Individual Studies

Taekyung Song
songteagyong@amail.com
30th Nov, 2022

CAU AutoML Lab


mailto:rjsdlf45@gmail.com

Contents

1. ICEIC =&

2. Individual Study

3. LA o — =N E o]
4. To do list

CAU AutoML Lab

==



| To Do List from Previous Seminar

Contents
v Individual Study

» Sementic Segmentation using localized information

CAU AutoML Lab 3



| ICEIC Overall Progress

Problem = o) Experiments Analysis Proposal
= Inaccurate 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

CAU AutoML Lab 4



| ICEIC

Effective Eyelid Length Measurement Using Semantic Segmentation

Effective Eyelid Length Measurement Using
Semantic Segmentation

Taekyung Song
Department of Artificial Intelligence
Chung-Ang University
Seoul, Korea
songteagyong @gmail.com

Abstract—For patients with Thyroid associated Ophthalmopa-
thy, measuring of eyelid length is essential for disease diagnosis,
medical history, and identification of treatment effectiveness. In
the previous studies, after segmentation wsing PC-based com-
mercial software, the length was measured based on the image.
However, it is difficult to measure the length accurately because
the standards for delineating regions of interest are different for
each user. This paper proposes a process of measuring the length
of eyelid based on segmented images. The length is measured
using the image segmented by the model. Experimental results
demonstrated the superiority of the proposed method.

Index Terms—TAQ), Semantic Segmentation, Medical Image

Jaesung Lee”
Department of Artificial Intelligence
Chung-Ang University
Seoul, Korea
curseor @cau.ac.kr

U-shape with left and right symmetry. The left side is called
the contraction path and extracts the features of the image.
The right side is called the extension path responsible for
the decoding process, and restores the convolution. This sym-
metrical structure is characterized by bringing and combining
information on the dilatation path that is symmetrical to the
contraction path, enabling more accurate localization.

Segnet [4] was primarily motivated by scene understanding
applications. Hence, it is designed to be efficient both in terms
of memory and computational time during inference. It is also
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Sementic Segmentation using localized information

Sementic Segmentation using localized information

j/c - title - dataset abstrad~

=]
=]

IEEE journal of biomedical agjKnowledge-aided convolutional neural network: for small organ segmentation.

IEEE/CVF Intermational ConfiFine-grained segmentation networks: Self-supenised segmentation for improved long-term visual localization.

Meuro/mage An automated framewark: for localization, segmentation and super-resolution reconstruction of fetal brain MRI.

[EEE transactions on pattern|Attention-Based Dropout Layer for Weakly Supemnised Single Object Localization and Semantic Segmentation

leee Access Realtime polyp detection, localization and segmentation in colonoscopy using deep learing.

[EEE Transactions on IntelligWeakly-Supemnised Surface Crack Segmentation by Generating Pseudo-Labels Using Localization With a Classifier and Threshaolding

CVPR Interactive Segmentation and Visualization for Tiny Objects in Multi-Megapixel Images

CVPR Semantic Segmentation by Early Region Proxy

1
2
3
4
5
b
7
8
9

CWPR Semi-Supenised Semantic Segmentation With Error Localization Metwork:
CVPR VS-Net: Voting With Segmentation for Visual Localization

CVPR Exploit Visual Dependency Relations for Semantic Segmentation
CVPR Global2Local: Efficient Structure Search for Video Action Segmentation

ICLR On the Connection between Local Attention and Dynamic Depth-wise Convolution
ICCW TransPose: Keypoint Localization via Transformer
CVPR Sparse Non-Local CRF

IEEE/CVF Intemational ConfiSwin transformer: Hierarchical vision transformer using shifted windows
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Sementic Segmentation using localized information

