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Session 1:
Data-scares Classification Methods
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Zero-shot and few-shot 
classification
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Learning Transferable Visual Models 
From Natural Language Supervision

Alec Radford*, Jong Wook Kim* et al. 

OpenAI

ICML 2021
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Recap: Three Contributions of CLIP

• Natural Language Supervision: 자연어에존재하는 supervision을잘활용해보자.

• 직접 labeling 해야하는 classification과다르게 image-text pair를 crawling하는것은 large-scale dataset을구

축하기에용이함. 

• 자연어의특징을사용하여 zero-shot으로 다른 task로 transfer하는 것이가능함.

• Creating a sufficiently large dataset: OpenAI는 private WebImageText dataset (400M)을구축함.

• Efficient Pre-training Method: Image-text contrastive learning 방법론제안.
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Zero-shot Classification with CLIP

• Contrastive Language-Image Pre-training (CLIP)
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Prompt Engineering

• Zero-shot transfer를진행할때, prompt engineering을통해큰성능향상을얻을수있음.

• 기본은 “a photo of a {label}”

8OpenAI CLIP official implementation: https://github.com/openai/CLIP

IN1k prompt engineering: https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb

Prompt engineering and ensembling

improve zero-shot performance. 

ImageNet에서사용된 templates

1. itap of a {}.

2. a bad photo of the {}.

3. a origami {}.

4. a photo of the large {}.

5. a {} in a video game.

6. art of the {}.

7. a photo of the small {}.

* ITAP: I Take A Picture

https://github.com/openai/CLIP
https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb


Linear Probing with CLIP

• 일반적인 classification model들과다르게, zero-shot CLIP을 few-shot에 대해서 linear probing했을

때, 성능이오히려하락한다.

• Linear probing을진행해도 zero-shot 보다성능이오르는연구.

• CLIP-Adapter

• Tip-Adapter

• Zero-shot의성능을더올리는방법론.

• Synthetic data를활용함.

• Is Synthetic Data

• CaFo
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데이터를더줬는데성능이하락함.

⇒적절한구조가필요



Robustness of CLIP

• Robustness: input distribution에대한 robustness로같은 label space를가지는다른 domain의

이미지들을분류하는성능으로 robustness를측정한다. E.g., ImageNetV2, ImageNet-Sketch, etc.

• CLIP은대규모데이터셋으로학습했기때문에 robustness가다른 classification 모델들에비해확연

히좋은것을알수있다. 

• Session 2. WiSE-FT: Robustness를보존하면서 fine-tuning하는방법론을제안.
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Few-shot Classification
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Tip-Adapter: Training-free CLIP-Adapter 
for Better Vision-Language Modeling

Renrui Zhang*, Rongyao Fang*, Wei Zhang* et al.

Shanghai AI Laboratory, 

The Chinese University of Hong Kong, SenseTime Research

ECCV 2022
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Related Work: CoOp, CLIP-Adapter

• CLIP의 zero-shot 성능을보존하자.

• CoOp: CLIP의 parameter는 모두그대로두는상태에서 prompt에 learnable vector를넣는방식으로원하는

데이터셋에 adaptation을진행함.

• CLIP-Adapter: CLIP의 zero-shot logit 값을유지하면서, adapter라고불리는새로운 learnable parameter만

학습하도록구조하였음.

13Zhou, Kaiyang, et al. "Learning to prompt for vision-language models." IJCV. 2022.

Gao, Peng, et al. "Clip-adapter: Better vision-language models with feature adapters." arXiv. 2021.

Comparison of different visual classification architectures.



Training-free CLIP-Adapter

• Adapter를 few-shot data를가지고학습시키는것은:

• CLIP 전체를 fine-tuning 하는것보다안정적이고,

• Linear probing보다성능이높지만,

• 여전히 training cost를필요로한다.

• Tip-Adapter는 training-free로 CLIP-Adapter를구성한다.

• 또한 training cost를사용하면 CLIP-Adapter보다성능이

향상되는구조를가진다.
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The Pipeline of Tip-Adapter

• Image들을 visual encoder에통과시켜 cache 한후, 이들과의 similarity를 additional logit으로사용.

