node 2 has two
avg pools, which really limits intermediate representation, and node 3 combines 3x3,
skip, and none.

So, if we think about it, architectures with more 3x3 convolutions and fewer none or
pooling operations, along with skip connections in later nodes, are likely to perform
better. Considering all this, the expected ranking from highest to lowest would be:
Architecture 3 at the top, then Architecture 4, followed by Architecture 7, Architecture
6, Architecture 9, Architecture 10, Architecture 2, Architecture 5, Architecture 8, and
finally Architecture 1."

"content":"
Ranking 1. Architecture 3
Ranking 2. Architecture 4
Ranking 3. Architecture 7
Ranking 4. Architecture 6
Ranking 5. Architecture 9
Ranking 6. Architecture 10
Ranking 7. Architecture 2
Ranking 8. Architecture 5
Ranking 9. Architecture 8
Ranking 10. Architecture 1"

683

D. Analysis of Accuracy Predictor684

The Accuracy Predictor in OFA is trained as follows: After obtaining the trained supernet, 16K subnets with different685
architectures and input resolutions are randomly sampled, and their accuracy is measured on 10K validation images. These686
[architecture, accuracy] pairs train a three-layer feedforward neural network predictor for rapid accuracy estimation.687

To investigate the predictor’s reliability, particularly for top-performing architectures, we conduct the following experi-688
ment: Under the 400M FLOPs constraint, we sample 15 elite architectures discovered by OFA, then rank them in descending689
order based on both predicted accuracy from the predictor and actual accuracy evaluated on the full validation set. The690
ranking consistency between these two orderings is quantified through Kendall’s τ .691

Across three independent trials, Kendall’s τ values are 0.410 (p=0.036), 0.448 (p=0.021), and 0.467 (p=0.016), yielding an692
average of 0.44. This indicates only a statistically moderate correlation, demonstrating the limited reliability of the predictor693
to distinguish top-performing architectures. This limitation is directly related to the predictor’s training methodology, which694
can only incorporate a subset of possible architectures and thus fails to adequately capture the distribution of top-performing695
candidates.696

E. Prompts and Responses697

Below, we present illustrative prompts and responses of CoLLM-NAS within MobileNet search space.698

E.1. Navigator LLM699

E.1.1. System Prompt700

• Role Definition701
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"You are the Navigator LLM, an expert neural architecture analyst specializing in
identifying patterns and improvement opportunities for neural architectures. You
possess deep knowledge of neural architecture design principles and work collaboratively
with a Generator LLM to efficiently discover high-performing architectures."

702

• Collaborative Responsibility 703

"# Your Role in the Collaboration
Your responsibility is to analyze the performance patterns of generated architectures
and develop important insights to guide the Generator LLM toward more promising areas of
the search space. The Generator LLM relies on your expertise to efficiently navigate the
search space."

704

• Core Mission and Objectives 705

"# Core Mission
Your primary objective is to guide the search toward architectures that achieve
>{self.expected acc}% accuracy on ImageNet while satisfying the computational constraint
of <{self.max flops}M FLOPs. Note that architectures with FLOPs well below this range
will likely have suboptimal accuracy, so prioritize utilizing the full FLOPs budget."

706

• Knowledge about search space 707

"# Architecture Knowledge Base
## Search Space
The search space is defined as follows:
When Generating Architectures
- Resolution (r): ONE value from [160, 176, 192, 208, 224]
- Depth (d): 5 values, each from [2, 3, 4]
- Kernel sizes (ks): 20 values, each from [3, 5, 7]
- Expansion ratios (e): 20 values, each from [3, 4, 6]
## Representation Format
Architectures are represented in the format: {’r’: [r1], ’d’: [d1,d2,d3,d4,d5], ’ks’:
[k1,k2,...,k20], ’e’: [e1,e2,...,e20]}
For example: {’r’: [176], ’d’: [2, 3, 3, 4, 4], ’ks’: [5, 3, 7, 3, 5, 5, 7, 3, 3, 5,
5, 3, 5, 5, 7, 7, 3, 7, 5, 3], ’e’: [3, 3, 6, 3, 4, 4, 3, 6, 4, 6, 4, 4, 4, 4, 3, 3, 4,
6, 6, 3]}
## Structural Details
- The network has 5 stages, each containing up to 4 blocks (20 blocks total)
- The depth values determine which blocks are active in each stage, and only active
blocks affect performance:
- d[0] determines active blocks in stage 0 (blocks 0-3)
- d[1] determines active blocks in stage 1 (blocks 4-7)
- d[2] determines active blocks in stage 2 (blocks 8-11)
- d[3] determines active blocks in stage 3 (blocks 12-15)
- d[4] determines active blocks in stage 4 (blocks 16-19)

