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Figure 1 DARTS algorithm flowchart
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Figure 2 search evaluation map
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Figure 3 Schematic diagram of DE-DARTS algorithm
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Figure 4 Schematic diagram of AGNAS algorithm
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Figure 6 Schematic diagram of EC-DARTS algorithm
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Table 1 Comparison of different improved algorithms
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Figure 7 Schematic diagram of DOTS algorithm
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- N T WHA R/ % EYis v R/ S 4
CIFAR-10 CIFAR-100 M (GPU days)
DARTS™ 3.00 17.76 3.3 1.5 GTX 1080Ti
MiLeNAS™ 2.51 — 3.87 0.30 Tesla V100
Fair DARTS™ 2.54 17.61 2.80 0. 40 Tesla V100
TA-DARTS!’ 2.60 18.33 4.10 4.00 RTX A4000
DE-DARTS 2.46 — 4.10 1. 00 RTX 2080Ti
MR-DARTS'"" 2.52 17. 48 2.50 0. 40 RTX 3090
DARTS-CGW''” 2.43 — 4.10 0. 40 Tesla P100
DARTS-PT'" 2.61 — 3.00 0. 80 GTX 1080Ti
DARTS-PT-CORE'™ 2.50 16.73 3.60 0. 80 Tesla V100
DARTS-EAST{V'SV SRR 2.43 16.77 3.30 0.59 Tesla V100
IS-DARTS™ R 2.56 — 4.25 0.42 RTX 3090
Shapley-NAS' "™’ HERE T AR 2.47 — 3.40 0.30 —
OStr-DARTS'™ 2.42 15.78 3.50 0. 40 —
EoiNAS!™! 2.50 17.30 3.40 0. 60 GTX 1080Ti
AGNAS™ 2. 60 — 3. 60 0. 40 GTX 1080Ti
SWD-NAS™" 2.51 17.08 3.17 0.13 RTX 3090
P-DARTS'™! 2.50 17. 20 3.40 0.30 Tesla P100
MIG-DARTS* 2.44 16. 38 3.00 0.10 RTX 3090
EC-DARTS™ 2.39 16. 13 3.20 0.30 TITAN V
CDARTS™’ 2.48 15. 69 3.90 0.30 Tesla V100
B-DARTS 2.53 16. 24 3.75 0. 40 —
ANP-DARTS'” 2.40 15. 89 3.56 0. 60 Tesla V100
SmoothDARTS™* 2.61 — 3.30 1.30 GTX 1080Ti
DARTS-AER"’ 2. 60 — 3.39 4.00 Tesla V100
£-DARTS™" 2.47 16. 38 4.10 0.06 —
A-DARTS"" Bl e s 2.43 16.15 3.60 — —
NoisyDARTS ! R o M ) 2.65 — 3.10 0. 40 Tesla V100
RobustDARTS 2.95 18.01 — 1. 60 —
OLES"™ 2.30 16. 30 3.4 0.40 —
DrNASH! 2.46 — 4.10 0. 60 GTX 1080Ti
SGAS™ 2. 66 — 3.70 0.25 GTX 1080Ti
EG-NAS"™" 2.53 16.22 3.20 0.10 RTX 3090
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CIFAR-10 CIFAR-100 M (GPU days)
D-DARTS" 2.98 18.90 1.70 0.50 RTX 3090
U-DARTS" 2.59 16. 32 3.30 4.00 RTX 2080Ti
DOTS! 2.49 16. 48 3.50 0.26 Tesla V100
ATL-DAS"! 2.54 16.95 3.90 2.70 TITAN Xp
PC-DARTS'# 2.57 — 3.60 0.10 GTX 1080Ti
ADARTS 2.46 17.06 2.90 0.20 —
EPC-DARTS i Fzs ) 5 2.40 15.98 3.20 0.20 RTX 3090Ti
MCP-DARTS'* P2 T 4% ] 2.65 — 3.60 0. 09 —
LMD-DARTS! ! 2.58 — 4.23 0.12 Tesla V100
FP-DARTS'*"] 2.50 16.50 3.40 0.08 GTX 1080Ti
DLW-NAS™ 2.73 17.12 2.30 0.45 GTX 1080Ti
ReCNAS' 2.38 — 5.10 0.30 RTX 2080Ti
Slim-DARTS!" 2.39 16.78 1.70 0.17 —
SQNASEY 2.70 — 3.78 0.25 GTX 1080Ti
[3] Sun Renke, Huangfu Zhiyu, Chen Hu, et al. Survey of
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Overview of Differentiable Neural Network Architecture Search
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Abstract: Neural Architecture Search (NAS) was an interdisciplinary study in the field of deep learning, which
aims to automate the design of neural network structures. NAS requires repeated training and evaluation of a large
number of candidate networks, which is computationally expensive. Differentiable Neural Architecture Search
(DNAS) transforms the discrete architecture search problem into a differentiable continuous optimization problem,
which reduces the computational cost. Firstly, a search algorithm framework for differentiable network architecture
was constructed from three aspects: search space, search strategy and performance evaluation strategy. Secondly,
the performance estimation bias, architecture overfitting and search stability problems of parameterization operation,
as well as the improvement strategies of optimizing search space and improving efficiency are analyzed, compared
and summarized. Then, the error rate, parameter quantity, search time and experimental hardware conditions of
typical DNAS algorithms on image classification datasets were compared and analyzed. Finally, it points out the ap-
plication potential of DNAS in complex scenarios such as edge device deployment, medical signal analysis, and
cross-modal matching, and proposes future research directions toward multi-objective optimization, task-driven
search space design, and cross-task transfer and reuse.

Keywords: neural architecture search; deep learning; differentiable neural architecture search; Continuous optimi-

zation; performance estimation



