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Introduction
Background

도메인 적응 방법론 (Domain Adaptation)

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름
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Introduction
Background

도메인 적응 방법론 (Domain Adaptation)

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름

Domain Shift!
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Introduction
Background

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름

✓ 두 도메인을 잘 Alignment해서 모두  잘 분류되도록 만들자! 

도메인 적응 방법론 (Domain Adaptation)
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Background

테스트 시점 적응 방법론 (Test-Time Adaptation)

→Source Domain의 도움 없이 테스트 시점의 새로운 Target Domain 데이터를 잘 일반화

✓ 테스트 시점에서 학습된 모델에 학습 단계에서 보지 못한 분포의 데이터가 투입된다면?

“ Unseen Target Data ”
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Introduction
Background

테스트 시점 적응 방법론 (Test-Time Adaptation)

→Source Domain의 도움 없이 테스트 시점의 새로운 Target Domain 데이터를 잘 일반화

✓ 테스트 시점에서 학습된 모델에 학습 단계에서 보지 못한 분포의 데이터가 투입된다면?

Sample No. Step 1 Step 2 Step 3 ··· Step 100 Y

1 A K AA ··· Z 0.59

2 B L AB ··· Z 0.66

3 B K AA ··· Y 0.58

4 A K AC ··· Y 0.61

··· ··· ··· ··· ··· ··· ···

998 A K AC ··· M ?

999 C L AB ··· Z ?

1,000 B O AD ··· M ?

Train
(Source Domain)

Test
(Target Domain)

ex. 제품 Recipe 정보(Categorical Variables)
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Introduction
Background

테스트 시점 적응 방법론 (Test-Time Adaptation)

→Source Domain의 도움 없이 테스트 시점의 새로운 Target Domain 데이터를 잘 일반화

Pre-trained Model
(CLIP, ALIGN, …)

Unlabeled
Target Data 1

Unlabeled
Target Data 2

Unlabeled
Target Data 3

Unlabeled
Target Data 4

Unlabeled
Target Data 5

Unlabeled
Target Data 6

Unlabeled
Target Data 7

· · ·

다양한 분포의 Unlabeled Target Data를 Online으로 입력

Alignment에 따른
Model Update
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Background

비전-언어 모델 (Vision-Language Model, VLM)

→Text의 도움을 받아 이미지의 의미를 이해하고 분류하는 멀티모달 학습 모델

Input Image

“A photo of a [CLASS]”

Text Prompt

CLIP
Text

Encoder

CLIP
Vision

Encoder

ℛ𝒅

ℛ𝒅

⨀
𝒄𝒐𝒔𝒊𝒏𝒆

𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚

P
red

ictio
n

Dog Bird Cat

𝒑(𝒚|𝒙)

“A photo of a Cat”

CLIP Algorithm
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Background

VLM-based Test-time Adaptation

→Test-time Adaptation 문제를 VLM을 활용하여 해결하는 방법론

Input Image

“A photo of a [CLASS]”

Text Prompt

CLIP
Text

Encoder

CLIP
Vision

Encoder

ℛ𝒅

ℛ𝒅

⨀
𝒄𝒐𝒔𝒊𝒏𝒆

𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚

P
red

ictio
n

Dog Bird Cat

𝒑(𝒚|𝒙)

“A photo of a Cat”

· · ·
Unlabeled Data가
순차적으로 입력
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Introduction
Background

VLM-based Test-time Adaptation

→Test-time Adaptation 문제를 VLM을 활용하여 해결하는 방법론



Efficient and Context-Aware Label Propagation for Zero-/Few-
Shot Training-Free Adaptation of Vision-Language Model 

(2024 ICLR)
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model [1] 

2024년에제안된Label propagation 기반training-free test-time adaptation 방법론

유사도보정과그래프기반propagation을활용한고품질pseudo-label 생성및안정적인adaptation 방법론제안

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

기존VLM 기반TTA 방법은prompt/encoding의학습이필요하여높은계산비용과자원소모발생

Test data의구조를충분히활용하지못하고cosine similarity에의존해pseudo-label 품질이제한

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

기존VLM 기반TTA 방법은prompt/encoding의학습이필요하여높은계산비용과자원소모발생

Test data의구조를충분히활용하지못하고cosine similarity에의존해pseudo-label 품질이제한

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

학습 없이 어떻게 Adaptation할까?
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

기존VLM 기반TTA 방법은prompt/encoding의학습이필요하여높은계산비용과자원소모발생

Test data의구조를충분히활용하지못하고cosine similarity에의존해pseudo-label 품질이제한

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

학습 없이 어떻게 Adaptation할까?
ㅁ

→모델을 바꾸지 말고, “추론 방식(inference)을 바꾼다”
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

