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Abstract

Differentiable Architecture Search (DARTS) has become a popular method for Neural Architecture
Search (NAS). However, this method faces the problem of premature convergence to local optima.
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Meanwhile, Large Language Models (LLMs) have evolved into powerful tools capable of accomplish-
ing a wide range of tasks. This paper proposes an evolutionary search framework called LLM-NAS
based on LLMs for Neural Architecture Search. It employs LLMs as a black box to generate new ar-
chitectures, allowing the exploration of various optimization directions during the architecture
search process. Extensive experiments conducted on different datasets and search spaces demon-
strate that the proposed method achieves performance comparable to or even superior to state-of-
the-art techniques.
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Figure 1. The framework of LLM-NAS model
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4.2.1. CIFAR10 5 CIFAR100
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Table 1. Evaluation results on CIFAR10 and CIFAR100 dataset
52 1. CIFAR10 #0 CIFAR100 #¥#E& F YL ER

CIFAR-10 CIFAR-100
BEH HE A GPU-KH - -
ZH (M) HERF 2 (%) 4 (M) HERf 2 (%)
ResNet [15] - 1.7 95.39 1.7 77.9
ENAS + cutout [16] 0.5 4.6 97.11 46
AmoebaNet-A 3150 33 96.66 3.3 82.37
NSGA-Net 4.0 3.3 97.25 3.3 79.26
DARTS (1st) 0.4 3.4 97.00 3.4 82.46
DARTS (2nd) 1.0 3.3 97.24 3.3
GDAS [17] 0.2 3.4 97.07 3.4 81.62
P-DARTS + cutout 0.3 3.4 97.50 3.6 82.51
PC-DARTS + cutout 0.1 3.6 97.43 3.6 83.10
DARTS [18] 0.4 3.4 97.41 3.4 82.49
DrNAS [19] 0.4 4.0 97.46 4.0
EG-NAS [11] 0.1 3.2 97.47 3.2 83.78
LLM-NAS 0.1 4.0 97.52 3.6 83.38
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4.2.2. ImageNet

#2451 T LLM-NAS 5H & H1EE ImageNet £ FRIELE, T EEZER 2, BAE 280 2
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R Bt 105 e SR 2 .

Table 2. Evaluation results on ImageNet dataset

=z 2. ImageNet B E _LAOITELE

2t KR 2 Top-1 (%) R A GPU-REL ZHE(M)
DARTS (2nd) 26.7 1.0 47
SNAS [20] 27.3 15 2.8+
GDAS 26.0 0.3 34
PC-DARTS 25.1 0.1 4.7
DrNAS 24.2 4.6 5.7
NASNet-A 26.0 2000 3.3
NASNet-B 27.2 2000 33
NASNet-C 275 2000 33
AmoebaNet-A 255 3150 3.2
AmoebaNet-B 26.0 3150 3.2
AmoebaNet-C 24.3 3150 3.2
EAEPSO [21] 26.9 4.0 4.9
EG-NAS 24.9 0.1 5.3
LLM-NAS 25.1 0.1 51

4.2.3. NAS-Bench-201
# 34 H T LLM-NAS 7E NAS-Bench-201 JE#E4E FRIINAZE R, ([EAEERE, MR IRATHIE RN
PRECR F SR e B A RS, 5 RONERBENIR 7 4 DUE R 58ME, SERas RE R T A4

%o

Table 3. Evaluation results on NAS-Bench-201 benchmark
%z 3. NAS-Bench-201 B S FRYITEMHER

2

ResNet
Random (baseline)
ENAS
SETN [22]
DARTS (1st)
DARTS (1st)
GDAS [17]

CIFAR-10

Valid Test

90.83 93.97
90.93+0.36 93.70+0.36
3751+3.19 53.89%0.58
84.04+0.28 87.64x0.00
39.77+0.00 54.30%0.00
39.77+0.00 54.30+0.00
90.01+0.46 93.23+0.23

CIFAR-100

Valid Test

70.42 70.86
70.60 £ 1.37 70.65 +1.38
13.37 £2.35 13.96 + 2.33
58.86 £ 0.06 59.05+£0.24
15.03 £ 0.00 15.61 £ 0.00
15.03 £0.00 15.61 £ 0.00
24.05+8.12 24.20 +8.08

ImageNet16-120

Valid
44.53
42,92 £2.00
15.06 £1.95
33.06 £ 0.02
16.43 £ 0.00
16.43 £ 0.00
40.66 +0.00

Test
43.63
42,96 £2.15
1457 £2.10
3252+0.21
16.32 £ 0.00
16.32 £ 0.00
41.02 £0.00
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Bk
PC-DARTS 89.96 +0.15 93.41+0.30 67.12 +0.39 67.48 +0.89 40.83+0.08 41.31+0.22
DSNAS [23] 89.66+0.29 93.08+0.13 30.87+16.40 31.01+16.38 40.61+0.09 41.07+0.09
DARTS- 91.03+0.44 93.80+0.40 7136 £1.51 7153+151 4487+146 4512+0.82

iDARTS [24] 91.03+0.44 93.80+0.40 7136 £1.51 7153+151 4487+146 45.12+0.82

EG-NAS 90.12 £ 0.05 93.56 + 0.02 70.78 +0.12 70.91 + 0.07 4489 +£0.29 46.13 £ 0.46
LLM-NAS 91.27 +0.11 94.02 +0.12 72.25+0.48 72.25+0.52 4574 £0.18 46.31 £ 0.07
5. &g

ASCHR M T AT RE S A (LLMs) I R AE S LLM-NAS, 81345 & )7 280 0 B & Bk
B IRAIEACRE ST LA L LLMs 35 KGR A REE 7T, A RCRBYL T 1548 DARTS AR R RIR, %
BT AR R AR R . KR SCIRRY], B TR P2 M SR R %, LLM-NAS f£
PERE BB B Z T, AN HIRE DR T SefEAR, RN IS ORFFBARIIE R AT, R g
20 P2 BRI 2 I AR At T — PP R s R A R T %
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