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Image�Captioning
:�Generate�Sentence�from�Image�/�Auto�Report�Generation

General Domain

Park et al., 2021

Medical Domain

https://ai.googleblog.com/



Image�Captioning
Chest�X-ray�Report�Generation

Problem

• 신뢰도를최우선으로하는의학분야: 모델결정에대한판단근거와전향적평가의필요성
• But, 데이터구축, 보안이슈, 그리고전문의협업등의문제가산재

In Domain

In Deep-Learning model

https://nihcc.app.box.com/v/ChestXray-NIHCC

• 잘갖춰진 (Open) Dataset의 부족
• 의학도메인특유의데이터이질성(단어, 이미지, …)

à전이학습활용의어려움

• # of normal images >>> # of abnormal images
• Abnormal image 내 대부분의영역은 normal region이 차지
• à abnormal region을 포착하기어려움
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Contrastive�Image�Captioning�Model
Our�Hypothesis 1

In Visual Encoder, we use input image with auxiliary normal images(like earlier research) 
For capturing abnormal region!

다른골격, 각도, 성별, 영역à배제필요 And Noise Data..



Contrastive�Image�Captioning�Model
Our�Hypothesis�1

OURSEarlier Model(Park et al., 2021)

Our Control

→ Our Experiments

In Visual Encoder, we use input image with auxiliary normal images(like earlier research) 
For capturing abnormal region!

Earlier Model ←



Contrastive�Image�Captioning�Model
Our�Hypothesis2

• Faster R-CNN based pre-trained feature

• 2-Stage Training(Visual Encoder -> Transformer)

Language Model
(Transformer)

Language Model
(Transformer)

CNN 
Extractor

Fixed

2. Freeze CNN Extractor and Secondly Train Language Model1. Train CNN Extractor 

실제로해당분야의많은연구와코드들을보면단순히 frozen feature를 받아 Transformer만을학습하는경향이있다. 

Other 
Language

Model

Train !

https://www.semanticscholar.org/paper/Localization-with-Limited-Annotation-for-Chest-Rozenberg-Freedman/3ace9c3b4f5155b0181c9f5b9b21aadc3480d7b7/figure/0

feat



Contrastive�Image�Captioning�Model
Our�Hypothesis2

실제로해당분야의많은연구와코드들을보면단순히 frozen feature를 받아 Transformer만을학습하는경향이있다. 

• 학습과정자체가간결(1-Stage)
• Captioning task로부터추가로학습하는 Visual Encoder의 성능강화(Hypothesis) 가능성
• 단, Learning rate, Architecture 등 Setting을 섬세하게다룰필요가있음

OURS : Jointly Train Visual Encoder & Language Model simultaneously

Pros(?)

https://www.google.com/search?client=safari&rls=en&q=simultaneously&spell=1&sa=X&ved=2ahUKEwiut4yWjMP4AhV1qVYBHUXIBQsQkeECKAB6BAgBEDY


Contrastive�Image�Captioning�Model
Entire�Architecture



Contrastive�Image�Captioning�Model
Visual�Encoder�- DenseNet

• Lighter than�Resnet
• So,�avoid�overfitting�by�data�scarcity

• Reinforce�Hierarchical�feature�for�Fine-to-Coarse�
information�capturing(Hypothesis)

https://pdfs.semanticscholar.org/c3d9/26a85d85a83126f405ad40ff453611148c15.pdf

DenseNet



Contrastive�Image�Captioning�Model
Feature�Difference�Module�:�Contrastive�Attention�Block

유사도가높은 정상 이미지만 추출(Weighted Sum)

• Multi-head Attention
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공통정보추출

• /𝑣𝑐 = 𝐴𝑡𝑡 !𝑣; 𝑃 !𝑣; 𝑃
• 𝑣𝑐 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 /𝑣𝑐
• 𝑣𝑑 = !𝑣 − 𝑣𝑐

Liu et al., Contrastive Attention for Automatic Chest X-ray Report Generation(2020)

입력이미지정보보존

• 𝑓𝑐𝑙 = 𝑅𝑒𝐿𝑈 𝑓𝑖𝑙; 𝑣𝑑 𝑊 ′

• 𝑓𝑐 = 𝑓𝑐1, 𝑓𝑐2, … , 𝑓𝑐𝐿



Contrastive�Image�Captioning�Model
Feature�Difference�Module�:�Contrastive�Attention�Block

• XTransformer :�X-Linear�Attention�Transformer(SoTA,�2020)
• 내적à외적
• 1st order�feature�interaction�->�2nd order�feature�intecraction
• Element-wise�interaction�à All-pairs�interaction
• Fine-grained�visual�recognition

X-Transformer



Contrastive�Image�Captioning�Model
In�Different�Setting..



Contrastive�Image�Captioning�Model
Quantitative�Evaluation:�Performance



Contrastive�Image�Captioning�Model
Quantitative�Evaluation:�diversity�of�used�words

Ground�Truth 정상이미지활용 x
Word�in�
generated�report 정상이미지활용

“enlarged,�small,�low,�clear”와 같이미세한특징을표현하는단어빈도수↑



Contrastive�Image�Captioning�Model
Quantitative�Evaluation:�diversity�of�used�words



Contrastive�Image�Captioning�Model
About�Visual�Encoder:�ResNet vs�DenseNet



Contrastive�Image�Captioning�Model
About�Visual�Encoder�:�Pre-trained�dataset



Contrastive�Image�Captioning�Model
About�Visual�Encoder�:�Diversity�of�Generated�Sentence



Contrastive�Image�Captioning�Model
About�Visual�Encoder�:�Benefit�from�captioning�task(vs�freezing)



Contrastive�Image�Captioning�Model
About�Visual�Encoder�:�Benefit�from�captioning�task(vs�freezing)



Contrastive�Image�Captioning�Model
About�Visual�Encoder�:�Future�Direction?



