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Outline

* Individual Studies
= Sanghyuck Lee

Sung-Hyun Cho

Su-Jeong Han

Taekyung Song

Haesung Oh
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= ddd AF0|LH, et SHIB, 2o18)

> Al B0 CT G4 718 Activity &2 B+ A 2T 20 S A|de 21
> O|| H10: ARl 7|8t CAS = FE A Baseline e 210
 MEH BT 2 E A FHA)
» A 2o ZhERek Tl g E
> O|fH H : ZhEroh Tl L& H

CAU AutoML LAB 2



Individual Studies:
Sanghyuck Lee

CAU AutoML LAB 3



Neural Architecture Search based on Super-pixel Selection

<Selector & Predictor Train Phase>

Train Selector & Predictor

( V)
Cat
) or
N ) Dog?
Origiﬁal Images Selector Images with Predictor

I Selected Super-pixels

<Neural Architecture Search Phase>

As a Preprocessor As a Backbone
New Predictor

Accuracy
PR = ot o
, Efficiency

Trained Selector
& Predictor

Final Output:
Search EDZI Search i & Ontimived Pred;
Space Strateg_;y clector ptimized Predictor
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Selector Method Comparison

« Feature Selection Methods:; INVASE, SCM, Real-X
 Dataset: CIFAR-10
e Predictor: VGG16

e 7 lterations

Table 3. Metrics with 95% confidence interval (¥ /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).

Predictor AUROC Accruracy
FS Method 95% CI 95% ClI
Average Lower p-value Average Lower p-value
Upper Upper
0.944 0.690
Real-X 0.946 0.948 0.697 0.704
0.759 0 0.347 0
>tM 0.759 0.839 (**v) 041 0.473 (**v)
0.578 0.052 0.174
INVASE 0.764 0.949 (*w) 0.478 0.782 0.126
Cl, confidence interval; *: p-value < 0.05; **: p-value < 0.01

CAU AutoML LAB 5



Qualitative Comparison

= INVASE:

» Long time
» Poor implementation detail for image data in the paper
> FS does not work often (In many cases, select all features or all features)

= SCM:

» Low Performance, need detail hyper-parameter setting
» Fixed number of features

= Real-X:
» Top Performance, but need to check experiment setting mistake
» Tensorflow 2 implementation (others are Pytorch)

CAU AutoML LAB 6



Next Step

« Approach 1: Convert to Pytorch
- High understanding of the code and algorithm
- Overall research delay
« Approach 2: Not convert, but keep Tensorflow
- Apply FS to various datasets as the next step directly

- Difficulty in application with PyTorch-based code

CAU AutoML LAB 7



Individual Studies:
Sung-Hyun Cho
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Progress

 Last Report
* Comparison result
* Dataset Integrity

 This Report

* Comparison result

CAU AutoML LAB 9



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




MIRToolbox
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MIRToolbox

X_axis = Temporal location of events (in s.)
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MIRToolbox

coefficient value

coefficient value

X_axis = Temporal location of events (in s.)
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MIRToolbox

coefficient value

coefficient value

X_axis = Temporal location of events (in s.)

Spectral
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MIRToolbox

X_axis = Temporal location of events (in s.)
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MIRToolbox

X_axis = time axis (in s.)

Tonal
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MIRToolbox

X_axis = time axis (in s.)

Spectral
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Code Analysis(proposed)

Music excerpts Mel Spectrogram

(5,128, 1296)
|

III LW L
lll !

I
“'W it !#
MFCC
(5, 96, 1296) @ : Channel-wise concatenation

fe © 06 ¢ 6——0 © 0 0 € —0 0 © O O\

\

—> Jazz
— Classical

——» Pop
—» Rock

/

Optimizer : Adam optimization algorithm
Batch size : 32

Learning rate = 0.001

Training set : Test set = 8:2
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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. Multimedia Tools and Applications, 1-27.

layer name ouput size 50-layer

convi 112 x 112 7 X 7, 64, stride 2

3 X 3 max pool, stride 2
1x1,64
conv2 _x 56 X 56 ! ] % 3 256-d

3x3,64
1x1,256
[1><1,128

1x1,64

conv3_x 28 x 28 3x3,128| x 4

1x1,512

11X 1,256 7 3%X3,64
3%3,256 |x6
[1 x 11,1024/

conv4_x 14 X 14

1x1,256

7 %7 [1x 1,512 ]
conv5_ x X 3x%x3,512 | x3
|1 X 1,2048]

relu
1x1 average pool, 1000-d fc, softmax

FLOP 38 % 109 A “bottleneck” building block for ResNet-50
S .
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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
v
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

CAU AutoML LAB




Code Analysis(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)
Electronic(300) Electronic(1800)
FMA 30s 7236
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.

