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1. Introduction

Background

3

Neural Architecture Search => 많은 데이터와 컴퓨팅 리소스를 필요로 함
=> 다양한 task set에 적용하기에는 어려움

https://www.researchgate.net/figure/Comparison-between-
the-few-shot-classification-and-the-standard-supervised-
learning_fig2_336424678
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https://zzaebok.github.io/machine_learning/FSL/
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2. Related Work

Few-shot Learning via Meta-Learning

Neural Architecture Search(DARTS)
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https://www.researchgate.net/figure/Comparison-between-the-few-shot-
classification-and-the-standard-supervised-learning_fig2_336424678
Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018). DARTS: Differentiable 

Architecture Search. arXiv preprint arXiv:1806.09055



2. Related Work

Few-shot Learning via Meta-Learning
– Few-shot Learning: 몇 개의학습 예제만으로 task를 해결하는 방법을 학습하는 문제

• 몇 개의 학습 예제의 정의: N-way k-shot

» 2-way 2-shot classification

– 본 논문에서는 Model agnostic meta-learning(MAML) 접근 방식 사용

7

𝐷1

Train data Test data

https://zzaebok.github.io/machine_learning/FSL/



2. Related Work

ICML(2017), 24년 6월기준 12395회인용

8

Chelsea Finn, Pieter Abbeel, Sergey Levine. (2017). Model-Agnostic Meta-Learning

for Fast Adaptation of Deep Networks. arXiv preprint arXiv:1703.03400



2. Related Work

Model-Agnostic Meta-Learning

9

𝐷1

𝐷2

▪ task별 최적의 파라미터가 모두 다름

▪ task별 파라미터들을 바로 학습하는 것은 의미가 없음

▪ 새로운 task에 대해서 효율적으로 파라미터를 업데이트할 수 있는 방법을 배워야 함

https://www.researchgate.net/figure/Comparison-between-
the-few-shot-classification-and-the-standard-supervised-
learning_fig2_336424678



2. Related Work
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Step 1
– 𝜃와 𝐷𝑖

𝑡𝑟을 이용하여 ∅𝑖 구하기

𝐷1

𝐷2

𝐷3

∅1 ← 𝜃 − 𝛼∇𝜃𝐿(𝜃, 𝐷1
𝑡𝑟)

∅2 ← 𝜃 − 𝛼∇𝜃𝐿(𝜃, 𝐷2
𝑡𝑟)

∅3 ← 𝜃 − 𝛼∇𝜃𝐿(𝜃, 𝐷3
𝑡𝑟)

https://www.researchgate.net/figure/Comparison-between-the-few-shot-
classification-and-the-standard-supervised-learning_fig2_336424678
https://towardsdatascience.com/basics-of-few-shot-learning-with-
optimization-based-meta-learning-e6e9ffd4775a



2. Related Work
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Step 2
– ∅𝑖와 𝐷𝑖

𝑡𝑠를 이용하여 𝜃 update

Step 3
– 구한 𝜃는 적은 학습 단계만으로 새로운 task에 대해 빠르게 적응

𝐷1

𝐷2

𝐷3

𝜃 ⟵ 𝜃 − 𝛽∇𝜃𝐿(∅𝑖 , 𝐷𝑖
𝑡𝑠)

𝜃 ⟵ 𝜃 − 𝛼∇𝜃𝐿(𝜃, 𝐷𝑡𝑒𝑠𝑡)
https://www.researchgate.net/figure/Comparison-between-the-few-shot-
classification-and-the-standard-supervised-learning_fig2_336424678
https://towardsdatascience.com/basics-of-few-shot-learning-with-
optimization-based-meta-learning-e6e9ffd4775a



2. Related Work

Neural Architecture Search
– neural architecture를 자동으로 설계하는 프로세스
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https://www.researchgate.net/figure/General-process-of-
neural-architecture-search_fig1_339374350



2. Related Work

ICLR(2018), 24년 6월기준 4816회인용
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Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018).

