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Problem
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Data 개수 : 2518
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Stock Price Prediction
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주가예측기술로수익률상위권주식포트폴리오추천

S&P 500 종목의향후예측등락률제공

합리적인투자전략수립에도움

Portfolio recommendation

Chart pattern suggestion

Stock prospect suggestion

Core Task
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Experimental Setting

Time series blocked cross-validation
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[1] W. Lu, 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.
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Experimental Setting

• CNN-BiLSTM-AM [1]: Hybrid deep learning model

• AdvLSTM [2]: Adversarial Training 

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

Comparison algorithm
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Performance Measure

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 % =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100

[1] W. Lu, 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.



Experimental Result

1. Shapiro-Wilk normality test [4]
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2. Friedman test (Multiple comparisons) [4]

3. Bonferroni-Dunn test (Post-hoc test) [4]

Group Shapiro-Wilk Statistic Critical values ( 𝜶 = 0.05 )

Proposed Method 0.9485

0.947
CNN-BiLSTM-AM 0.9791

AdvLSTM 0.9725

DTML 0.9727

Evaluation measure Friedman statistic Critical values ( 𝜶 = 0.05 )

Accuracy 24.084 2.557

CD=0.61812 

DTML

CNN BiLSTM Attention

AdversarialLSTM

Proposed

[4] B. Trawi ́nski, M. Sm ̨etek, Z. Telec, and T. Lasota, “Nonparametric statistical analysis for multiple comparison of machine learning regression algorithms,” Internati

onal Journal of Applied Mathematics and Computer Science, vol. 22, no. 4, pp. 867–881, 2012.
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(a) Early fusion (b) Late fusion

(1) (2)

(3)

(1)

(3)

(1)

(2)

(3)

(2)

The Number of data with 

high accuracy

Early fusion method 30

Late fusion method 20
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To Do List from Previous Seminar

✓ IEEE ACCESS 및졸업논문작성

➢ 논문초안작성

➢ 불필요한어휘/내용삭제/수정

➢ Model Architecture 추가

➢ GMD-G 데이터셋정확도확인
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Music Information Retrieval (MIR)
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Music Genre 

Classification

Playlist 

Generation

Music 

Generation

…

Music Mood 

Classification

Urban Sound 

Classification

Audio

Fingerprinting

Typical MIR subfields

Feature Extraction
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K-Nearest Neighbor

Decision Tree
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…

Support Vector Machine

Random Forest

Artificial Neural Network

Classifiers

Results

✓ Concerned with the extraction and inference of meaningful features from music.

✓ Aims at making the vast store of music available to individuals.

✓ Different representations of music-related subjects and items are considered.



Music Genre Classification using Convolutional Neural Network
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Model 그림

✓ Early Fusion 그림디테일강화하여보완 (입력으로들어가는데이터 3개에대한예제그림추가).

✓ 전체플로우를보여주는그림.

✓ Early Fusion과 Late Fusion 사이의차이점을보여주는그림추가

✓ Early Fusion과 Late Fusion의러닝커브(가장차이가두드러지는 1개데이터)
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First Convolution Transition Layer
Dense Block

(6/12/24/16)



Proposed Method
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Layers Feature Map Size Proposed Model

First Convolution

(3, 128, 628) 7 × 7 Convolution, stride = 2

(3, 64, 324) 3 × 3 Max Pooling, stride = 2

Dense Block 1 (3, 64,324)
1 × 1 𝑐𝑜𝑛𝑣
3 × 3 𝑐𝑜𝑛𝑣

× 6, (k = 32)

Transition Layer

(3, 64, 324) 1 × 1 Convolution

(3, 32, 162) 2 × 2 Average Pooling, stride = 2

Dense Block 2 (3, 32, 162)
1 × 1 𝑐𝑜𝑛𝑣
3 × 3 𝑐𝑜𝑛𝑣

× 12, (k = 32)

Transition Layer

(3, 32, 162) 1 × 1 Convolution

(3, 16, 81) 2 × 2 Average Pooling, stride = 2

Dense Block 3 (3, 16, 81)
1 × 1 𝑐𝑜𝑛𝑣
3 × 3 𝑐𝑜𝑛𝑣

× 24, (k = 32)

Transition Layer

(3, 16, 81) 1 × 1 Convolution

(3, 8, 40) 2 × 2 Average Pooling, stride = 2

Dense Block 4 (3, 8, 40)
1 × 1 𝑐𝑜𝑛𝑣
3 × 3 𝑐𝑜𝑛𝑣

× 16, (k = 32)

Classification Layer

(3, 1, 1)
7 × 7 Global Average Pooling

1000D Fully-Connected, Softmax

Growth_rate (𝑘) = 32



Proposed Method
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Layers Input Number of Channels Output Number of Channels Number of Trainable Parameters Output Image Shape

First Convolution

7x7 Conv 3 60 2,940 [3, 128, 648]

3x3 MaxPool - - - [3, 64, 324]

Dense Block 1

Dense Layer 1

1x1 Conv 60 128 7,680 [3, 64, 324]

3x3 Conv 128 32 36,864 [3, 64, 324]

Dense Layer 2

1x1 Conv 92 128 11,776 [3, 64, 324]

3x3 Conv 128 32 36,864 [3, 64, 324]

Dense Layer 3

1x1 Conv 124 128 15,872 [3, 64, 324]

3x3 Conv 128 32 36,864 [3, 64, 324]

Dense Layer 4

1x1 Conv 156 128 19,968 [3, 64, 324]