Repeated . . . o .
F e e esssssssssssssssseseses 1 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation function
: Convolution . - .| Pooling 1 2 - Max Pooling Layer
—> = Activation - T . . . R .
' Layer Layer : 3 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation function
T 4 - Max Pooling Layer
5 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation function
Repeated
i i 6 - Max Pooling Layer
! Fully : 7 - 2D Convolution Layer, 5x5 sized 32 filters, LeakyReLU activation function
Flatten = Connected [—* Activation [
; Layer ; 8 - Average Pooling Layer
e e e e 9 - Flatten Layer
10 - Dense Layer, 256 nodes, LeakyRelLU activation function
11 - Dense Layer, 128 nodes, LeakyRelLU activation function
Output Fully Saftrmax
Connected |—>» Activation 12 - Dense Layer, 64 nodes, LeakyRelLU activation function
Layer
13 - Dense Layer, 10 nodes, Softmax activation function, as output layer
Convolutional Neural Network Configuration Convolutional Neural Network Summarization
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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

ResNet50_trust

Dataset (Genre) Proposed ¢ =) Elbir et al. GA Mel & MFCC
Ballroom 58.79 + 3.96 48.86 + 4.41 39.29 + 3.82 83.67 +4.64 70.0 £3.70
Ballroom-Extended 85.32+0.61 75.89 + 3.09 39.07 +1.49 64.49 + 1.41 81.7 + 1.55
FMA-MEDIUM - - - 51.98 + 0.88 ;
FMA-SMALL 51.69 - 3741+ 0.74 20.14 + 1.56 56.3 + 0.99
GTZAN 87.70 £ 3.01 74.50 + 3.78 58.85 + 3.79 75.70 + 3.03 86.4+ 2.14
HOMBURG 5413 +191 54.50 + 2.93 47.14 £ 1.89 31.17 + 2.88 -
ISMIR04 80.07 + 1.64 68.36 + 1.61 62.28 + 2.42 89.89 1+ 1.97 -
MICM 49.39+1.79 39.56 + 2.53 39.12 + 2.78 7.80 £ 3.20 40.0 + 2.85
Seyerlehner-Unique 71.03 +1.49 63.88+ 1.53 55.59 + 3.45 65.59+1.92 -

Avg . Rank
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Individual Studies:
Su-Jeong Han
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Progress

Last Report

This Report

Kt HA7EX 9] LHE

- AX7 segmentation M %2

- 50| 7ot7| X2 Hd 2tm
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1. AxT MI_13EIOIM

. BEX}F 12373 9] 9633709| original DICOM | O| E

1 9633 * 12712| masking Cl|O|

- A 3l 302

- OIO[HA 1 A= 2tE S 1A =3 &Y 2= -> 4 TdS

e PredictZ} & =l data= ClA| train data® AFE3}0] CHA| test XK

> M4 o
oF i i

y

-> predict O|O|X|7F X E[O Hd3= 322 M Td S
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2. 3D MI_13EIOIN

1075 2tX 1% =

225 =white i
10040.dcm IF& 2| E O
o : 0 = black
HIOIE 2 AtO[=: ac = 7t2 * M2 * selecEl pixel =

512*512

Nz

Segmentation = &

Counting 7t2 : 0.390625

M2 : 0390625
o T =0|:1.00
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Individual Studies:
Taekyung Song
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Introduction

« ImageNet — Image Classification Algorithm
- AlexNet, VGGNet, GooglLeNet, ResNet
+ MobileNet, NASNet, EfficientNet etc.
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Paper Review

Paper Title: ImageNet Classification with Deep Convolutional Neural Networks

Authors: Alex Krizhevsky, llya Sutskever, Geoffrey E. Hinton

Ermr rate

Classification: ImageNet Challenge top-5 error

Conference: NIPS 2012

152 layers

; 16.4

\ 11.'»‘I
22 layers 19 Iayefs |

\6?

