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To DO List

> Last Week

= Related Works Study and Implementation

» A A HE0 13 A™O0| OfH, 102] AY B2 SOl Ranking= Oi7|= B2 24= A4
» MOtGIHTZZME - Kol H 0
> This Week

= Related Works Study and Implementation

» ZPAMM AP EHT - W/O meta data, With meta data & A 210
» MOIHAHITZME - Xl H
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Papers

= Chen, Jianbo, et al. "Learning to explain: An information-theoretic perspective on model interpretation." International

Conference on Machine Learning. PMLR, 2018.

= Yoon, Jinsung, James Jordon, and Mihaela van der Schaar. "INVASE: Instance-wise variable selection using neural

networks." International Conference on Learning Representations. 2018.

= Schwab, Patrick, and Walter Karlen. "Cxplain: Causal explanations for model interpretation under uncertainty." arXiv
preprint arXiv:1910.12336 (2019).

= Jethani, Neil, et al. "Have We Learned to Explain?: How Interpretability Methods Can Learn to Encode Predictions in their

Interpretations.” International Conference on Atrtificial Intelligence and Statistics. PMLR, 2021.

= Panda, Pranoy, Sai Srinivas Kancheti, and Vineeth N. Balasubramanian. "Instance-wise Causal Feature Selection for

Model Interpretation." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.
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Implementation Progress

« INVASE (Completed):

> Issues: Search proper “Lamda” for Various Datasets

> Results:
, Predictor Baseline #Features . Predictor Baseline #Features
lteration . lteration ,
AUC ACC AUC ACC | (Total: 64) AUC ACC AUC AcC | (Total: 196)
1 0918 | 0.738 | 0917 | 0.765 64 1 0.943 0.866 0.986 0.899 196
2 0919 | 0.752 | 0907 | 0.734 64 2 0.916 0.814 0.978 0.916 160
3 0.652 | 0.192 | 0.915 | 0.758 21 3 0.932 0.827 0.969 0.899 167
4 0.92 0.745 | 0914 | 0.724 64 4 0.929 0.842 0911 0.815 196
5 0922 | 0.725 | 0912 0.77 64 5 0.874 0.599 0.978 0.91 196
CIFAR-10 Dogs vs Cats
(Lamda: 0.05) (Lamda: 0.01)
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Implementation Progress

« SCM (Completed):

> Issues: Trade off between Performance and Interpretability

> Results:

, Predictor Baseline #Features

lteration _
AUC | ACC | AUC | Acc | (Total: 64)

1 0.816 | 0.403 0.95 0.706 30

2 0.749 | 0.303 | 0.954 0.72 30

3 0.749 0.3 0.95 0.715 30

4 0.782 | 0.341 | 0.951 | 0.712 30

5 0.8 0.386 | 0.942 | 0.695 30

CIFAR-10

(#Features: 30 / 64)

CAU AutoML LAB 5




Implementation Progress

« Real-X (Completed):
> Issues: Validation with SOTA models

> Results:
. Predictor Baseline #Features
lteration ,

AUC ACC AUC ACC | (Total: 256)

1 0.940 0.646 0.926 0.619 129.14

2 0.930 0.641 0.936 0.654 137.30

3 0.941 0.645 0.933 0.635 146.32

CIFAR-10
(Lamda: 0.5)
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Implementation Progress

« CXPlain (Not Completed):
» |ssues: Many Hyper Parameters,

> Results:

, Predictor Baseline #Features
lteration ,
AUC | ACC | AuUC | Acc | (Total: 256)
1 0.546 0.154 0.615 0.293 128
CIFAR-10

(#Features: 128 / 256)
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Further Research

