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1.1 What is NAS (Neural Architecture
Search)?
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[1] B. Zoph and Q. V. Le, “Neural Architecture Search with Reinforcement Learning,” in Proc. Int. Conf. Learn. Represent (ICLR), 2017, p. 2.



1.2 The Challenges of NAS

RL(Reinforcement Learning)
EA(Evolutionary Algorithm)

-
A > High Computational
» Huge Search Caus pogwer d ISolution

Space e » Long Search Time : Zero-cost Proxy NAS

v RL-based NAS[1] requires 2000 @s.
\EA-based NAS[2] requires 3000 \=0/

hours.
B @O SubNets

Search space A

NAS mmm) Edge data collection i i
(@) @ m F—— Design Train-Free
=) Adaptive mode
L selection Proxy Based on
M Features or Gradients
1 Selected architecture a € A

Training

Evaluation strategies Search strategies

Evaluation Results

@® Training evaluation ® Random search

@ Proxies evaluation @ Reinforcement learning

® Precision predictor ® Evolutionary algorithms
Select the Next

oooooooo ArChiteCtuIe se s s e

[1] B. Zoph and Q. V. Le, “Neural Architecture Search with Reinforcement Learning,” in Proc. Int. Conf. Learn. Represent (ICLR), 2017, p. 2.
[2] E. Real et al., “Large-Scale Evolution of Image Classifiers,” in Proceedings of the 34th International Conference on Machine Learning, PMLR, July 2017, pp. 2902-2911.



1.3 The Challenges of Current Zero-cost Proxy
NAS
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[3]Lin M, Wang P, Sun Z, et al. “Zen-Nas: A Zero-Shot Nas for High-Performance Image Recognition,”in International Conference on Computer Vision(ICCV). 2021: 347-356.

[4] N. Cavagnero, L. Robbiano, B. Caputo, and G. Averta, “FreeREA: Training-Free Evolution-based Architecture Search,” in Winter Conference on Applications of Computer Vision (WACV), 2023
pp. 1493-1502.

[5]1 G. Li, Y. Yang, K. Bhardwaj, and R. Marculescu, "ZiCo: Zero-shot NAS via Inverse Coefficient of Variation on Gradients," in Proc. Int. Conf. Learn. Representations (ICLR), 2023.
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2. Approach




2.1 Approach: FG-NAS(Featrue-Gradient Aggregated Zero-Cost Neural
Architecture Search)
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2.2 Feature Proxies
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2.3 Gradient Proxies
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2.4 Dynamic Nonlinear Aggregation
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2.5 Dimensionality Reduction

Our Solution:

" Principal Component Analysis (PCA) is a linear
' method for dimensionality reduction and feature

The purpose of dimensionality reduction
» Acceleration of the Subnet Evaluation Process
» Concentration on Important Features
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2.6 Jacobian Matrix
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3. Experimental Evaluation




3.1 Experimental Environment and Search
Space

Experimental Environment

NVIDIA A100 GPUs with 80GB memory and 256GB
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» NAS-Bench-201: Search Space with 15,625
Subnets
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\ Jetson Xavier NX

Residual Structures
\2 AutoFormer: Search Space for Evaluating J

Transformer Architectures



3.2 Baseline and
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3.5 Spearman p

TABLE II
CORRELATION BETWEEN DIFFERENT ZERO-COST PROXIES AND MODEL
ACCURACY IN THE NAS-BENCH-201 SUPERNET

Spearman .
Method CIFAR-10 CIF,iR-wo [;mageNetl6-120 Time(ms)
#Params/FLOPS  0.753 0.727 0.691 ;

SNIP 0.615 0.619 0.539 1304.8
NASWOT 0.743 0.769 0.760

TE-NAS 0.731 0.728 0.680

ZiCo 0.778

FG-NAS 0.853 0.849 _ 0.843)

Proxy methods based on the
It demonstrates efficiency and accuracy of fc.)rw.a.rd Prepags Pniis

the FG-NAS.




3.6 Top-1 Accuracy

TABLE 111 TABLE IV
EXPERIMENTAL RESULTS IN THE MOBILENETV2 SUPERNET EXPERIMENTAL RESULTS IN THE AUTOFORMER SUPERNET
Constraint Search Cost Constraint Search Cost
(Params, FLOPs) M Ape  Topt (GPU Days) (Params, FLOPs) e e IBE Do
OFA TB 78.7 50 AutoFormer TB 74.7 24
(5M, 600M) ZiCo TF 79.1 04 (25M. 5G) TF-TAS TF 73 0.5
FG-NAS TF 1795 _________0.35] FG-NAS TF {759 025
OFA B Thd 50 AutoFormer TB 81.7 24
(3M, 450M) ZiCo TF 78.1 0.4 \ (5M, 1.5G) TF-TAS TF 81.9 0.6
FoNas /) TF  (RACTTTITO) FGNAS  TF (830030
e
TB(Training-based methods) \

Substantial Increase in Search Time
Due to Training

TF(Training-free

methods)




3.7 Search Time

TABLE V 0.85 400
EXPERIMENTAL RESULTS OF FG-NAS ABLATION [ ]CIFAR-10[__]CIFAR-100[__|ImageNet16-120 —@— Evaluation Time |
0.809 b 801
—'__7'_'____—_________\_'I__-tfooi__ 7 3%0
2 & 342.6 Soug g S
MethOd Spear’nan p Tlme(mq) D80 _‘:\\ I -0.019 -
CIFAR-10  CIFAR-100  ImageNetl6-120 _ D R I [ SR g
0.803 0.782 0.779 282.6 = N Al 1°° &
(mm———— N -116.3 ms = i [
0.787 0.771 0.762 (36.7 ! £ o751 \Qli E
0.839 0.815 0.798 3114 ¥ s IREr
0.853 0.849 0.843 | 316.3 e R R N T &
------------------------------------------------- 0.70 TN
‘\2& 7 - 200
-FP(Remove Feature Proxy) ' | 1764
-GP(Remove Gradient Proxy) 0.65 . . . . . . - 150
1 0.9 0.8 0.7 0.6 0.5 0.4
-NL(Remove Dynamic Nonlinear Important Ratio LayeiRL
Aggregation)
Proxy methods based on An important ratio layer of 0.6
the forward propagation ar achieves balance of the

significantly faster. accuracy and search time.
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4. Conclusion




Conclusion

* The proposed FG-NAS framework introduces feature and gradient zero-cost

proxies to achieve accurate and efficient subnet search.

* Dynamic nonlinear aggregation contributes to higher search accuracy.
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