35? I_ I | Bla',fers | 8layers | shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13 | ILSVRC'12 | ILSVRC'11l  ILSVRC'10
ResNet GoogleNet VGG AlexNet
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AlexNet

 Data set

- down-sampled the images to a fixed resolution of 256*256

* Architecture
- ReLU Nonlinearity
- Training on Multiple GPUs

- LRN(Local Response Normalization)

- Overlapping Pooling

* Prevent Overfiting

- Data Augmentation

- Dropout

CAU AutoML LAB




AlexNet

. Model « Data: Cifar-10

airplane H-V ' ..nz-ﬂ!
automobile E b= E 1AL
bird E. ﬁ.ﬁ\ '-HH
- EEUESEEES P
ceer [ IR P O T M R
s [AESEIEPIE AR
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i s Bl e EI R0 e
wack o R s 58 S (L
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O | .L.

1 N
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. Result
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Llrn--u 17
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]
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Ran- ’rHIrHt I|- paramns: [
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Next progress

* VGGNet vs GoogleNet

- Simonyan, K., & Zisserman, A. Very deep convolutional networks for large-scale image reco-
gnition. arXiv preprint arXiv:1409.1556. (2014)

- Christian Szegedy, et al. Going Deeper with Convolutions. CVPR. (2015)
+ Min Lin, Qiang Chen, Shuicheng Yan. Network In Network. arXiv:1312.4400. (2014)
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How to pre-process an image and apply it with XAl

Image data ]
[ L] \ Labeled Image Image Segmentation P

* ¥ Training

Fully Convolutional
Network

1l Add

UL ]ﬂ Add
I~ V
Input

New P—
Learning | mp “ ‘
Process
Training Explainable Explanation User with

Data Model Interface a Task

ﬂﬁmp[
|

* Understand why
« Know when succeed
« Know why error occurred
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Individual Studies:
Haesung Oh
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Progress

* Last Report
« Universal Weakly Supervised Segmentation by Pixel-to-segment Contrastive Learning ===

A8 fedole 8 F OeE=

* This Report
e WSSSO| A|XT} &&= =292 CAMI} Grad-CAMS| #+3 &1 A1} =+9l
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Class Activation Map (CAM)

[NORMAL] CAM Im

[PNEUMONIA] CAM Image
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Gradient weighted Class Activation Map (Grad-CAM)

Original

Stage0_Conv_features Stage4_Conv_features
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Stage18_Conv_features
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Medical Weakly Supervised Semantic Segmentation

Pseudo Mask Generation

Inputs

\ 4

Augmentation

Unsupervised post-processing

Segmentation
Outputs

Pseudo Mask
Model Outputs

Weighted-avg
Outputs

Segmentation
Labels

Training

Segmentation
Model
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Government-funded Research Projects:
ZEARAM O 21

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

/ L
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O'E" E1|0|E1 %

ERCE
Ho A= 8 *H)H
1 Swelling of Eyelid FHE X = 7|
2 Redness of Eyelid =/H=E 7|
3 Swelling of Conjuinctiva Zar 5':7|
4 Redness of Conjunctiva 295 77|
5 Swelling of Caruncle -_rL9| =7|
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AFEl 7|HF CAS =2 Baseline 23 TIdd L&

. M3 24 ;1450 Hojy 2
« AlexNet, ResNet, VGGNet, GooglLeNet, DenseNet, InceptionV2, MobileNet, ShuffleNet,
EfficientNet (O] & 22{Al 9F), CSWin, CoAtNet, ECANet, GhostNet, SENet (O|& Z|4Al 5&)
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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
GoogleNet | 0.668 oo 0623 ool 0556 gou0 0626 | 0626 0003 0819 | 002 034 | 3% | 0047 | 0534 Q278 0778

ECANet | 0599 020 0001 | 0555 o207 0002 | 0574 02> 0481 Q3ot 0021 | 0477 | 9250 | 0011 | 0651 | paco | 0638 | 0544 oo

