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Outline

* Individual Studies

= Sanghyuck Lee

Sung-Hyun Cho

Su-Jeong Han

Taekyung Song

Haesung Oh

Sanghyeong Jin
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Outline

« Government-funded Research Projects
et A0, o, SEfE, 25148)
v’ Clinical Activity Score (CAS) 53 Mk H+ == A4 (0|&H)
> K| 230 (ARl only) Baseline &3 211
> O|&H E11: (AFEl only) Baseline (+ Augmentation) &3 £
v 3D M|ZLHIEO|E (ot
> X|E 20 0 AX7 M| MEO|E T, 2| A4t XSt
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Neural Architecture Search based on Super-pixel Selection
r <Selector & Predictor Train Phase>

* Through Neural Architecture Search Phase using the trained Selector & Predictor as a Backbone Network,
find final optimized Selector & Predictor from Accuracy or Efficiency point of view.

Original Images Selector Images with Predictor
Selected Super-pixels
» Selector identifies super-pixels, those are useful for classification.

| - Predictor classifies using selected super pixels. = Super-pixel is a pixel cluster consisting of nx npheels  ____ _ _ _ _ _ _ _ __ a
r<Neural Architecture Search Phase>=~=========---ccmmmemmemmmn e m :
: Trained Trained Accuracy Searched Searched I
I Selector Predictor Maximize or L - Selector Predictor :
| | | Efficiency |
. S | 2 g :
: t I
Search Search - Final Outout: |
' Backbone + . inal VUL . |
| Space Strategy Optimized Selector & Predictor |

I
|
| |



r <Architecture>

Music excerpts

Music Genre Classification

----------------------------------------------- 1
4 N\
®
[ ]
Batch .
Normalization 'i
. .
ReLU o > Jazz
. " Classical
— .
Convad ‘ i
[ ]
i ® —> Pop
AvgPool2d . Rock
—L’/ .'Ilh-' Q‘Fk ku‘l-zﬁ' k[}+3k kﬂ+4y \ ) °
Sl L), i \.
. MFCC Dense Block Transition Layer
""" R = et S

|
|
| Convad
|
|

|::>‘ Max Pool

Classification Layer

|
|
(Softmax) |
|



Efficient segmentation using U-Net

* Predictor : segmentation image.

r < U-Net using OCR > = ‘=== -eemcemm e m e e e e e - :
I

Hﬂm‘ 2nd Stage U-Net +WHH :

i, - |

{W m F H ‘:> Poor Good Excellent :

NG ] - !
Original Images Part Detection 2nd Stage U-Net Predictor :

I



Medical Image Dataset Preprocessing
- <Preprocessing custom image>

Raw Images

Convolutional Encoder-Decoder

Output

Pooling Indices

I conv + Batch Normalisation + ReLU
B Pocling I Upsampling Softmax




Medical Weakly Supervised Semantic Segmentation
- - - -<Pseudo Mask Generation> - - -

——-<

Augmented
Inputs

Y S

Pseudo Mask

Model Outputs r==-< Segmentation MOdeI Tl’aining - -

A

Training

Ll

Refined Masks

| =
= . Ty

Pseudo Segmentation
Ground Truth Model

e S |




Track Skip Prediction in Session

Track features

Acoustichess
Duration
Energy

r
I
I
I
I
I
I
I
I
I
I
|
I
I
I
: Beat Strength
I Tempo
! P
I
|
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

by track id

Sequence of session features

Session Length —‘ 11
Session Position _
Context Sw!tch —‘,

User Behavior s

Date I; L

Session embedding

Track selection

iInput

Selected track feature
+

Serial representation

of Session

1

!

of session

<Skip Prediction>

Binary Classifier

output

Skip

Not Skip

Predict track skip using selected
track features and serial representation
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Neural Architecture Search based on Super-pixel Selection
~<Selector & Predictor Train Phase>

Original Images Selector Images with Predictor

|
|
|
|
|
|
|
|
|
|
| Selected Super-pixels
|

» Selector identifies super-pixels, those are useful for classification.
» Predictor classifies using selected super pixels. = Super-pixel is a pixel cluster consisting of n x n pixels.

~<Neural Architecture Search Phase>

I
I Trained Trained Accuracy Searched Searched :
I Selector Predictor Maximize or Selector Predictor :
[ . o
Efficiency :
I
| |:> ) :
: Search T Search ;
earc earc Final Output: ,
' Backbone + o put: |
! Space Strategy Optimized Selector & Predictor |
I
I
I
I

» Through Neural Architecture Search Phase using the trained Selector & Predictor as a Backbone
Network, find final optimized Selector & Predictor from Accuracy or Efficiency point of view.
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Progress

= Super-pixel Selection Approach Implementation (Real-X)
> Jethani et al., 2021

= |n the Future:
» Various Datasets Experiments with Real-X
» Neural Architecture Search Study and Experiments

CAU AutoML LAB




Master’s Thesis

e Title:

@

> Korean:

» English: Neural Architecture Search based on Feature Selection for Accurate Medical Image Analysis

Abstract
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Progress

 Last Report
« Comparison result

 This Report
e Abstract

« Comparison result
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Abstract

Music Genre Classification (MGC) is the most actively studied in the field of Music Information
Retrieval (MIR) and reveals its effectiveness in practice. Among many classification algorithms,
deep learning models using Convolutional Neural Network (CNN) show the best performance in
classification. Existing music exceprts in the form of voice signals are converted to images such as
Short-Time Fourier Transform (STFT), mel-spectrogram, and Mel-Frequency Cepstral Coefficient
(MFCC) to perform training and testing. However, recent studies focused on classifying music
genre using only one input type. In this study, | propose a novel DenseNet model that increases
classification accuracy by using all three : STFT, mel-spectrogram, MFCC. Furthermore, to solve
existing problem of 7777, 7777 is implemented in this paper. Extensive experiments were
conducted on datasets of a total of 9 music genre domains, and the classification accuracy of

proposed model was noteworthy when compared to other models.
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Related Work 1