3x3 Conv 128 32 36,864 [3, 64, 324]

Dense Layer 5

1x1 Conv 188 128 24,064 [3, 64, 324]

3x3 Conv 128 32 36,864 [3, 64, 324]

Dense Layer 6

1x1 Conv 220 128 28,160 [3, 64, 324]

1x1 Conv 128 32 36,864 [3, 64, 324]

Transition Layer

1x1 Conv 252 126 31,752 [3, 64, 324]

2x2 AvgPool - - - [3, 32, 162]

Number of Trainable Parameters = (Input Number of Channels) × (Kernel Size) × (Output Number of Channels)

1x1 conv 60x1x1x128 = 7680

3x3 conv 128x3x3x32 = 36864



Proposed Method
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The number of input feature maps of 𝑙𝑡ℎlayer

- 𝑘0 + 𝑘 × (𝑙 − 1) (𝑘0 = 60, 𝑘 = 32)

Layer 1 = 60 + 32 × 1 − 1 = 60
Layer 2 = 60 + 32 × 2 − 1 = 60 + 32 = 92
Layer 3 = 60 + 32 × 3 − 1 = 60 + 64 = 124

⋮

Conv2d

𝐻𝑜𝑢𝑡 =
𝐻𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 0 − 𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛 0 × 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[0] − 1 − 1

𝑠𝑡𝑟𝑖𝑑𝑒[0]
+ 1

𝑊𝑜𝑢𝑡 =
𝑊𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 1 − 𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛 1 × 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[1] − 1 − 1

𝑠𝑡𝑟𝑖𝑑𝑒[1]
+ 1

AvgPool2d

𝐻𝑜𝑢𝑡 =
𝐻𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 0 − 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[0]

𝑠𝑡𝑟𝑖𝑑𝑒[0]
+ 1

𝑊𝑜𝑢𝑡 =
𝑊𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 1 − 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[1]

𝑠𝑡𝑟𝑖𝑑𝑒[1]
+ 1

MaxPool2d

𝐻𝑜𝑢𝑡 =
𝐻𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 0 − 𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛 0 × 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[0] − 1 − 1

𝑠𝑡𝑟𝑖𝑑𝑒[0]
+ 1

𝑊𝑜𝑢𝑡 =
𝑊𝑖𝑛 + 2 × 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 1 − 𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛 1 × 𝑘𝑒𝑟𝑛𝑒𝑙_𝑠𝑖𝑧𝑒[1] − 1 − 1

𝑠𝑡𝑟𝑖𝑑𝑒[1]
+ 1



Experimental Settings

Datasets
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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

ISMIR04 727 120 6 121.167 ± 95.602

MICM 1137 360 7 162.429 ± 119.717

Seyerlehner-Unique 3115 30 10 311.500 ± 248.349

✓ Data Description

➢ 12 music genre datasets from the creation stage and by post-processing



Experimental Settings

Hyperparameter Settings
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Performance Measure

Model Batch Size Epochs Loss Function Optimizer LR Weight Decay

Proposed 16 60 Cross Entropy Loss Adam 1e-3 1e-4

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 % =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100

𝑇𝑃 ∶ 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐹𝑁 ∶ 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑁 ∶ 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝐹𝑃 ∶ 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

Evaluates the overall effectiveness of a model

Higher value, Higher Performance

Cross-Validation for Test Performance

✓ 10 iterations

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



Experimental Settings

Comparison Algorithms

CAU AutoML Lab 13

Model Batch Size Epochs Loss Function Optimizer LR Weight Decay

[1] 64

60

Proposed Loss Function

Adam 1e-3 1e-4
[2] 128 Cross Entropy Loss

[3] 32 Cross Entropy Loss

[4] 32 Cross Entropy Loss

[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.

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

170-173.

[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.

[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.



Conventional methods of CNN-based MGC
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𝑡 = 𝑎−𝑏 (𝑎 ∶ 𝑏𝑎𝑙𝑎𝑛𝑐𝑒 𝑏𝑎𝑠𝑒, 𝑏 ∶ 𝑏𝑎𝑙𝑎𝑛𝑐𝑒 𝑓𝑎𝑐𝑡𝑜𝑟)
Loss1 = Cross_Entropy(ytrue Onehot encoding , ypred Softmax

Loss2 = Cross_Entropy(ytrue Uniform Distribution function

= 1 − 𝑡 ∙ 𝐿𝑜𝑠𝑠1 + 𝑡 ∙ 𝐿𝑜𝑠𝑠2Loss
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Conventional methods of CNN-based MGC
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Experimental Results

Model Comparison Based on Accuracy
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Dataset (Genre) Proposed ResNet50_trust Pelchat and Gelowitz [2] Cheng et al. [3] Shah et al. [4]

Ballroom 𝟓𝟖. 𝟐𝟗 ± 𝟏. 𝟗𝟏 45.71 ± 2.86▼** 42.43 ± 2.29▼** 48.07 ± 4.79▼** 47.71 ± 4.58▼**

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 ± 3.50▼** 28.99 ± 1.78▼** 32.95 ± 2.92▼** 31.34 ± 3.66▼**

Emotify-G 𝟕𝟒. 𝟖𝟖 ± 𝟐. 𝟓𝟑 62.78 ± 2.70▼** 67.50 ± 4.17▼** 66.00 ± 3.32▼** 65.88 ± 5.62▼**

