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| Introduction

» Automatic segmentation of medical image is a essential setp in the quantitavitve diagnosis of
many diseases, such as A task, B task, C task, ...
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| Related Work

Pilot survey (Dataset & Counterparts)

» Last two years of MICCAI and TMI — Segmentation (315 papers)
» 60/ 315 papers completed

» Tasks: Ultrasound (cardiac, breast), X-ray (cardiac), Colonoscopy (polyp), Microscopic (cell), Fundus
(eye), Dermoscopic (skin)

» Scope: Single type datasets (one specific task) or Multiple type datasets (multiple medical image type)

CAU AutoML Lab 6



| MStA™H T 2N E (swE OISR AR
o2 2K ol
> oK == 2H

= 2022 IEEE International Conference on Consumer Electronics-Asia (ICCE-Asia) 271 Al X & ¢!
(SE 2=, ETAYM AHF, 10.27~10.28 0= & A= (0|4, ZHEH))
a
_|

d MM = HES

> 59

NN

CAU AutoML Lab 7



| TAO 3 (CAU Hospital & NVIDIA)

Activity & Treatment
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> 742l &7 : Related Work — Pilot survey A< %l
= Survey?t 74 A U0 52 2|0

P>
pal
OOI'

(23 HO|EAl U HmYTEE 2N
Fet AL
A

= =1 - — o
« Survey A% ZIHSIHAM, 2D(SF5H7(0| =) vs SD(RHE L 7|0 B22) OlEH ez He| FLX|
« CTZEO| domain Z7&0| =4, CHE 2D domainO| M &2 X|.
- ZH OOIHMO HRE EA(C2 Y, +28) 22 S (GIHe 28, 2 8) 7t Z XK.
- 3DE 7ICHH, TAO H|O|H Ao HESdt= A0 FESA.

> SWE MR LAY - E8 2 A% 72

2 59
> TAO A1 : Activity =& 2|41, Label O|O|E{ ==l nvidia driver, docker, singularity & X| & &t&

-1

SH
o
> ZY=E minor =Y Y, UH XHE 57, IEEE Access A0 SHF LI X| MM &

CAU AutoML Lab



Thank you



Multimodal Early Fusion Transformer for
stock price prediction

Tae-Won Lee
leetee95@agmail.com
12th Oct, 2022

eqw 22 CYIML

CAU AutoML Lab


mailto:leetee95@gmail.com

| To Do List from Previous Seminar

O]t

A

=2 ppt B4

« Shapiro test results

CAU AutoML Lab 2



| Overall Progress

Related Works/Survey .
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= DTML =  Metric
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\

Post-experimental Conclusion
analysis

=  Accuracy
improvement
(0.506->0.516)

*» Ranking mean
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» (248 21.72)

=  Conclusion
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| Proposed Method

Multimodal early fusion Transformer
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| Experimental Setting

Comparison algorithm
 CNN-BILSTM-AM [1]: Hybrid deep learning model
 AdVvLSTM [2]: Adversarial Training

« DTML [3]: learning correlation between stocks # Transformer

Performance Measure

TP+TN

0 — X
Accuracy() = zo v Fp v N < 100

[1] W. Ly, J. Li, J. Wang, and L. Qin, “A cnn-bilstm-am method for stock price prediction,” Neural Computing and Applications, vol. 33, no. 10, pp. 4741-4
753, 2021.

[2] J. Yoo, Y. Soun, Y.-c. Park, and U. Kang, “Accurate multivariate stock movement prediction via data-axis transformer with multi-level contexts,” in Proc
eedings of the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining, pp. 2037-2045, 2021.

[3] F. Feng, H. Chen, X. He, J. Ding, M. Sun, and T.-S. Chua, “Enhancing stock movement prediction with adversarial training,” arXiv preprint arXiv:1810.09936, 2018.
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| Experimental Result

1. Shapiro-Wilk normality test

Shapiro-Wilk Statistic Critical values (a =0.05)

Proposed Method 0.9485
CNN-BILSTM-AM 0.9791
0.955
AdVLSTM 0.9725
DTML 0.9727

2. Friedman test (Multiple comparisons)

Friedman statistic Critical values (a =0.05)

Accuracy 24.084 2.557

3. Bonferroni-Dunn test (post-hoc test)

CD=0.61812
| |
0 Sa [
| | | | | |
| L

CNN BILSTM Attention

AdversarialLSTM —
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| Analysis

Early fusion method

Late fusion method
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| Overall Progress 2
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| Introduction
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| Related Work

[1] Li, J., Han, L., Li, X., Zhu, J., Yuan, B., & Gou, Z. (2022). An evaluation of deep neural network models for music
classification using spectrograms. Multimedia Tools and Applications, 81(4), 4621-4647.

