Contrastive Image Captioning Model and Future Direction of Medical Al
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|mage Captioning 1. Contrastive Img-Cap
: Generate Sentence from Image / Auto Report Generation

General Domain Medical Domain

Human captions from the training set

< Report =

no acute cardiopulmonary
findings. cardiomediastinal
silhouette and pulmonary
vasculature are within normal

. . limits. lungs are clear. no
Medical 1mage pneumothcg)rax or pleural effusion.
captioning model no acute osseous findings.

A cute little
drawn on a sandy

3 ) _—

walking next to
on top of a

FIGURE 1. A medical image captioning model generates a draft report
of the corresponding medical image.

i\ large brown
small looking out a window.

Park et al., 2021 https://ai.googleblog.com/



|mage Captioning 1. Contrastive Img-Cap
Chest X-ray Report Generation
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|mage Captioning 1. Contrastive Img-Cap
Chest X-ray Report Generation

Problem
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Ch1. Contrastive Image Captioning
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
Our Hypothesis 1

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

CHE 24, 24, d8, 39 > HiN| 2R And Noise Data..
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
Our Hypothesis 1

In Visual Encoder, we use input image with auxiliary normal images(like earlier research)
For capturing abnormal region!
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Contrastive Image Captioning Model 1. Lontrastive Img-tap
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« Faster R-CNN based pre-trained feature Train |

Language Model
(Transformer)

« 2-Stage Training(Visual Encoder -> Transformer)
1. Train CNN Extractor 2. Freeze CNN Extractor and Secondly Train Language Model

Other

Lﬁ%ﬁ:ige CNN Language Model
Extractor (Transformer)

https://www.semanticscholar.org/paper/Localization-with-Limited-Annotation-for-Chest-Rozenberg-Freedman/3ace9c3b4f5155b0181c9f5b9b21aadc3480d



Contrastive Image Captioning Model 1. Contrastive Img-Cap
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https://www.google.com/search?client=safari&rls=en&q=simultaneously&spell=1&sa=X&ved=2ahUKEwiut4yWjMP4AhV1qVYBHUXIBQsQkeECKAB6BAgBEDY

Contrastive Image Captioning Model 1. Lontrastive Img-tap
Entire Architecture
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
Visual Encoder - DenseNet
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https://pdfs.semanticscholar.org/c3d9/26a85d85a83126f405ad40ff453611148c15.pdf



Contrastive Image Captioning Model 1. Contrastive Img-Cap
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
In Different Setting..
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
Quantitative Evaluation: Performance

Previous Model Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR ROUGE L CIDEr Remarks

Resnet + Transformer Decoder

(End-to.End) 0.3391 0.2166 0.1490 0.1071 0.1574 0.2900 0.2251
Resnet'Feam(rgsst::e')“anﬁf‘mer 03610 0.2432 0.1745 0.1325 0.2240 0.3387 0.4045
End-to-End(Ours) Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR  ROUGE L CIDEr
DeXTr-512+No 0.3563 0.2433 0.1727 0.1265 0.2244 0.3390 0.2627 Backprop-Normal,
DeXTr-512+Pair 03577 0.2454 0.1761 0.1318 0.2230 0.3469 0.3579
DeXTr-512+Random 0.3749 0.2573 0.1838 0.1355 0.2300 0.3430 03251
 DeXTrSi2+CAlotconcat 03546 02480 01789 01332 02279 03475 0255 CAo>Embed
DeXTr-512+CA30+concat 0.3683 0.2555 0.1843 0.1375 0.2314 0.3523 0.3689 CA—> Embed
DeXTr-512+CA30-+no-concat+Dropout 0.3794 0.2620 0.1901 0.1430 0.2301 0.3474 0.3835 Embed — CA
DeXTr-512+CA30+concat+Dropout 0.3925 02712 0.1965 0.1475 0.2346 0.3500 0.3690 Embed — CA

[3£ 2] A H7F A9 (DeXTr-512 & FA o 2)



1. Contrastive Img-Cap

Contrastive Image Captioning Model
Quantitative Evaluation: diversity of used words

