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| Overall Progress

Related Works/Survey . .
Problem (counterparts) Experiments Analysis Proposal
= Sementic = Using
Segmentation localization
Accuracy information
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| Individual Study

Sementic Segmentation using localized information

Search keyword
- visual localization

- small object
cf
2013 Joumal of mathematical imaging and vision Image Segmentation Using Local GMM in a Variational Framework

2018 IEEE conference on computer vision and pattem Semantic visual localization
2019 IEEE reviews in biomedical engineering A Review of Automated Methods for the Detection of Sickle Cell Disease
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| ICEIC Overall Progress

Related Works/Survey

Problem (counterparts) Experiments Analysis Proposal
= |naccurate Eyelid = Analysis of =  TAO dataset = Single-task Multi- =  Automated
Length eyelid position =  Compare model task performance length
Measurement using digital performance comparison measurement
— image — - U-Net, SegNet, —p * Length — using deep
processing Deeplab V3+ measurement learning models
software =  Metric using segmented
=  Sementic - mloU images
Segmentation
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| To Do List

Experimental Results Discussion

- Feature map £+

Track feature0j|A{| First / Second Half £7|2| 2 QM

- Track / Session £7| 224 XAl
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| Introduction

Music Information Retrleval
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| Introduction

Music Information Retrieval

- Musical Similarity based Tasks R Query - by -
Example

\ 4

Explicit Query

Query - by -
Humming

——p| Playlist Generation

\ 4

Using Musical Similarity Implicit Query

Music
Recommendation

\ 4

A\ 4

Audio Query

\ 4

Multimodal Query

\ 4

Symbolic Query

\ 4

Music Video Query
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| Introduction

Playlist Generation

Playlist Generation

Reinforcement Learning

—>

Frequent Pattern Mining

Collaborative Filtering

Statistical Model
(Markov Model)
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| Introduction

Music Track Skip Prediction
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Annoying to skip these tracks
at the end of each song

- Minimizing user skip intervention
- Smooth track sequence transition

- Generating user preferred playlist
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| Related Work

Track Skip Behavior
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| Related Work

Track Skip Prediction

- Mostly based on RNN Models
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| Related Work

Track Skip Prediction
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| Related Work

1D ResNet
|
: -
Conv 1D
_—7 'L
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| Related Work

Multi-branch Convolution
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| Proposed Method |

1D Conv. +
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| Experimental Settings

MAA (Mean Average Accuracy)

T , , T : Number of tracks to be predicted
B 21 A)L()

A(1) : Accuracy to the i-th track in sequence

AA — T L(i) : Boolean indicator that if i-th prediction was correct (0, 1)
Ground Truth Predicted AA (Average Accurac
(Averag y) (%*1+%*1+%*1+§*1+§*0)

1,1,1,1,1 1,1,1,1,0 0.800 c = 0.800
1,1,1,1,1 1,1,1,0,1 0.760

] ] ) ] ] ] ] ] 1 2 2 3 4
1,1,1,1,1 1,1,0,1,1 0.710 —>(T*1+7*1+§*0+Z*1+§*1)20_710

5
1,1,1,1,1 1,0,1,1,1 0.643
0 1 2 3 4

1,1,1,1,1 | 01111 0.543 _,(T*0+§*1+§*1+Z*1+§*1)_0543
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| Experimental Settings

> Datasets
» Music Streaming Sessions Dataset (MSSD)
*  Number of Samples: 167,880 session histories (10,000 unigue session)
* Number of Classes: 2 (Skip / Not Skip)
* Input: (74, 20) - (Session & Track Features, Sequence Length) / Sequence that less than 20 includes zero padding
* Output : (10, 1) - Prediction probability for the 10 tracks in second half
» Cross-Validation for Test Performance
» 10 iterations / Group K-Fold (by Session id)
» Data Split Ratio: (Train : Test) = (0.9: 0.1)
» Hyper Parameter Setting:

Model Batch Size Epochs Loss Function Optimizer LR
Proposed

Adam

Highway 1D Conv. le-4

Encoder-Decoder 16 10 Binary Cross Entropy RMSprop

Multi-RNN le-3
Adam

RNN-Dense le-4

CAU AutoML Lab



| Experimental Results

t-test Result

Model MAA Mean + Standard Deviation Average Rank
Proposed 0.6625 £ 0.0427 1.77
Highway 1D Conv. [12] 0.5976 £ 0.0885 V¥ 3.03
Encoder-Decoder [16] 0.5357 £ 0.0912 ¥ 3.77
Multi-RNN [14] 0.6027 + 0.0583 ¥ 3
RNN-Dense [15] 0.5740 + 0.0901 ¥ 3.43