# of employed

Author Year Neural Network datasets Employed Dataset Input Type Evaluation Metric Ref.
Massoudi 2021 CNN 1 Urban Sound Classification Challenge MFCC Accuracy [1]
Ghildiyal 2020 CNN 1 GTZAN Mel-Spectrogram Accuracy [2]
Palanisamy 2020 CNN 3 ESC-50, GTZAN, UrbanSound8K Log Mel-Spectrogram Accuracy [3]
GTZAN,
Yu 2019 CNN 2 Extended Ballroom STFT Spectrogram Accuracy [4]
MagnaTagATune,
Won 2020 CNN 3 Million Song Dataset, Mel-Spectrogram ROC-AUC, PR-AUC [5]
MTG-Jamendo
Bisharad 2019 CNN 1 GTZAN Mel-Spectrogram  "recision, Recall, [6]
F1 score
Zhang 2019 RNN 1 GTZAN MFCC, chromagram Accuracy [7]
Chillara 2019 CNN 1 FMA-SMALL Spectrogram Accuracy [8]
Zhang 2016 CNN 1 GTZAN STFT Spectrogram Accuracy [9]
Choi 2017 CRNN 1 Million Song Dataset Log Mel-Spectrogram ROC-AUC [10]
Su 2019 CNN 1 UrbanSoundsk Log Me"l\iﬁggrogram' Accuracy [11]
. MagnaTagATune, Mel-Spectrogram, )
Choi 2016 CNN 2 Million Song Dataset MFCC, STFT ROC-AUC 2]
Li 2018 CNN 3 ESC-10, ESC-50, UrbanSound8k Log Mel-Spectrogram Accuracy [13]
ASHRAF 2020 CNN-RNN 2 GTZAN, FMA-SMALL Mel-Spectrogram  ACcuracy, Precision, [14]

Recall, F1-Score
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Related Work 2

# of employed

Author Year Neural Network datasets Employed Dataset Input Type Evaluation Metric Ref.
Li 2021 CNN 4 FMA, GTZANS5, GTZAN10, EMA STFT Spectrogram Accuracy [15]
Elbir 2018 CNN 1 GTZAN Raw Audio, STFT Accuracy, Precision, [16]

Spectrogram, MFCC Recall, F1-Score

CAU AutoML LAB




Proposed Method

r <Architecture> —-=-=-=-=-=-=-====------------------------------------ 1

i> mAl ¥ B sWmE e '. d BatCh

Normalization

A 4

—> Jazz
— Classical

RelLU

Convad

Music excerpts Y

ot i AvgPool2d :ggk

;> L o il ko+k  ko+2k  ko+3k k+zy

] I " 1 :|'||"'il 0 0 0 0

apd. e i A \- j
! MFCC Dense Block Transition Layer
- <Configuration> -----= gy lolulululelvie peal mm = T T T TTT T oo 1

|

Convad |:> Max Pool E> Dense Block |:> Transition Layer [F> Dense Block Classification Layer | 1
| (Softmax) I

I
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Dataset statistics

Dataset (Genre) Patterns # of Classes |Average Patterns per Class + Standard Deviation Avg. Length(s)
Ballroom 698 8 87.250 + 17.555 30
Ballroom-Extended 4180 13 321.538 £ 195.702 30
FMA-MEDIUM 24984 16 1561.500 + 2069.356 30
FMA-SMALL 7996 8 999.500 + 0.500 30
GTZAN 1000 10 100.000 + 0.000 30
HOMBURG 1886 9 209.556 + 134.866 10
ISMIRO4 727 6 121.167 + 95.602 120
MICM 1137 7 162.429 + 119.717 360
Seyerlehner-Unique 3115 10 311.500 + 248.349 30

CAU AutoML LAB




Comparison Results

P
Dataset (Genre) Proposed G.Let al’. Elbir et al. -
Ballroom 58.79+3.96 |  48.86 + 4.41 97T 562 -
Ballroom-Extended 85.32+0.61 75.89 + 3.09 39.07 £1.49 -
FMA-MEDIUM - - - -
FMA-SMALL 54.34 + 1.24 - 37.41+ 0.74 -
GTZAN 87.70 + 3.01 74.50 + 3.78 58.85 + 3.79 -
HOMBURG 54.13 + 1.91 54.50 + 2.93 47.14 + 1.89 -
ISMIRO4 80.07 + 1.64 68.36 + 1.61 62.28 + 2.42 -
MICM 49.39+1.79 39.56 + 2.53 39.12 +2.78 -
Seyerlehner-Unique 71.03+1.49 | 63.88+ 1.53 55.59 + 3.45 -

Avg . Rank
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Efficient segmentation using U-Net
r < U-Net using OCR > = +==--------mmmm oo oo oo

Poor Good Excellent
X e 45 .t'
R e
. Predictor
Original Images
» Predictor : segmentation image.
| o o o o o o o o e o o e e e e e e e e e e e e e e e o e e e e e e e e = — a
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Medical Image
- <Preprocessing custom image>

|
I
|
|
I
|
|
|
|
I
|
I Raw Images
I

O TV VG

Convolutional er-Decoder

-

Pocling Indices
I conv + Batch Normalisation + Rell
I Pooling I Upsampling Saftrnax
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Prog ress \-\7/176 F - fnb-meter
« Last Report C) \:)P?L A (ﬁ_—% %LZ#K

( « ImageNet Classification with Deep Convolutional Neural Networ

- Alex Krizhevsky, llya Sutskever, Geoffrey E. Hinton / NIPS, 2012 7_\\‘ 4\({ \/\? v //\%
. ~—_ \ - - -
| This Report 7} _’i

« Very Deep Convolutional Network for Large-Scale Image Recognition / 7 a .
- Karen Simonyan, Andrew Zisserman / ICLR, 2015