Word in
generated report  Ground Truth F0|0X| &g He0[0|X[&g x
Word Target CA30 No—-normal CA30-512
normal 57 52 94 81
enlarged 31 14 4 15
small 27 55 33 25
low 75 43 3 47
clear 30 23 6 56

[ 3] 948 o]u| x|} AAF o]u]A] 7}+¢] Feature difference & 7} %3 CA30 229 A9} HAF o] n]| X & A}L-3}A] &-& No-normal
2do] Ay Alo]o] EA o] HIE S H| 1l (Test data &-8)(small size ~ lower volume)
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“enlarged, small, low, clear"?t 20| O|M|3t EZ



1. Contrastive Img-Cap

Contrastive Image Captioning Model
Quantitative Evaluation: diversity of used words

Target

4 )

"there is prominence of the bilateral hila with
increased interstitial markings consistent with mild
volume overload.there are no focal airspace
opacities to suggest pneumonia.there are small
bilateral pleural effusions. there is no pneumothorax.
the mediastinal contours are normal. the heart size
is mildly enlarged. mild pulmonary edema with
small bilateral pleural effusions. mild cardiomegaly.
recommend a repeat radiograph after diuresis to
reevaluate the prominent hila”

- /

Input Image

Prediction of CA30

4 )

"pa and lateral views of the chest provided. midline
sternotomy wires and mediastinal clips are again
noted. There is a small right pleural effusion. the

heart size is mildly enlarged. the mediastinal
contour is normal. the mediastinal contour is stable.
there is no pneumothorax. bony structures are
intact. no free air below the right hemidiaphragm.

no acute findings in the right hemidiaphragm. mild

cardiomegaly."

- J

Prediction of No-normal

4 N

"pa and lateral views of the chest provided. midline
sternotomy wires and mediastinal clips are again
noted. there is a small right pleural effusion. there is
no pneumothorax. the heart size is normal. bony
structures are intact. no free air below the right
hemidiaphragm. mild cardiomegaly with mild
pulmonary edema."

- _4

[23 4] CA30 =493} No-normal 299 44X Az} v



Contrastive Image Captioning Model
About Visual Encoder: ResNet vs DenseNet

1.

Visual Encoder : Resnet-152(62m) vs Dense-121(7m)
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Contrastive Image Captioning Model
About Visual Encoder : Pre-trained dataset

Pretrained : ImageNet vs CheXpert
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1.

Contrastive Img-Cap
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1. Contrastive Img-Cap

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

Frequency of overlapped sentences

ImageNet-Pretrained(47/110)