V¥ indicates corresponding model is significantly worse than proposed model at significance level a=0.05

CAU AutoML Lab



| Experimental Results

Friedman-test Result

Statistics p-value

Proposed 27.573 1.52e-05

significance level 0=0.05

Wilcoxon signed-rank test Result

Comparison models

Highway 1D Conv. [12] Encoder-Decoder [16] Multi-RNN [14] RNN-Dense [15]

Proposed versus

(p-value) Win (8.31e-04) Win (3.69e-06) Win (5.29e-04) Win (8.92e-05)

significance level 0=0.05

CAU AutoML Lab



| Experimental Results

Bonferroni-Dunn test Result

Critical Difference = 1.0198

Encoder-Decoder
RNN-Dense
Highway 1D Conv.
Multi-RNN

Proposed

CAU AutoML Lab



| Experimental Results

Discussion

- Highway Network vs. Residual Connection

Loss Comparision

— Residual Connection

060 + — = Highway Network

055 1

050 -

0.45 4

Loss

0.40 -

0.35 -

0.30 1

0.25 1

0 2 4 b g
Epochs
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| Experimental Results

Discussion

- 1D CNN Feature Maps Visualization

Basic 1D ResNet Feature Maps Multi-branch 1D ResNet Feature Maps

10

08

0 0 P B 2 50 &

10
T
T
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| Conclusion

Summary

- Proposed multi-branch 1D residual block based on 1D convolution and 1D ResNet
- Proposed method perform significantly better than conventional RNN-based models

- Explicitly split multi-branch convolution can drive high-correlated feature learning

Future Works

- Using track more audio features

- Applying grouped convolution (separate inputs into same sizes)

CAU AutoML Lab
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| Appendix

1D ResNet Variation Comparison

* DCC : Dilated Casual Convolution

Track Session Track Session
Features Features
Features Features l l
l 1 1D Conv. + 1D Conv. +
1D Conv. + 1D Conv. + Batch Norm. Batch Norm.
Batch Norm. Batch Norm.

| Leaky ReLU “ Leaky ReLU |

T T
| Lcaky ReLU || Leaky ReLU I
I I

1D Conv. + 1D Conv. +
Batch Norm. Batch Norm.

1D Conv. + 1D Conv. +
Batch Norm. Batch Norm.

I i
| Leaky ReLU || Leaky RelLLU |
I 1

A 4

1D Conv. +
Batch Norm.

Leaky RelLU
I

1D Conv. +
Batch Norm.

v
+ <
i

| Leaky ReLU || Leaky ReLU | 1D Conv. + 1D Conv. +
T T Batch Norm. Batch Norm.
1D Conv. + 1D Conv. + T
Batch Norm. Batch Norm. .
Concatenation
Concatenation e
1 !
= Leaky RelLU +
Max Pooling
]
Leaky ReLU + Ig ;lsal;‘:?
Max Pooling e
1. Proposed 2. Multi-branch

1D ResNet + DCC

Leaky RelLU +
Max Pooling

|

Dilated
Casual
Conv.

3. Basic 1D
ResNet + DCC
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| Appendix

t-test Result

Model MAA Mean * Standard Deviation | Average Rank
Proposed 0.6625 £ 0.0427 1.6
Multi-Branch 1D ResNet + DCC 0.6659 *+ 0.0402 1.4
Basic 1D ResNet + DCC 0.5399 +0.0242 ¥ 3.67
Basic 1D ResNet 0.5418 +0.0339 ¥ 3.67
w/o Residual + DCC 0.4615+0.0434 ¥ 5.27
w/o Residual 0.4616 + 0.0431 V¥ 5.4

V indicates corresponding model is significantly worse than proposed model at significance level 0=0.05

* DCC : Dilated Casual Convolution

CAU AutoML Lab




| Appendix

Friedman-test Result

Statistics p-value

Proposed 126.914 1.08e-25

significance level 0=0.05

Wilcoxon signed-rank test Result = pcc : Dilated Casual Convolution

Comparison models

Multi-Branch 1D Basic 1D : w/o Residual + :
ResNet + DCC ResNet + DCC Basic 1D ResNet DCC w/o Residual
Proposed versus | .0 4 5999) Win (1.73e-06)  Win (1.73e-06)  Win (1.73¢-06)  Win (1.73¢-06)

(p-value)

significance level 0=0.05

CAU AutoML Lab 25



| Appendix
Bonferroni-Dunn test Result

Critical Difference = 1.2443

1 2 3 4 5 6
| | | | | l

—— w/0 Residual

Multi-branch + DCC w/o Residual + DCC
Proposed ——— Basic

Basic + DCC

* DCC : Dilated Casual Convolution
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| To Do List from Previous Seminar

v' Todolist1
> Gl tract polyp segmentation Public dataset Z= A}

v To do list 2

> Medical Image polyp segmentation Deep Learning model Z=At | Paper review

v To do list 3

> Gl Tract Segmentation model: FCBFormer &
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| Overall Progress