FMA-SMALL 𝟓𝟕. 𝟑𝟑 ± 𝟎. 𝟗𝟒 47.03 ± 1.31▼** 42.19 ± 1.16▼** 46.96 ± 1.62▼** 40.88 ± 1.73▼**

GiantStepsKey-G 𝟑𝟕. 𝟐𝟕 ± 𝟏. 𝟖𝟎 28.43 ± 3.15▼** 25.21 ± 2.53▼** 27.19 ± 2.90▼** 24.30 ± 2.11▼**

GMD-G 𝟔𝟕. 𝟏𝟑 ± 𝟏. 𝟏𝟑 61.91 ± 3.04▼** 63.44 ± 1.71▼** 39.38 ± 3.36▼** 35.36 ± 6.35▼**

GTZAN 𝟖𝟐. 𝟎𝟎 ± 𝟐. 𝟐𝟒 77.50 ± 3.81▼* 63.35 ± 2.08▼** 75.10 ± 3.84▼** 72.50 ± 2.13▼**

HOMBURG 𝟓𝟖. 𝟕𝟔 ± 𝟏. 𝟏𝟓 53.49 ± 1.59▼** 51.01 ± 1.51▼** 52.54 ± 2.55▼** 48.15 ± 2.14▼**

ISMIR04 𝟖𝟎. 𝟓𝟗 ± 𝟏. 𝟒𝟏 70.96 ± 2.93▼** 67.88 ± 1.70▼** 71.32 ± 1.37▼** 67.67 ± 1.99▼**

MICM 𝟒𝟑. 𝟐𝟓 ± 𝟐. 𝟑𝟐 37.81 ± 3.32▼** 39.30 ± 2.21▼** 38.42 ± 3.16▼** 39.34 ± 2.28▼**

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

▼** : 99% significance level

▼*  : 95% significance level



Experimental Results

Friedman Test
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Evaluation Measure 𝐹𝐹 Critical Value(𝛼 = 0.05)

Accuracy 29.133 2.498

Bonferroni-Dunn Test

<Accuracy>



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, 

𝟏𝒔𝒕 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 , 𝟏𝒔𝒕 author

➢ Music Genre Classification using CNN architecture with feature concatenation, KISS Autumn Conf, 2021, Co-author

Conclusion
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Contribution

✓ Conducted a novel CNN model using early fusion.

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



To Do List

✓ Proposed Method 그림추가

✓ ~10월 18일(화), 졸업논문초안작성

✓ ~10월 25일(화), 졸업논문완성

✓ ~10월 31일(월), 심사위원추천서제출

✓ 11월 2일(수)~11월 8일(화), 졸업논문발표 (발표 1주일전졸업논문의스프링제본판전달)

✓ 11월 16일(수), 졸업논문심사보고서제출마감

졸업

CAU AutoML Lab 19

ICCE-Asia

✓ 10월 28일(금) 09:00~10:20, 발표



To Do List

✓ P20220244 (자동음악태그분류성능향상을위한음악특징선택시스템및방법)

➢중앙대학교시스템에따르면, P2022024건과관련된논문이 21.10.28에공개된것으로확인

➢발명의공개에따른 ‘공지예외’주장을위해 22.10.28이전에출원완료예정

Patent

CAU AutoML Lab 20



Thank you



Appendix



Appendix: Comparison Between Early Fusion and Late Fusion

Model Comparison Based on Accuracy

CAU AutoML Lab 23

Dataset (Genre) Early Fusion Late Fusion

Ballroom 𝟓𝟖. 𝟐𝟗 ± 𝟏. 𝟗𝟏 55.86 ± 3.41

Ballroom-Extended 𝟖𝟓. 𝟒𝟗 ± 𝟏. 𝟎𝟔 70.35 ± 3.25▼

emoMusic-G 𝟑𝟔. 𝟎𝟒 ± 𝟎. 𝟗𝟓 35.77 ± 2.49▼

Emotify-G 𝟕𝟒. 𝟖𝟖 ± 𝟐. 𝟓𝟑 72.00 ± 4.05▼

FMA-SMALL 𝟓𝟕. 𝟑𝟑 ± 𝟎. 𝟗𝟒 55.07 ± 0.84▼

GiantStepsKey-G 𝟑𝟕. 𝟐𝟕 ± 𝟏. 𝟖𝟎 35.29 ± 2.67▼

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 ± 2.39▼

ISMIR04 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

▼ : 95% significance level



Appendix: Overall Experiment of Combination of Three Features

Comparison to Single Features (GTZAN)
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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

Accuracy
82.00% 74.40% 77.95% 62.90%



Model Summary
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Dense Block 2

Transition Layer
Dense Layer 1 Dense Layer 2 Dense Layer 3 Dense Layer 4 Dense Layer 5 Dense Layer 6 Dense Layer 7 Dense Layer 8 Dense Layer 9

Dense Layer 

10

Dense Layer 

11

Dense Layer 

12

Layers 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 2x2 AvgPool

Input 

Number of 

Channels
126 158 190 222 254 286 318 350 382 414 446 478 510 -

Output 

Number of 

Channels
128 128 128 128 128 128 128 128 128 128 128 128 255 -

Number of 

Trainable 

Parameters
16,128 20,224 24,320 28,416 32,512 36,608 40,704 44,800 48,896 52,992 57,088 61,184 130,050 -

Output 

Image 

Shape

[3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 32, 162] [3, 16, 81]

First Convolution
Dense Block 1

Transition Layer
Dense Layer 1 Dense Layer 2 Dense Layer 3 Dense Layer 4 Dense Layer 5 Dense Layer 6