> th stable cardiomegaly|Aa b, ¥ 2 of 47 TV =X

[{"image_id": 973, "caption": "pa and lateral views of the chest were provided <eos> midline sternotomy wires and mediastinal clips
are noted compatible with prior cabg <eos> the heart remains moderately enlarged <eos> there is mild pulmonary interstitial edema and
engorged hila <eos> there is no effusion or pneumothorax <eos> no definite sign of pneumonia <eos> bony structures are intact <eos>
no free air below the right hemidiaphragm <eos> mild pulmonary edema with stable cardiomegaly <eod>"}, {"image_id": 974, “caption":
"pa and lateral views of the chest were provided <eos> midline sternotomy wires and mediastinal clips are noted compatible with prior
cabg <ecos> there is mild pulmonary interstitial edema and engorged hila <eos> there is no effusion or pneumothorax <eos> no definite
sign of pneumonia <eos> bony structures are intact <eos> no free air below the right hemidiaphragm <eos> mild pulmonary edema with
stable cardiomegaly <eod>"}, {"image_id": 975, "caption": "pa and lateral views of the chest were provided <eos> midline sternotomy
wires and mediastinal clips are noted compatible with prior cabg <eos> the heart remains moderately enlarged <eos> there is mild
pulmonary interstitial edema and engorged hila <eos> there is no effusion or pneumothorax <eos> no definite sign of pneumonia <eos>
bony structures are intact <eos> no free air below the right agn <eos> mild y edema with stable cardiomegaly <eod>"}
» {"image_id": 976, "caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or
pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the
right hemidiaphragm is seen <eos> no acute intrathoracic process <eod>"}, {"image_id": 977, “caption": "pa and lateral views of the
chest provided <eos> there is no focal consolidation effusion or pneumothorax <eos> the cardiomediastinal silhouette is normal <eos>
imaged osseous structures are intact <eos> no free air below the right hemidiaphragm is seen <eos> no acute intrathoracic process
<eod>"}, {"image_id": 978, “caption": "the lungs are clear without focal consolidation <eos> no pleural effusion or pneumothorax is
seen <eos> the cardiac and mediastinal silhouettes are unremarkable <eos> no acute cardiopulmonary process <eod>"}, {"image_id": 979,
“caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or pneumothorax <eos> the
cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the right hemidiaphragm is
seen <eos> no acute intrathoracic process <eod>"}, {"image_id": 980, "caption": "pa and lateral views of the chest were provided
<eos> midline sternotomy wires and mediastinal clips are noted compatible with prior cabg <eos> there is mild pulmonary interstitial
edema and engorged hila <eos> there is no effusion or pneumothorax <eos> no definite sign of pneumonia <eos> bony structures are
intact <eos> no free air below the right hemidiaphragm <eos> mild pulmonary edema with stable cardiomegaly <eod>"}, {"image_id": 981,
“caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or pneumothorax <eos> the
cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the right hemidiaphragm is
seen <eos> no acute intrathoracic process <eod>"}, {"image_id": 982, "caption": "pa and lateral views of the chest were provided
<eos> midline sternotomy wires and mediastinal clips are noted compatible with prior cabg <eos> the heart remains moderately enlarged
<eos> there is mild pulmonary interstitial edema and engorged hila <eos> there is no effusion or pneumothorax <eos> no definite sign
of pneumonia <eos> bony structures are intact <eos> no free air below the right hemidiaphragm <eos> mild pulmonary edema with stable
cardiomegaly <eod>"}, {"image_id": 983, "caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation
effusion or pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free

i aTars ke alabn handdl eak el aaanaasan maaske bk madhenssla anessns anadsBY Ol lumna LAl 004 Uanmbdoalls Tian anad T anamal

CheXpert-Pretrained(2/110)

<eod>"}, {"image_id": 978, "caption": “the lungs are clear without focal <ol ; , intrathoracic process|aa ab, % 2 of 2 P =
seen <eos> the cardiac and mediastinal silhouettes are unremarkable <eos> nu _____ __. _____ .., . _____ B S TR
"caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or pneumothorax <eos> the
cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the right hemidiaphragm is
seen <eos> no acute intrathoracic process <eod>"}, {"image_id": 980, "caption": "pa and lateral views of the chest provided <eos>
midline sternotomy wires and mediastinal clips are again noted <eos> there is a small right pleural effusion <eos> there is no
pneumothorax <eos> the heart is mildly enlarged <eos> the mediastinal contour is stable <eos> the bony structures are intact <eos> no
free air below the right hemidiaphragm <eos> mild pulmonary edema with stable cardiomegaly with hilar congestion and mild pulmonary
edema <eos> mild pulmonary edema <eod>"}, {"image_id": 981, "caption": "pa and lateral views of the chest provided <eos> midline
sternotomy wires and mediastinal clips are noted compatible with prior cabg <eos> there is mild pulmonary interstitial edema and
engorged hila <eos> there is no effusion or pneumothorax <eos> the heart appears normal <eos> bony structures are intact <eos> no
free air below the right hemidiaphragm <eos> no acute intrathoracic process <eod>"}, {"image_id": 982, “caption": “pa and lateral
views of the chest provided <eos> midline sternotomy wires and mediastinal clips are again noted <eos> there is a small right pleural
effusion <eos> there is no pneumothorax <eos> the heart is mildly enlarged <eos> the mediastinal contour is stable <eos> the bony
structures are intact <eos> no free air below the right hemidiaphragm <eos> mild pulmonary edema with trace right hemidiaphragm <eos>
mild cardiomegaly with trace bilateral pleural effusions <eod>"}, {"image_id": 983, "caption": "pa and lateral views of the chest
provided <eos> there is no focal consolidation effusion or pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged
osseous structures are intact <eos> no free air below the right hemidiaphragm is seen <eos> no acute intrathoracic process <eod>"},
{"image_id": 984, "caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or
pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the
right hemidiaphragm is seen <eos> no acute intrathoracic process <eod>"}, {"image_id": 985, "caption": "pa and lateral views of the
chest provided <eos> midline sternotomy wires and mediastinal clips are again noted <eos> there is a small right pleural effusion
<eos> there is no pneumothorax <eos> the heart is mildly enlarged <eos> the mediastinal contour appears normal <eos> the bony
structures are intact <eos> no free air below the right hemidiaphragm <eos> mild cardiomegaly with mild pulmonary edema and tiny left
effusion with trace right pleural effusion <eod>"}, {"image_id": 986, "caption": "pa and lateral views of the chest provided <eos>
there is no focal consolidation effusion or pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged osseous
structures are intact <eos> no free air below the right hemidiaphragm is seen <eos> no acute intrathoracic process <eod>"},
{"image_id": 987, "caption": “pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or
pneumothorax <eos> the cardiomediastinal silhouette is normal <eos> imaged osseous structures are intact <eos> no free air below the
right hemidiaphragm is seen <eos> no acute intrathoracic process <eod>"}, {“image_id": 988, “caption": “pa and lateral views of the
chest provided <eos> midline sternotomy wires and mediastinal clips are again noted <eos> there is a small right pleural effusion
<eos> there is no pneumothorax <eos> the heart is mildly enlarged <eos> the mediastinal contour is stable <eos> the bony structures
are intact <eos> mild pulmonary edema <eos> mild pulmonary edema with small right pleural effusion with small right pleural effusion
<eod>"}, {"image_id": 989, "caption": "pa and lateral views of the chest provided <eos> there is no focal consolidation effusion or