- Example: d=[2,3,4,3,2] means blocks 0-1, 4-6, 8-11, 12-14, 16-17 are active"
708

• Collaboration Workflow 709

"# Collaboration Process
The search follows an iterative refinement loop:

**Iteration 0 (Initial Exploration)**:
- You provide an initial exploration strategy emphasizing architectural diversity

710
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- Generator LLM creates a diverse population based on your strategy
- Coordinator evaluates all generated architectures and collects performance data

**Iteration N ≥ 1 (Iterative Refinement)**:
- You receive evaluation results from the previous iteration
- You analyze performance patterns and refine your strategy, progressively focusing on
high-performing regions
- Generator LLM creates new architectures following your refined strategy
- Coordinator evaluates the new architectures and provides feedback"

711

• Output Format712

"# When providing guidance:
Use this format to provide guidance:
‘‘‘
# SUMMARY
[sentences summarizing key insights from evaluated architectures]

# KEY PATTERNS
- [Pattern 1: Important statistical observation]
- [Pattern 2: Important statistical observation]
- [Pattern 3: Important statistical observation]
...

# NAVIGATION DIRECTIONS
[Provide specific, actionable guidance for each architectural dimension:]
## Resolution
[Guidance on which resolution values to use and their expected impact]
## Depth
[Guidance on depth distribution across 5 stages, including specific configurations]
## Kernel Size
[Guidance on kernel size selection for different stages/blocks]
## Expansion Ratio
[Guidance on expansion ratio patterns across stages/blocks]

[Optional for later iterations: Additional sections like CRITICAL CONSTRAINTS,
RECOMMENDED RANGES, or EXAMPLE ARCHITECTURES to provide more specific guidance]
‘‘‘"

713

E.1.2. User Prompt714

• Initial Strategy (Iteration 0)715

"You are tasked with developing an initial exploration strategy for generating a diverse
population of neural architectures. This is the first iteration, and we have no prior
evaluation data. Your goal is to establish a broad exploration strategy that covers
diverse promising regions of the search space.

Please provide an initial strategy that emphasizes architectural diversity while
incorporating your knowledge of effective neural architecture design principles.
Include specific guidance on:
- How to select resolution values to balance computational efficiency and
representational capacity
- How to distribute depth values across the 5 stages to capture multi-level features
- What patterns to explore for kernel sizes and expansion ratios based on your
understanding of convolutional architectures

716
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- Any design principles or constraints that could help initialize the search in
promising regions

Remember, the Generator LLM will rely on your strategy to create the initial population.
Focus on broad exploration rather than narrow optimization at this stage."

717

• Refined Strategy (Iteration N ≥ 1) 718

"Here are the generated architectures and their performance guided by your previous
strategy: {evaluation results}

Based on these results, please rethink and revise your strategy for the next generation
of architectures.
Focus on:
- Patterns you observe in the better performing architectures
- Specific parameter ranges or combinations that should be explored more
- Clear guidance for generating the next set of architectures
- Any trends in how different parameters affect accuracy and FLOPs

So far, the best architecture has accuracy {best accuracy}% with FLOPs constraint of
<{self.max flops}M. Our target is to exceed {self.expected acc}% accuracy while keeping
FLOPs <{self.max flops}M."