Layers 7x7 Conv 3x3 MaxPool 1x1 Conv 3x3 Conv 1x1 Conv 3x3 Conv 1x1 Conv 3x3 Conv 1x1 Conv 3x3 Conv 1x1 Conv 3x3 Conv 1x1 Conv 1x1 Conv 1x1 Conv 2x2 AvgPool

Input 

Number of 

Channels

3 - 60 128 92 128 124 128 156 128 188 128 220 128 252 -

Output 

Number of 

Channels

60 - 128 32 128 32 128 32 128 32 128 32 128 32 126 -

Number of 

Trainable 

Parameters

8,820 - 7,680 36,864 11,776 36,864 15,872 36,864 19,968 36,864 24,064 36,864 28,160 36,864 31,752 -

Output 

Image 

Shape

[3, 128, 648] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 64, 324] [3, 32, 162]
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Dense Block 3

Transition LayerDense 

Layer 1

Dense 

Layer 2

Dense 

Layer 3

Dense 

Layer 4

Dense 

Layer 5

Dense 

Layer 6

Dense 

Layer 7

Dense 

Layer 8

Dense 

Layer 9

Dense 

Layer 10

Dense 

Layer 11

Dense 

Layer 12

Dense 

Layer 13

Dense 

Layer 14

Dense 

Layer 15

Dense 

Layer 16

Dense 

Layer 17

Dense 

Layer 18

Dense 

Layer 19

Dense 

Layer 20

Dense 

Layer 21

Dense 

Layer 22

Dense 

Layer 23

Dense 

Layer 24

Layers 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x2 Conv 1x2 Conv 1x1 Conv 1x3 Conv 1x3 Conv 1x1 Conv 1x4 Conv 1x4 Conv 1x1 Conv 1x2 Conv 1x2 Conv 1x1 Conv 1x1 Conv
2x2 

AvgPool

Input 

Number 

of 

Channels

255 287 319 351 383 415 447 479 511 543 575 607 639 671 703 735 767 799 831 863 895 927 959 991 1023

Output 

Number 

of 

Channels

128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 511 -

Number 

of 

Trainable 

Parameter

s

32640 36736 40832 44928 49024 53120 57216 61312 65408 69504 73600 77696 81792 85888 89984 94080 98176 102272 106368 110464 114560 118656 122752 126848 522753 -

Output 

Image 

Shape

[3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3, 16, 81] [3,8,40]

Dense Block 4

Dense 

Layer 1

Dense 

Layer 2

Dense 

Layer 3

Dense 

Layer 4

Dense 

Layer 5

Dense 

Layer 6

Dense 

Layer 7

Dense 

Layer 8

Dense 

Layer 9

Dense 

Layer 10

Dense 

Layer 11

Dense 

Layer 12

Dense 

Layer 13

Dense 

Layer 14

Dense 

Layer 15

Dense 

Layer 16

Layers 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x2 Conv 1x2 Conv 1x1 Conv 1x3 Conv

Input 

Number of 

Channels

511 543 575 607 639 671 703 735 767 799 831 863 895 927 959 991

Output 

Number of 

Channels

128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128

Number of 

Trainable 

Parameter

s

65408 69504 73600 77696 81792 85888 89984 94080 98176 102272 106368 110464 114560 118656 122752 126848

Output 

Image 

Shape

[3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40] [3,8,40]
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To Do List from Previous Seminar

✓ Attention mechanism -> Appendix로이동

✓ Delete the attention mechanism from the proposed method.

➢ Move to appendix

✓ Explain what vectors are good for hypernym discovery

➢ Difference between contexture embedding and word2vec embedding

CAU AutoML Lab 3



Overall Progress

Problem
Related Works/Survey

(counterparts) Experiments Analysis Proposal

Post-experimental 

analysis
Conclusion

CAU AutoML Lab 4

▪ Hypernym 

Discover

▪ Low Accuracy 

(MAP, MRR, P@k)

▪ CRIM : Hybrid 

approach

▪ RMM : recurrent 

mapping unit and 

attention 

mechanism

▪ SemEval2018 

task9 dataset

▪ UMBC corpus

▪ Metric

- MAP, MRR, P@k

▪ Word2Vec 

embeddings not 

working properly for 

phrase

▪ Word2vec 

embeddings cannot 

training for rare 

words

▪ Contextual 

Embeddings

▪ Post exp ▪ Conclusion



Proposed Method

Contextual Embeddings for Projection Learning

CAU AutoML Lab 5

▪ BERT embedding을이용해 projection matrix로사용하면 CRIM과마찬가지로 projection matrix 학습에오랜

시간이필요함

▪ BERT embedding dimension이더크기때문에기존 CRIM보다많은학습을요구함

▪ 이전 모델이더빠른수렴을보여줌 -> 이전모델로실험진행중(5epoch 이하에서수렴)

Word2Vec

query

hypernym

Projection L
in

e
a
r

1000epoch

BERT

query

hypernym

Projection L
in

e
a
r

1000epoch 

200x200

768x768

Hyponym Hypernym[SEP]

Linear

Linear

Score



Proposed Method

Pretraining BERT for Hypernym Relation

CAU AutoML Lab 6

▪ Hearst Pattern을이용한문장추출

▪ Masking Language Modeling으로 BERT 사전학습후기존 Proposed Method 학습

Pattern

Hearst

Y such as (and|or) X

such Y as (and|or) X

X (and|or) other Y

Y (including|especially) (and|or) X

Extended

Y (like|for example|which includes) (and|or) X

Y other than (and|or) X

not all Y are (and|or) X

(and|or) X are (also|all) Y

not Y so much as (and|or) X

Animal such as cat and dog.