[72¥ 7] ImageNet ol A8t A7 Visual Encoder ¢} CheXpert ol AFA 85271 Visual Encoder & AH8-3 DeXTr R E9] A3}
H] (110 &2] Test image o 3] A3 E&59] AX = EF)



Contrastive Image Captioning Model

About Visual Encoder : Benefit from captioning task(vs freezing)

1. Contrastive Img-Cap

Visual Feature Embedding : Initial Encoder vs Captioning—trained Encoder

False-Abnormal : 7

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

Before Training(ImageNet)
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Contrastive Image Captioning Model 1. Contrastive Img-Cap
About Visual Encoder : Future Direction?

(&)

(GllAl) Contrastive Learning
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[1% 9] 2 A Class ¥ Visual 329} o442l Visual # ¥ (331 Chuang et al(2020))




Contrastive Image Captioning Model
Several point about hyper parameter

A.2. DeXTR-512

1.

Contrastive Img-Cap

End-to-End(Ours) Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR  ROUGE_L CIDEr

DeXTr-512+Random (a) 0.3749 0.2573 0.1838 0.1355 0.2300 0.3430 0.3251
DeXTr-512+Random+ImageNet 0.3720 0.2492 0.1758 0.1296 0.2251 0.3279 0.2085 Local Minima
DeXTr-512+Random (b) 0.3547 0.2431 0.1759 0.1338 0.2220 0.3524 0.4050 Backprop-N,
DeXTr-512+No 0.3563 0.2433 0.1727 0.1265 0.2244 0.3390 0.2627 Backprop-N,

DeXTr-512+Pair 0.3577 0.2454 0.1761 0.1318 0.2230 0.3469 0.3579

[¥% 6] AFH7 23 (DeXTr-512)

U¥tA 2 2 No, Pair, Random 2.2 4-50] F3 o™, H4 o|n[x]of s oS Y514 &

(0]
=)
X,
it
)
e

Hot= DeXTr-512+Random (a) 2@ 9] A5 73 £t



Contrastive Image Captioning Model

Several point about hyper parameter

A.3. DeXTR-512(Contrastive Attention)

1.