• Fine-tuning 시, 𝐅𝑡𝑟𝑎𝑖𝑛만을 learnable parameter로생각하여학습함.
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Two hyperparameters:

𝛽: sharpness of adapter’s logit

𝛼: residual ratio of adapter’s logit

𝜑 𝑥 = exp −𝛽 1 − 𝑥

𝐋𝑡𝑟𝑎𝑖𝑛이바뀌면정답이바뀌는개념이라 freeze



Comparison with CLIP-Adapter

1. Initialization

2. Parameters (Tip-Adapter는 image encoder 이후첫번째 layer만학습)

3. Hyperparameters (𝛼,𝛽)
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• CLIP-Adapter의 hyperparameters: • Tip-Adapter의 hyperparameters:

logit = 𝑓∗𝐖∗𝑇

𝑓∗ = 𝛼𝐴𝑣 𝑓 𝑇 + 1 − 𝛼 𝑓
𝐖∗ = 𝛽𝐴𝑡 𝐖

𝑇 + 1 − 𝛽 𝐖

logit = 𝛼𝜑 𝑓𝐅train
𝑇 𝐋train + 𝑓𝐖𝑇

𝜑 𝑥 = exp −𝛽 1 − 𝑥



Results

• CoOp, CLIP-Adapter보다 few-shot에서높은성능을기록함.

17

Training time을크게줄임.



Implementation

• Cache train images and texts with CLIP image/text encoder: https://github.com/gaopengcuhk/Tip-

Adapter/blob/main/utils.py#L38

• Search hyperparameters (𝛼, 𝛽): https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L99

• Tip-Adapter: https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L27

• Tip-Adapter-F: https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L66

18
Tip-Adapter official implementation: https://github.com/gaopengcuhk/Tip-Adapter

https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L38
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L99
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L27
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L66
https://github.com/gaopengcuhk/Tip-Adapter


Leveraging Pre-trained 
Generative Models
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Is synthetic data from generative 
models ready for image recognition?

Ruifei He et al.

The University of Hong Kong, University of Oxford, ByteDance

ICLR 2023
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GLIDE

• OpenAI의 text-to-image diffusion model: Stable Diffusion 이전에공개되어있던가장좋은모델.

21
Nichol, Alex, et al. "Glide: Towards photorealistic image generation and editing with text-guided diffusion models." ICML. 2022.



Motivation

• 최근 text-to-image generation을사람이보기에구분할수없을정도로굉장히잘하는데, 생성된

이미지들을 classification을학습하는데사용할수없을까?

• 생성되는이미지들을 data-scares settings (zero-shot, few-shot)의관점과 pre-training의관점에서

각각학습해본후성능을측정해보자.

• 분석위주의논문으로, synthetic data를이용해성능향상을시키기위한다양한트릭을제안함.

• 본논문에서학습시키는방법은 adapter를사용하지않은단순 fine-tuning으로 zero-shot에서는

linear probing이좋았고, few-shot에서는 CLIP image encoder를 fine-tuning 하였음.

22



Zero-shot: Synthetic Data Generation Strategy

• Basic strategy (B): Target의 label name을 text-to-image model의입력으로주어이미지를생성.

• Text-to-image model에짧고단순한입력만주는것은생성하는이미지의 diversity를떨어뜨릴수있다.

• Language Enhancement strategy (LE): pre-trained word-to-sentence model T5를이용하여 label 

name을다양한자연어형태의입력으로바꿔준다.

• E.g., “airplane” → “a white airplane hovering over a beach and a city.”

• CLIP Filter strategy (CF): 생성된이미지중에서는 label name을잘반영하지못하거나낮은 quality

의이미지가있을수있다. 학습에방해되지않게끔 CLIP을이용하여 low confidence 이미지들을

filtering out 시킨다.

• Soft Cross-Entropy loss (SCE): 정해진 threshold로이미지를제거하는것뿐아니라, 학습시에

normalized CLIP score를이용하여 soft label로 label을제공하면 data noise에더강건해진다.

23



Zero-shot: Efficiency of Synthetic Data

• Synthetic data가효율적으로학습시킬수있는 parameter의수

• Synthetic data와 real data의 efficiency 비교 (from scratch)

• Synthetic data는 500 images per class로학습했을때성능: 28.74%

• 성능을더높이려고할수록그차이는커질것으로예상됨.

24



Zero-shot: Results

25

모든데이터셋에서성능을향상
시킬수있었음.