기존 Cosine Similarity 기반 유사도 산정의 문제
Cosine Similarity는 CLIP Feature내 background, style과 같은 noise를 반영하지 못함

→이러한 Context를 반영할 수 있는 새로운 Similarity 산정 방식이 필요
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

𝝁𝒄
𝒑
= Text prototype들의 c번째 feature 차원의 평균

𝝈𝒄
𝒑

= Text prototype들의 c번째 feature 차원의 분산



22

Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

𝝁𝒄
𝒑
= Text prototype들의 c번째 feature 차원의 평균

𝝈𝒄
𝒑

= Text prototype들의 c번째 feature 차원의 분산

High 𝝈𝒄
𝒑

: c 차원이 클래스 구분에 중요하다

Low 𝝈𝒄
𝒑

: c 차원이 클래스 구분에 중요하지 않다
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Feature Weighting

𝒖𝒋𝟏,𝒖𝒋𝟐, …,𝒖𝒋𝒅 → 𝝈𝟏
𝒑
𝒖𝒋𝟏,𝝈𝟐

𝒑
𝒖𝒋𝟐, …,𝝈𝒅

𝒑
𝒖𝒋𝒅
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Calculate Similarity

𝑾𝒊𝒋
𝒖 = 𝒖𝒊

𝑻 ∙ (𝒘𝒆𝒊𝒈𝒉𝒕𝒆𝒅𝒖𝒋 )

중요한 Feature dimension을더 크게 반영해서
두 test sample간관계성을계산
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Graph Normalization

෩𝑾=𝑫−𝟎.𝟓𝑾𝑫−𝟎.𝟓

Degree matrix를활용, label propagation안정화를위한 정규화
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Label Propagation

𝒀𝒕+𝟏 = 𝜶 ෩𝑾𝒀𝒕+(𝟏−𝜶)𝒀𝟎
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Methods

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

추가적인 Training 없이, Label propagation을 활용한
VLM 기반의 Test-time Adaptation 기법
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Experiments

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Fine-grained Categorization 실험성능
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Experiments

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Style-transfer실험성능
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Experiments

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Out-of-Distribution 실험성능
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Experiments

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model 

Zero/Few-shot 개수에따른실험성능



R-tpt: Improving adversarial robustness of vision-language 
models through test-time prompt tuning 

(CVPR 2025)
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning [2] 

2025년에제안된adversarial-aware test-time prompt tuning 기반방법론

pointwise entropy 최적화와 reliability-weighted ensembling을활용한강건한예측및안정적인adaptation 방법론제안

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 
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Methods
R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

VLM-based Test-time Prompt Tuning

VLM 기반의TPT(Test-time Prompt Tuning)은두가지형식을가짐

매샘플마다Learnable context parameters를초기화하는방식 (Episodic TPT)

매샘플의정보를Learnable context parameters에누적하여반영하는방식 (Online TPT)

(a) Episodic TPT (b) Online TPT

𝑿𝟏 𝑿𝟏

× 𝐍

𝑿𝟏 샘플로특정N Step간 Prompt optimization 후 Prediction
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Methods
R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

VLM-based Test-time Prompt Tuning

VLM 기반의TPT(Test-time Prompt Tuning)은두가지형식을가짐

매샘플마다Learnable context parameters를초기화하는방식 (Episodic TPT)

매샘플의정보를Learnable context parameters에누적하여반영하는방식 (Online TPT)

(a) Episodic TPT (b) Online TPT

𝑿𝟐 𝑿𝟐

× 𝐍

𝑿𝟏 샘플로특정N Step간 Prompt optimization 후 Prediction

Reset (𝑿𝟏 + 𝑿𝟐)
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Methods
R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

VLM-based Test-time Prompt Tuning

VLM 기반의TPT(Test-time Prompt Tuning)은두가지형식을가짐

매샘플마다Learnable context parameters를초기화하는방식 (Episodic TPT)

매샘플의정보를Learnable context parameters에누적하여반영하는방식 (Online TPT)