SENet | 0599 Qo0 0001 | 0555 207 0002 | 0574 Qp3e 0481 0308 0021 | 0477 | 3320 | 0011 | 0651 | Qo | 0638 | 0544 Jgo0
ShuffleNet | 0595 027 0 | 0545 0290 0005 | 056 oooe 0403 | 0599 0200 0188 | 0729 | 00 | 0309 | 0406 | 052, | 0069 | 0522 eae 0304
ResNet | 0579 0201 0 | 0535 033 0002 | 0556 0200 0492 | 0536 D92l 0118 | 0631 | Oail | 0145 | 048 | 0312 | 0049 | 0538 aec 0906
EfficientNet | 0567 0200 0 | 0523 a0 0 | 0520 0207 0054 [ 0539 2970 0037 | 0645 | 057 | 0,069 | 0446 | 0205 | 0079 | 0508 Qpl; 0112
MobileNetv3| 054 020, 0 |0492 BT o | os2 023 0027 | 0425 02 0011 | 0483 | 0510 | 0033 | 0541 | 3208 | 0358 | 0489 Opai 0051
GhostNet | 0523 0fcc 0 | 0486 ool 0 | 0515 ogo0 0033 | 0423 ool 0026 | 0538 | ooao | 0053 | 0474 | 037° | 0221 | 0451 0270 0086
CoAtNet | 0519 0200 o | o481 Ofod 0 |o0sos OF7% 0033|0352 D13 0002 | 0402 | 31%% | 0004 | 0593 | 9290 | 0211 | 0438 0250 0009
inceptionv2 | 0516 o070 | 0474 083 0 | 051 0930 0016 | 0426 ool 0007 | 049 | 0252 | 0036 | 0532 | 0520 | 0287 | 049 o, 0165
AexNet | 0506 Oel3 0 | 0466 gees 0 | 0499 Q8 0002 | 0428 J20S 0042 | 056 | 027° | 0.179 | 0424 | 01901 0106 | 0365 02> 0046
cswin | 0501 0aoY 0 |47z 220 0 | o5 2io% 0005 | 0316 gorl 002 | 05 | 045 | 0159 | 05 | 242 0372 | 0231 00 0008
DenseNet | 0497 Oeo) 0 | 0465 Oaer 0 | 0502 OaT% 0024 | 0a7s 0207 o072 | 0633 | I3 | 0249 | 0372 | QLT | 0012 | 0448 2323 0033
VGGNet | 0497 a2 0 | 0471 Qa0 0525 070 006 0242 927 0001 | 0287 | 900 | 0.007 | 0722 | Joo) 0399 050% 002