Contrastive Img-Cap

End-to-End(Ours) Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR  ROUGE_L CIDEr
DeXTr-512+ CAl0+concat 0.3546 0.2480 0.1789 0.1332 0.2279 0.3475 0.2556 CA — Embed
DeXTr-512+CA10+no-concat (x2) 0.3676 0.2501 0.1791 0.1343 0.2248 0.3436 0.2876 CA - Embed
DeXTr-512+CA30+concat (a) 0.3683 0.2555 0.1843 0.1375 0.2314 0.3523 0.3689 CA — Embed
DeXTr-512+CA30+concat (b) 0.3531 0.2417 0.1771 0.1355 0.2182 0.3539 0.4036 Embed —» CA
DeXTr-512+CA30+no-concat 0.3630 0.2504 0.1815 0.1363 0.2217 0.3469 0.3431 Embed — CA
DeXTr-512+CA30(BiP)+no-concat + Dropout 0.3304 0.2347 0.1759 0.1353 0.2180 0.3518 0.3308 Embed — CA
DeXTr-512+CA30+no-concat+Dropout 0.3794 0.2620 0.1901 0.1430 0.2301 0.3474 0.3835 Embed — CA
DeXTr-512+CA30+concat+Dropout 0.3925 0.2712 0.1965 0.1475 0.2346 0.3500 0.3690 Embed — CA
DeXTr-512+CA50+no-concat+Dropout 0.3531 0.2515 0.1844 0.1389 0.2252 0.3544 0.2574 Embed — CA

« CA30>CA10>CA50

« Concat input token > No concat
« Dot-Product Attention > Bi-Linear Pooling Attention



Contrastive Image Captioning Model 1. Contrastive Img-Cap
Several point about hyper parameter

A.4. DeXTR-768

End-to-End(Ours) Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR  ROUGE_L CIDEr
DeXTr-768+CA10+no-concat+Dropout 0.2986 0.2084 0.1493 0.1099 0.2033 0.3323 0.2642 Embed — CA
DeXTr-768+CA10(BiP)+no-concat+Dropout 0.3460 0.2422 0.1780 0.1364 0.2109 0.3456 0.3330 Embed — CA
DeXTr-768+Random+no-concat+Dropout 0.3707 0.2541 0.1803 0.1310 0.2260 0.3355 0.2555 Embed — CA

[ 8] =7} A3 (DeXTr-768)
DeXTr Ao X XTransformer &) Embedding 2}-2 768 2 53 DeXTr-768 & 9] 7-¢ DeXTr-512 R @ Hr}
Agta o g £2) 2 AAE TEFCE DeXTr-512 Rdof H5j stehu|e] =71 2 ¥ 7FE(152m) == ¥, Sk
glo]E = 1,000 7] m|gto 2 3&s] BZ517] wfZof 2t eto] AR e 4 ot
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Interpretability of Medical Deep Neural Network
We need any form of evidence:--

2. Interpretability

CXR GradCAM (Baseline) GradCAM (UNet) Static Heatmap UNet Prob. Map

Fig. 17 Qualitative comparison of the interpretability of U-Net based probability maps in comparison with
GradCAM for a few example use cases. (a) CHE The physician’s eye gaze tends to fall on the enlarged heart

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



Interpretability of Medical Deep Neural Network ,

Interpretability

\
fMethodology: What is the
algorithmic approach?
Is it focused on the
input data instance or
the model parameters?

C Usage: How is the XAl \

method developed? Is it

integrated to the model
or can be applied to

any model in general?

(" Scope: Where is the XAl
method focusing on?
Is it on a local instance
or trying to understand

__the model as a whole? Y

BackProb: Core algorithmic
logic is dependent on

_| gradients that are back-

" | propagated from the output
prediction layer back to the
input layer.

Intrinsic: Explainability is
baked into the neural net-
work architecture itself and
is generally not transferrable
to other architectures.

Local: Mainly focus on
explanation of individual
data instances. Generates
one explanation map g per
data ¢ € X.

Y

\

Global: Tries to understand

the model as a whole.

| Generally takes a group of
"| data instances to generate

one or more explanation
maps.

Perturbation: Core algorith-
mic logic is dependent on

Y

random or carefully chosen
changes to features in the
input data instance.