[MASK] such as cat and dog.

BERT

Animal such as cat and dog.

Extract from patterns

Masking

Denoising



Experimental Settings

Dataset

▪ The experiment was repeated 30 times with the shuffled dataset .

▪ We used 3 sub-tasks of SemEval2018 task9-Hypernym Discovery : 1A(general), 2A(Medical), 

2B(Music)

▪ We employed 3 metrics for evaluation : MRR, MAP, P@k

CAU AutoML Lab 7

Train

Validation

Test

Dataset

Train

Validation

Test

Shuffle

X 30



Experimental Results
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Dataset Metric Proposed CRIMr1 RMM

1A

General

MRR 2.92 ± 1.90 0.45 ± 0.18

MAP 1.68 ± 1.09 0.24 ± 0.10

P@1 1.69 ± 1.46 0.27 ± 0.17

P@3 1.34 ± 0.94 0.19 ± 0.10

P@5 1.40 ± 0.95 0.21 ± 0.10

P@15 2.12 ± 1.30 0.30 ± 0.11

2A

Medical

MRR 3.06 ± 1.01 0.40 ± 0.41

MAP 2.82 ± 0.79 0.17 ± 0.20

P@1 0.88 ± 0.85 0.16 ± 0.20

P@3 2.02 ± 0.70 0.19 ± 0.24

P@5 2.57 ± 0.72 0.17 ± 0.20

P@15 3.69 ± 1.02 0.18 ± 0.20

2B

Music

MRR 22.77 ± 9.45 3.88 ± 1.46

MAP 17.54 ± 6.40 2.90 ± 1.06

P@1 16.16 ± 8.08 2.05 ± 1.38

P@3 16.65 ± 6.68 2.50 ± 0.92

P@5 17.05 ± 6.49 2.73 ± 0.91

P@15 19.05 ± 6.25 3.41 ± 1.19



To Do List

✓ Experiments – repeat 30 times

➢ 1A, 2A, 2B for Proposed model

➢ it will take some time

✓ Explain what vectors are good for hypernym discovery

➢ Difference between contexture embedding and word2vec embedding

✓ Pretraining은우선 Appendix로이동, Finetuning만으로논문마무리

CAU AutoML Lab 9
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To-Do List from Previous Seminar

✓ 논문작성 시작 (Elsevier 양식 추천)

✓ PPT 수정

➢ Introduction

• Adversarial example on CV 제거

➢ Experimental Settings

• Dataset 표에 Pre-train/Finetuning dataset 표시

➢ Experimental Results

• Freidman / Dunn test 코드 재검토

• Slide 21 표에서 proposed row 제거하고 Related Works Section으로 옮기기

➢ Analysis

• Proposed와 BERT 비교하는 내용 추가

• output 차이, Proposed의성능이 좋은 이유, BERT의 한계점 등의 관점에서

➢ Conclusion

• Contribution

• Automated 관련 내용 제거

• Char-BERT 제안에 대한 내용 추가

CAU AutoML Lab 3



Introduction
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NLP Attack

Adversarial examples in Natural Language Processing

Zhang, W. E., Sheng, Q. Z., Alhazmi, A., & Li, C. (2020). Adversarial attacks on deep-learning models in natural 

language processing: A survey. ACM Transactions on Intelligent Systems and Technology (TIST), 11(3), 1-41.

the domain of this study



Introduction
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Zhang, W. E., Sheng, Q. Z., Alhazmi, A., & Li, C. (2020). Adversarial attacks on deep-learning models in natural 

language processing: A survey. ACM Transactions on Intelligent Systems and Technology (TIST), 11(3), 1-41.

Black-box NLP Attack Methods

the domain of this study

Black-box NLP Attack Methods

Concatenation

Edit

Paraphrase-based

GAN-based

Substitution

Reprogramming

Attack Strategy

NLP Attack
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Homoglyph Attack

Boucher, N., Shumailov, I., Anderson, R., & Papernot, N. (2022, May). Bad characters: Imperceptible nlp attacks. In 2022

IEEE Symposium on Security and Privacy (SP) (pp. 1987-2004). IEEE.

the domain of this study

Imperceptible Perturbations 

(Types of edit strategy)

Invisible Characters

Homoglyphs

Reorderings

Deletions

Method

Imperceptible Perturbations 



Related Work
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Homoglyph Attack

Boucher, N., Shumailov, I., Anderson, R., & Papernot, N. (2022, May). Bad characters: Imperceptible nlp attacks. In 2022

IEEE Symposium on Security and Privacy (SP) (pp. 1987-2004). IEEE.

Example of an attack using homoglyph to confuse English-Franch

translation task.

“j” is replaced with U+3F3(“ϳ”), “i” with U+456(“і”), and “h” with U+4BB(“һ”).

wrong result



Related Work
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Defense Methods of Homoglyph Attack

Unicode Consortium 2022, Unicode Utilities: Confusables. accessed 10 September 2022, 

<https://www.unicode.org/Public/security/15.0.0/confusables.txt>.

Translate table for confusable characters

It doesn’t contain some pairs.

