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Abstract: Neural architecture search (NAS), a core technology for automated deep learning model construction, aims
to discover task-specific optimal network architectures. However, existing methods suffer from three critical limitations:
coupled convolution and pooling operations in search spaces generate redundant solution spaces; holistically optimized
high-dimensional encodings lack inter-module collaboration and easily fall into local optima; evaluation strategies relying
on single or limited metrics fail to accurately reflect true architecture performance, biasing search directions. These inter-
twined issues eliminate high-potential architectures, create performance gaps between searched and optimal architectures,
and restrict NAS deployment in resource-constrained and high-reliability scenarios. To address these deficiencies, this paper
presents a progressive collaborative neural architecture search method. This method consists of three modules: a progressive
representation dimensionality reduction separable architecture search space is designed at the search space level, where con-
volution and pooling are decoupled by their functional properties to reduce the solution space scale and retain feature repre-
sentations, thus supplying input for subsequent search and evaluation. A high-dimensional decoupled unit-adaptive search
strategy is proposed at the search strategy level, which decomposes high-dimensional architecture encodings into convolu-

tion segments, pooling segments and depth segments, and applies unit-level directed genetic operations including two-point
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crossover, single-point crossover and adaptive mutation to different modules separately. A multi-dimensional low-cost mod-
el performance evaluation strategy is constructed at the evaluation strategy level to assess candidate architectures from four
dimensions, namely robustness, isotropy, uncertainty and regularity, and merges multi-dimensional scores into a comprehen-
sive indicator through a rank-driven nonlinear geometric fusion mechanism. The three modules connect sequentially to form
a progressive collaborative framework. Experimental results demonstrate that on the NAS-Bench-201 benchmark search
space, the proposed method yields Kendall correlation coefficients of 0.712 0, 0.705 2 and 0.698 1 on CIFAR-10, CIFAR-
100 and ImageNet16-120 datasets respectively, with a 20.13% relative gain over NASWOT on CIFAR-10. For industrial
weld defect detection and APTOS-2019 medical retinopathy grading, the derived optimal architecture boosts average accu-
racy by approximately 18.67% and 6.12% respectively over existing training-free NAS methods including NASWOT, ZiCo
and MSTF-NAS, with search time of 227.97 s and 559.34 s, and inference latency of 0.41 ms and 0.46 ms correspondingly.
This work provides a reference for developing efficient, low-cost automated model design techniques with strong cross-do-
main generalization.

Keywords: neural architecture search; automated model design; evolutionary algorithm; progressive search; low-cost
evaluation
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Figure 1  Overall framework of the proposed method
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Figure 2 Progressive representation dimensionality reduction separable architecture search space
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Table 1~ Comparison results of different low—cost evaluation methods
CIFAR-10 CIFAR-100 ImageNet16-120
Method Year
T p T P T P
#Params — 0.5459 0.7209 0.566 9 0.7378 0.536 3 0.704 1
#Flops — 0.505 8 0.695 2 0.5293 0.716 3 0.500 5 0.684 0
Snip"®! 2018 0.437 4 0.599 5 0.494 4 0.657 1 0.4352 0.5777
Grasp'"” 2020 0.216 6 0.318 2 0.1990 0.287 4 0.270 1 0.3953
SynFlow™ 2020 0.546 5 0.740 2 0.5783 0.771 2 0.569 1 0.755 5
GradNorm™"! 2021 0.348 7 0.466 3 0.3823 0.5175 0.3242 0.437 2
NASWOT? 2021 0.5927 0.778 7 0.6370 0.8203 0.6117 0.7923
GradSign™! 2021 0.138 2 0.209 6 0.140 2 0.2059 0.098 9 0.1377
ZiCo" 2023 0.550 2 0.743 3 0.589 7 0.780 9 0.5923 0.783 0
LCMNAS™ 2023 0.544 4 0.705 0 0.5325 0.692 7 0.496 2 0.645 5
ePADS(0=0.5)"! 2025 0.526 9 0.713 9 0.564 3 0.753 7 0.547 6 0.7370
COER-NAS 2026 0.7120 0.891 2 0.705 2 0.8855 0.698 1 0.866 3
CIFARI0 CIFAR100 ImageNet16-120
N=100
— #Params
— #Flops
Snip
— Grasp
— SynFlow
=10 — GradNorm
— NASWOT
GradSign
ZiCo
— LCMNAS
— ePADS(¢=0.5)

N=2 000
3 ANIFVBGIE A S RAEECT VA 5 AR G A Ik ]

Figure 3 Radar chart of correlation among evaluation metrics across datasets and sampling sizes
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Table 2 Ablation study of low—cost evaluation metrics

Index S b Sisorony Y — FM CIFAR-10 | CIFAR-100 | ImageNet16-120
1 v — 04897 0.5029 0.345 1
2 v — 04192 0.368 3 0.399 3
3 v — 0.5553 0.579 8 0.548 5
4 v — 05776 0.605 5 0.584 2
5 v v NL 0.599 6 0.569 5 0.5477
6 v v NL 0.608 8 0.6259 0.546 6
7 v v NL 0.6178 0.636 8 0.556 0
8 v v NL 0.590 7 0.6187 0.588 4
9 v v v NL 0.6870 0.6715 0.6597
10 v v v NL 0.6826 0.6759 0.6749
11 v v v NL 0.630 3 0.652 1 0.596 5
12 v v v v L 0.698 3 0.670 1 0.5919
13 v v v v NL 0.7120 0.705 2 0.698 1
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Table 3 Performance comparison of different low—cost evaluation strategies