[1] P — <
AvgPool2d
. 2888 bégs Dense
o = 1= s 5| S
S IIDEEED O O
< NN N W W W
= N W 11 Softmax
Loss

Loss =(1—t) -Lossl+t-Loss2

t =a? (a: balance base,b : balance factor)
Loss1 = Cross_Entropy (y¢rye (Onehot encoding), ypreq (Softmax function))
Loss2 = Cross_Entropy (y¢rye (Uniform Distribution function), ypreq (Softmax function))
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| Related Work

[2] Pelchat, N., & Gelowitz, C. M. (2020). Neural network music genre classification. Canadian Journal of Electrical and
Computer Engineering, 43(3), 170-173.

[2]

70 * 2.56s
Dropout
Dense
g P g & g
! =) o > — > |_
1= T Cc $ C
" [ P Fie [ MaxPool-1 ™ MaxPool-2 & MaxPooI 3 MaxPooI 4 MaxPooI 5 MaxPooI 6 Softmax
i Music excerpts Mel Spectrogram Cross :
| Entropy | )i
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| Related Work

[3] Cheng, Y. H., Chang, P. C., & Kuo, C. N. (2020, November). Convolutional neural networks approach for music genre
classification. In 2020 International Symposium on Computer, Consumer and Control (IS3C) (pp. 399-403). IEEE.

Softmax

— |

Cross
Entropy
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CAU AutoML Lab



| Related Work

[4] Shah, M., Pujara, N., Mangaroliya, K., Gohil, L., Vyas, T., & Degadwala, S. (2022, March). Music Genre Classification using Deep Learning.
In 2022 6th International Conference on Computing Methodologies and Communication (ICCMC) (pp. 974-978). IEEE.
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| Proposed Method

Model 12l
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| Experimental Settings

Datasets
Dataset Patterns Avg. Length # of Classes Average Patterns per Class + Standard Deviation
Ballroom 698 30 8 87.250 + 17.555
Ballroom-Extended 4180 30 13 321.54 + 195.70
emoMusic-G 744 45 8 93.00 + 16.1776
Emotify-G 400 43 4 100.00 + 0.00
FMA-SMALL 7996 30 8 999.500 + 0.500
GiantStepsKey-G 604 80 23 24.9130 + 28.0274
GMD-G 1042 300 18 57.89 + 70.07
GTZAN 1000 30 10 100.00 + 0.00
HOMBURG 1886 10 9 209.56 + 134.87
ISMIRO4 127 120 6 121.167 + 95.602
MICM 1137 360 7 162.429 + 119.717
Seyerlehner-Unique 3115 30 10 311.500 + 248.349

Cross-Validation for Test Performance
= 10 iterations

» Data Split Ratio: (Train : Test) = (0.8 : 0.2)

CAU AutoML Lab



| Experimental Settings

Hyper Parameter Settings

Model Batch Size Epochs Loss Function Optimizer LR Weight Decay
Proposed 16 Cross Entropy Loss
Proposed Loss
[1] 64 Function
2] 128 60 Cross Entropy Loss Adam le-3 le-4
[3] 32 Cross Entropy Loss
[4] 32 Cross Entropy Loss
Performance Measure
. TP+ TN Evaluates the overall effectiveness of a model
Accuracy(%) = TP+ TN+ Fp + FN < 100 m) Higher value, Higher Performance

TP : True Positive TN : True Negative

FP : False Positive FN : False Negative
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| Experimental Results