• µ → u

• $ → S

• 5 → S

• …

⠇

⠇



Related Work
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Defense Methods of Homoglyph Attack

Suzuki, H., Chiba, D., Yoneya, Y., Mori, T., & Goto, S. (2019, October). ShamFinder: An automated framework for 

detecting IDN homographs. In Proceedings of the Internet Measurement Conference (pp. 449-462).

SimChar database

H. Suzuki et al. used the following formula to calculate the similarity of two bitmap images of characters.

character

difference

pixel of image I₁, I₂ at coordinate (i, j)

∆= ෍

𝑖=0

𝑁−1

෍

𝑗=0

𝑁−1

|𝐼1 𝑖, 𝑗 − 𝐼2 𝑖, 𝑗 |



Related Work
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Defense Methods of Homoglyph Attack

Sawabe, Y., Chiba, D., Akiyama, M., & Goto, S. (2019). Detection method of homograph internationalized domain names 

with OCR. Journal of Information Processing, 27, 536-544.

OCR-based method

Sawabe et al. used the OCR-based Method to detect Homoglyph Attack.



Related Work
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Defense Methods of Homoglyph Attack

Imam, N. H., Vassilakis, V. G., & Kolovos, D. (2022). OCR post-correction for detecting adversarial text images. Journal 

of Information Security and Applications, 66, 103170.

Spellchecker-based method

Imam, N. H et al. used a spellchecker-based method to restore the homoglyph attacks.



Related Work
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Algorithm PROS CONS

BERT • Slightly robust on new homoglyphs

• Pre-raining the model takes a long time.

• Word-based tokenization is not helpful for the 

task.

OCR
• Robust on new homoglyphs

• Automated workflow

• OCR is not performing well on homoglyphs

• Inability when the input & output lengths are 

different

SimChar DB
• Automated workflow on finding homoglyph p

airs

• Not robust on new homoglyphs

• Must manually add homoglyph pairs to the di

ctionary

• Inability when the input & output lengths are 

different

Spell Checker • Robust on new homoglyphs • Must manually add words to the dictionary

Pros & Cons of related works
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If you do not fund this bitcoin …restored text

Ιf you dǒ nỗt fuηd τhιs bιtcoιnhomoglyph text

OCR processing

Proposed Method

output

tokens

input

tokens
f ou dǒ ỗtn f dn hT lsI

C

L

S y u bl colt n

C

L

S

…

f ou do otn f dn ht isi y u bi coit n …

…

Restoring Process Overview



Proposed Method

CAU AutoML Lab 14

output

tokens

input

tokens

Pre-training

ur hase $ 2000 ni ib tcP
C

L

S c oin and

Proposed Method

…

spam mail corpus

(non homoglyph text)

BookCorpus dataset

WikiText-103 dataset

C

L

S …ur ase $ 2000 n ib tP c oin nd

sentence masking

We pretrained the proposed model as a masked language model (MLM).

Pre-training



Proposed Method
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Evaluated with a blind test (Train/Test set split ratio = 8:2 / Iteration = 50 times)

output

tokens

input

tokens

Finetuning

Proposed Method

f ou dǒ ỗtn f dη hτ ιsΙ
C

L

S y u bι coιt n …

C

L

S f ou do otn f dn ht isi y u bi coit n …

spam mail corpus

(homoglyph text)

Ιf you dǒ nỗt fuηd τhιs bιtcoιn

If you do not fund this bitcoin …

Manually labeling

Finetuning



Experimental Settings
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# of Examples # of Tokens

Dataset Train Set Validation Set Train Set Validation Set

Pre-training

dataset

WikiText-103 1,165,029 2,461 285,324,545 612,967

BookCorpus

(about 2% of the total dataset)
1,480,085 3,126 79,346,399 143,939

bitcoinabuse.com dataset

(non-homoglyph)
299,239 633 23,152,956 54,680

Finetuning

dataset

bitcoinabuse.com dataset

(homoglyph)
21,342 5,336 random split random split

Dataset
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Parameter Value

Input Max Sequence 512

Vocab Size 881

# of Attention Heads 12

# of Hidden Layers 12

# of Model Parameters 86,720,369

Model Parameters



Experimental Settings
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Parameter Value

# of Epochs 25

Train / Validation split refer the slide 14.

Used Datasets

• WikiText-103

• BookCorpus

(about 2% of the total dataset)

• bitcoinabuse.com dataset

(non-homoglyph sentences)

Metric Accuracy

Pre-training Setting
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Parameter Value

# of Epochs 5

Train / Validation split 8 : 2

# of Test Iteration 50

Used Datasets
• bitcoinabuse.com dataset

(homoglyph sentences)

Metric Accuracy

Finetuning Setting
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Algorithm Word Accuracy

Proposed 0.9959 ± 0.0008

BERT 0.6713 ± 0.0029 ▼

OCR 0.6518 ± 0.0028 ▼

SimChar DB 0.5512 ± 0.0046 ▼

Spell Checker 0.9087 ± 0.0011 ▼

Word level accuracy and T-test with the accuracy of the proposed method

▼ means that the algorithm has a significantly lower performance than the proposed algorithm based on the t-test.