다만, 실험과정에서 validation 

set을사용했기때문에진정한
zero-shot인지공정성을의심해
보아야함.



Few-shot: Synthetic Data Generation Strategy

• Basic strategy (B): Zero-shot에서가장좋았던 LE+CF+SCE를기본으로설정

• Few-shot 이미지를가지고있으므로가지고있는이미지를활용하는추가 strategy를세움.

• Real Filtering (RF): 생성된이미지의 CLIP embedding이다른 label의이미지 CLIP embedding과가

까이있다면 filtering out.

• Real Guidance (RG): Generation 보다는 augmentation에가까운방법으로, 가지고있는 few-shot 

이미지에 noise를뿌렸다가제거하는방식으로 data를 augmentation하는방법.

26
Luzi, Lorenzo, et al. "Boomerang: Local sampling on image manifolds using diffusion models." arXiv. 2022.

이해를돕기위한같은시기에나온다른논문 (Boomerang)

# shots 1 2 4 8 16

𝑡∗ 50 40 35 20 15

전체 100번의 steps 중사용된 RG steps



Few-shot: Results

• CT w. Syn은 CT w. init을포함한모든 baselines보다좋은성능을보여주었다.

• 즉, synthetic data가 few-shot에서도성능향상에도움을주었다.

• Phase-wise training (syn→real, real→syn)보다 naïve하게섞어서학습하는것이성능이더좋았다.

• Real, syn sample에대해서 1:1로 update를진행하지만, synthetic에대해서는 SCE를진행하고, batch size

도 32, 512로다르다.
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Few-shot: Frozen Batch Normalization Strategy

• Linear probing을하는것보다, 전체 network를 end-to-end fine-tune하되, batch norm의

normalization statistics을 freeze하는방법론.

• CT w. init이 Tip-Adapter, CoOp보다좋거나비슷한성능을내는이유도 Frozen BN strategy에있다.

• 특히 synthetic data가들어오면서 distribution shift를걱정하는지금과같은상황에서더욱적합한방

법론으로생각된다.

28

Implementation of freeze batch norm



Pre-training: Classification

• Synthetic data를 pre-training에사용하기위해서큰데이터셋을구축함.

• CIFAR-100을위해서 CIFAR-100의 label name을이용해서 pre-training한결과.

• CIFAR-100과무관하게 IN-1k, IN-2k의 label name을이용해서 pre-training한결과.

• 각각기존에사용하던 IN-1k pre-trained model의성능보다더좋은것을확인하였음.

29



Pre-training: Object Detection

• Classification외에 object detection의 pre-training으로도성능이향상되는지확인하였음.

• PASCAL VOC 데이터셋에대해서각각 classification 방식의 pre-training과 self-supervised learning 

방식의 pre-training 모두성능이향상되는것을확인하였음.

• 다만그차이가미미하여생성에사용하는 cost 및학습하는 cost 대비아직은비효율적임.

30



Prompt, Generate, then Cache: 
Cascade of Foundation Models 

makes Strong Few-shot Learners

Renrui Zhang*, Xiangfei Hu* et al.

Shanghai Artificial Intelligence Laboratory, The Chinese University of Hong 

Kong, University of Chinese Academy of Sciences

CVPR 2023
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Motivation: Cascade of Foundation Models

• 현재다양한방식으로 pre-training 되어있는 foundation 모델이존재하는데, 이모델들을하나의프

레임워크로묶어 data-scares settings에서 classification 성능을극대화해보자.

32

사용한데이터셋도모두다르고, 학습방식도
모두다른네 foundation models



Prompt with GPT-3

• CLIP text encoder에들어갈입력을단순히 “a photo of a {label}” 등으로정해져있는 prompt로정하

는것이아니라 GPT-3를이용하여각 label name에대해서 rich한 description을만드는과정.

• 생성된 𝑃𝑁은 CLIP text encoder에들어가서 values로사용된다 (CLIPtext 𝑃𝑁 ).

33
Pratt, Sarah, et al. "What does a platypus look like? generating customized prompts for zero-shot image classification." arXiv. 2022.

𝑃𝑁 = GPT3 Commands

• “What a [CLASS] looks like?”

• “How can you identify a [CLASS]?”