— - —— CIFAR-10 CIFAR-100 ImageNet16-120
/% B5IE/ % Mi/% B5IE/ % Mi/% B51IE/ %
Random N/A 83.89+12.15 | 80.54+12.42 | 57.53+14.85 | 57.29+14.93 | 29.13+14.02 | 29.47+13.32
Snip 409.35 90.58+1.78 | 87.39+1.52 | 63.48+2.02 | 62.62+1.92 | 32.49+5.69 | 32.30%5.05
Grasp 930.21 90.59+1.79 | 87.27+1.43 | 59.78+4.13 | 59.81+4.86 | 31.58+5.16 | 31.0424.33
SynFlow 403.44 93.14+0.73 | 89.60+0.79 | 71.04+0.80 | 71.43x0.36 | 39.90+6.97 | 39.80+7.12
S GradNorm 413.30 90.64+1.83 | 87.59+1.72 | 63.48+2.02 | 62.62+1.92 | 32.29+5.50 | 32.40%5.14
NASWOT 347.17 93.12+0.19 | 89.87+0.30 | 70.68+0.94 | 70.3120.55 | 44.12+1.18 | 43.4620.78
ZiCo 505.91 93.22+0.35 | 89.67+0.16 | 69.68+0.84 | 69.37x1.22 | 44.03+1.18 | 43.5020.78
LCMNAS 791.36 89.70+0.88 | 86.86x1.03 | 67.93+2.86 | 67.67+2.62 | 38.53+0.40 | 38.30+1.80
ePADS 524.46 93.1120.17 | 89.89+0.32 | 70.44+0.53 | 70.15x0.38 | 39.81x6.29 | 39.71%5.91
COER-NAS 652.61 93.4120.31 | 89.68+0.25 | 70.23+0.41 | 69.80+0.58 | 44.33x1.62 | 43.46x1.78
el Optimal N/A 94.20+0.12 | 91.27+0.15 | 72.83%0.14 | 72.04+0.78 | 45.57x0.97 | 46.36+0.54
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Table 4 HD-DUAAS hyperparameter configuration table

FF5 P MaxIter T A AR AR SR
1 50 50 3 0.8/0.7/0.6 0.05/0.03/0.03
2 80 100 2 0.9/0.8/0.8 0.08/0.05/0.05
3 40 40 4 0.7/0.6/0.5 0.03/0.02/0.02
4 30 10 3 0.8/0.7/0.6 0.05/0.03/0.03
5 60 70 3 0.85/0.75/0.7 0.06/0.04/0.04

RS TREESHAAHIERESHEILLE
Table 5 Performance and efficiency comparison of different hyperparam-

eter combinations

HE =GB bR IERE % LRGN /s
1 63.86 +2.58 4085.02
2 65.49 +0.35 6584.97
3 64.88 + 3.41 312345
4 65.13 +0.58 661.05
5 65.36 + 1.02 4693.08
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Table 6 Comparison of performance and efficiency of different models on a self=built weld defect detection dataset

Figure 4 Schematic of the optimal architecture on the custom weld dataset
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Type Years Methods Param/M | Inference time/ms | Accuracy/% | F1 Score/% | Recall/% | Searching time/s
2021 PVT-Small”” 23.586 0.31 76.04 76.10 76.04 —
2021 CoAtNet-0>* 26.579 0.24 93.06 93.07 93.06 —
2022 EfficientFormer_13*" 31.389 0.31 68.58 68.71 68.58 —
2022 Mobilevit-V2_200""! 18.402 0.45 89.24 89.16 89.24 —
FEfzE | 2023 ConvNeXt V2-Tiny""! 27.801 0.20 91.84 91.81 91.84 —
2023 PVTv2-B2" 24.852 0.30 93.75 93.77 93.75 —
2024 InceptionNeXt-T 25.756 0.43 80.73 80.46 80.73 —
2025 EfficientViM_M4% 18.021 0.79 90.28 90.25 90.28 —
2025 MAViT-8%! 25.093 2.14 94.79 94.79 94.79 —
2023 EBNAS® 8.190 1.41 60.76 58.68 60.76 7 872.00
— 2024 MSTF-NAS®" 9.659 0.55 95.83 95.83 95.83 306.94
2025 PO-NAS® 4.020 1.06 89.19 89.21 89.22 10921.64
2026 COER-NAS 10.962 0.41 97.22 97.21 97.22 227.97
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Table 7 Performance and efficiency comparison of different models on the APTOS-2019 dataset
Type Years Methods Param/M | Inference time/ms | Accuracy/% | F1 Score/% Recall/% Searching time/s
2021 PVT-Small 23.586 0.28 7273 66.34 7273 —
2021 CoAtNet-0 26.579 0.24 80.26 79.81 80.26 —
2022 | EfficientFormer_13 31.389 0.30 73.86 68.63 73.86 —
2022 Mobilevit V2_200 18.402 0.22 78.84 76.94 78.84 —
Fohtg 2023 ConvNeXt V2-Tiny 27.801 0.40 74.29 69.16 74.29 —
2023 PVTv2-B2 24.852 0.32 78.55 76.68 78.55 —
2024 InceptionNeXt-T 25.756 0.20 73.44 66.45 73.44 —
2025 EfficientViM_M4 18.021 0.35 75.85 72.29 75.85 —
2025 MAViT-S 25.093 2.47 79.26 78.56 79.26 —
2023 EBNAS 7.956 2.13 72.64 65.00 72.64 9996.078
— 2024 MSTF-NAS 7775 0.24 80.83 79.51 80.83 595.960
2025 PO-NAS 4.443 2.46 78.17 59.64 58.11 27 649.860
— COER-NAS 13.825 0.46 81.94 81.32 81.94 559.340
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