▼: p < 0.01

Finetuned Model Evaluation - Accuracy
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Statistic p value

100.0 2.3643e-05

Finetuned Model Evaluation – Friedman test

Finetuned Model Evaluation – Bonferroni–Dunn test (α = 0.05, CD = 0.7899)
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Analysis – A comparison of the proposed method and BERT

restored text

homoglyph text

output tokens

input tokens

OCR processing, Tokenizing* Tokenizing*

if you don't fund this bitcoin

f ou dǒ ỗtn f dn hT lsI
C

L

S y u bl colt n

C

L

S f ou do 'tn f dn ht isi y u bi coit n

S

E

P

S

E

P

.f you do not fuηd τhιs bιτoι.

f do not fu dη hτ ιsι
C

L

S you u bι oιtc n
S

E

P

f do not fu dη hτ ιs.
C

L

S you u bι oιτ .
S

E

P

Proposed Method BERT

Ιf you dǒ nỗt fuηd τhιs bιtcoιn

BERT Language Model

* Tokenizing has a Unicode normalization process.
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Analysis – qualitative analysis

Original Text Ground Truth Proposed Method BERT model

ī am well aware is yōūr pãss. i am well aware is your pass. i am well aware is your pass. l am well as is your pass.

you hаvе 48 hours tо mаkе thе p

aуment.

you have 48 hours to make the p

ayment.

you have 48 hours to make the p

ayment.

you have 48 hours to make the p

ayment.

Ι haνe α unιque pixel wiτhiη τhιs e

mαιl message

i have a unique pixel within this e

mail message

i have a unique pixel within this e

mail message

i have a unlqueid with the thls em

all message

all íᴨɡеɴἱоսѕ ἰѕ ѕìᴍрlе. all ingenious is simple. all ingenious is simple. all ingenlous ls simple.

yοu'll mακe τhe ραymeηt via βitco

ιη tο τhe below αddress

you'll make the payment via bitcoi

n to the below address

you'll make the payment via bitcoi

n to the below address

you. ll make the paymeat via bitc

an to the above address

• homoglyph

• wrong word

• Since the BERT model Unicode normalization is being processed during the tokenization, it is partially effective for homoglyph restoration, but not fo

r predefined homoglyphs.

• BERT's sub-word tokenization is basically not suitable for homoglyph restoration because one token contains one or more characters.
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Contribution of the Study

1. We achieve higher performance than 

traditional methods such as OCR, 

SimChar DataBase, and spell checker.

2. We propose the Character-level BERT 

algorithm and introduce a dataset for the 

homoglyph restoration task.
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The proposed model is a masked language 

model, limited in that the input/output 

sentences should be the same sequence 

length.

• It can be used as a homoglyph of the alpha

bet ‘m’ by concatenating the letters ‘r’ and ‘

n’. But the presented model does not solve 

this case.

The proposed model can be applied as a 

sequence-to-sequence model in future studie

s.

Limitation of Proposed Model

if you do not fund this bitcoin …restored text

Ιf you dǒ nỗt fuηd τhιs bιtcoιnhomoglyph text

OCR processing

Proposed Method

output

tokens

input

tokens
f ou dǒ ỗtn f dn hT lsI

C

L

S y u bl colt n

C

L

S

…

f ou do otn f dn ht isi y u bi coit n …

…

same length
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특허출원진행상황

➢ P20220246, P20220244, P20220242: 출원 지시 필요

➢ 명세서 작성 요청으로 상태 변경 → 오늘 오전 중으로 처리

➢ 이후 변리사님이명세서 초안 업로드

➢ 그 이후 출원 지시로 상태 변경 요청 필요

➢ P20220254

➢ 저번 주 금요일 변리사님과명세서 초안 작성을 위한 미팅 진행함

➢ 변리사님이명세서 초안 작성 중

➢ 책임자 이재성 교수님으로변경 → 오늘 오전 중으로 처리

CAU AutoML Lab 27



To-Do List

➢ 논문작성계속 진행

➢ elsevier 양식 재확인

➢ PPT 내용 수정

✓ Friedman test의 critical value 넣기

✓ Contribution에 in depth analysis 추가

CAU AutoML Lab 28



Thank you
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Character-level BERT

• Number of parameters: 86,720,369

• Max length of input tokens: 512

• Vocab size: 881

A. Proposed Model Information
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B. Pre-trained Model Evaluation

Evaluated with the whole test sentences

Character level BERT is only pretrained with the WikiText-103, BookCorpus & spam mail datasets.

Word level accuracy and T-test with the accuracy of the proposed method

▼ means that the algorithm has a significantly lower performance than the proposed algorithm based on the t-test.

▼: p < 0.01

Algorithm Word Accuracy

Proposed

(not finetuned)
0.9516 ± 0.1289

Normal BERT 0.6713 ± 0.2679 ▼

OCR 0.6519 ± 0.2976 ▼

SimChar DB 0.5506 ± 0.3627 ▼

Spell Checker 0.9090 ± 0.1620 ▼
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C. Test Output Examples of Pretrained Model

Example 1

• input sentence Ꮮ Νееժ у0⋃ᚱ ТΟТɑι ατΤеΝТɩОɴ fΟʀ Ꭲһе с0ᎷɩΝɡ ᎢѡеΝτʏ-fО⋃Ꮢ һᚱႽ,

• output sentence : i need your total attention for the coming twenty - four hrs,

Example 2

• input sentence : ɑftêг thät, i hἁvë ṡtἁгtèd tᴦȧcĸἱṅģ ɣὀᴜг ἱṅtéᴦᴨët ȧсtίvίtìêṡ. 

• output sentence : after that, i have started tracking yo ur internet activities.
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C. Test Output Examples of Pretrained Model

Example 3

• input sentence : do ṅὀt tгɣ tὁ cоṅtáϲt thе ῥᴏlἱćê àɴd ὀtңêᴦ ѕёϲuritү ѕervἱᴄes. 