• “A caption of an image of a [CLASS]:”



Generate via DALL-E

• Zero-shot, few-shot classification에서성능향상을

위해 IsSyntheticData처럼이미지를생성하여데이터

셋의크기를증강시킴.

• “a photo of a [CLASS]”의형태로입력을주었으며, 

𝑁-way 𝐾-shot problem을 𝑁-way 𝐾 + 𝐾’ -shot 

problem으로바꿔주었다.

• Data expansion이라고도 부르며 totally zero-shot.

𝐼𝑁, 𝐾+𝐾′ = 𝐷𝐴𝐿𝐿𝐸 𝑇𝑁 , 𝐼𝑁,𝐾

34



Cache by CLIP and DINO

• 생성된이미지와 few-shot setting의 training 이미지들은 Tip-Adapter에서진행한것처럼 CLIP과

DINO에의해 cache된다.

35

𝐹CLIP = CLIPvis 𝐼𝑁, 𝐾+𝐾′

𝐹DINO = DINO 𝐼𝑁, 𝐾+𝐾′

𝐿onehot = one − hot label



Adaptive Inference

• 최종적으로세가지종류의 predicted logits을얻게되었다.

• 𝑝𝑍𝑆 = 𝑓CLIPCLIPtext 𝑃𝑁
𝑇 , 𝑝CLIP = 𝜑 𝑓CLIP𝐹CLIP

𝑇 𝐿onehot, 𝑝DINO = 𝜑 𝑓DINO𝐹DINO
𝑇 𝐿onehot

• Where 𝜑 𝑥 = exp −𝛽 1 − 𝑥 인 non-linear activation.

• 이셋을 ensemble하여하나의 logit을얻어낼것이다.

36

얻어낸세 logits



Adaptive Inference

• 𝑝𝑍𝑆을가장신뢰하기때문에, 𝑝CLIP과 𝑝DINO을 𝑝𝑍𝑆에 projection하여 reweighting을 진행하였다.

• 안정적인대신 Zero-shot CLIP의 logit을크게벗어나지못한다.

• 𝑝ens = 𝑝𝑍𝑆 + 𝛼 𝑝CLIP ⋅ softmax 𝑤 0 + 𝑝DINO ⋅ softmax 𝑤 1 where 𝑤 = 𝑝𝐶𝐿𝐼𝑃 ⋅ 𝑝𝑍𝑆, 𝑝𝐷𝐼𝑁𝑂 ⋅ 𝑝𝑍𝑆 .

• CLIP, DINO에한정되지않고, 다양한 cache model에대해서 adaptive inference를진행할수있다.

37

Ensembling



Performance Comparison on ImageNet

• State-of-the-art performance on few-shot ImageNet1k.

• 학습하는데걸리는시간도 Tip-Adapter를따랐기때문에빠르다.

38



Ablation Studies

• 각각의 pre-trained models에대해서 ablation study를진행한결과.

• Adaptive inference의 ablation study 결과.

39



Generated Number via DALL-E

• 생성이미지수에따른 few-shot classification performance.

• DALL-E에서생성한이미지가눈으로보기에구분할수없을

정도로잘생성되었음에도생성사진을늘렸을때성능향상

이차이가없거나줄어든다.

• 생성모델을더잘활용할수있는방법이필요한것으로보임.

40

Real

DALL-E

ImageNet OxfordPets Caltech101

Qualitative results of the generated dataset via DALL-E.



Conclusion

• CLIP을통해 zero-shot classification을진행할수있고, adapter를활용하면 zero-shot에서의성능하

락없이 few-shot을 학습할수있다.

• Synthetic data는 zero-shot, few-shot classification에서유의미한성능향상을보여주었지만, fully su

pervised learning에가까워질수록효과가미미하다.

• Transfer learning을위한 pre-training으로사용할때는성능이 ImageNet1k pre-trained와비슷한정

도로유의미한데이터이다.

• Synthetic data의수에따른성능향상은굉장히미미했다.

• CaFo의경우 synthetic data를넣어줄때, 2-shot 이후로효과가미미하였다.

• CaFo처럼다양한 foundation model을사용하면성능을극대화할수있다.

41



Session 2:
SOTA Classification Methods

42



Conventional Recipe: Hyper-parameters

• Hyper-parameter search

• 다양한 hyperparameters에 대해서 multiple models을학습한다.

• 그중 validation set에서가장높은성능을보인하나의모델만선택하고, 나머지는다버린다.