* Network In Network -
- Min Lin, Qiang Chen, Shuicheng Yan / ICLR, 2014 HF %‘/,ij¥2&1? 7,‘//\7—)

L. Going deeper with convolutions HZAZ

- Christian Szegedy et al / CVPR, 2015

+ On Large-Batch Training for Deep Learning: Generalization Gap and Sharp
- N. S. Keskar et al / ICLR, 2017
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Next progress

« The effect of batch size on the generalizability of the convolutional neural networks on a
histopathology dataset

- | Kandel, M Castelli / ICT express, 2020

« Bag of Tricks for Image Classification with Convolutional Neural Networks
- T He, Z Zhang, H Zhang, Z Zhang / CVPR, 2019

« Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift
- S loffe, C Szegedy / ICML, 2015

- EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks
- M Tan, Q Le / ICML, 2019
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Augmented
Inputs

Pseudo Mask
Model Outputs

Refined Mask

Pseudo Segmentation
Ground Truth
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Progress

 Last Report
- CAM/Grad-CAM 73 & Z1} =40l

 This Report

 Dense-Conditional Random field (Dense CRF)| 7+&1 3! A1t =9l
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Dense CRF

Paper Title: Efficient Inference in Fully Connected CRFs with Gaussian Edge

Potentials (Dense CRF)
Authors: Krahenbuhl, P, & Koltun, V.

Conference: Neural IPS 2012
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Dense CRF

Original Image Image + Bounding box
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Dense CRF

CRF itert1 CRF )
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Further study

1. CAM d-CAM
2. Dense (RF
3. Deep Seeded Region Growing (DSRG)

— N\

4. Fickle Net
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Progress

 Last Report
« Logistic Regression &

- d587t X[ # MAA

=2 (A. Ferraro et al) 7+%

(Christian Hansen et al.) 7+&

<
=3
X
Z
Z
i
ru
MO T
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Track Sklp Prediction in Session

\ Track selection
by track id
\/‘ input
Selected track feature
+

Serial representation
Seqlience of session features of Session

Sessiontenth B

Session Position e

I

1

I

1

I

1

I

1

I

Sw!tch ., mAmn !

ser Behavior I I 3 :
Date I
— I
. !
I

1

I

CAU AutoML LAB

Predict track skip using selected
track features and serial representation
of session
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Previous - maa

Ground truth sequence | Predicted sequence | AA
1,1,1,1,1 0,LL1L1 ( ﬂ.’jﬁ
1,1,1,1,1 1,0,1,1,1 LE = 0543
1,1,1,1,1 110,11 0.710
1,1, 1,11 11,101 0.760
L,1,1,1,1 ,1,1,1,0 (| 0.80y/
N~
, ST T: 0=E= 8H E=o] /=
:‘:IA“}U” Mﬂgﬂﬂwgl qex
AA = T TR HE 20 CHSF Boolean indicator (0, 1)
—
-> Skip £ X|2F BE10r0] K2hel B} B
-> Skip =A 0] A0 R of| 52| M=t 7 71°E F 82 (First Prediction Accuracy)
-> 2EE ¢*1°| Skip 21t= 0|5 =tz 0f Cfs X2 S&H
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Previous - Logistic Regression

- Error
- 2020049

0001353 -15.961 < 2e-16 | Stepwise selection £ Reduce=l Model
S e para ol - 2971l 2| track feature & 177H, SessionO|A{ 10747} 41E4 &

3174467
.2582489 003827 AL 1 >=0}.O
.077B488 . 000293 * = o
3658634 000229 * - O:” o EE" EJ_I—l-jl- ISP =]
.0656026 .153191
.0022805 .133589
0569146 054741
2152769 . 048792
3345318 .105066
. 0003988 116183
- 0505400 008131
0427264 002040
.0345982 000728

.11e-06

.48e-12

0477388

. 0024419

. 0431305 c < 2e-16
.0343424 c < 2e-16
- 0532501 c < 2e-16
. 0589580 c 7.67e-08
. 0435101 c < 2e-16
. 0197577 c < 2e-16
. 0224916 c 2.49e-16
. 0223796 c 1.69e-09
. 0694048 c 0.140590
. 0230656 c 2.59e-05
0591190 c < 2e-16
. 0290573 051525
-.1661346 - 000482
-1535303 . 016906
- 1500658 . 002640
- 9492867 . 000654
.1494822 - 006770
1497636 c 2e-16
. 0797148 . 046 2e-16
- 5248300 c 0.695410
. 0695008 . 608 2e-16
. 0664345 . 357 2e-16
.1231531 . 574 2e-16
. 1528635 .124 2e-16

(Intercept) 0.6421248
duration -0.0021591
release_year —0.0021660
acousticness -0.2581741
beat_strength -1.3457630
bounciness 0.7468733
energy —0.2819291
flatness -1.3482182
instrumentalness 0.0937035
key 0.0034210
Tiveness -0.1093288
mechanism 0.4241828
organism 0. 5422013
tempo -0.0006265
valence 0.1337574
acoustic_vector_4 -0.1317812
acoustic_vector_6 0.1168963
acoustic_vector_7 -0.2130206
session_length 0.0172787
context_switch -0.43B6746
no_pause_before_play 0.7437025
short_pause_before_play 0.8829114
lTong_pause_before_play -0. 3168883
hist_user_behavior_n_seekback -1.3217715
hist_user_behavior_is_shuffle 0.1788305
premium -0.1843370
context_type_catalog -0.1348362
context_type_charts -0.1022746
context_type_editorial_playlist -0.0970320
context_type_personalized playlist -0. 5692851
context_type_radio 0.0565769
hist_user_behavior_reason_start_appload 0. 5799226
hist_user_behavior_reason_start_backbtn -0.3667445
hist_user_behavior_reason_start_clickrow -0.4512124
hist_user_behavior_reason_start_endplay 3.2354986
hist_user_behavior_reason_start_fwdbtn 0.4047911
hist_user_behavior_reason_start_trackdone -1.7442696
hist_user_behavior_reason_end_backbtn 8.3736786
hist_user_behavior_reason_end_c1ickrow 16.2579912
hist_user_behavior_reason_end_endplay 6.0192884
hist_user_behavior_reason_end_fwdbtn 6. 6007104
hist_user_behavior_reason_end_Tlogout 4.9968260
hist_user_behavior_reason_end_remote 5.8277837