DARTS: Differentiable Architecture Search. arXiv

preprint arXiv:1806.09055



2. Related Work

DARTS
– Discrete search space?
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https://towardsdatascience.com/intuitive-explanation-of-
differentiable-architecture-search-darts-692bdadcc69c



2. Related Work
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OPERATIONS =
[pooling,
standard convolution,
skip connection,
…
]

𝛼𝑜1
(𝑖,𝑗)

𝛼𝑜2
(𝑖,𝑗)

𝛼𝑜3
(𝑖,𝑗)

DARTS
– Continuous search space

Network

Image

Normal
Cell

Reduction
Cell

Normal
Cell

Reduction
Cell

Softmax

Cell

ҧ𝑜 𝑖,𝑗 𝑥 = 

𝑜∈𝑂

exp 𝛼𝑜
𝑖,𝑗

σ𝑜′∈𝑂 exp 𝛼
𝑜′
𝑖,𝑗

𝑜(𝑥)

Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018).

DARTS: Differentiable Architecture Search. arXiv preprint arXiv:1806.09055

https://towardsdatascience.com/intuitive-explanation-of-differentiable-

architecture-search-darts-692bdadcc69c
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DARTS
– Continuous search space
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Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018).

DARTS: Differentiable Architecture Search. arXiv preprint arXiv:1806.09055

https://towardsdatascience.com/intuitive-explanation-of-differentiable-

architecture-search-darts-692bdadcc69c



2. Related Work

선행 연구
– DBLP(2018), 24년 6월기준 128회인용
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– NeurIPS(2018), 24년 6월기준 49회인용 

Catherine Wong, Neil Houlsby, Yifeng Lu, Andrea Gesmundo. (2018). Transfer Learning with Neural 

AutoML. arXiv preprint arXiv:1803.02780

Jaehong Kim, Sangyeul Lee, Sungwan Kim, Moonsu Cha, Jung Kwon Lee, Youngduck Choi, Yongseok

Choi, Dong-Yeon Cho, Jiwon Kim. (2018). Auto-Meta: Automated Gradient Based Meta Learner Search. 

arXiv preprint arXiv: 1806.06927



3. Marrying Gradient-based Meta-Learning and Gradient-based NAS

Problem Setup for Few-Shot Classification
– 고전적인 supervised deep learning

– Few-shot training + meta-learning

18

https://www.researchgate.net/figure/Comparison-between-the-few-shot-
classification-and-the-standard-supervised-learning_fig2_336424678



3. Marrying Gradient-based Meta-Learning and Gradient-based NAS

Gradient-based Meta-Learning of Neural Architectures
– Meta-Objective: 

𝐿𝑚𝑒𝑡𝑎 𝑤, 𝛼, 𝑝𝑡𝑟𝑎𝑖𝑛, 𝜑𝑘 = 

𝑇𝑖~𝑝
𝑡𝑟𝑎𝑖𝑛

𝐿𝑇𝑖(Φ
𝑘 𝑤, 𝛼, 𝐷𝑡𝑟𝑎𝑖𝑛

𝑇𝑖 , 𝐷𝑡𝑒𝑠𝑡
𝑇𝑖 )

= σ
𝑇𝑖~𝑝

𝑡𝑟𝑎𝑖𝑛 𝐿𝑇𝑖( 𝑤𝑇𝑖
∗ , 𝛼𝑇𝑖

∗ , 𝐷𝑡𝑒𝑠𝑡
𝑇𝑖 )
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3. Marrying Gradient-based Meta-Learning and Gradient-based NAS

Gradient-based Meta-Learning of Neural Architectures
– Task-Learner:

𝑤𝑗+1

𝛼𝑗+1
= Φ 𝑤𝑗 , 𝛼𝑗 , 𝐷𝑡𝑟𝑎𝑖𝑛

𝑇𝑖

=
𝑤𝑗 − 𝜆𝑡𝑎𝑠𝑘∇𝑤𝐿𝑇(𝑤

𝑗 , 𝛼𝑗 , 𝐷𝑡𝑟𝑎𝑖𝑛
𝑇𝑖 )

𝛼𝑗 − 𝜉𝑡𝑎𝑠𝑘∇𝛼𝐿𝑇(𝑤
𝑗 , 𝛼𝑗 , 𝐷𝑡𝑟𝑎𝑖𝑛

𝑇𝑖 )
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Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018). DARTS: 

Differentiable Architecture Search. arXiv preprint arXiv:1806.09055
https://towardsdatascience.com/basics-of-few-shot-learning-with-
optimization-based-meta-learning-e6e9ffd4775a
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Gradient-based Meta-Learning of Neural Architectures
– Meta-Objective: 

𝐿𝑚𝑒𝑡𝑎 𝑤, 𝛼, 𝑝𝑡𝑟𝑎𝑖𝑛, 𝜑𝑘 = 
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https://towardsdatascience.com/basics-of-few-shot-learning-
with-optimization-based-meta-learning-e6e9ffd4775a
Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank Hutter.  