« L2X, CXPlain Implements

. . . . x
 Summarizes Advantages and Limitations (22 23 2 O0f|A)
WHE xS etA
- HlO|HAMEZ Lamda 2t AX|7F EoeH0f e, 2 utA 0l
- Prediction 22 S &7} St 22N, &0 FO{X|H MA| EAS &R oM, JurE HOojLi=0 AZH0] 2
INVASE | Prediction 452 2022 =k UZ (O|2H 2 Z & Prediction o 28 = US.
g5 7X7t vl = U\) - Tabular G|O[E{0f Cfor HRHE2R F1 7tsotE=, T
of 0l2{=0| A=
- ME B £ A0 Folg = AS0f et x| MY - Prediction 221} S} StE5HA| (I B 2, Selector-
SCM s= MX[5H7|7}) = (A 2H Q) Predictor 45 ®X|7} 0{8iE = U=,
- O|O|X| Hio[E{Alo] 5F-Ql H7t0|B =, =Tt ATt 2| 2. - offd ds2f HIo|HA o|&d0| & =+ U=,
- O|O[X| Hjo|EHAllo] Sl AF0|BE =, It AFI} 2|2, - S
_ - L ] — _ A x .I.Ll_g_%l-.
Real X - INVASE ECt Lamda 2t M%7} 418 Ao = Mztg. Lamda &t A% =
CXPlain -

Hyper Parameter/t H| W& B2 4o = H
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ZrAFM 3 . W/O Meta Data

Table 3. Metrics with 95% confidence interval (W /A indicates that the corresponding method is significantly worse than the best model written in bold based on paired t-test at 5% significance level).

Sensitivity Specificity Precision
AUROC AUPRC Accuracy F1 Score TP/(TP+EN) TN/(TN+EP) TP/(TP+EP)
Subset 95% CI 95% Cl 95% CI 95% CI 95% Cl 95% CI 95% ClI
Average Lower p-value | Average Lower p-value |Average Lower p-value |[Average Lower p-value |Average Lower p-value |Average Lower p-value | Average Lower p-value
Upper Upper Upper Upper Upper Upper Upper
0.719 0.343 0.677 0.348 0.424 0.671 0.275
SFS 0.766 0.813 0.420 0497 0.556 [ 0.773 0.869 0.407 0.466 0.571 0719 0.587 | 0.797 0.924 0.352 0.429
0.709 0.364 0.646 0.338 0.476 0.631 0.237
UFS 0.757 0.805 0.617 1 0.435 0507 0.744 0.843 0.519 ] 0.391 0.444 0.561]0.614 0.752 0.761 0.891 0.547 1 0.318 0.400 0.503
0.713 0.307 0.579 0.259 0.388 0.551 0.215
Human 0.755 0.797 0.379 | 0.385 0.462 0.349 | 0.714 0.849 0.223 [ 0.335 0.412 0.179 | 0.56 0733 0.532 | 0.728 0905 0.269 | 0.272 0329 0.118
Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
AUROC
Order UFS SFS
0.770
1 CO2 CO2
oree 2 SA (RT) AX5
0750 3 AX3 AX3
0.740 4 AX5 AX4
0.730 5 AX2 SA (RT)
0.720 6 CO3 AX2
10 7 SA (LT) SA (LT)
8 AX4 CO1
0.700
9 AX1 AX6
0.690
0 1 2 3 4 5 6 7 8 9 10 11 12 1 O CO1 AXT
——UFS —8—SFS #Feutrues 11 AX6 CO3
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ZHAFM AL - \With Meta Data

Table 3. Metrics with 95% confidence interval (W /A indicates that the corresponding method is significantly worse than the best model written in bold based on paired t-test at 5% significance level).