• Ensemble

• 다양한 hyperparameters로 찾은다양한모델들에대해서모두 inference를진행한다.

• 각각의 models에서나온 logits을 average하여최종 logit을계산한다.

43
ImageNet benchmark https://paperswithcode.com/sota/image-classification-on-imagenet

https://paperswithcode.com/sota/image-classification-on-imagenet


Conventional Recipe: Pre-training and Fine-tuning

• Linear probing before Fine-tuning (LP-FT)

• Zero-shot initialization can be used with CLIP/ALIGN text encoder.

44
Kumar, Ananya, et al. "Fine-tuning can distort pretrained features and underperform out-of-distribution." ICLR. 2022.

Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML. 2021.

Zero-shot initialization of CLIP



Fully Supervised Learning:
Weight mixing approaches

45



Averaging Model Weights: Same Optimization Trajectory

• 모델의가중치들을평균내어 ensemble의효과를얻는것은 Inception-v3부터사용된방법론이다. 

• EMA의형태로주로사용되며, GAN이나 Diffusion model에서도안정적인결과를얻기위해종종사용된다.

• 대부분의모델의가중치를평균내는방법론들은동일한 optimization trajectory에존재하는모델들

의가중치를평균내어모델의 variance를줄인다. E.g., EMA, SWA, SGDR, etc.
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Szegedy, Christian, et al. "Rethinking the inception architecture for computer vision." CVPR. 2016.

Izmailov, Pavel, et al. "Averaging weights leads to wider optima and better generalization." UAI. 2018.

Loshchilov, Ilya, and Frank Hutter. "Sgdr: Stochastic gradient descent with warm restarts." ICLR. 2017.

EMA in Inception-v3 Stochastic Weight Average



Averaging Model Weights: Different Optimization Trajectory

• 다양한데이터셋에대해서 𝑘번째 iteration까지 optimization trajectory를공유했을때, 최종학습된모델

들의 weight를 평균낸 weight의 성능그래프.

• 제일단순한 MNIST를제외하고는모두 optimization trajectory를충분히공유하지않았을때, weight를

average하는 것은굉장히큰성능하락을보여준다. 

• Same hyperparameter configuration with the same random initialization, but different data order.

• 반대로 optimization trajectory를충분히공유한다면, 성능이크게하락하지않은것을알수있다.

47Nagarajan, Vaishnavh, and J. Zico Kolter. "Uniform convergence may be unable to explain generalization in deep learning." NeurIPS. 2019.

Frankle, Jonathan, et al. "Linear mode connectivity and the lottery ticket hypothesis." ICML, 2020.
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2020



Robust fine-tuning of zero-shot models

Mitchell Wortsman*, Gabriel Ilharco* et al.

University of Washington, OpenAI, Columbia University, Google Brain, 

Allen Institute for Artificial Intelligence, Toyota Research Institute

CVPR 2022
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Distribution Shift

• ImageNet-V2: a reproduction of the ImageNet test set with distribution shift

• ImageNet-R: renditions (e.g., sculptures, paintings) for 200 ImageNet classes

• ImageNet-Sketch: which contains sketches instead of natural images

• ObjectNet: a test set of objects in various scenes with 113 classes overlapping with ImageNet

• ImageNet-A: a test set of natural images misclassified by a ResNet-50 for 200 ImageNet classes.
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Robustness of CLIP

• Robustness: input distribution에대한 robustness로같은 label space를가지는다른 domain의

이미지들을분류하는성능으로 robustness를측정한다. E.g., ImageNetV2, ImageNet-Sketch, etc.

• CLIP은대규모데이터셋으로학습했기때문에 robustness가다른 classification 모델들에비해확연

히좋은것을알수있다. 

• 하지만, CLIP 역시특정데이터셋에대해 fine-tuning을진행하면 robustness가떨어진다.
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WiSE-FT: Weight-space Ensemble

51

• Zero-shot CLIP weight와 Fine-tuning의 weight를 interpolation하여 ensemble을진행함.

각 end-point보다도 robustness와
in-distribution accuracy가높아짐.

⇒ Model soups에서 visualization



WiSE-FT: Weight-space Ensemble

• Formulate classifier

• 𝑓 𝑥, 𝜃 = 𝑔 𝑥, 𝐕enc
𝑇𝐖classifier where 𝐖classifier ∈ ℝ𝑑×𝑘 and 𝜃 = [𝐕enc,𝐖classifier].