Model Comparison Based on Accuracy v :99% significance level
v* : 95% significance level
Dataset (Genre) Proposed Lietal. [1] Pelchat and Gelowitz [2] Cheng et al. [3] Shah et al. [4]
Ballroom 58.29+1.91 4571+ 2.86V** 4243 £ 2.29V9** 48.07 + 4.79 ¥ ** 47.71 £ 4.58V¥**
Ballroom-Extended 85.49 +1.06 61.82 + 3.79¥** 44.68 + 1.30¥** 62.88 £ 4.70¥** 54.38 + 5.33¥**
emoMusic-G 36.04 + 0.95 27.72 £ 3.509** 2899+ 1.78V¥** 3295+ 2.92V¥* 31.34 + 3.66¥**
Emotify-G 74.88 + 2.53 62.78 £ 2.70 ¥ ** 67.50 £ 4.17V¥** 66.00 + 3.32¥** 65.88 + 5.62¥**
FMA-SMALL 57.331+0.94 4703+ 1.31V9* 4219+ 1.16¥* 4696 + 1.62V¥** 40.88 +1.73V¥**
GiantStepsKey-G 37.27+1.80 28.43 £ 3.15¥* 2521+ 2.53¥* 27.19 £ 290V¥** 2430+ 2.119*
GMD-G 67.13 +1.13 61.91 + 3.04V¥** 63.44 + 1.719* 39.38 £ 3.36¥** 3536 £ 6.35¥*
GTZAN 82.00 + 2.24 77504+ 3.81V¥* 63.35+ 2.08¥** 75.10 + 3.84V¥** 7250+ 2.13¥**
HOMBURG 58.76 +1.15 53.49 £ 1.59V¥** 51.01 £ 1.51¥* 52.54 £ 2.55¥** 48.15 £ 2.14V¥**
ISMIRO4 80.59+1.41 70.96 + 2.93¥** 67.88 £ 1.70 ¥ ** 7132+ 1.37V9* 67.67 £ 1.99¥**
MICM 43.25+2.32 37.81+3.32V¥* 39.30 £ 2.21V9* 3842 +3.16V¥* 39.34 £ 2.28V¥*
Seyerlehner-Unique 72.57 +£1.19 63.62 + 2.56'¥** 60.72 + 2.73¥** 63.50 + 2.79¥** 61.62+ 1.70¥**
Total Win/ Tie / Lose 48/0/0 16/16/16 3/15/30 15/19/14 5/16/27
Avg . Rank 1.00 3.17 3.92 2.83 4.08
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| Experimental Results

Friedman Test

Evaluation Measure Fr Critical Value(a = 0.05)

Accuracy 29.133 2.498

Bonferroni-Dunn Test

CD=1.61

Tlil\lfl

Cheng et al. [3]

Proposed

Lietal [1]

Pedkchat and Gelowitz [2]

Shahetal [4] =
<Accuracy>
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| Experimental Results

Comparison to Single Features (GTZAN)

Iteration All STFT Mel-Spectrogram MFCC

1 85.50% 72.50% 76.50% 64.00%

2 83.00% 70.50% 79.00% 67.00%

3 84.00% 74.50% 78.50% 59.00%

4 82.00% 76.00% 80.50% 61.50%

5 80.50% 72.00% 76.00% 60.00%

6 82.00% 73.00% 76.50% 66.00%

7 84.00% 75.50% 74.00% 68.50%

8 81.50% 76.00% 80.50% 62.00%

9 79.00% 79.00% 80.00% 59.00%

10 78.50% 75.50% 78.00% 62.00%
Average

82.00% 74.40% 77.95% 62.90%
Accuracy

CAU AutoML Lab 1



| Experimental Results

Model Comparison Based on Accuracy

: 95% significance level

Dataset (Genre) Early Fusion Late Fusion
Ballroom 58.29+1.91 55.86+ 3.41
Ballroom-Extended 85.49+1.06 7035+ 3.25V
emoMusic-G 36.04 + 0.95 35.77 £ 249V
Emotify-G 74.88 + 2.53 72.00 £ 4.05V
FMA-SMALL 57.33+£0.94 55.07 £ 0.84V
GiantStepsKey-G 37.27+1.80 3529 £ 2.67V
GMD-G 67.13 +1.13 65.50 £ 3.55
GTZAN 82.00 + 2.24 79.00 + 2.94
HOMBURG 58.76 £+ 1.15 55,53+ 239V
ISMIRO4 80.59+1.41 79.13 + 2.39
MICM 43.25+2.32 41.18 + 2.94
Seyerlehner-Unique 72.57 +1.19 70.85 + 2.36 ¥
Avg . Rank 1.00 2.00

CAU AutoML Lab



| Conclusion

Conclusion

= Conducted a novel CNN model with three pipelines.

