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• Background

▪ Domain adaptation

▪ Prompt Learning in Vision-Language

• Learning Domain-Aware Detection Head with Prompt

▪ NeurIPS 2023

• Source-Free Domain Adaptation with Frozen Multimodal Foundation Model

▪ CVPR 2024

Outline
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Background

• Domain Adaptation

▪ Concept

−특정 domain에서학습된모델을다른 domain 으로 adapt 하려는것

҉ Source domain data: 모델이학습하는데이터

҉ Target domain data: source data 로학습한모델이적응하고자하는데이터

− Domain 간의 domain gap 을극복하고 source domain 에서학습된모델을 target domain 에효과적으로

적응하기위한방법론연구

҉ Domain gap: source domain 과 target domain 의분포상의차이
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Background

1) Zhou, Yang, et al., “LEARNING TO PROMPT FOR VISION-LANGUAGE MODELS.” ICLR, 2022.

• Prompt Learning in Vision-Language Model

▪ Prompt learning (tuning) 이란

− Pretrained vision-language model (VLM) 을특정 downstream task에맞게조정하는기법

−모델의전체파라미터를튜닝하는대신입력텍스트에 learnable textual prompt 를붙여학습

▪ Context Optimization (CoOp) 1)

− Hand-crafted prompt 를 learnable continuous tokens 로대체하여 prompt engineering 을자동화

Prompt engineering vs. context optimization (CoOP)

Overview of context optimization (CoOP)

Learnable prompt 𝑡𝑖 : 
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Li, Zhang, et al. “Learning Domain-Aware Detection Head with Prompt.” 

37th Conference on Neural Information Processing Systems (NeurIPS), 2023.
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Background

• Object detection

▪ 개념

−이미지/비디오에서 object의식별하고분류하는컴퓨터비전기술

▪ Faster R-CNN

− Region Proposal Network (RPN)

҉ Background / foreground 구분, bounding box 결정

− RoI(Region of Interest) pooling

҉ 다양한 크기의 region proposals 로부터고정된크기의 feature map 얻음

Faster R-CNN 구조

RPN RoI pooling
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Introduction

• Motivation

▪ 기존 domain adaptive object detection 방법론의한계점

− Backbone의 domain bias 를줄이는것에집중, detection head 의 domain bias 는해결하지못함

▪ Vision-language model (VLM)

−다양한도메인에대한 downstream task에서 generalization 성능이뛰어남

− Domain-related prompt 사용으로 domain-aware detection head 생성 가능

Same detection head Domain-aware detection head
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Method

• Domain-Adaptive Prompt

▪ Dynamic textual class embedding by feeding different prompts

− Source-related prompt → source-related detection head

− Target-related prompt → target-related detection head

҉ 𝑐𝑖 = 𝑒("class-i")

҉ 𝑑𝑙𝑑 = 𝑒 "domain-d"

Overview𝑒 ∙  : text tokenizer which maps the 

text description into vectors

EXAMPLE) Cityscapes(source) → FoggyCityscapes(target)

𝑡𝑖
𝑠 = [𝑣1

𝑐][𝑣2
𝑐]...[𝑣𝑀

𝑐 ] [𝑣1
𝑠][𝑣2

𝑠]...[𝑣𝑁
𝑠 ] [𝑒("car")] [𝑒("clear")]

𝑡𝑖
𝑡  = [𝑣1

𝑐][𝑣2
𝑐]...[𝑣𝑀

𝑐 ] [𝑣1
𝑡][𝑣2

𝑡]...[𝑣𝑁
𝑡 ] [𝑒("car")] [𝑒("foggy")]

Tokenized vector of the i-th classDomain-invariant tokens (M learnable tokens)

Domain-specific tokens (N learnable tokens) Domain-related prompts
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Method

• Domain-Adaptive Prompt for object detection

▪ Domain-invariant prompt

− Detection head가두 domain 의입력이미지에대해모두 classification 성능이높도록학습

▪ Domain-specific prompt

− Detection head 가각 domain에대해높은 domain confidence 를갖도록학습

▪ Domain adaptive detection head의 predict probability

− image region boxes 𝑅 = 𝑟𝑗 𝑗=1

𝑁𝑟
 

− Visual encoder 𝐹 = 𝑓𝑗 𝑗=1

𝑁𝑟

r ∙  : class-agnostic RPN

g ∙  : text encoder

s ∙  : cosine similarity

Class y

Domain d

𝑣𝑖𝑠𝑢𝑎𝑙 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔
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Method