• Standard fine-tuning:

• Solve argmin
𝜃

{σ
𝑥𝑖,𝑦𝑖 ∈𝑆𝑟𝑒𝑓

𝑡𝑟 ℓ 𝑓 𝑥𝑖 , 𝜃 , 𝑦𝑖 + 𝜆𝑅 𝜃 }.

• Weight-space ensembling: For a mixing coefficient 𝛼 ∈ 0,1 ,

• wse 𝑥, 𝛼 = 𝑓 𝑥, 1 − 𝛼 ⋅ 𝜃0 + 𝛼 ⋅ 𝜃1

• Linear probing에대한 WiSE-FT는 traditional output-space ensembling과정확히동치

• 𝑓 𝑥, 1 − 𝛼 ⋅ 𝜃0 + 𝛼 ⋅ 𝜃1 = 1 − 𝛼 ⋅ 𝑔 𝑥, 𝐕enc
𝑇𝐖zero−shot + 𝛼 ⋅ 𝑔 𝑥, 𝐕enc

𝑇𝐖classifier

= 1 − 𝛼 ⋅ 𝑓 𝑥, 𝜃0 + 𝛼 ⋅ 𝑓 𝑥, 𝜃1

• End-to-end fine-tuning은동치는아니지만, same optimization trajectory에서 averaging weight을하던것과

비슷한작동방식으로해석할수있음.
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Implementation

• https://github.com/mlfoundations/wise-ft#run-wise-ft

53

Conv, BN, Self-Attention, … 가리지않고모든 layer

에대해서 parameters를 average한다.

https://github.com/mlfoundations/wise-ft#run-wise-ft


Comparison with Individual Fine-tuned Models

54

• 다양한 hyperparameters로 fine-tuning한각각의네트워크보다 weight-space ensembling이 in-

distribution, robustness 모두더좋은것을확인할수있다.



Results: CLIP trained on ImageNet
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Results: Generalization

• ImageNet이아닌데이터셋에서도잘작동함.

• CLIP외의 foundation models에서도조금씩다르기는하지만비슷한경향을띔.
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Zero-shot and fine-tuned models are complementary

Zero-shot and fine-tuned models are diverse.

• 두모델의결과가 diverse하지않으면 ensemble의효과가없음.

• Prediction diversity: 두모델의예측이다른데둘중하나는정답일확률.

• Centered Kernel Alignment Complement: NN representation의 similarity를비교하는방법중하나.

57
Kornblith, Simon, et al. "Similarity of neural network representations revisited." ICML. 2019.

Measure diversity between two neural networks.



Zero-shot and fine-tuned models are complementary

Models are more confident where they excel.

• Zero-shot과 fine-tuned의결과가다를때 average weight의 결과가 zero-shot을따르면 Zero-shot 

overrides, fine-tuned의결과를따르면 Zero-shot is overridden.

• Margin 𝛿: 가장큰 logit과두번째로큰 logit의차이

• Softmax 통과시 confidence로해석할수있음.

58

Zero-shot Overrides and Overridden (𝛼 = .5)

Margin of various datasets.

• Zero-shot, fine-tuned model 각각더정확한

곳에서 confidence가높음.

• 또한, confidence가높을때, logit ensemble

처럼 weight mixing 후 logit이지배적임.



An Error Landscape Perspective

• Observation 1. 

Acc 1 − 𝛼 ⋅ 𝜃0 + 𝛼 ⋅ 𝜃1 ≥ 1 − 𝛼 ⋅ Acc 𝜃0 + 𝛼 ⋅ Acc 𝜃1
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Model soups에서더자세히다룰예정



An Error Landscape Perspective

• Observation 2. 

Acc 1 − 𝛼 ⋅ 𝜃0 + 𝛼 ⋅ 𝜃1 ≥ max Acc 𝜃0 , Acc 𝜃1

60

Model soups에서더자세히다룰예정



Model soups: averaging weights of 
multiple fine-tuned models improves 

accuracy without increasing inference time

Mitchell Wortsman et al.

University of Washington, Columbia University, Google Brain, 

Meta AI Research, Tel Aviv University.