(2019). Meta-Learning of Neural Architectures for Few-Shot 
Learning. arXiv preprint arXiv:1911.11090



3. Marrying Gradient-based Meta-Learning and Gradient-based NAS

Gradient-based Meta-Learning of Neural Architectures
– NAS 알고리즘을 메타 학습 알고리즘에 통합함으로써 메타 학습 알고리즘을 한 번 실행하는 것만으로 아키

텍처를 탐색할 수 있음

22

Task-Learning(DARTS)

Meta-Learning(MAML)

Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank 

Hutter.  (2019). Meta-Learning of Neural Architectures for Few-
Shot Learning. arXiv preprint arXiv:1911.11090



4. Task-dependent Architecture Adaptation

Learning of new task after meta-learning

23

Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank 

Hutter.  (2019). Meta-Learning of Neural Architectures for Few-
Shot Learning. arXiv preprint arXiv:1911.11090



4. Task-dependent Architecture Adaptation

Learning of new task after meta-learning

– DARTS task optimizer가 탐색한 이 아키텍처의 혼합 가중치는 엄격하게 0 또는 1로 이루어지지 않음
• 이러한 hard-pruning은 성능을 크게 저하시키므로 pruning을 거친 아키텍처는 재학습이 필요

– 본 연구에서는 soft-pruning으로 보완

24

Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank 

Hutter.  (2019). Meta-Learning of Neural Architectures for Few-
Shot Learning. arXiv preprint arXiv:1911.11090



ො𝛼𝑜
𝑖,𝑗
=

exp 𝛼𝑜
𝑖,𝑗

σ𝑜′∈𝑂 exp 𝛼
𝑜′
𝑖,𝑗

ො𝛼𝜏𝛼
𝑖,𝑗

𝑜 =
exp 𝛼𝑜

𝑖,𝑗
/𝜏𝛼

σ𝑜′∈𝑂 exp 𝛼
𝑜′
𝑖,𝑗
/𝜏𝛼

4. Task-dependent Architecture Adaptation

Soft-Pruning of Mixture over Operations
– 혼합 연산을 구성하는 연산들의 혼합 가중치 sparsify

• Task training 과정에서 0으로 annealing 되는 temperature 𝜏𝛼 추가

25



4. Task-dependent Architecture Adaptation

Soft-Pruning of Mixture over Input Nodes
– 입력의 가중치를 operation의 가중치와 동일한 방식으로 sparsify

• Task training 과정에서 0으로 annealing 되는 temperature 𝜏𝛽 추가

26

𝑥(𝑗) =

𝑖<𝑗

exp
𝛽(𝑖,𝑗)

𝜏𝛽

σ𝑘<𝑗 exp
𝛽(𝑘,𝑗)

𝜏𝛽

𝑀𝑖𝑥𝑒𝑑𝑂𝑝(𝑥 𝑖 )



5. Experiments

Omniglot dataset
– 서로 다른 알파벳 1623개로 이루어짐(1623 class)

– 알파벳 별로 각각 다른 사람이 쓴 20개의 이미지 샘플 존재

27

https://github.com/topics/omniglot



5. Experiments

DARTS
– Search Space

28

OPERATIONS =
[MaxPool 3x3,
AvgPool 3x3,
Conv 1x5-5x1,
Conv 3x3,
SepConv 3x3,
Dilated Conv 3x3,
skip connection
]

Hanxiao Liu, Karen Simonyan, Yiming Yang. (2018). 

DARTS: Differentiable Architecture Search. arXiv

preprint arXiv:1806.09055
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5. Experiments

Results

29

Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank 

Hutter.  (2019). Meta-Learning of Neural Architectures for Few-
Shot Learning. arXiv preprint arXiv:1911.11090



6. Conclusion
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Thomas Elsken, Benedikt Staffler, Jan Hendrik Metzen, Frank 

Hutter.  (2019). Meta-Learning of Neural Architectures for Few-
Shot Learning. arXiv preprint arXiv:1911.11090
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