Sensitivity Specificity Precision
AUROC AUPRC Accuracy F1 Score TP/(TP+EN) TN/(TN+EP) TP/(TP+EP)
Subset 95% CI 95% Cl 95% CI 95% ClI 95% ClI 95% CI 95% CI
Average Lower p-value | Average Lower p-value |Average Lower p-value |[Average Lower p-value |Average Lower p-value |Average Lower p-value | Average Lower p-value
Upper Upper Upper Upper Upper Upper Upper
0.768 0.395 0.629 0.379 0.592 0.595 0.251
SFS 0.801 0.834 0.461 0528 0.741 0853 0.501 |1 0.434 0.489 0.704 0816 0.742 0888 0.271 ] 0.337 0424 0.442
0.756 0.392 0.655 0.300 0.018 0.302 | 0.011 0.649 0.235
UFS (Human) | 0.792 0.829 0.61 | 0453 0.515 0.857 | 0.768 0.881 0.347 0395 (*W) 0.48 0659 | (*w) 0.803 0.957 0.403 0.570
0.743 0.396 0.643 0.277 0.011 0.385 0.636 0.226
MFS 0.769 0.796 0.11510.435 0.475 0.335]0.735 0828 0.558 | 0.344 0411 (*w) 0.568 0751 0.111 ] 0.761 0887 0.559 | 0.307 0.389 0.281
Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
AUROC
Order UFS MFS SFS
vet0 1 co2 co2 Co2
0.800 2 Age SA (RT) AX5
0.790 3 SA (RT) Age Age
0.780 4 AX3 AX4 AX3
070 5 AX5 AX6
6 AX2 Sex
0.760
7/ CO3 AX2
e 8 SA (LT) SA (RT)
0.740 9 AX4 AX1
0.730 10 AX1 SA (LT)
0.720 11 CO1 CO1
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 12 Sex AX4
——UFS —8—MFS —8—SFS #Feutrues 13 AX6 CO3
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AUROC

0.770
0.760

0.750
0.740
0.730
0.720
0.710
0.700
0.690

AUROC
0.810
0.800

3 4 5 6 7
——UFS —e—SFS

9 10 11 12

#Feutrues

0.790
0.780
0.770
0.760
0.750
0.740
0.730
0.720

3 4 5 6 7 8

—o—UFS —e—MFS —@—SFS

10 11 12 13 14
#Feutrues
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Order UFS SFS

1 CO2 CO2

2 SA (RT) AX5

3 AX3 AX3

4 AX5 AX4

5 AX2 SA (RT)

6 CO3 AX2

7 SA (LT) SA (LT)

8 AX4 CO1

9 AX1 AX6

10 CO1 AX1

11 AX6 CO3

Order UFS MFS SFS

1 CO2 CO2 CO2
2 Age SA (RT) AX5
3 SA (RT) Age Age
4 AX3 AX4 AX3
5 AX5 AX6
6 AX2 Sex
7 COo3 AX2 |
8 SA (LT) SA (RT)
9 AX4 AX1
10 AX1 SA (LT)
11 CO1 CO1
12 Sex AX4
13 AX6 Co3




AN AL . E9|

* Important: CO2, AX5, AX3, Age
- Coronal View?2| 47l12] 20| & BN RUe cut
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T & o
- Axial View?| & SY A, AZF2E 7mm~8mm d= X9 cut

_ L}o|

1l .y I ;. _' l'_.
nt b !
L .
|I .,_1.-Ir ﬁ& L
47, \IL"'.

g - v 3T .
W e o _'ij'-_‘l'-"'.'-* iy BT [T
. sl oy .b_ - i i Ir LT A Ry i |"_-_I_r.
it S GRS AR

CAU AutoML LAB



34(1~28)
7|A HIO|HE %t BEIRE

HOot HIAE [ 0|H

MHr

- SW S

. O}40] SW H|ZH Ef2I0]

o1

S
=]

F

—t
o
L

7

il

30| S5

UH|C|= Al 7|8 Scene Text Recognition ¥t : 712 0| Sw K| &,

4r

4r

(a'a]
<
-l
|
=
(®)
e

=)
<
=
<
O




	슬라이드 번호 1
	To DO List
	Papers
	Implementation Progress
	Implementation Progress
	Implementation Progress
	Implementation Progress
	Further Research
	갑상선 연구 : W/O Meta Data
	갑상선 연구 : With Meta Data
	갑상선 연구 : 그래프 분석
	갑상선 연구 : 토의
	산학프로젝트