ICML 2022

Presented by Minho Park
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Model Soups: Performance

• Model soups은 WiSE-FT의후속논문으로 additional training cost 없이 best individual model 보다도

성능이높다.
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Uniform Soup

• 본연구의 primary methods.

• Uniform soup은모든 fine-tuned models 𝜃𝑖의평균을내어 ensemble model의 weight를 계산한다.

63
Model Soups implementation: https://github.com/mlfoundations/model-soups

Average every parameters

Weight, bias, batch norm, …

+ Greedy Ensemble



Intuition: Error Landscape Visualization

• Use zero-shot initialization 𝜃0, and two different fine-tuned models 𝜃1, 𝜃2, 

• 세점이있으니평면을만들수있고, 이제 loss landscape을 2D로 visualization할수있다.

1. Interpolating the weights of two fine-tuned solutions can get higher accuracy than individual model.

64

5 distribution shifts

• ImageNetV2

• ImageNet-R

• ImageNet-Sketch

• ObjectNet

• ImageNet-A



Related Work: WiSE-FT

• WiSE-FT에서는 robustness에주목하였지만, Model soups에서는 in-distribution accuracy에 주목함.

• 이를잘이용하면 zero-cost로 state-of-the-art performance를기록할수있지않을까?
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Wortsman, Mitchell, et al. "Robust fine-tuning of zero-shot models." CVPR. 2022.

Same author



Intuition: Error Landscape Visualization

• 너무큰 learning rate으로학습된 fine-tuned model과 interpolation을진행하면 interpolation 중간에

error가커지는현상을보인다.

• 본실험에서사용한 AdamW의경우, 3 ⋅ 10−4는너무큰 learning rate임.
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Intuition: The Advantage of Averaging Solution

2. More uncorrelated solutions may lead to higher accuracy on the linear interpolation path.

67

How about Acc
1

2
𝜃1 +

1

2
𝜃2 −max Acc 𝜃1 , Acc 𝜃2 ?



One Dimensional Hyperparameter Grids

• 하나의 hyperparameter를 기준으로 individual model들이있을때, 임의의두모델을평균낸것과

best individual model 중어느것이더성능이높을까?

• The average of the endpoints often outperforms the best individual model in the grid.

• Learning rate 10−4과 mixing하는경우를제외하고, 모든경우성능이향상되었다.

• Exception의경우이전슬라이드인 landscape visualization with larger learning rate을참고.
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Advanced Recipe: Greedy Soup

69

절대 best individual model보다
성능이하락하지않는방법론

• 가장성능이좋았던모델순으로 weight를 average 해보고성능이상승할때에만해당모델을저장하

는방법론을제안함.

• 공정한비교를위해서 logit ensemble method에대해서도 greedy ensemble을소개함.



Advanced Recipe: Learned Soup

• Learned soup: 이전까지는전체모델을동일한비율로 average 했지만, learnable parameter를이용

하여섞는비율을조절하는방법론.

• Learned soup (by layer): layer 별로 learnable parameter를두어 mixing.

• Additional training cost가필요함.
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Ensemble은추가
inference time이필요

𝛼: mixing coefficients

𝛽: temperature scaling parameter

arg min
𝛼∈ℝ𝑘, 𝛽∈ℝ

෍

𝑗=1

𝑛

ℓ 𝛽 ⋅ 𝑓 𝑥𝑗 ,෍

𝑖=1

𝑘

𝛼𝑖𝜃𝑖 , 𝑦𝑗



Ensemble Comparison

• Ensemble performance와 Model soups performance는 correlated되어있음.

• Large learning rate이섞이지않았을때.

• ImageNet에서는 Ensemble이더높은성능을보이고 distribution shifts에서는 Model soups가더높

은성능을보여줌.
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Ensemble win!

Model soups win!



Experiments: ImageNet and Distribution Shift

72

58 ViT-G/14 models fine-tuned on ImageNet

Varying learning rate, decay schedule, loss function, minimum crop size, RandAugment, mixup, and CutMix.

• ReaL and ObjectNet 데이터셋에서만 test accuracy기준으로 Greedy soup보다좋은성능의

individual model이존재하고이두모델은서로다른모델임.

• 즉, Model soups을이용하면기존에존재하던모델보다더좋은모델이새로만들어진것임.