719

E.1.3. Responses 720

• Initial Strategy (Iteration 0) 721

"reasoning content":...
"content":"
# SUMMARY
For the initial exploration, we will generate a diverse population covering broad
regions of the search space. The strategy emphasizes architectural diversity across
all dimensions (resolution, depth, kernel size, expansion ratio) while incorporating
fundamental design principles. We will explore various resolution-depth trade-offs,
different kernel size distributions, and varied expansion ratio patterns to identify
promising architectural characteristics.

# KEY PATTERNS
- **Resolution and Depth Trade-off**: Higher resolutions (224) may require lower depth
values to stay within FLOPs limits, while mid-range resolutions (192-208) allow for
deeper architectures.
- **Kernel Size Distribution**: A mix of 3x3 and 5x5 kernels is likely optimal, with
fewer 7x7 kernels to avoid excessive FLOPs. Stages with more blocks could use smaller
kernels.
- **Expansion Ratio Variability**: Lower ratios (3-4) in early stages and higher ratios
(6) in later stages may balance efficiency and capacity. Avoid uniformly high ratios
across all blocks.
- **Stage-Specific Configurations**: Deeper stages (e.g., stage 2 with 4 blocks) might
benefit from larger kernels and higher expansion ratios, while shallower stages (e.g.,
stage 4 with 2 blocks) should prioritize smaller kernels and lower ratios.

# NAVIGATION DIRECTIONS
## Resolution
Use **192, 208, and 224** as primary values. Include 176 for baseline efficiency
testing but avoid over-reliance. Prioritize 208-224 to align with typical ImageNet
model sizes while leaving room for depth adjustments.

722
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## Depth
Distribute depth values to explore **balanced (e.g., [3,3,3,3,3]) and tiered
configurations** (e.g., [3,4,4,3,2]). Avoid extremes like [2,2,2,2,2] (too shallow)
or [4,4,4,4,4] (too deep). Focus on stages 0-2 having higher depth to capture early
features, while stages 3-4 have lower depth to save FLOPs.
## Kernel Size
Prioritize **3x3 and 5x5** kernels for most blocks. Use **7x7** sparingly (e.g.,
1-2 instances in later stages). For example, design architectures where kernel sizes
increase in later stages (e.g., [3,3,5,5,7] for stages 0-4) to capture complex patterns
without overloading FLOPs.
## Expansion Ratio
Use a **mix of 3, 4, and 6**, with **3-4 in early stages** and **6 in later stages**.
Avoid uniform high ratios (e.g., all 6s) to prevent FLOPs overshoot. For example,
assign [3,3,4,4,6] across stages to gradually increase capacity.
## Constraints/Correlations
- Pair **higher resolutions (224)** with **lower depth values** (e.g., [3,3,3,2,2]) to
stay within FLOPs.
- Avoid combining **large kernels (7x7)** with **high expansion ratios (6)** in the same
block.
- Ensure **total active blocks** (sum of depth values) is ≥ 15 to maintain sufficient
model capacity.
- Explore **stage-specific kernel-expansion correlations** (e.g., 5x5 kernels with
expansion ratio 4 in mid-stages)."

723

• Refined Strategy (Iteration N ≥ 1)724

"reasoning content":...
"content":"
# SUMMARY
The latest results show that architectures with **1 7x7 kernel in stage 4** and

**expansion ratios of 6 in stage 4** achieve **∼77.92% accuracy** within the target
FLOPs range (310M-330M). The next step is to **refine stage 4 configurations** (e.g.,
1 7x7 kernel + 6s) while **strictly avoiding FLOPs overshoot**. Key patterns suggest
that **stage 4 must have 1 7x7 kernel** with **expansion ratios of 6**, and **stages 0-3
must use 5x5 kernels with expansion ratios of 3-4**. The best accuracy is achieved with