Post-Hoc: XAl algorithm is
not dependent on the model

Fig. 1. General categorization of the survey in terms of scope, methodology, and usage.

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

Y

applied to already trained
neural networks.

architecture and can be
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Interpretability of Medical Deep Neural Network 2. Interpretability
Intrinsic Method : Adversarial Explanation

§\\\w////g_ AMERICAN ACADEMY
'%/}//m\\%' OF OPHTHALMOLOGY ® ==

Explaining the Rationale of Deep Learning
Glaucoma Decisions with Adversarial
Examples

>

g2

Original Image AE- AE+

Jooyoung Chang, MD,! Jinho Lee, MD,** Ahnul Ha, MD,** Young Soo Han, MD,** Eunoo Bak, MD,*"*
Seulggie Chot, MD,! Jae Moon Yun, MD,” Uk Kang, PhD,%” 1l Hyung Shin, PhD,° Joo Young Shin, MD,?
Taehoon Ko, PhD,” Ye Seul Bae, MD,”*’ Baek-Lok Oh, MD,** Ki Ho Park, MD, PhD,”"*

Sang Min Park, MD, PhD'>

=

Original Glaucoma+




Interpretability of Medical Deep Neural Network

Intrinsic Method : Adversarial Explanation

_I_

L 0|= GeneratorZ st& =2 0] LO|X

=2 28

Algorithm 1: Process used to generate adversarial examples.

Input: N, the number of attack-optimizing steps; f(-), the NN; z, the
network input; ¢, the true class of the input; o(-), an optimizing
method such as SGD with momentum; g(s, t), a goal function
returning true if the network outputs from the attack are suitably
different from the true class ¢; 7, a balancing term between
categorical loss and MSE loss.

Output: Jp.;, the adversarial noise which satisfies the goal g(-) and

has minimal vector length.

1 begin

2 5«0

3 Mbest < inf

4 for n € [0,...,N — 1] do

5 Z+c(xr+6)// c() clips elements of its
argument to a valid input range, e.g. [0,1]

6 Y+ f(&)

7 s + softmaz(y)

8 if g(s,t) then

9 A§ <+ 25 // Lz loss for magnitude

10 if ||6]]2 < Mpest then

11 L Mbest < ||5||2

12 5best )

13 else

14 A + Os¢/0(x + 8)

15 Ad enﬁ // Fixed gradient magnitude

16 8 < 0(6,Ad) // Apply optimizer step

log L(@)

oll Discriminator

A

2. Interpretability

-I-

Sk = L 0| X0 St Discriminator EFAY
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esmmme Plain ResNet-44

Madry et al. ResNet-110
e Cohen et al. ResNet-110
e Madry et al. pers. commun.
e Our ResNet-44

e Naive baseline
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Interpretability of Medical Deep Neural Network 2. Interpretability
Intrinsic Method : Adversarial Explanation

L 0|X GeneratorE st& - 0| LLO|XE 2238l Discriminator &% = 0| X0j| St Discriminator EFY

o e S

P(LN)=0.8 ° P(LN)=0.0 PLLN) =10
P(~LN) =0.2 > D, P(-LN) =1.0 P(=LN) = 0.0
\¢/ donut 0.14 donut 0.84 fire hydrant 0.97
sandwich 0.09 ...sandwich 0.01 ...sandwich 0.00

(a) (b) () (d)

L O|=0f| Z3ICt - O|0|X[0 & HetE = Tt ZE0| TERS HHCE
O] 4&Z 0| 8¢l O0|= O|0|X|Z ¥Z 2| High-level Explanation@ £ AtEIts

o



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

2. Interpretability

AE Grad-CAM « AE is Good Explanation--- But lose classification accuracy(trade-off)
- * GradCAM is post-hoc method
- Can used for all model and don't lose accuracy

Score for Gradient-weighted
Class Activation
Mapping (Mean +
Standard Deviation)

Score for Adversarial
Explanation (Mean *
Standard Deviation)