Fold MAA
0.8455
0.8530
0.8480
0.8503
0.8495 0.8503
0.8507
0.8467
0.8528
0.8546
0.8515

|
Hwooooooooo0oOONOD

[=N=N=N=N=N=]

AA

2
0
0.
0
0.
0
0
0.
o]
o]
0.
o]
4]
4]
0
0
0
0.
0
0
0
0
0
0
0
o]
o]
o]
o]
0.
4]
0
0
0
0
0
0.
0
41
0
0
0
o]

AA A A

signif. codes: 0 “***° 0.001 “**° 0.01 “*' 0.05 “.” 0.1 * " 1

O© 00 N OO U1l b W DN =

(pispersion parameter for bimomial family taken to be 1)

Null deviance: 232533 on 167879 degrees of freedom
Residual deviance: 93295 on 167837 degrees of freedom
AIC: 93381

—_
o




Boosting Tree Approach (a. rerraro et al. 2019,

Sion_positio
hour of da

U5 _populsqty_estjeite
session length
liveness
duration

tempo
instrumentalness
valence
loudness
acousticness
acoustic_vector 7
flatness
acoustic vector 4

energy

Features

Feature importance

10960
10743

5130

5045

4473

4442

4738

4043

4030

3880

3870

3600

3561
3304
3503

0

1
2000

I I
4000 6000 8000
F score

1
10000 12000

Model = XGBoost, num_boost_round = 200, max_depth = 15,
eta = 0.3, colsample_bytree = 1.0, subsample = 1.0

Logistic Regressiond]| H|3l &-52(MAA) H =

SHE[ICe Lt Fo|Ofgt Xtof7r et HI| | =
(First Prediction Accuracy 5)

= 20
_Fold | _Fold MAA | Mean _

0.8528
0.856

0.8568
0.8567
0.8508
0.8563
0.8592
0.8600
0.8608
0.8587
0.8525

O 00 N OO0 1 A W N —

—
)
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Multi- RNN Approach (Christian Hansen et al. 2019)‘\—'}’“”’\‘/O
24 WL

hidden states

Track 1
. LSTM A
(track id) — Track 2 Cells o |
I (first half Track n/2+1 C skip n/2+1
- L
of session) Track n/2+2 LCS;:\S/' Al skip n2+2
Track n/2 (second > 2 [
1 half of |
session)
Track F ’
Track n Y /sklp
Track?2 \/—-‘
Embed
Session I

Track< Session Meta data @

(length, premium, date) MAO
: \-é» First Predi¢tion Accuracy = 0.80
<Session Embedding>
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Government-funded Research Projects:
ZEARAM O 21

(Old9, eh==8, SHIE, 2913)

/ L
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FIg ALY

v Clinical Activity Score (CAS) 58 & & 4 T2 A4 (0|4H)
> K|t 230 (AR only) 570 22 A2 Baseline &Y 21

> O E10: (AZ only) 17 2 & ALE Baseline (+ Augmentation) &% E11

— I

V3D MIBE|O|M (SHa)

> XLt 230 AX7 M HIE O] M T

i
» O HI1: AX7 M|AHHO[E 2z, 198 2kXt2| 17 ER2U 3D Al 4=}

CAU AutoML LAB




16
<M 3ot
oo <
<[ 00
(|
]
™
LN
LN
m._l R
Tl KE
[P
K K

N
IK
Hhu
=

1R

o o o g o 3

ﬂ
1K
il
RS

1R

o o o g o 3

Gl
=

I
i
=

1K

ﬂ
I
B!
RS

1

[
H

10

i
ol

N
1K

al
N[l

ol
(I

ol
H

10

i
[

I

al
R

~N
i
ar
T

ol
H

10

—_

L
ul

=0 £7)

=0 £7)

ol
H

10

i
ul

570 2 E A}

<K X| k=

(a'a]
<
-l
|
=

(®)
e

=)
<
=
<
O




CASSHH HE H

FE2 AR

_JIK_
EX]

\e. s eeX

o XX 570 23 ALE £ —J
s A 10 22 M8 2
« O|HZFE 17 22 Ay A => A 1,210 BXt T, SAO 3H—f3f5
lo™ Ay tation (Z+% 2, 57|, CHH|, , =O|= *fﬂ) A =, thEt
HHE X O| ST =) N
J"*s\ Bkoli=Cagy » .
,\\ Hi—li Augmentation
=SHH=3 alse;s True "' » =HE &7
Swelling of Eyelid ) / : » 0t 527
Redness of Eyelid / ,094 : S
SweII{ng of Conjuinctiva \ / 1,121 : 89 / / 17M*€'\| :D 'L/'e jf(//( » Za- J7]
Redn%ss of Conjunctiva \\ 954 : 256// | » Coof sy
Sweng of CarMe \u@ (4/4/ B
~—— S~ <O|&H F: 17 22 Augmentation & &>
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28 Zi(=HE R7[, Swelling of Eyelid)

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).