• Domain-Adaptive Prompt for object detection

▪ Source domain cross entropy loss

− 𝐷 ∈ {{𝑠}, {𝑡}, {𝑠, 𝑡}}

− Source prompt 𝑡𝑖
𝑠

𝑖=1
𝐾  , Target prompt 𝑡𝑖

𝑡
𝑖=1

𝐾

− Both prompts 𝑡𝑖
𝑠

𝑖=1
𝐾 ∪ 𝑡𝑖

𝑡
𝑖=1

𝐾

Source objective function: 
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Method

• Domain-Adaptive Prompt for object detection

▪ Target domain cross entropy loss

− Label이없는 target 이미지에대해 pseudo label 생성

− 𝐷 ∈ {{𝑡}, {𝑠, 𝑡}}

− Target prompt 𝑡𝑖
𝑡

𝑖=1

𝐾
, Both prompts 𝑡𝑖

𝑠
𝑖=1
𝐾 ∪ 𝑡𝑖

𝑡
𝑖=1

𝐾

Final objective function: 

Target objective function: 
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Experiments

• Adaptation tasks

▪ Cross-Weather, Cross-Fov, Sim-to-Real comparison results
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Experiments

• Ablation studies

▪ Comparison on prompt design

− CoOp-style predefined prompt

− Only domain invariant tokens , only domain specific tokens

− Prompt length (number of M, N)

CoOp-style 

learnable prompt
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Experiments

• Ablation studies

▪ Comparison on loss function
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Tang, Su, et al. “Source-Free Domain Adaptation with Frozen Multimodal Foundation 

model” The IEEE/CVF Computer Vision and Pattern Recognition Conference (CVPR), 

2024.
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• Source-free Unsupervised Domain Adaptation

▪ Unsupervised Domain Adaptation (UDA)

−타겟도메인의데이터가라벨없이도 task 를구행할수있도록학습

▪ Source-free UDA

− Source model 과라벨이없는 target data 를통해 target domain 에 adapting 하는방법론

Background
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• Motivation

▪ 기존의 UDA methods과한계점

− Pseudo source domain 구축하여기존의 UDA 방법론(ex. contrastive learning)활용

− Source model 또는 target 데이터로부터 extra supervision 구축

−하지만 domain distribution의차이로 인해 pseudo-labeling 과 auxiliary supervision에서 error 발생

▪ CLIP과같은 multi-modal 기반모델활용하는방법제안

− Unsupervised prompt learning 통해 task-specific information 활용

− Customized VIL 모델로부터 targe model knowledge distillation

Introduction
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• Task-Specific ViL Model Customization

▪ Prompt learning part

− ViL model의모든파라미터는 frozen, 각클래스에부여된 prompt 만 learnable

− Target model과 ViL model의 prediction으로mutual information 계산하여학습

҉ KL divergence 보다 lower optimization bound를가지므로 deeper alignment 가능

Method

Target model ViL model

Mutual information loss 𝑣: prompt context
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• Memory-Aware Knowledge Adaptation

▪ Most-likely category encouragement – memory aware predictor

− Target model과 ViL model의 collective knowledge 를모두활용

− Target model 의 prediction 𝑝𝑖 𝑖=1
𝑛  과 ViL model 의 prediction 𝑝′𝑖 𝑖=1

𝑛  을 prediction bank 에저장

҉ 이때 target model 의 prediction은 iteration 단위, ViL model의 prediction 은 epoch 단위 update

҉ 이를통해 customized ViL model 의안정성을유지하면서동시에 task-specific dynamics 활용가능

Method

Historical prediction 

fusion process
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• Memory-Aware Knowledge Adaptation

▪ Most-likely category encouragement – category attention calibration

− Top-N most probable categories 를 𝑀𝑖 = 𝑚𝑘 𝑘=1
𝑁  로지정

− Target domain 샘플 𝑥𝑖  에 대한 target model 의 logit 을 𝑙𝑖 라고할때 regularization loss 정의

Method

𝑙𝑖,𝑎: a-th element of 𝑙𝑖

Conventional consistency loss, 
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• Comparison on Closed-set SFDA setting

Experiments
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• Comparison to CLIP based prediction results

▪ Original CLIP model 과의성능비교

Experiments
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• Comparison on Partial-set and Open-set SFDA settings & ablation study

Experiments
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• Feature distribution visualization

Experiments
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