**[3,3,4,3,3] depth** (16 active blocks) and **[5,5,5,5,5,5,5,5,5,5,5,5,5,5,7,3,3,3,3,3]
kernel sizes.

# KEY PATTERNS
- **Stage 4 Accuracy Gains**: Architectures with **1 7x7 kernel in stage 4** and

**expansion ratios of 6** in stage 4 blocks achieve **∼77.92% accuracy**.
- **Kernel Size Efficiency**: **14-15 5x5 kernels in stages 0-3** with **1 7x7 kernel
in stage 4** balance FLOPs and accuracy.
- **Expansion Ratio Stability**: **[3,3,4,4,6] or [3,4,4,4,6]** (stage-wise) provide

**∼77.9% accuracy** without FLOPs spikes.
- **Depth Consistency**: **[3,3,4,3,3] depth** (16 active blocks) is critical for FLOPs
control.
- **FLOPs Spikes**: Architectures with **2 7x7 kernels in stage 4** push FLOPs over the
limit but reach **∼78.04% accuracy**.

# NAVIGATION DIRECTIONS
## Resolution
- Use **208** as the primary resolution. Ensure **’r’ is a list with one value** (e.g.,
[208]).
- Avoid 224 unless paired with **depth [3,3,3,2,2]** and **1 7x7 kernel in stage 4**.
## Depth

725
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- Target **[3,3,4,3,3]** (16 active blocks) or **[3,3,3,3,4]** (16 active blocks).
- Ensure **’d’ is a list of 5 values** (e.g., [3,3,4,3,3]).
- Avoid **[3,3,3,4,3]** or **[3,4,3,3,3]** as they overconsume FLOPs.
## Kernel Size
- Use **[5,5,5,5,5,5,5,5,5,5,5,5,5,5,7,3,3,3,3,3]** (14-15 5x5 kernels, 1 7x7 kernel in
stage 4).
- Ensure **’ks’ is a list of 20 values**. Avoid **multiple 7x7 kernels in stages 0-3**.
- Focus on **stage 4 kernel size**.
## Expansion Ratio
- Use **[3,3,4,4,6] or [3,4,4,4,6]** (stage-wise).
- Ensure **’e’ is a list of 20 values**. Avoid **uniform 6s** (e.g.,
[3,3,6,6,6,6,6,6,6,6,6,6,6,6,6,6,6,6,6,6]).
- Prioritize **6s in stage 4** and **3-4s in stages 0-3**.
## Constraints/Correlations
- **Stage 4**: 1 7x7 kernel + expansion ratios of 6.
- **Stages 0-3**: 5x5 kernels + expansion ratios of 3-4.
- **Avoid 7x7 in stages 0-3**.
- **Ensure ’e’ is included with 20 values**.

# RECOMMENDED PARAMETER RANGES
- **Resolution**: 208 (preferred).
- **Depth**: [3,3,4,3,3], [3,3,3,3,4].
- **Kernel Sizes**: [5,5,5,5,5,5,5,5,5,5,5,5,5,5,7,3,3,3,3,3].
- **Expansion Ratios**: [3,3,4,4,6], [3,4,4,4,6]."

726

E.2. Generator LLM 727

E.2.1. System Prompt 728

• Role Definition 729

"You are the Generator LLM, an expert in neural architecture design specializing in
generating architectures. You collaborate with a Navigator LLM that provides high-level
guidance to help you explore the search space efficiently."

730

• Collaborative Responsibility 731

"# Your Role in the Collaboration
Your responsibility is to generate concrete neural architectures based on the guidance
from the Navigator LLM. You must follow the guidance closely while ensuring all generated
architectures are valid."

732

• Core Mission and Objectives 733

"# Core Mission
Your primary goal is to discover architectures that achieve >{self.expected acc}%
accuracy on ImageNet with FLOPs <{self.max flops}M, through diversified architecture
generation informed by Navigator LLM’s guidance."

734

• Knowledge about search space: Same as the Navigator LLM. 735

• Collaboration Workflow 736

"# Collaboration Process
- You receive guidance from the Navigator LLM
- You generate diverse and valid architectures that follow the guidance"

737
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E.2.2. User Prompt738

"Here is the strategy from Navigator LLM: {navigator strategy}

Based on the strategy, please generate 10-20 diverse and valid architectures that meet
the requirements.
Note:
- Always make sure the generated architectures are complete and valid. Any deviation
will cause evaluation failure.
- Please do not regenerate an architecture that has already been generated and
evaluated."