= Achieve higher accuracy than conventional methods using a single input.

Conclusion

In international Publication (SCI(E))
- Toward a Fair Evaluation and Analysis of Feature Selection for Music Tag Classification, IEEE Access, 2021, Co-author
In International Conferences

- Effective Music Genre Classification using Late Fusion Convolutional Neural Network with Multiple Spectral Features ICCE-Asia,
2022, 15¢ author

- An Efficient Neural Network based on Early Compression of Sparse CT Slice Images, PlatCon, 2021, Co-author
In Domestic Conferences
- Music Genre Classification Using Multiple Musical Visual Features, IEIE, 2022 , 15¢ author
- Music Genre Classification using CNN architecture with feature concatenation, KISS Autumn Conf, 2021, Co-author
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| To Do List
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| To Do List from Previous Seminar

v Estimation of the Volume of the Left eyeball From CT Images

» Measure : MAE (Mean Absolute Error)

[ <
MAE==> " |y,—»!

n i=l
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| Overall Progress

Related Works/Survey . .
Problem (counterparts) Experiments Analysis Proposal
= Volume
Estimation
- = |mage data — — —
= Volume imputation

Estimation
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| Related Work

Estimating the volume of the left ventricle from MRI images using deep neural networks (IEEE, 2017)

Slice
stack

Frame 1

lice
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Image

o R B
H o @
o O O

Location
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N
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Area

20
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| Experimental Settings

Datasets

v’ Eyeball segmentation images from 1,237 patients

v Ground Truth : Eyeball Volume of 532 patients

v .

« CT | Z20|0[X|0f axial viewE =ot= M EIH|O|EHE Sttt Z&tst Y= 2 XY A
e  AX1~AX5, AX77HX|Q] BE o|O|X|7} S A

- A5G A ENM PESF 440 /= 2AE A

v" Input : Eyeball segmentation images from 290 patients

v Qutput : Eyeball Volume

CAU AutoML Lab 6



| Experimental Results

Pixel Thickness /

Patient Number Ground Truth Model + People slice space Slice
200095 8.27 cc 14.22 cc 1mm 17
101483 8.43 cc 2.54 cc 1lmm 7
101483 8.19 cc 2.35 cc Imm
10415 7.89 cc 2.44 cc 1mm
10402 7.06 cc 6.33 cC 2.5mm
10912 6.69 cc 5.49 cc 1mm 17
101147 7.22 cc 6.13 cc 1mm 17
10561 7.16 cc 7.4 cc 2.5mm 7

CAU AutoML Lab 7




| Experimental Results

Ground Truth Model + People

Min 6.69 cc 2.3 cc
Max 10.8 cc 14.21 cc
MeanzStd 8.37+0.92 6.01+1.32

Ground Truth & Model + People
MAE |25

Corr 0.312

CAU AutoML Lab 8
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| To Do List from Previous Seminar
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| Overall Progress
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| Individual Study

Sementic Segmentation using localized information

Sementic Segmentation using localized information

~| year|.| jfc [~ title - dataset ~ | abstrad~

=]
o]

2019|/EEE journd Knowledge-aided convolutional neural network for small organ segmentation.
2019|/EEE/CVF | Fine-grained segmentation networks: Self-supervised segmentation for improved long-term visual localization.

2020|Neurolmagg An automated framework for localization, segmentation and super-resolution reconstruction of fetal brain MEL
2020|/EEE transgAttention-Based Dropout Layer for Weakly Supervised Single Object Localization and Semantic Segmentation
2021 |/eee Acces{Realtime polyp detection, localization and segmentation in colonoscopy using deep learning.