Sementic Segmentation using localized information
no [« year . jlc - title - dataset ~| abstrad~
1 2018|/EEE journal of biomedical ajknowledge-aided convolutional neural netwaork for small organ segmentation.
2 Z019|/EEE/CVF Intemnational Conf{Fine-grained segmentation networks: Self-supenvised segmentation for improved long-term visual localization.
3 2020|Neurolmage An automated framewaork for localization, segmentation and super-resolution reconstruction of fetal brain MRI.
4 2020|/EEE fransactions on pattern|Attention-Based Dropout Layer for Weakly Supenised Single Object Localization and Semantic Segmentation
5 T ——
b cf assifier and Threshaolding
7 2011 NIPS Efficient Inference in Fully Connected CRFs with Gaussian Edge Potentials
3 2013 Joumnal of mathemati Image Segmentation Using Local GMM in a Variational Framework
g 2018 IEEE conference on « Semantic visual localization
10 2019 IEEE reviews in biom A Review of Automated Methods for the Detection of Sickle Cell Disease
11 Exploit Visual Dependency Relations for Semantic Segmentation
12 2021|CVPR Global2Local: Efficient Structure Search for Video Action Segmentation
13 2021(ICLR On the Connection between Local Attention and Dynamic Depth-wise Convolution
14 2021|1CCV TransPose: Keypoint Localization via Transformer
15 2022|CVPR Sparse Non-Local CRF
16
17
18
19 2021|IEEE/CVF Intemational ConfiSwin transformer: Hierarchical vision transformer using shifted windows
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Sementic Segmentation using localized information
« Conditional Random Field (CRF)

Efficient Inference in Fully Connected CRFs with
Gaussian Edge Potentials

Philipp Kriahenbiihl Vladlen Koltun
Computer Science Department Computer Science Department
Stanford University Stanford University
philkr@cs.stanford.edu vladlen@cs.stanford.edu
Abstract

Most state-of-the-art techniques for multi-class image segmentation and labeling
use conditional random fields defined over pixels or image regions. While region-
level models often feature dense pairwise connectivity, pixel-level models are con-
siderably larger and have only permitted sparse graph structures. In this paper, we
consider fully connected CRF models defined on the complete set of pixels in an
image. The resulting graphs have billions of edges, making traditional inference
algorithms impractical. Our main contribution is a highly efficient approximate
inference algorithm for fully connected CRF models in which the pairwise edge
potentials are defined by a linear combination of Gaussian kernels. Our experi-
ments demonstrate that dense connectivity at the pixel level substantially improves
segmentation and labeling accuracy.

Krahenbuhl, P., & Koltun, V. (2011). Efficient inference in fully connected crfs with gaussian edge potentials. Advances in neural information processing systems, 24.
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Employing Multi-branch Convolution Structure
in 1D ResNet for Music Skip Prediction

Sanghyeong Jin
linsanghyeong@amail.com
2022. 11. 29.
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| Introduction

Music Information Retrieval
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| Introduction

Music Information Retrieval

A
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| Introduction

Playlist Generation

Reinforcement Learning

Playlist Generation

Frequent Pattern Mining

Collaborative Filtering

Statistical Model
(Markov Model)

CAU AutoML Lab

¢ oHlEE gA

Spotify

el 2 6
Spotify

oz A2
Spotify

Clel A 3
Spotify

oz A 5
Spotify

e FEIETEN]
Ld Spotify




| Introduction

Music Track Skip Prediction
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| Related Work

Track Skip Behavior
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| Related Work

Track Skip Prediction

- Mostly based on RNN Models

k+1 n Track Embedding Session Encoding
\ th / \ xlf' ;‘f Fixed Emb. "7 | eamed Emb. | Attention weighting |—»output: session|
Dmpnult{ﬂ..ﬁ ) Dmpﬂl.}'[l:ﬂ.jj:l frackyy [* > tracky | LSTTM [ LsTM [ LsTM |
£ L) )
LSTM (256) LSTM (128) \69/ | El;h_ | Exb_ [ El:r+1h |
[ |
LST™M (256 [LST™ (128)] [Dense (32)]..[Dense (32) | e B o
. ¥ I - I HelU ————>output:[ Emb. |
Dl'lll t I'T ?j Playback Encoding Pradiction Nelwork
pout (0.9 - o o sipn
Dense (512) ni_states[sassion], meta) [Retv | [ Relu |
- L. Stacked | Stacked |, [ Stacked £ i
BatchNorm LSTM Y 4+ Lstm [N stateenc | [ Stacked o stacked | . [ Stacked
I A - LSTM - LSTM LSTM
Dense (317) Emb. Emb. Emb. | Emb. i
"-.' gé ; track;, playback, track; playbacks track; » playback trackimm, trackimz,a trackin
J 1 J
}r' ) First hElIfTﬂT SE55i0N Second har?—nf session
RNN-Dense Multi-RNN

CAU AutoML Lab



| Related Work

Track Skip Prediction
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| Related Work