Experiments: Additional Fine-tuning Dataset

• WILDS-FMoW, WILDS-iWildCam, CIFAR-10에대해서도 ImageNet과같은방식의실험을진행했을

때, 마찬가지로더좋은성능의모델을찾아낼수있었음.

• Model soups는 ImageNet 외의 fine-tuning dataset에대해서도 general하게잘작동하는방법론임.
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Experiments: Additional Pre-training Dataset

• 본논문의대부분의실험들은 fine-tuning dataset과 heterogeneous인 large-scale dataset에서 pre-

training된큰모델에대해서진행되었음.

• ImageNet-22k pretrained ViT-B/32의 Greedy soup은 ImageNet에서의성능향상을보여주었으나, 

CLIP and ALIGN을 fine-tuning했을때보다성능의증가폭이미미하다. 
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Limitation



• Image classification만큼의결과를보여주지는못하였지만, Greedy soup은 BERT와 T5에대해서도

best individual model보다높은성능을보여주었다.

Experiments: Fine-tune BERT and T5 on GLUE Benchmark
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Fine-tune 32 models for each dataset

Varying learning rate, batch size, number of epochs and random seed.



Analytically Comparing Soups to Ensembles

• 두모델 𝜃0, 𝜃1에대한 soup을생각해보자.

• 𝜃𝛼 = 1 − 𝛼 ⋅ 𝜃0 + 𝛼 ⋅ 𝜃1

• 𝑓𝛼
ens 𝑥 = 1 − 𝛼 ⋅ 𝑓 𝑥; 𝜃0 + 𝛼 ⋅ 𝑓 𝑥; 𝜃1

• err𝛼 ≔ 𝔼𝑥,𝑦𝟏 arg max
𝑖

𝑓𝑖 𝑥; 𝜃𝛼 ≠ 𝑦 : 𝜃𝛼의에러율

• err𝛼을미분가능한형태로나타내기위해 cross-entropy loss와 𝛽-calibration을이용함.

• ℒ𝛼
soup

= 𝔼𝑥,𝑦 ℓ 𝛽𝑓 𝑥; 𝜃𝛼 , 𝑦 , ℒ𝛼
ens = 𝔼𝑥,𝑦 ℓ 𝛽𝑓𝛼

ens 𝑥 , 𝑦

• Logit-level ensembles에대한많은연구를통해 “err𝛼
ens is often strictly below min{err0, err1}”로알

려져있다.

• 따라서우리는 err𝛼 ≈ err𝛼
ens 임을보여서 Model soups 또한 ensemble처럼성능향상을얻어낼수있

다는것을증명할것이다.

76



Analytically Comparing Soups to Ensembles

• 본연구에서는 ensemble과 Model soups간의 loss차이가다음과같이근사된다는것을보였다:

ℒ𝛼
soup

− ℒ𝛼
ens ≈

𝛼 1 − 𝛼

2
−

d2

d𝛼2
ℒ𝛼
soup

+ 𝛽2𝔼𝑥 Var𝑌~𝑝sftmx 𝛽𝑓 𝑥;𝜃𝛼
𝑓 𝑥; 𝜃1 − 𝑓 𝑥; 𝜃0

• Assumption) the logits are not too far from linear.

• See Appendix K.3 for a detailed derivation.
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Convexity of the soup loss

Endpoints are similar

Soup produces confident predictions

Empirically comparing Validation of the analytical approximation



Conclusion

• Weight를 average하는것은성능향상의기법으로자주사용되었다.

• 동일한 optimization trajectory에서의 weight ensemble과 pre-training and fine-tuning에서의 weight 

ensemble은비슷하게작동한다.

• WiSE-FT를이용하여 CLIP의 robustness를유지할수있다.

• Greedy soup은 best individual model보다높은성능을기록하였다.

• with no extra training and no extra compute during inference.

• 단순한 Uniform soup도각각의모델이높은성능을기록할때, best individual model보다높은성능

을기록할수있었다.

• 본실험의경우 high learning rate을 제외한 uniform soup의결과를통해관측할수있었다. 

• 하지만, Model soups의성능향상은 large, heterogeneous pre-trained model에서주로관측되었고,

ImageNet-22k pre-training에서만하더라도 marginal한성능향상을보여주었다.

78
Guo, Chuan, et al. "On calibration of modern neural networks." ICML. 2017.