2022|IEEE Trans|Weakly-Supenised Surface Crack Segmentation by Generating Pseudo-Labels Using Localization With a Classifier and Thresholding

malala|lala]—
m_pwmégmm%mm.h.wm—t
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Correlation-Based Feature Selection
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Analysis of Variance

ABtQlG - S AMMRIR}R

F/R Mode (/2% EE)

Left_Traction::RPM[rpm]
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| Introduction

Music Information Retrieval
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| Introduction

Music Information Retrieval
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| Introduction

Playlist Generation

Playlist Generation

Reinforcement Learning
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Frequent Pattern Mining

Collaborative Filtering

Statistical Model
(Markov Model)
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| 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
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| 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

Multi-branch 1D ResNet
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| Experimental Settings

MAA (Mean Average Accuracy)

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

T . . T : Number of tracks to be predicted
B 2i—1 A L(D)

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):0_710
5
1,1,1,1,1 1,0,1,1,1 0.643
0 1 2 3 4
1,1,1,1,1 0,1,1,1,1 0.543 —»(T*O+§*1+§*1+Z*1+§*1)
Z = 0.543
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| Experimental Settings

» Datasets
* 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
* 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
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| Experimental Results

t-test Result

Model MAA Mean + Standard Deviation Average Rank
Proposed 0.6879 + 0.0371 1.47
Highway 1D Conv. [12] 0.5976 £ 0.0885 ¥ 3.23
Encoder-Decoder [16] 0.5462+0.1093 ¥ 3.83
Multi-RNN [14] 0.6082 +0.0768 ¥ 2.93
RNN-Dense [15] 0.5740+0.0901 V¥ 3.53

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

CAU AutoML Lab 1



| Experimental Results

Friedman-test Result

Statistics p-value

Proposed 40.667 3.15e-08

significance level a=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 (8.19e-05) Win (1.97e-05) Win (2.84¢-05) Win (2.16e-5)

significance level a=0.05

CAU AutoML Lab 16



| 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

- Visualization 1D CNN Filter

0 10 20 i0 40 50 Bl 10

B B NN EEN N §E B E B § . BN N

Basic 1D ResNet

Proposed ( Multi-branch 1D ResNet )
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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



| Appendix

1D ResNet Variation Comparison

* DCC : Dilated Casual Convolution

| |
Trsck Sexsion Track Session A 4
. o Features Features
Features Features e 1D Conv. +
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| Appendix

t-test Result

Model MAA Mean + Standard Deviation | Average Rank
Proposed 0.6879 + 0.0371 1.57
Multi-Branch 1D ResNet + DCC 0.6829 + 0.0431 1.5
Basic 1D ResNet + DCC 0.4468 £0.1035 V¥ 4.3
Basic 1D ResNet 0.4149+0.0380 ¥ 4.32
Residual Conn. Removed + DCC 0.4006 £0.0318 V¥ 4.8
Residual Conn. Removed 0.4066 £0.0225 V¥ 4.52

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

* DCC : Dilated Casual Convolution

CAU AutoML Lab




| Appendix

Friedman-test Result

Statistics p-value

Proposed 103.030 1.21e-20

significance level a=0.05

Wilcoxon Signed'rank test Result DCC : Dilated Casual Convolution

Comparison models

Multi-Branch 1D Basic 1D Basic 1D ResNet Residual Conn. Residual Conn.
ResNet + DCC ResNet + DCC Removed + DCC Removed
Proposed versus | . 4 7g13) Win (2.35¢-06)  Win (1.73e-06)  Win (1.73e-06)  Win (1.73¢-06)

(p-value)

significance level 0=0.05

CAU AutoML Lab 2



| Appendix

Bonferroni-Dunn test Result

Critical Difference = 1.2443

1 2 3 4 5
| | | | |
Resi-Conn. Removed + DCC
Multi-branch + DCC ——m8m8 Resi-Conn. Removed
Proposed Basic

Basic + DCC

* DCC : Dilated Casual Convolution
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| To Do List

- Get 1D feature maps

- Analysis 1D feature maps
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| To Do List from Previous Seminar

» Review of 25 papers

» Experiment with the data in the paper
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| Proposed Method

~
Train dataset
| User ID I tem 1D I User ID I Item 1D
. < v v v * (F1,r2, s x)
Input —>» Training User Embedding Layer Htem Embedding Layer User Embedding Layer ttem Embedding Layer
Result -~~~ > l l L i ;
Train dataset Element-wise Product ' Concatenate
(User ID, item 1D)) (Ftarzy o ) E : ‘ o
Y -
Train Deep Neural Network to E
Train DNN and MF to lea =
eri'l::i‘a ralin;s rLra, ,r’: r(:‘i’"j?‘;?ta'!':ra“"'?g‘) E
i~
o 3
g e
Recommendation ; : a z
v v )
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(UsellDl!em!D) Using Cri Ra ', r g. r()
: sing Criteria Ratings | (Fy, 12, -+ Fid. | Using Overall Rating DNN Provide recommendation Q
P [ e z
=3 Concatenate
Fig. 1 The framework of the proposed mode!, including two steps: the Training and the Recommendation
step
ry r2 Te-1Tg
Fig. 2 The architecture of the two models: Criteria Ratings Mode! and Overall Rating DNN
.