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
GoogleNet | 0617 oo 0173 0138 0596 o8 0225 | 0163 103 0159 | 0467 | 0120 | 0289 | 0614 | 3% | 0214 | 0136 D12 0493
InceptionV2 | 0546 0900 0135 | 0168 0020 0855 | 0532 gocl 0032 | 0188 0131 0509 | 03 | 0317 | 0537 | 033> | 0031 | 0183 oo
CotNet | 0541 0% 006 | 0123 0000 0002 | 0559 0227 0268 | 0156 0712 0309 | 0as2 | 3184 | 0257 | 0571 | 02T | 0267 | 0156 0% 0632
AexNet | 0538 of0c 0079 [ 0138 0957 0111 | 051 0230 0122 | o115 9% 0087 | 052 | 1% | 0397 | 0511 | 027> | 0114 | 0095 0722 031
ResNet | 0537 0775 0025 | 0127 D90 o018 | oes2 0250 0811 | 0141 D710 0075 | 02sa | 0990 | 0015 | 0732 | 0932 | 0s2s | 0117 2950 o0a7
ShuffleNet | 0532 0aog 0011 [ 012 0922 0 | 0643 2523 0592 | 0107 02020 0043 | 0316 | ool | 0031 | 069 | ool | 0639 | 0104 2920 0353
VGGNet | 0519 ool 0007 | 0135 09 006 | 0531 0323 0081 | 0134 09°° 0156 | 0479 | 0233 | 0205 | 0536 | 0277 | 0072 | 0081 Q97 0434
GhostNet | 0517 0920 0032 | 0121 9907 0002 | 0705 oo 0119 Y51 0028 | 024 | Jose | 0043 | 0758 | ooo! 0106 27 0278
MobileNet | 0511 0478 0002 | 012 00° 0009 | 0478 %1% 0037 | 0164 01> 0288 | 0533 | 3293 | oass | 047 | 0210 | 0036 | 0120 2998 o4s3
ECANet | 051 0208 0009 | 0124 10> 004 | 0626 o500 0125 [ 0134 0902 0045 | 0352 | 2120 | 0.083 | 0658 | 0520 | 0.116 | 0093 091 0.186
SENet | 051 oaca 0009 | 0124 079 004 |02 0570 0125 | 0134 092 0045 | 0352 | 0130 | 0083 | 0658 | 0920 | 0116 | 0093 Q9L o086
DenseNet | 0506 ogor 0022 [ 0121 9901 0003 | 0583 o901 0245 | 0138 0920 0235 | 0391 | 00>0 | 0034 | 061 | 0301 | 0269 | 0105 9% 0336
Cswin | 0505 0320 0021 | 0146 J10% 0219|0333 0005 0021 | 0125 0901 026 | o7 | 03 03 | D21 0025 | 0068 097 0134
EfficientNet | 0.489 o rag 0002 | 0121 0007 0006 | 0662 go0> 0637 [ 0122 0900 0042 [ 0266 | 0708 | 0013 | 071 | 0220 | 0676 | 0097 oY% 0261

Cl, confidence interval; *: p-value < 0.05; **: p-value < 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

GoogleNet | 0655 0023 0171 0123 0705 Qgonr 0151 | 0181 O108 0409 | 017> | 0051 | 0728 | 280 | 0134 | 0167 0903
Inceptionv2 | 0617  ooce 0107 | 0121 0900 0062 | 0493 0230 0002 | 0476 0157 0901 | 0668 | 0ar 0477 | 2257 1 0002 | 0107 Q9% 0165
ShuffleNet | 0606 0201 0062 | 012 0% 0048 | 0853 D778 009 291 0041 | 0134 | 2900 | 0001 | 0917 | 3530 008 9% o046
ECANet | 0602 (2% 0031 [ 0112 0000 0035 [ 0669 oo00 0047 | 0147 0110 0397 | 0375 | 0100 | 0031 | 0694 | 020> | 0041 | 011 QY13 0202
SENet | 0602 goos 0031 | 0112 9% 0035 | 0s69 Qovr 0047 | 0147 7% 0397 | 0375 | 0193 | 0031 | 0694 | 320 | 0041 | 011 9903 0202
EfficientNet | 0585 020> 0037 | 0138 0000 0077 [ 0723 022l 0128 [ 0138 9070 0346 | 032 | 000 | 0021 | 0756 | 0odl | 0126 | 0.148 Q5.0 0782
ResNet | 0575 0212 0016 | 0123 0970 0172 | oe23 055 0023 | 0127 2981 0113 | 0428 | 0120 | 0061 | 0643 | 0923 | 0022 | 0079 Q%2 0054
DenseNet | 0563 o2c7 0002 | 041 0273 0075 | 0473 0801 0008 | 0159 0115 0522 | 0613 | 0o | 07 | o462 | 910 0008 | 0103 07°% 047
MobileNet | 0533 04%> 0013 | 0097 0971 0024 | 0731 D% 0005 | 0142 J950 0349 | 0257 | D137 1 0008 | 0772 | 3873 | 0003 | 011 D950 0234
AlexNet | 0523 0797 0001 | 0083 0000 0006 | 0545 2ol 0041 | 0085 oooo 0021 | 0457 | 0l | 0192 | 0549 | 0ol | 0042 | 0049 O 0015
CoAtNet | 0516 070 0 | 0108 003 0031 | 0493 02 0015 | 0114 D00% 0101 | 0s29 | 9237 | 0368 | 0493 | 0901 | 0014 | 0068 007 0,053
GhostNet | 0509 0g20 O | 008 oocr 0005 | 066 o> 006 | 008 o0 0021|0271 | 093 | 0006 | 0694 | oars | 0064 | 0068 71> 0102
VGGNet | 0505 0g2a 0 | 009 09 0014 |03s1 0% o Joms 29 o3 | 0so | 0223 | oss | 0366 | X120 | o | 007 Q%7 0026
cswin | 0498 oo 0 0089 9% 0011 | 0415 210 0009 | 0087 0932 0078 | 06 |02l | 063 | 04 |29 | 001 | 0047 D07 0027