odel | —— e e o e e | mimesh | wie

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

ResNet101 | 0630 20 0537 0ge> 0950 | 0564 OO0 0565 zan 0105 | 0692 | 3333 | 0001 | 0472 | 0252 | 0310 | 0512 94
ECA | 0628 o200 0943 | 0530 0992 0673 | 0517 el 0219 | 0564 o) 0385 | 0792 | goil | 0024 | 0328 | 3130 | 0.034 | 0469 30 0155
SE 0628 ooy 0943 | 0530 0202 0673 | 0517 0203 0219 | 0564 Q900 0385 | 0792 | 0017 | 0024 | 0328 [ 3140 | 0034 | 0469 D320 0155
inceptionV2 | 0627 000 0899 | 0519 000 0166 | 0531 g0 0448 | 0536 ey 0185 | 0708 | 001> | 0008 | 0.400 | 0109 | 0154 | 0467 oS 0232
DenseNet264| 0618 o201 0703 | 0539 0297 0562 o) 0944 | 0538 2393 0030 | 0636 | o001 | 0000 | 0512 [ 330 | 0594 | 0504 0722 084
CoAtNet | 0615 o200 0614 | 0527 Jall 0630 | 0542 Qg0 0382 | 0558 o> 0273 | 0738 | oooy | 0008 | 0394 | 0203 | 0170 | 0480 Qaro 0226
EfficientNet | 0.570 0250 0004 | 0467 00 0012 | 0551 020 0642 [ 0475 OF7 0001 | 0510 | O350 | o000 | 0579 | 9430 0477 0838 0191
GhostNet | 0539 020, 0005 | 0459 0420 0002 | 0529 a0 0240 | 0477 Q1> 0003 | 0541 | 0222 | 0000 | 0525 | 0°7° | 0543 | 0457 gi0 0043
MobileNetv3| 0533 gcs 0000 | 0447 0412 0001 | 0491 D720 0032 | 0495 OF1% 0023 065 0022 | 0003 | 0378 | 2178 | arse | 0432 2220 0010
GoogleNet | 0511 0272 0000 | 0426 o500 0000 [ 0419 922° 0001 | 0590 020 Qod R 0,000 | 2990 | 0000 | 0419 22 0005
ShuffleNet | 0496 g0 0002 | 0449 0202 0017 | 0515 OBl o071 [ 0311 %% o015 0503 00015 | 0497 | 2122 | oese | 0451 020 0622
VGGNet19 | 0494 0020 0000 | 0.424 000 0001 | 0452 50> 0006 | 0460 o20% 0081 | 0705 | ogo0 | 0035 | 0276 | 9000 | 0.040 | 0363 %0 0.035
CSwin | 0486 ges 0000 | 0415 O375 0000 | 0419 9398 0001 | 0590 0% 1000 | 1999 0.000 | 0000 1 0000 | 0419 2398 0005
AlexNet | 0484 0200 0000 | 0414 23°% 0000 | 0428 o300 0003 | 0574 0230 0343 | 0944 | 7018 1 0343 | 0059 | JR0H | 0000 | 0421 D27 0006

Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
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28 Zi1(=HZ F7I, Redness of Eyelid)

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).

odel | —— e e o e e | mimesh | wie

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
DenseNet264| 0701 0020 0253 0150 0901 0930 0343 [ 0000 2990 0,000 | 0.000 | 3000 | 0000 | 0999 | 9298 | 0343 | 0000 SO 0115
inceptionv2 | 0691 0920 0681 | 0205 0720 0102 | 0888 o3 0183 | 0056 e 0010 | 0065 | Sroo [ 0000 | 0978 | 2200 | 0187 | 0049 Do 0243
ECA [ 0686 093 0517 | 0179 0118 0023 | 0sor 2878 0205 | 0022 DO 0000 | 0018 | 0902 | 0000 | 0986 | 2000 | 0473 [ 0039 2% 0215
SE 0686 o3t 0517 | 0179 005 0023 | 0891 o8 0205 | 0022 0% 0000 | 0018 | Do) | 0000 | 0986 | 2000 | 0173 [ 0039 D05° 0215
ResNet101 | 0685 0907 0604 | 0214 0048 0146 | 0867 0022 0335 [ 0029 DO 0000 | 0059 | D201 0000 | 0956 | 95°9 | 0329 | 0045 D2 0203
CoAtNet | 0682 0553 0419 | 0224 0120 0319 | 0869 gocc 0152 | 0101 2o 0454f| 0127 | 0or> | 0000 | 0951 | 5%° | 0.118 | 0098 Dor 0406
EfficientNet | 0652  0oc2 0189 | 0163 0150 0010 | 0882 0o/0 0005 | 0044 OV 0.002f| 0042 | D228 10000 | 0974 | 3350 | 0012 | 0055 D03 0208
GhostNet | 0632 000 0036 | 0174 0112 0030 | 089 0550 0085 | 0,000 go00 0000 | 0.000 | 0099 | 0000 | 0994 | 32°7 | 0085 | 0000 000 0115

MobileNetv3| 0.582 0250 0016 | 0143 O11% 0013 | 0899 %87 0422 | 0043 003 o.oo{\ 0029 | 2911 0000 | 0995 | 929° | 0233 | 0230 8
AlexNet | 0573 2200 0002 | 0149 271° 0010 | 0902 oo 0000 o0 o.ooo] 0.000 | 2999 | 0.000 | 1.000 | 1999 0000 9% 015
VGGNet19 | 0554 oo0> 0001 | 0132 0712 0005 | 0901 0522 0343 | 0000 2900 0,000 { 0,000 2099 1 0.000 | 0999 | 9298 | 0343 | 0000 I3 015
ShuffleNet | 0548 000> 0001 | 0171 0907 0163 | 0509 207 0015 [ 0097 0955 0017 | 0500 | 0453 | 0015 | 0500 | oi%e | 0015 | 0054 Q000 0192
GoogleNet | 0540 0go0 0000 | 0132 299° 0006 | 0098 97 o000 | 0179 27%0 1000 | 1999 0.000 | 2000 1 0000 | 0098 97 0339
cswin | 0493 0223 0000 [ 0108 950 0003 | 0902 oS0 0000 299 0000 | 0000 o000 | 0000 | 1000 | 100 0000 9% 015