3.94.+1.33

2.55 + 1.24

nput_AE(bicycle)
(acc:0.232 -> 0.839)

second_AE(pedestrian)
(acc:0.174 -> 0.489)

nput(bicycle)

|
|
|
: |
= I T
414 + 125 3.14 + 1.20 3 , '
3.83 + 1.36 2.24 + 1.14 2 S I
(O]
3 A !
3.99 + 0.93 2.86 + 1.17 g = : !
4.17 + 0.88 291 +1.22 = :
375 :t 095 279 i 111 (B | input_AE(bus) second_AE(car)
I input(bus) (acc:0.332 -> 0.811) (acc : 0.153 -> 0.556)
476 £ 056 >>> 2.85 + 1.34 A I -
4.87 + 041 3.77 + 1.05 _ :
4.70 £ 0.61 237 £1.21 S :
B I
4.87 + 0.47 2.68 + 1.09 = I
4.84 £ 0.59 3.41 + 0.87 I
4.88 + 0.42 2.44 + 1.04 AEicor+ ANicor+ :
|
2.12 + 092 1.80 + 1.03 & I
193 + 1.16 237 & 115 3 | _ )
217 + 084 1.66 + 0.95 B | In our implementation..
|
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3. Cross-Silo Federated Learning
for handling data scarcity and privacy

Problem
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Federated Learning(¢d

[l o) s
:|Cl)=' = '=') 132 Google Al Blog
Cross-Device Federated Lear

nlng The latest from Google Research 3 Federated Learnlng

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

Cross-Silo

local data local data
local local
0 0 updates- ¥ vou O +D
>S ~ updates
O + u| ¢ s O"0O

Cross-Device

z , new global ~

local 5% \ Mo S local
model \ >
updates, - - \ * Updates
p // Y v \\ R ’ // " A S ﬂ
— ﬁ \ N /7 N\
’ 3 .
P I I : . | | | > /
H Sealist local data oalltat rie H p new global learnt model: E
&GP wJ e | - IH R + model personal healthcare
learnt model:
H ke next-word prediction u I I /
local data Subject local data /
) Thank you for the feedback U
i burger menu
local data local data

Q ami burger
S umami|
=

@ N <= 8.4

Don't send local data to server.

But leverage all data indirectly through global model.
> Lot Ho|E =2l wet §lo] 2 HES AME7ts
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https://blog.ml.cmu.edu/2019/11/12/federated-learning-challenges-methods-and-future-directions/



Federated Learning(2igtats)

3. Federated Learning

Limitation

« Local Cliente= H|O|E JH=, =0|Q1, 2FH, feature, Class 7l HHE&2tH 50| 40|(heterogeneous).
* But, optimization algorithm like Stochastlc Gradient Descent (SGD) runs on a large dataset partitioned
homogeneously across servers in the cloud.

Features

Saeed, et al.(2022), Federated self-supervised learning of multi

Data on sensor representations for embedded intelligence.

Client A Zhang, Zhe, et al(2021). "Semi-supervised federated learning w

ith non-lID data: Algorithm and system design."

Samples

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

Client B

(b) Asymmetric federated learning


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

Federated Learning(®igtats)

3. Federated Learning

Al-POWERED A | R e

SOLUTIONS  (SEMESEE- N SR S hildren’s National Hospital
FOR W S IR #6'H DC =20k 8 H(Children’s National Hospital)
HEALTHCARE >k 4 "/ * NIHR 9|:|'I|EE_|I| ﬁ%glgf?_:l—_rlﬂli-l

« L3 XCH 5YUE 2 (Self-Defense Forces Central Hospital)
«  =ZCHTHCH(National Taiwan University) MeDA @14

« MAHC ¥ CHEH FRIAZLEHEHY

« EZEErfei(University of Toronto)

s + DZE HjH|ACH 2=
3B y « QAFACH OHC| 2|2t 5! 25 H2 i3t
o © F202Ed 520 HEY YHE
Federated Server Hezfcﬁ-::’:r"‘m S ® jlrr'gr Dl-_E_E *l'—-l-ol %é *lﬁ%(MOUﬂt Slnal Health System)
Global Model [-:n PPPPPPP Data
Proveribg  LocslMede o
g :

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