1D ResNet
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| Related Work

Multi-branch Convolution
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| Proposed Method |
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| Experimental Settings

MAA (Mean Average Accuracy)

_ > AM@LG)

T : Number of tracks to be predicted
A(1) : Accuracy to the i-th track in sequence

AA T L(1) : Boolean indicator that if i-th prediction was correct (0, 1)
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- (Averag y) Tal4lxltoel4gnltzn0)
—\1 2 3 4 5 _
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| Experimental Settings

» Datasets
e Music Streaming Sessions Dataset (MSSD)
* Number of Samples: 167,880 session histories (10,000 unique session)
* Number of Classes: 2 (Skip / Not Skip)
* Input: (74, 20) - (Session & Track Features, Sequence Length) / Sequence that less than 20 includes zero padding
e Output : (10, 1) - Prediction probability for the 10 tracks in second half
» Cross-Validation for Test Performance
e 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 0.6796 £ 0.0398 1.53
Highway 1D Conv. [12] 0.5976 £ 0.0885 V¥ 3.13
Encoder-Decoder [16] 0.5357£0.0912 ¥ 3.8
Multi-RNN [14] 0.6027 £ 0.0583 ¥ 3.1
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 36.080 2.786e-07

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 (5.31¢-05) Win (4.28¢-06) Win (1.64¢-05) Win (7.51e-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
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| Experimental Results

Discussion

- Highway Network vs. Residual Connection

Loss Comparision

— Residual Connection
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| Experimental Results

Discussion - 1D CNN Feature Maps Visualization

Feature Maps (Before the basic convolution)
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| Experimental Results

Discussion - 1D CNN Feature Maps Visualization

Feature Maps (Before the multi-branch convolution) Feature Maps (After the last multi-branch convolution)
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| Experimental Results

Discussion - Correlations between Session and Track
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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

| I
/\ /\ i
: Track Session
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1 ! = Cl = Ll Dot Nl 1D Conv. + Batch Norm.
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Batch Norm. Batch Norm. | o L || i sy JikE I Leaky RelLU lD COHV. ot
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| Leaky ReLU || Tk el | e E— e Leaky ReLU I -
1D C:)nv. N i C(I)nv. P Batch Norm. Batch Norm. Batch Norm. | 1D Conv. + 1
Batch Norm. || Batch Norm. | Tealy REED “ Doy Felt | D Cony, L Batch Norm. Leaky RelLU
I T T L v
| Leaky ReLU || Leaky ReLU | 1D Conv. + 1D Conv. + BatCh NOI‘I‘I‘I. t I
T T Batch Norm. Batch Norm. <
1D Conv. + || 1D Conv. + e + Leaky RelLU + 1D Conv. +
Batch Norm. Batch Norm. Concatenation l 4 Max POOling BatCh Norm.
e 1 Leaky ReLLU + + <
Concatenation i Max Pooling 1 v
1 3 Dilated
L Doy BRLU 1 4 Cl a el Leaky RGLU -
. Max Pooling Dilated Leaky RelLU + Casua Max POOllng
: onv.
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Max Pooling CZZL:/H Conv. l
1. Proposed 2. Multi-branch 3. Basic 1D 4. Basic 1D 5. Residual Conn. 6. Residual Conn.
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| Appendix

t-test Result

Model MAA Mean * Standard Deviation | Average Rank
Proposed 0.6796 £ 0.0398 1.46
Multi-Branch 1D ResNet + DCC 0.6659 £ 0.0402 1.53
Basic 1D ResNet + DCC 0.5399 £0.0242 V¥ 3.67
Basic 1D ResNet 0.5418 £0.0339 V¥ 3.67
w/o Residual + DCC 0.4615+0.0434 ¥ 5.27
w/0 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 126.712 1.18e-25

significance level 0=0.05

Wilcoxon signed-rank test Result - DCC : Dilated Casual Convolution

Comparison models

Multi-Branch 1D Basic 1D . w/0 Residual + .
ResNet + DCC ResNet + DCC Basic 1D ResNet DCC w/0 Residual
Proposed versus | .. 2623) Win (1.73e-06) Win (1.73e-06) Win (1.73e-06) Win (1.73e-06)

(p-value)

significance level 0=0.05

CAU AutoML Lab 27



| Appendix
Bonferroni-Dunn test Result

Critical Difference = 1.2443

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

—— w/0 Residual

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

* DCC : Dilated Casual Convolution
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