Contrastive�Image�Captioning�Model
Several�point�about�hyper�parameter



Contrastive�Image�Captioning�Model
Several�point�about�hyper�parameter

• CA30�>�CA10�>�CA50
• Concat input�token�>�No�concat
• Dot-Product Attention�>�Bi-Linear�Pooling�Attention



Contrastive�Image�Captioning�Model
Several�point�about�hyper�parameter
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Problem

• 신뢰도를최우선으로하는의학분야: 모델결정에대한판단근거와전향적평가의필요성

In�Medical�Domain



Interpretability�of�Medical�Deep�Neural�Network
We�need�any�form�of�evidence…

https://www.nature.com/articles/s41597-021-00863-5



Interpretability�of�Medical�Deep�Neural�Network
We�need�any�form�of�evidence…

Opportunities and Challenges in Explainable Artificial Intelligence (XAI): A Survey



Interpretability�of�Medical�Deep�Neural�Network
Usage:�Intrinsic�vs�Post-Hoc

Intrinsic Post-Hoc

Decision Tree Bayesian Model

Adversarial
Explanation
(후술)

• 설명능력은좋지만, 일반적으로성능이떨어짐
• 기존의학습된모델들을활용할수없음

• 성능저하없이설명가능하나, 설명은떨어질수있음
• 기존에학습된모델들을모두활용할수있음



Interpretability�of�Medical�Deep�Neural�Network
Intrinsic�Method�:�Adversarial�Explanation



Interpretability�of�Medical�Deep�Neural�Network
Intrinsic�Method�:�Adversarial�Explanation

노이즈 Generator를 학습à이노이즈를활용해 Discriminator학습à노이즈에강한 Discriminator 탄생

Gradient Ascent를 이용해모델의판단을바꾸는방향으로노이즈학습



Interpretability�of�Medical�Deep�Neural�Network
Intrinsic�Method�:�Adversarial�Explanation

노이즈에강하다à이미지에큰변화를줄때만모델이판단을바꾼다

이성질을이용해노이즈이미지를일종의 High-level Explanation으로사용가능

노이즈 Generator를 학습à이노이즈를활용해 Discriminator학습à노이즈에강한 Discriminator 탄생



Interpretability�of�Medical�Deep�Neural�Network
Adversarial�Explanation:�Good�in�human�study

AE Grad-CAM • AE is Good Explanation… But lose classification accuracy(trade-off)
• GradCAM is post-hoc method
à Can used for all model and don’t lose accuracy

In our implementation..

>>>
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• But, 데이터구축, 보안이슈, 그리고전문의협업등의문제가산재

• 잘갖춰진 (Open) Dataset의 부족
• 의학도메인특유의데이터이질성(단어, 이미지, …)

à전이학습활용의어려움

Problem



Federated�Learning(연합학습)
Cross-Device�Federated�Learning

Update local model with local data, Then send local model’s information to global model.

Don’t send local data to server. 
But leverage all data indirectly through global model. 
à 민감한데이터들의교환없이좋은모델을사용가능

Cross-SiloCross-Device

https://blog.ml.cmu.edu/2019/11/12/federated-learning-challenges-methods-and-future-directions/



Federated�Learning(연합학습)
Limitation : Non-IID and Heterogenous data distribution

Limitation

• Local Client는 데이터개수, 도메인, 라벨, feature, Class 개수, 컴퓨팅환경등이상이(heterogeneous)함.
• But, optimization algorithm like Stochastic Gradient Descent (SGD) runs on a large dataset partitioned 

homogeneously across servers in the cloud.

Saeed, et al.(2022), Federated self-supervised learning of multi
sensor representations for embedded intelligence.

Zhang, Zhe, et al(2021). "Semi-supervised federated learning w
ith non-IID data: Algorithm and system design."

Huang et al.(2020), "Learn From Others and Be Yourself in Heter
ogeneous Federated Learning."

https://en.wikipedia.org/wiki/Stochastic_gradient_descent


Federated�Learning(연합학습)
Future Direction for data scarcity and privacy

• 한국경북대병원
• 워싱턴 DC 국립아동병원(Children’s National Hospital)
• NIHR 캠브리지생물의학연구센터
• 도쿄자위대중앙병원(Self-Defense Forces Central Hospital)
• 국립대만대(National Taiwan University) MeDA 연구소
• MAHC 및 대만국민건강보험청
• 토론토대학(University of Toronto)
• 메릴랜드베데스다국립보건원
• 위스콘신대매디슨의과및공중보건대학
• 뉴욕메모리얼슬로언케터링암센터
• 뉴욕마운트시나이헬스시스템(Mount Sinai Health System)

https://blogs.nvidia.co.kr/2020/10/08/federated-learning-covid-oxygen-needs/