Proposed model : MCRS(Multi-Criteria Recommender System)

- Recommendation system that combines DNN and MF
- Step

1. Data from users and items are input to a model that combines DNN and MF to predict the reference rating
2. Use DNN to predict overall ratings

Multi-criteria collaborative filtering recommender by fusing deep neural network and matrix factorization(Journal of Big Data, 2020)
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| Experimental Settings

Table 1 TripAdvisor dataset statistics

Field description Value
Number of users 72119
Number of hotels 1850
Number of ratings 81,085
Data sparsity 99.94%

Table 3 Movies dataset statistics

Field description Value
Number of users 6078
Number of movies 976
Number of ratings 62,156
Data sparsity 98.95%

Multi-criteria collaborative filtering recommender by fusing deep neural network and matrix factorization(Journal of Big Data, 2020)
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| Experimental Results

Table 6 Evaluation results

Dataset Metric SVD SVD++ SlopeOne Baseline estimates Single DNN DMCCF [19] Our

TripAdvisor  MAE 0.8071 + 00043 0.8222 +0.0071 09160 +00053 0809400019 0785500153 07552 + 00050 0.7434 + 00068
F 0.8370 40,0035 0.8390 £0.0035 08666+£00018 08391400020 08572 00024 0,8769 +0.0043 08811 +00031
F, 0.7951 + 0.0031 0.7991 £0.0057 09248 £00011 07986400029 09176400057 09295 +0.0014 09319400204
FCP 0.5024 + 00210 0.5092 £0.0056 05096 +0.0661 0502500117 04957 +00102 05126+00160 05164 +0,0048
MAP 0.3935 4 0.0057 0.3483 £0,0049 0300600026 0388100023 04481 40,0091 04643 £ 00072 04836 % 0.0047
MRR 0.7272 40,0054 0.7513+0.0018 07502400037 07374400028 07244400092 07664 00039 0.7693 +0.003%

Movies dataset  MAE 2.1072+00168 2.1594 +0.0050 21798400112 21333400069 20613+ 00347 20474400119 [20188+00181 |
F 0.8061 +0.0049 0.7985 £0.0010 0786000026 0810700031 08344 00106 0.8414 40,0041 08563 % 0.0036
f, 0.7608 + 0.0062 0.7553 +£0.0023 07325 +£0.0045 07699+ 0.0045 08256 +0.0287 08383 +0.0049 0.8442 %+ 0.0056
FCP 0.6022 £ 00107 0.5985 +£0.0029 06251 +£0.0098 0623300027 06226 % 00055 06258 + 0.0083 06289 + 00029
MAP 0.1910 40,0056 0.2144+0,0035 02089 +0.0067 0.16124 00027 02136400143 02345 00109 0.2458 £ 0.0090
MRR 0.6651  0.0091 0.6502 40,0048 06085 £0.0048 06721 %00052 06922400145 07061 + 00078 0.7092 40,0049

—_— T

Multi-criteria collaborative filtering recommender by fusing deep neural network and matrix factorization(Journal of Big Data, 2020)
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| Proposed Method

Attention . NCF R -
‘ A Activation
function
Layer3
. . . , Activation
R : user-item rating matrix ‘ fuicion: | —
X,Y : user and item auxiliary information @ | ! Layer2 ! ( #)
S : user rating information Activation . .
. . K function : (%) K
W* W : weight parameters of aSDAE and GRU-Attention bl 1 ] ' >
B ayer
K : latent vector dimension o
V Y i ’ 0 ‘ Connection P & S )
'GRU-Attention § ‘ aSDAE

Proposed model : GANCF(GRU_Attention Neural collaborative filtering)
(GRU is a type of RNN framework with a gate mechanism, Inspired by LSTM)