Cl, confidence interval: *: p-value < 0.05; **: p—vaIL'Je < 0.01 |
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A di(BY £7], Swelling of Conjuinctiva)

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).

odel | —— e e o e e | mimesh | wie
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
Inceptionv2 | 0715 0003 0190 0120 0742 [ 0933 001 0343 | 0036 DU 0055 | 0045 | 007 | 0000 | 0993 | 9977 | 0343 [ 0020 O 0147
DenseNet264) 0.711 0030 0906 | 0.173 0110 0416 | 0935 o000 0341 | 0044 00 0020 | 0027 | 000 | 0000 | 0996 | 2000 | 0.168 | 0150 DU7° 0563
ResNet101 | 0691 0512 0473 | 0204 J113 0921 0023 0251 | 0006 OO 0000 | 0011 | 24| 0000 | 0983 | 9222 | 0254 | 0004 D22 0092
ECA | 0683 o020 0273 | 0175 2900 0416 | 0926 o0 0237 | 0034 o 0003 | 0022 | DO | 0000 | 0987 | 200 | 0167 | 0092 5% 0306
SE 0683 %27 0273 | 0175 090° 0416 | 0926 .0 0237 | 0034 Joi° 0003 | 0022 | DO | 0000 | 0987 | 9200 | 0167 | 0092 Do 0306
CoatNet | 0672 oSLL 0195 | 0156 0700 0237 | 0907 020 0149 | 0068 73, 0134 | 0082 | So0 | 0000 | 0963 | 2900 | 0151 [ 0131 Do 0346
GhostNet | 0599 2227 0007 | 0098 0950 0020 [ 0917 J% 0112 | 00es D0 0193 | 0063 | J99 | 0000 | 0975 | 9080 | 0083 0112 093 0413

EfficientNet | 0596 o220 0005 | 0136 00, 0145 [ 0902 o)’ 0078 | 0089 0920 0440 | 0099 | D00% | 0.000 | 0957 | V207 | 0.068 | 0247 DO
MobileNetv3| 0544 g0 0000 [ 0075 090 0007 | 0912 080 0067 | 0015 OO0 00qt | 0011 | D20 | 0000 | 0973 | 9995 | 0062 | 0025 D32 0082
VGGNet19 | 0527 il 0000 | 0088 o720 0013 | 0935 Qoo 0168 [ 0000 o000 0000 [ 0000 | 9000 | 0.000 | 0999 | 9207 | 0168 | 0000 op00  0.086
cswin | 0518 050 0001 [ 0079 093 0009 | 0936 Ooco 0000 OO0 o.oo\; 0.000 | 000 | 0000 | 1000 | 1999 0000 Oo0) 0086
GoogleNet | 0513 0250 0000 | 0093 0337 0007 [ 0064 o0 0000 | 0419 922 \ 1000 | 1900 0,000 | 2299 | 0000 | 0064 029 0191
AlexNet | 0512 D22 0000 | 0080 0900 0014 | 0936 Oocd 0000 OO0 o.ooo\ 0.000 | 000 | 0000 | 1000 | 1999 0000 Oo0) 0086
ShuffleNet | 0494 031> 0000 [ 0119 0922 0124 | 0507 7478 0015 | 0066 o010 0015 (| 0492 | 012 | 0013 | 0499 | 2123 | 0015 | 0035 DO 0150

Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
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A ZalZEY F7|, Redness of Conjunctiva)

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).

odel | —— e e o e e | mimesh | wie

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

DenseNet264| 0753 o717 0492 Oaed 0802 2% 0780 | 0336 070 0595 | 0306 | os2a | 0000 | 0915 | 338 | 0000 | 0605 D422
inceptionv2 | 0749 0707 0841 | 0452 0300 0204 | 0729 91> 0088 | 0364 50 0915 | 0455 | 0200 10000 | 0799 | 0022 | 0012 | 0393 o) 0041
CotNet | 0740 0713 0213 | 0425 3374 0008 | 0764 0720 0065 | 0305 0770 0419 | 0342 | J1%% | 0000 | 0866 | D020 | 0012 [ 0356 1% 0019
EcA | 0725 5% 0032|0412 25IL o013 |o7ss D100 0041 | 0372 DO 0415 | 0200 | 0000 | 0:838 | 0095 | 0003 | 0451 D30 0040
SE 0725 0500 0032 | 0412 231 0013 | o7ss Q707 o041 | 0372 050 0415 | 0228 | 0000 | 0838 | 37%% | 0.003 | 0451 0222 0040
ResNet101 | 0723 0900 0208 [ 0400 350 0016 | 0731 o)l 0043 | 0351 075 0532 | 0408 | 0205 | 0.000 | 0.808 | 000 | 0007 | 0443 D500 0059
EfficientNet | 0.645 0012 0000 | 0308 0570 0000 | 0763 0730 0014 | 0244 192 0000 | 0208 | 2147 | 0000 | 0898 | 332 | 0001 | 0352 3450 oo
GhostNet | 0609 02/’ 0000 | 0303 025 0001 | 0758 L 0064 | 0249 1% 0018 | 0234 | 0120 | 0000 | 0887 | godo | 0010 [ 0330 430 0017
MobileNetv3| 0547 020> 0000 | 0256 0519 0000 | 0711 990 0003 | 0213 310 0007 | 0232 | 9114 | 0000 | 0823 | 37°% | 0003 | 0262 D193 0002
VGGNet19 | 0546 o goc 0000 | 0235 007 0000 | 0729 0952 0141 | 0063 yeg 0000 | 0117 | D27 0000 | 0877 | Y700 | 0142 | 0053 D200 0.000
GoogleNet | 0533 00> 0000 | 0237 0991 0000 | 0194 0178 0000 | 0324 339 0222 | 1.000 | 1O 0.000 | 2000 1 0000 | 0194 178 0000
AlexNet | 0526 020> 0000 [ 0225 2177 0000 | 0806 ofo> 0000 0290 0000 | 0.000 | 9299 | 0000 | 0999 | 3200 | 0343 | 0000 D00 0.000
ShuffleNet | 0503 Dgoe 0000 | 0237 01%% 0000 | 0504 O3TF 0015 0166 J90T 0031 | 0497 | D122 | 0014 | 0499 | 3123 | 0015 | 0100 D92F 0000
CSWin | 0502 ao0 0000 | 0197 0170 0000 | 0806 A0 0343 [ 0000 oos  0.000 | 0000 | 2900 | 0.000 | 1.000 | 1000 0000 ooy  0.000

Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
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A Al &7, Swelling of Caruncle)

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).

odel | —— e e o e e | mimesh | wie

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
Inceptionv2 | 0755 0707 0164 090 0965  ors 0000 0000 0000 | 0000 | 3999 | 0.000 | 1.000 | 1000 0000 Oo0) 0000
CoAtNet | 0741 0ol 0709 | 0129 291% 0492 | 0960 )00 0280 | 0025 0 0152 | 0040 | io) | 0000 | 0994 | 2000 | 0293 | 0018 DO 0399
ResNet101 | 0738 0229 0515 [ 0141 0% 0599 | 0963 Doo3 0343 [ 0017 J021 0017 | 0014 | D018 10000 | 0998 | 9207 | 0343 | 0020 D02 0462
ECA | 0728 0012 0434 | 0101 Q97% 0110 | 0963 o0 0193 | 0020 0% 0044 | 0014 | 0010 | 0000 | 0998 | 007 | 0.168 [ 0033 Dies 0953
SE_ResNets0| 0728 0042 0434 [ 0101 097° 0110 | 0963 0920 0193 | 0020 DO 0044 | 0014 | D08 | 0000 | 0.998 | 9900 | 0168 | 0033 D2 0953
DenseNet264) 0.714 0030 0165 | 0.157 0901 0890 | 0964 o> 0343 | 0000 o000 0000 | 0000 | 0000 | 0000 | 0999 | 0% | 0343 [ 0000 00  0.000
EfficientNet | 0.668 00,3 0084 [ 0099 092> 0134 | 0960 oas 0070 [ 0017 J921 0017 | 0014 | D018 1 0000 | 0995 | 9959 | 0081 | 0020 D02 0462
GhostNet | 0632 0202 0016 | 0076 0090 0045 | 0964 oo>> 0343 | 0000 o000 0000 | 0000 | 0009 | 0000 | 0999 | 220% | 0343 | 0000 900  0.000
MobileNetv3| 0570 0203 0001 | 0054 J037 0024 | 0958 ons 0081 | 0015 So1Y 0010 | 0014 | DO% | 0000 | 0992 | 99%% | 0083 | 0017 DT 0203

GoogleNet | 0558 02> 0001 | 0065 (70> 0075 [ 0035 gog, 0000 | 0068 Jooq 1000 | 1900 0.000 | 2999 | 0000 | 0035 DO
CSWin | 0556  Doea 0000 | 0053 093 0026 | 0965 o 0000 0000 0000 | 0000 | 3999 | 0.000 | 1.000 | 1000 0000 Oo0) 0.0
ShuffleNet | 0551 0250 0003 [ 0109 090° 0306 | 0499 470 0015 | 0033  ooo0 0025 | 0500 | 0423 | 0015 | 0500 | 2i%% | 0015 | 0017 0000 0026
AlexNet | 0546 0932 0004 | 0053 0027 0030 | 0965 Oo°° 0000 0000 0000 | 0000 | 3999 | 0.000 | 1.000 | 1000 0000 Oo0) 0000
VGGNet19 | 0502 o eil 0001 | 0069 079 0078 | 0964 o>> 0343 [ 0000 o000 0000 [ 0000 | o000 | 0.000 | 0999 | 900% | 0343 | 0000 g0 0.000

Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01 |
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E 9]

Sensitivity Specificity Precision
AUROC AUPRC Accuracy F1 Score TP/(TP+EN) TN/(TN+EP) TP/(TP+EP)
Model 95% Cl 95% Cl 95% Cl 95% Cl 95% Cl 95% CI 95% Cl
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
Swelling of Eyelid
0.582 0.488 0.514 0.391 0.363 0.312 0.446
W/O Aug | 0.627 0672 0.55 0.611 0.579 0.644 0.503 0616 0.591 | 0.596 0.829 0.267 | 0.566 0.821 0.547 0.648
. 0.603 0.483 0.486 0.451 0.515 0.190 0432
With Aug | 0.627 0650 0.977 | 0.519 0554 0.405 | 0.531 0576 0.144 | 0.536 0.622 0.708 0902 04 0.609 0.124 | 0.467 0503 0.148
Redpess of Eyelid
0.652 0.157 0.889 .000 0.000 0.998 0.000
W/O Aug | 0.697 0.743 0.201 0.246 0.899 | 0.901 0.913 { —_0/4&000 0.172 0 0.000 0.18 | 0.999 1.001 0 0.000 0.168
With Aug | 0.691 8?22 0.869 | 0.205 8;2(1) 0.888 82?; 0.377 /0656\_810423 0.065 _(?10636? 0.978 ?g‘g 0.192 | 0.049 _81055
Swelling of Conleinctiva
0.682 0.109 0.872 0.023 -0.048 0.922 -0.108
W/O Aug | 0.727 0.772 0.169 0.230 0.613 | 0.92 0.968 O.Séll‘—&ﬂdii/oﬂ_‘_?’ 0.058 0.165 0.976 1.030 0.529 | 0.117 0.342
. 0.669 0.120 0917 -0.045 -0.057 0.977 -0.037
With Aug [ 0.715 0761 0.746 | 0.19 0260 0.933 0948 0.036 0116 0.858 | 0.045 0148 0.859 | 0.993 1.009 0.029 0096 0.436
Redness of Conjunctiva
0.647 0.349 0.552 0.221 0.192 0.527 0.294
W/O Aug | 0.696 0745 0.18 | 0.407 0466 0.315 | 0.685 0817 0.463 | 0.306 0.391 0.244 | 043 0668 0.815 | 0.747 0.967 0.605 | 0.445 0.595
. 0.707 0.395 0.645 0.260 0.266 0.655 0.239
With Aug | 0.749 0.791 0.452 0.509 0.729 0.813 %8 0.455 0.644 0.799 0.943 0.393 0.548 0.457
Swellﬁg of Caru)mcle
0.613 0.039 0.956 0.000 0.000 1.000 0.000
W/O Aug ] 0693 5775 021510105 475 0128 10965 g75 \Q\ o.ggo O | 0.000 " | 1.000 O 0000
. 0.700 0.079 0.956 0.000 0.000 1.000 0.000
With Aug | 0.755 809 0164 4 249 0.965 5973 1 0 0.000 | 0.000 ' | 1.000 0 0.000
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E 9]