(a) Episodic TPT (b) Online TPT

𝑿𝟐 𝑿𝟐

× 𝐍

𝑿𝟏 샘플로특정N Step간 Prompt optimization 후 Prediction

Reset (𝑿𝟏 + 𝑿𝟐)
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Visual&Text 정보를활용한Prediction 산출

𝑝𝑐 𝑥𝑖 =
exp cos 𝒇𝒊,𝒈𝒄 /𝜏

σ𝑗=1
𝐶 exp(cos(𝒇𝒊,𝒈𝒋))/𝜏
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Prediction 중Low-entropy 샘플선택

H 𝑝𝑖 =−෍

𝑐=1

𝐶

𝑝𝑐 𝑥𝑖 log𝑝𝑐(𝑥𝑖)

ℬ = 𝑥𝑖 𝐻 𝑝𝑖 < 𝜏}
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

기존KL Divergence Minimization의문제점

ҧ𝑝 =
1

|ℬ|
෍𝑝𝑏

𝐻 ҧ𝑝 =
1

|ℬ|
෍

𝑏

[𝐻 𝑝𝑏 +𝐾𝐿(𝑝𝑏|| ҧ𝑝)
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

기존KL Divergence Minimization의문제점

ҧ𝑝 =
𝟏

|𝓑|
෍𝒑𝒃

𝐻 ҧ𝑝 =
1

|ℬ|
෍

𝑏

[𝐻 𝑝𝑏 +𝑲𝑳(𝒑𝒃||ത𝒑)]

틀린정보까지
포함하여평균

틀린정보가포함된 ത𝒑에
모든샘플이가까워지도록
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

PointwiseEntropy Minimization 적용

ℒ𝑝𝑜𝑖𝑛𝑡 =
1

|ℬ|
෍

𝑏

[𝐻 𝑝𝑏 +𝑲𝑳(𝒑𝒃||ത𝒑)]

각샘플을독립적으로처리함으로써샘플간
상호작용으로인한오류전파를차단함
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Augmentation Similarity 계산

𝑆𝑖,𝑗 = cos(𝑓𝑖,𝑓𝑗)

정상샘플들= 높은Similarity 𝑆𝑖,𝑗
적대적샘플들= 낮은Similarity 𝑆𝑖,𝑗
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Reliability Score 𝒓계산

𝒓 =
1

𝑲
෍cos(𝑓𝑖,𝑓𝑘)

주변K개augmented views과의Similiarity반영
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Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Final Prediction

𝒑 =෍

𝑖=0

𝑁

𝑤𝑖 ∙ 𝑝𝑖

Reliability-based Weighted Ensemble



46

Methods

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Final Prediction

𝒑 =෍

𝑖=0

𝑁

𝑤𝑖 ∙ 𝑝𝑖

Reliability-based Weighted Ensemble
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Experiments

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

Fine-grained Classification Task실험성능

Cleanaccuracy (Acc.)는열세하지만, Adversarial accuracy (Rob.)에서크게우세함
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Experiments

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

ImageNet-OOD Classification Task 실험성능

마찬가지로, Cleanaccuracy (Acc.)는열세하지만, Adversarial accuracy (Rob.)에서크게우세함
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Experiments

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

R-tpt: Improving adversarial robustness of vision-language models through test-time prompt tuning 

(a) Prompt templates에따른성능변화

사용하는Prompt template에관계없이,
제안방법론이높은Rob. 성능을보임

(b) Neighbor 수에따른성능변화

K-NN의Neighbor 수에관계없이,
일관된Acc. , Rob. 성능을보임

(c) Update 파라미터종류에따른성능변화

어느파라미터를Update하는지에관계없이,
제안방법론이높은Acc., Rob. 성능을보임

여러가지조건에관계없이Robust한성능을보이는Test-time Prompt Tuning 알고리즘R-TPT



Batclip: Bimodal online test-time adaptation for clip
(ICCV 2025)
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Methods

Batclip: Bimodal online test-time adaptation for clip [3] 

2025년에제안된Bimodal online test-time adaptation 방법론

Text, Visual 두모달리티를모두고려하면서일부 layer만업데이트하는효율적인 test-time adaptation 방법론제안

Batclip: Bimodal online test-time adaptation for clip
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Methods

Batclip: Bimodal online test-time adaptation for clip [3] 

대부분의VLM-based TTA 연구는특정모달리티만고려하는경우가다수

Batclip: Bimodal online test-time adaptation for clip

Text modality만고려하는 Dynaprompt 알고리즘 [4] Visual modality만고려하는 RLCF 알고리즘 [5]
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Batclip: Bimodal online test-time adaptation for clip [3] 