739

F. Discovered Optimal Architectures740

Tab. 8 presents the optimal architectures discovered by CoLLM-NAS within macro search spaces.741
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Table 8. Optimal architectures discovered by CoLLM-NAS within macro search spaces. ∗ denotes the architecture compared with SOTA.

Method FLOPs(M) Architecture Description

OFA-T + Ours 200 Resolution: 176
Depth: [2, 3, 2, 3, 4]
Kernel sizes: [3, 3, 5, 3, 5, 3, 3, 5, 7, 7, 7, 7,
7, 5, 3, 7, 3, 3, 3, 7]
Expansion ratios: [3, 3, 4, 4, 4, 4, 4, 3, 4, 4, 4,
6, 4, 4, 4, 4, 6, 6, 4, 3]

OFA-S + Ours 297 Resolution: 208
Depth: [3, 3, 3, 3, 4]
Kernel sizes: [3, 3, 3, 3, 5, 5, 5, 5, 3, 3, 3, 3,
5, 5, 7, 5, 3, 3, 7, 7]
Expansion ratios: [3, 3, 3, 3, 3, 3, 3, 3, 4, 4, 4,
4, 4, 4, 4, 4, 6, 6, 3, 3]

OFA-S + Ours∗ 320 Resolution: 208
Depth: [3, 3, 4, 3, 3]
Kernel sizes: [5, 5, 5, 5, 5, 5, 5, 5, 5, 5, 5, 5,
5, 5, 3, 7, 3, 3, 3, 3]
Expansion ratios: [3, 3, 3, 3, 3, 3, 3, 3, 4, 4, 4,
4, 4, 4, 4, 4, 6, 6, 6, 3]

OFA-B + Ours 391 Resolution: 208
Depth: [3, 4, 4, 4, 4]
Kernel sizes: [3, 5, 3, 7, 5, 5, 3, 3, 5, 5, 7, 5,
7, 5, 3, 3, 7, 5, 7, 5]
Expansion ratios: [3, 3, 3, 3, 3, 4, 6, 3, 6, 4, 3,
4, 6, 4, 4, 4, 6, 6, 6, 3]

OFA-L + Ours 498 Resolution: 224
Depth: [2, 4, 4, 4, 4]
Kernel sizes: [7, 5, 3, 5, 5, 5, 3, 7, 5, 7, 3, 3,
3, 7, 7, 3, 5, 3, 3, 5]
Expansion ratios: [3, 4, 3, 4, 4, 6, 4, 3, 6, 6, 6,
3, 4, 6, 6, 3, 6, 6, 6, 3]

SPOS + Ours 325 Block operations: [0, 0, 3, 3, 3, 2, 1, 3, 3, 1, 1,
1, 1, 3, 3, 3, 3, 3, 3, 3]

AutoFormer-T + Ours 1366 Layers: 13
MLP ratios: [3.5, 3.5, 3.5, 3.5, 3.5, 3.5, 3.5,
3.5, 3.5, 4.0, 3.5, 4.0, 3.5]
Attention heads: [3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 4,
3, 4]
Embedding dimension: 192

AutoFormer-S + Ours 4897 Layers: 13
MLP ratios: [4.0, 4.0, 3.5, 3.5, 4.0, 4.0, 3.5,
3.5, 4.0, 4.0, 3.5, 3.5, 4.0]
Attention heads: [5, 7, 6, 5, 7, 6, 5, 7, 6, 5, 7,
6, 5]
Embedding dimension: 384

AutoFormer-B + Ours 11074 Layers: 14
MLP ratios: [3.5, 3.5, 4.0, 3.5, 3.0, 3.5, 4.0,
3.0, 3.5, 4.0, 3.0, 3.5, 3.0, 3.5]
Attention heads: [10, 10, 10, 9, 9, 9, 9, 10, 10,
9, 9, 9, 9, 9]
Embedding dimension: 576
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