Attention neural collaboration filtering based on GRU for recommender systems(Complex & Intelligent Systems, 2021)
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| Proposed Method

aSDAE(additional Stacked Denoising Autoencoder) model

S -5

® " O
A : encoder
Y s,
X =X
g Relu ; Relu ; User fonmre
bt g q
w L) —
Prediction
SCOTe Item feature

Ty

28]

Tnput layer GRU layer

Atension Laye - GRU-Attention model
The overall flow diagram of the GANCF

Attention neural collaboration filtering based on GRU for recommender systems(Complex & Intelligent Systems, 2021)
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| Experimental Results

1. 000
1 Table 1 MovieLens statistics
0.975 —®— DHA-RS Dataset Number of users ~ Number of items  Sparsity (%)
—o— GANCEF
—aA— PHD ML-100 K 943 1682 93.76
0. 950 —w— aSDAE ML-1 M 6040 3706 95.53
—e— GANCF-a
0.9257 —<— ANCF
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£ 0. 900 -
e= NCF 0.87735
0. 875 ANCF 0.85447
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Attention neural collaboration filtering based on GRU for recommender systems(Complex & Intelligent Systems, 2021)
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| Experimental Results
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Attention neural collaboration filtering based on GRU for recommender systems(Complex & Intelligent Systems, 2021)
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| Proposed Method

: Output Layer : AMLP part Py
S |
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ANCF(Attribute-based Neural Collaborative Filtering) Proposed model : ANeuMF(Attribute-based neural matrix factorization)

Purpose : Flexible and effective learning of low-dimensional linear relationships
and high-dimensional nonlinear relationships between user items.

Attribute-based neural collaborative filtering (Expert Systems with Applications, 2020)

CAU AutoML Lab



| Experimental Results

Table 1
Statistics of the datasets.
Statistics MovieLens MovieLens Ta-Feng Book-Crossing
100k 1M
# of Users 944 6040 32266 7255
# of Items 1683 3952 23812 25520
# of Ratings 100000 1000209 817741 306 220
Rating density 0.06294 0.04190 0.00106 0.00165
Table 3
Comparison results of different methods in terms of NDCG@10 an HR@10.
Algorithms  MovieLens 100k MovieLens 1M Ta-Feng Book-Crossing
HR@10 NDCG@10 Recall@10 HR@10 NDCG@10 Recall@10 HR@10 NDCG@10 Recall@10 HR@10 NDCG@10 Recall@10
MF 0.8208 0.5572 0.7943 0.6983 0.4196 0.6750 0.6017 0.3891 0.5903 0.4232 0.2453 0.4021
NCF 0.8399 0.5692 0.8144 0.7310 0.4475 0.7126 0.6661 0.4458 0.6376 0.4790 0.2891 0.4496
DeepCF 0.8526 0.5959 0.8218 0.7346 0.4593 0.7162 0.6561 0.4341 0.6245 0.4873 0.2951 0.4625
CoupledCF 0.8346 0.5648 0.8125 0.8093 0.5232 0.8007 0.6911 0.4548 0.6692 0.5190 0.2798 0.4927
Deeprank 0.7794 0.5173 0.7487 0.7753 0.5104 0.7460 0.6302 0.4059 0.6095 0.4672 0.2836 0.4431
AGMF 0.8515 0.5963 0.8346 0.9483 0.7652 0.9186 0.7078 0.4732 0.6789 0.3643 0.2153 0.3399
AMLP 0.8261 0.5485 0.8070 0.7212 0.5214 0.7006 0.6983 0.4376 0.6677 0.5162 0.3102 0.4927
| ANeuMF 0.8600 0.6072 0.8378 0.9592 0.7879 0.9328 0.7204 0.4913 0.7006 0.5364 0.3410 0.5112 |

Attribute-based neural collaborative filtering (Expert Systems with Applications, 2020)
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| Conclusion

- NCF is considered to create an appropriate model that can be used by combining auxiliary information
as well as evaluation scores of users and items without missing it.

- But how do | create a new model?

Multi-criteria collaborative filtering recommender by fusing deep neural network and matrix factorization(Journal of Big Data, 2020)
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| To Do List

v" Read Top Conference Paper

v To check the data in paper
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