대부분의VLM-based TTA 연구는특정모달리티만고려하는경우가다수

Batclip: Bimodal online test-time adaptation for clip

Text modality만고려하는 Dynaprompt 알고리즘 [2] Visual modality만고려하는 RLCF 알고리즘 [3]

BATCLIP;
특정 모달리티(Text or Visual)만 고려하는것은
Suboptimal alignment 문제를야기할수있음
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

LayerNorm 부분을업데이트하는이유

Distribution shift를다루는유일한 Layer

Ƹ𝑥 =
𝑥 −𝜇

𝜎

→ Feature distribution 자체를재정렬하는역할

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

LayerNorm 부분을업데이트하는이유

안정적인 Gradient 흐름

LayerNorm은 full parameter fine-tuning의
경우보다 Gradient variance가낮음

→업데이트가흔들리지않고안정적
𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

Visual Feature의 Feature 정보 𝒗𝒌를활용한
Class Prototype ത𝒗𝒄구성

ത𝒗𝒄 =
1

σ𝑘=1
𝐵 𝕝[ Ƹ𝑦𝑘 = 𝑐]

෍

𝑘=1

𝐵

𝕝[ Ƹ𝑦𝑘 = 𝑐] ∙ 𝒗𝒌

같은 pseudo-label class를갖는 visual feature들의 평균
𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

Visual Class Prototype ҧ𝐯𝐜과 Text Feature Ƹ𝐳𝐜를활용한 3가지 Loss  

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

Visual Class Prototype ҧ𝐯𝐜과 Text Feature Ƹ𝐳𝐜를활용한 3가지 Loss  

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)

Entropy Minimization Loss

각샘플이애매하지않게하나의클래스를확신하여예측하도록
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

Visual Class Prototype ҧ𝐯𝐜과 Text Feature Ƹ𝐳𝐜를활용한 3가지 Loss  

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)

Entropy Minimization Loss

각샘플이애매하지않게하나의클래스를확신하여예측하도록

2)  Projection Matching Loss

동일클래스의이미지와텍스트를서로가깝게만들도록

3) Inter-class Separability Loss

서로다른클래스의Prototype들끼리멀어지도록
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Batclip: Bimodal online test-time adaptation for clip [3] 

Batclip: Bimodal online test-time adaptation for clip

Visual Class Prototype ҧ𝐯𝐜과 Text Feature Ƹ𝐳𝐜를활용한 3가지 Loss  

𝓛𝒆𝒏𝒕 − (𝓛𝒑𝒎 + 𝓛𝒔𝒑)

Entropy Minimization Loss

각샘플이애매하지않게하나의클래스를확신하여예측하도록

2)  Projection Matching Loss

동일클래스의이미지와텍스트를서로가깝게만들도록

3) Inter-class Separability Loss

서로다른클래스의Prototype들끼리멀어지도록

𝓛𝒕𝒐𝒕𝒂𝒍 = 𝓛𝒆𝒏𝒕 −(𝓛𝒑𝒎+𝓛𝒔𝒑)
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Experiments

Batclip: Bimodal online test-time adaptation for clip

Batclip: Bimodal online test-time adaptation for clip
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Experiments

Batclip: Bimodal online test-time adaptation for clip

Batclip: Bimodal online test-time adaptation for clip

Domain Generalization Task에대한실험성능

→VLCS, TerraInc데이터셋에서우수한성능을보임
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1) Zero/Few-shot based TTA -Efficient and Context-Aware Label Propagation for Zero-/Few-Shot Training-Free Adaptation of Vision-Language Model

추가학습없이테스트데이터간유사도를활용한label propagation 기반pseudo-label 생성

context-aware edge re-weighting을통해노이즈를완화하고안정적인adaptation 수행

2) Test-time Prompt Tuning -R-TPT: Improving adversarial robustness of vision-language models through test-time prompt tuning

테스트시점에서텍스트프롬프트를동적으로업데이트하여데이터분포변화에대응

Augmentation 기반consistency와robust optimization을통해adversarial 상황에서도안정적인성능확보

3) Encoder Tuning -BATCLIP: Bimodal online test-time adaptation for CLIP

Visual encoder와text encoder를동시에업데이트하는bimodal adaptation 구조적용

Prototype 기반alignment와feature space 재구성을통해test-time distribution shift에효과적으로대응

Conclusions
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