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

CAU AutoML LAB




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
GoogleNet | 0.753 023 0482 358 0627 ol% 018 | 04s6  J90c 0703 | 022t 06 | 0312 | 0046 | 0384 Ol 0694
inceptionv2 | 0652 0200 0001 | 039 032° 0014 | 0573 0902 002 | 0337 g0 0035 | 0568 | goo0 | 043 | 0578 | 007 | 0011 | 0309 0557 0235
DenseNet | 0642 O°/% 0002 | 0392 0200 0023 | 0587 0902 0142 | 0359 020 0034 | 0563 | 330 | 0275 | 0605 | 0ot | 0066 | 0307 358 0225

ShuffleNet | 0635 0000 0 | 0368 0500 0001 | 0687 ooo) 0781 | 0247 1% 0002 | 0303 | 0ooo | 0009 | 0812 | Jool | 0902 | 0425 0o
ResNet | 0623 0200 0001 | 0338 0272 o004 | 0703 J87 0284 013 0017 | 0312 | 3740 | 0008 | 0823 | 943 0322 0417 0385
ECANet | 0615 0200 0 0331 0300 0 |0602 0220 0011|0367 0503 0017 0538 | 0200 | 0042 | 062 | 9500 | 0.005 | 0303 050 067
SENet | 0615 ooro 0 | 0331 O30T o |oeo2 0230 0011|0367 O3 0017 | 0538 | 0203 | 0042 | 062 | 3992 | 0005 | 0303 0228 o067
CoAtNet | 0608 0200 0001 | 0349 0503 0 | 0565 ooa0 01110308 o500 0 | 049 | 0227 | 0136 [ 0593 | ga05 | 011 [ 0353 2930 0353
EfficientNet | 0602 0220 0 [ 0323 057 o001 | 087 0931 0sss | 0207 053% 0002 | 0206 | D212 [ 0001 | 0803 | 073% | 0633 | 0319 023> 0247
MexNet | 0572 220 0 o201 293° o |osaa 0372 0066 | 0272 150 0007 | 0499 | 0211 | 0157 | 0562 | 050 | 007 | 0338 i3 0536
GhostNet | 0569 021> 0 | 020 0237 0001 | 0556 0930 0013 | 028 Q101 0013 | 048 | 223 | 0122 | 0se3 | 0a20) | 001 | o288 %2 o189
VGGNet | 0565 o202 0 | 0281 o530 0 [0604 037 017 0253 01 0001 | 0397 | 700 | 0.009 | 0667 | 05 | 0247 | 0379 o0 0707
MobileNetv3| 0563 0ol 0 0281 J2% 0 |os7s 0922 0054 | 0277 1% 0001 | 041 | 9510 | 0004 | 0604 | 3378 | 007 | 0255 9533 0059
cswin | 0479 0a0 0 0233 2900 0 |oses 0320 o154 | 0154 0012 0003 | 04 |09 0141 | 06 | 053 | 0238 | 0096 o7or 0001