» Redness of Conjunctiva < Swelling of Caruncle< Swelling of Eyelid < Redness of Eyelid =
Swelling of Conjunctiva

o . o o
> 8OO 29 B2 +2 42

W/O Augmentation With Augmentation
Target (S ‘20| &) AUROC Sensitivity AUROC Sensitivity
Average Average Average Average
Swelling of Eyelid (3) 0.627 0.596 0.627 0.708
RednﬁSé—d—EyEﬁd?) 0.697 0 0.691 0.065
Swel—lﬁg-oﬁtﬁfm Iva @ 0.727 0.058 0.715 0.045
Redness of Conjunctiva (1) 0.698 043 m 0.455
. ~——
Swelling of Caruncle (2) 0.693 0 0.755 0

> SoiA HE(Q HIolg =MIIR) : 672:538 / 1,094:116 / 1,121:89 / 954:256 / 1,166:44
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- = 2bXF 1237H 2| 96337l 2| original DICOM L[ O|
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Segmentation = &
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Individual Studies:
Sung-Hyun Cho
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Code Analysis(ResNet50_trust)

[15] Li, J., Han, L., Li, X., Zhu, J., Yuan, B., & Gou, Z. (2021). An evaluation of deep neural network models for music classification using
spectrograms. Multlmed/a Tools and Appllcat/ons, 1 27.

layer name ouput size 50-layer
convl 112 x 112 7 X 7, 64, stride 2
3 X 3 max pool, stride 2
1x1,64
conv2 _x 56 X 56 ! 3 X 3,64 ] X 3 256'd
1x1,256
1x1,128 1x1, 64
- 1x1,512 relu
A
1% 1,256 3x3, 64
convé_x 14x14 3% 3,256 [x 6
1% 1,1024] relu
\ 4
1x 15121 1x1, 256
conv5_x 7x7 3%3,512 [ x 3
|1 x1,2048]
relu
1x1 average pool, 1000-d fc, softmax
. A "bottleneck” building block for ResNet-50
FLOPs 3.8x10
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Code Analysis(ResNet50_trust)

Input spectrograms

Convl
Optimizer : Adam optimization algorithm
v Batch size : 64
Conv2_x Learning rate = 0.001
! Training set : Test set =9:1
Conv3_x
v Loss2=Cross_Entropy(y_true(Uniform
Loss1=Cross_Entropy(y_true(One-Hot Distribution function), y_pred(Softmax
Conv4_x encoding), y_pred(Softmax function)) function)) r=
v
Conv5_x t=a™®
v vy

Average pool, Fc, Softmax,
Loss

Loss=(1-t)Loss1+tLoss2

A

v t = a~P (t: trust factor, a : balance base, b : balance factor)

Classification
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(ResNet50 trust)

Dataset Types(the number of music audios) Duration of each audio Types(the number of music spectrograms)  Total number of music spectrograms
Classical(300) Classical(1800)
EMA Electronic(300) 306 Electronic(1800) 1936
Jazz(306) Jazz(1836)
Rock(300) Rock(1800)
Classical(100) Classical(600)
GTZAN_4 Disco(100) 306 Disco(600) 2400
Jazz(100) Jazz(600)
Rock(100) Rock(600)
Blues(100) Blues(600)
Classical(100) Classical(600)
Country(100) Country(600)
Disco(100) Disco(600)
GTZAN_10 Hiphop(100) 30s Hiphop(600) 6000
Jazz(100) Jazz(600)
Metal(100) Metal(600)
Pop(100) Pop(600)
Reggae(100) Reggae(600)
Rock(100) Rock(600)
Angry(160) Angry(1574)
EMA Happy(188) €0 Happy(1833) 6250
Quiet(160) Quiet(1536)
Sad(133) Sad(1307)
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Code Analysis(Elbir et al.)

[16] Elbir, A., Cam, H. B., lyican, M. E., Oztlrk, B., & Aydin, N. (2018, October). Music genre classification and recommendation by using
machine learning techniques. In 2018 Innovations in Intelligent Systems and Applications Conference (ASYU) (pp. 1-5). IEEE.
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' function
w | Convolution I Pooling .
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: Layer Activation Layer : 2 - Max Pooling Layer
, , 3 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation
function
Repeated
; ! 4 - Max Pooling Layer
i Fully 5 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation
Flatten = Connected > Activation —
E Layer ! function
- S 6 - Max Pooling Layer
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Output Fully o function
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X_axis = frequency X_axis = time
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X_axis = Temporal location of events (in s.)
Dynamics Rhythm
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coefficient value

X_axis = Temporal location of events (in s.)

Spectral
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coefficient value

coefficient value

X_axis = Temporal location of events (in s.)

Spectral
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X_axis = Temporal location of events (in s.)
Tonal
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MIRToolbox
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X_axis = time axis (in s.)
Spectral
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