Related Works/Survey
(counterparts)

Problem Experiments Analysis Proposal

= Gastrointestin = ESFPNet = FCBFormer = Training = Tensorboard
track Polyp =  SSFormer = Kvasir-SEG monitoring = Data
Segmentation = = ColonFormer - datasets =—> =« Wrong —> augmentation
= Train result " GMSRF-Net location = Use more data

= Low accuracy

Post-experimental
analysis

Conclusion

=P = Conclusion

CAU AutoML Lab yil



| Introduction

FCN-Transformer Feature for Polyp Segmentation

362=352x 3

___________________

'PVTv2-B3

'imagehlst
:l:er-"‘:liI'IBd:l

n ]

BB« BB B4
Up. aze

352 362w 32 i
L J L[]
358 % 552 % 66 '
L]
362 % 362 64 | FH | ; L
' i
; :
i
L
‘
SRIESIETE] | I R S ;
L
352 352 % 1 e =m e s = e m e TB
The architectures of FCBFormer TB (Transformer Branch)

362 362 » 32

FCB (Fully convolutional Branch)

The architecture, named the Fully Convolutional BranchTransFormer (FCBFormer)
uses two parallel branches which both start from a "h x w" input image:

* Encoder: transformer branch (TB) which returns reduced-size (h/4 x w/4) feature
maps.(use the PVTv2 [34] for the image encoder )

« Decoder: a fully convolutional branch (FCB) which returns full-size (hxw) feature maps.

FCN-Transformer Feature Fusion for Polyp Segmentation (Image and Video Processing (eess.lV), Computer Vision and Pattern Recognition (cs.CV), Machine Learning(cs.LG)2022)

CAU AutoML Lab 5




| Introduction

FCN-Transformer Feature for Polyp Segmentation

523523

G e (eH | (78
ro )

p. se

;’F‘-\;'I:v.zté:i ----------- PLDs  roocl i -: = Transformer branch (b)
Eﬂm:ﬁ; -: [ FCB_] = Fully conv. branch (c)

E ' [PH | = Prediction head (d)

E -: l l ) = Local emphasis (e)

¥ B | FCB | - Residual block (f)

: 'E e =3x3 conv.

EEEI:-:H-’BXIE-! ': . 4 = 1x1 conv. then sigmoid

E T = 33 conv. with stride = 2

E ' i P BRBe = Nearest neighbour upsampling
E : i Up. 2z = Group norm. with num. groups = 32
E i P SiLU] = SiLU function

: ; E x - = Xth stage of transformer

é ' ; RB (Residual Block) @ ) = Channel-wise concatenation

é -: 352 352 % 06 [re ] @) = Addion

1 x11x512

PH (Prediction Head)

TB (Transformer Branch) LE (Improved Local Emphasis) 352 % 352 1

The architectures of FCBFormer

FCN-Transformer Feature Fusion for Polyp Segmentation (Image and Video Processing (eess.lV), Computer Vision and Pattern Recognition (cs.CV), Machine Learning(cs.LG)2022)
CAU AutoML Lab 6




| Related Work

Trend Dataset Best Mode
Experimental Results :
;_/ Kvasir-SEG _ FCBFormer
-~ CVC-ClinicDB . ESFPNet-L
'_,J" CWVC-ColonDB _ ResUNet+++TTA
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Figure 1. Experimental Results for Kvasir-SEG Dataset
Figure 2. Best Model for Other Medical Image Segmentation dataset
Table 1. Experimental Results for Kvasir-SEG Dataset

Algorithms mean Dice mloU
FCBFormer 0.9385 0.8903
ESFPNet-L 0.936 0.891
SSFormer-L 0.9357 0.8905
ColonFormer 0.927 0.877
GMSRF-Net 0.9263 0.8843
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| Experimental Settings

> Datasets

+ Kvasir Dataset
*  Number of Samples: 1,000 (train: 800, test: 100, validation:100)

» Model : FCN-Transformer (FCBFormer)

» Hyper Parameter Setting:

Model Optimizer loss Epochs Batch size Learning rate
FCN-Transformer AdamwW Dice loss, BCE_loss 200 8 le-3
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| To Do List

v Todolist 1

» CVC-ClinicDB, CVC-ColonDB, ETIS-LARIBPOLYPDB &2| 2I&A polyp A&-& 0|0l H
£ AME3 FCN model ot&

» Train monitoring
» Data Augmentation
» Use more data

> Train, Test result visualization & save result
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