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
ResNet | 0641 03] 008 J9° 0358 | 065 Qacl o288 | 0115 J9% 0528 | 0283 | 0479 | 0656 | J9° | 028 | 0078 090 0733
CoAtNet | 0625 0230 0793 | 008 ooe 0413 | 0517 511 0009 | 0098 750 0645 | 0644 | 052 0511 | 0255 | 0008 | 0,055 003 0.465
ShuffleNet | 0624 040> 0853 | 0.104 0927 0609 ga0s 0227 | 0076 0933 0222 | 0505 | 0130 | 0463 | 061 | 3334 | 022 | 0oa3 Q00 031
MobileNetv3| 0623 o>o) 0728 | 0092 72 0734 [ 0507 0577 0053 [ 0069 002 0184 | 0593 | 9227 | 078 | 0504 | 0920 | 0.054 | 0037 Jore 0251
GoogleNet | 0615 0211 0720 [ 0091 0927 0755 | 0509 057° 0078 | 0106 J9%0 0675 | 0625 | 072 | 0902 | 0509 | 32%9 | 0076 | 0082 0000
ECANet | 0611 2% 0569 | 0056 oo 0174 [ 0556 0220 0109 [ 0087 o00) 0474 | 0555 | 2622 | 063 | 0561 | 010 | 0.108 | 0056 oo  0.488
SENet | 0611 Q0o 0569 | 0056 0030 0174 | 0556 go20 0109 | 0087 090 0474 | 0555 | 0220 | 063 | 0561 | 0317 | 0108 | 0056 one  0.488
cswin | 0589 0200 04 | 0061 Jocc 0327 | 059 03l 0247 | 0026 ooon 0061 | 04 | 0931|0228 | 06 | 0ol | 0256 | 0013 oo0) 0107
InceptionV2 | 0567 O2/% 0175 | 0045 D023 0087 [ 0572 J5% 0112 | 0068 o) 0295 | 0522 | 9223 | 0477 | 0577 | 0315 | 015 | 0038 302 03
DenseNet | 0553 0905 0185 [ 0052 ool 0073 | 0403 g’ 0001 | 0058 ool 0141 | 0546 | 0200 | 0481 | 0401 | 212> | 0001 | 0035 001 0217
VGGNet | 0534 0912 0149 [ o071 0920 042 |os11 0323 o014 | oora 97 0296 | 025 | 9522 | 0467 | 0512 | 3397 | 0015 | 0041 0014 03
EfficientNet | 0531 0 oqo 0105 | 005 007 0103 [ 0784 5% 0046 Q000 0059 | 0213 | 2921 | 0001 | 0805 | OO7 0027 o0 01
AexNet | 053 2993 0205 | 0047 Q027 0142 | 045 219 0077 | 0oas QU0 0141 | 0se | 0222 | oese | 0451 | 0010 | 0081 | 0024 2010 0473
GhostNet | 0496 0200 0101 | 0043 Joco 0089 | 0531 03,2 0035 | 008 o070 0289 | 0499 | ool | 0257 | 0528 | 050> | 0037 | 0048 o, 0256

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

1) X3 HOIENS B4 1, 57§ $SES0| Ao} BrEto| of2f@ FECIK|. E3 ATNY Hol=
+9/7t S
W — .

A

O|&5ad ML EHH Bhg| .
x|
L

S M ooyt AEIS
S2S0|M O EHst #OE Wa 2w s} oF E[X|0t 03t H 0| B3t O|ALO iatM HAE 4
ol XSOl A Zo}g.

ACH} AFRICZ WO L] MAMst H3=0| & o 20| Lt (conjunctival swelling) Et £2=1t CHE7F XA
AR 1 3.:.* L|Ct (redness of eyelid)
MLHA 0|+ redness of conjunctiva, swelling of caruncleZt #|2 A £1
swelling of eyelid 7t Z=& OfOfSHXA| T 1 Ch3,
Al

Jd2|10 AP 2= redness of eyelidLt swelling of conjunctivas SHASHA| %2 22 & o 20|l A Z
= LTt
= .

» ofofiet At B=. -> 20| st55t7| ogE 5 US.

» redness of conjunctiva < swelling of caruncle< swelling of eyelid < redness of eyelid = swelling of
conjunctiva
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E 9]

> redness of conjunctiva < swelling of caruncle< swelling of eyelid < redness of eyelid = swelling

of conjunctiva

> | HO|E &9 &E =5 7S
FQ H0| =
Target o| Best Model |AUROC Average/AUPRC Average

Swelling of Eyelid 3 GoogLeNet 0.668 0.623
Redness of Eyelid 4 GoogleNet 0.617 0.173
Swelling of Conjuinctiva 4 GoogLeNet 0.655 0.171
Redness of Conjunctiva 1 GoogLeNet 0.753 0.482
Swelling of Caruncle 2 ResNet 0.641 0.08

> = %7 el Hl= 1,166 : 44
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