• output sentence : don't try to contact the police and other security services. 

Example 4

• input sentence : yøuř åccøuňt wås åttåckěd.

• output sentence : yogr account was attacked.



Data Imputation for missing value
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To Do List from Previous Seminar

✓ Dataset 20-25개이상사용하여실험진행

→ Dataset 1개추가하여실험진행

✓ TabNet, NLP(unknown token) 관련 search

→ TabNet 진행중

✓ KNN imputation method 이용하여실험진행

→ 진행완료

✓ Cross validation 진행

→ 진행완료

CAU AutoML Lab 3



Experiment
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XGBoost

1. Breast_cancer

2. Abalone

4

20% 40% 60% 80%

Zero 0.975 ± 0.001 0.982 ± 0.003 0.989 ± 0.002 0.992 ± 0.007

KNN 0.967 ± 0.010 0.956 ± 0.019 0.955 ± 0.003 0.959 ± 0.007

20% 40% 60% 80%

Zero 0.413 ± 0.004 0.549 ± 0.004 0.704 ± 0.002 0.852 ± 0.004

KNN 0.985 ± 0.000 0.531 ± 0.003 0.694 ± 0.006 0.849 ± 0.004



NLP(unknown token)
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NLP(unk) & missing value

• Subword tokenizer

→ unknown token의수를줄이기위해서사용

1. Byte Pair Encoding(BPE) (Neural Machine Translation of Rare Words with Subword Units(arXiv, 2016)

2. SentencePiece (SentencePiece: A simple and language independent subword tokenizer and detokenizer for Neural Text Processing (arXiv, 2018)

3. SubwordTextEncoder

4. HuggingFace Tokenizer

• Missing value imputation

1. KNN

2. Zero/Mean and so on

5



To Do List

✓ TabNet 분석후실험진행

✓ Experiment 코드보완및연구진행

✓ Nearest Neighbors/Machine Learning 연구진행

CAU AutoML Lab 6
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To Do List from Previous Seminar

✓ To do list 1

➢ GI tract polyp segmentation Public dataset 조사

✓ To do list 2

➢ Medical Image polyp segmentation Deep Learning model 조사 , Paper review

✓ To do list 3

➢ GI Tract Segmentation 학습 진행

CAU AutoML Lab 3



Overall Progress

Problem
Related Works/Survey

(counterparts)
Experiments Analysis Proposal

▪ Gastrointestinal

track Polyp

Segmentation

CAU AutoML Lab 4

Post-experimental 

analysis
Experiments

▪ Conclusion

▪ Kvasir-SEG

▪ CVC-ClinicDB

▪ CVC-ColonDB

▪ ETIS-

LARIBPOLYPDB

▪ FCN-

Transformer

▪ Kvasir-SEG 

datasets
Data 개수 :

Train: 800

Valid: 100

Test:: 100

▪ Metric



Introduction

Proposed model : FCN-Transformer Feature for Polyp Segmentation

CAU AutoML Lab 5

The architectures of FCBFormer TB (Transformer Branch)

FCB (Fully convolutional Branch)

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

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

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

• Decoder: a fully convolutional branch (FCB) which returns full-size (h×w) feature maps.



Proposed model : FCN-Transformer Feature for Polyp Segmentation

CAU AutoML Lab 6

PH (Prediction Head)

LE (Improved Local Emphasis)

RB (Residual Block)

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

The architectures of FCBFormer

TB (Transformer Branch)

Introduction



Related Work

Experimental Results
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Algorithms mean Dice mIoU

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

Table 1. Experimental Results for Kvasir-SEG Dataset

Figure 1. Experimental Results for Kvasir-SEG Dataset

Figure 2. Best Model for Other Medical Image Segmentation dataset



Medical Image Segmentation Dataset
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open-access dataset of gastrointestinal polyp images and corresponding segmentation masks, The Kvasir-SEG

dataset (size 46.2 MB) contains 1000 polyp images and their corresponding ground truth from the Kvasir Dataset

v2. The resolution of the images contained in Kvasir-SEG varies from 332x487 to 1920x1072 pixels.

Kvasir-SEG

open-access dataset of 612 images with a resolution of 384×288 from 31 colonoscopy sequences. It is used for

medical image segmentation, in particular polyp detection in colonoscopy videos.

CVC-ClinicDB

The dataset for this challenge was obtained by carefully annotating tissue images of several patients with tumors of

different organs and who were diagnosed at multiple hospitals.

▪ training data : 30 images and around 22,000 nuclear boundary annotations.

▪ test data: additional 7,000 nuclear boundary annotations.

MoNuSeg

GlaS means Gland Segmentation in Colon Histology Images Challenge.

The dataset used in this challenge consists of 165 images derived from 16 H&E stained histological sections of stage

T3 or T42 colorectal adenocarcinoma

GlaS

Related Work
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collection of medical image segmentation datasets.

It contains a total of 2,633 three-dimensional images collected across multiple anatomies of interest,

multiple modalities and multiple sources.

Medical Segmentation Decathlon

Medical Image Segmentation Dataset

Related Work
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Medical Image Segmentation Model Survey

Related Work



Experimental Settings

➢ Datasets

• Kvasir Dataset

• Number of Samples: 1,000 (train: 800, test: 100, validation:100)

➢ Model : FCN-Transformer

➢ Hyper Parameter Setting:

CAU AutoML Lab 11

Model Optimizer loss Epochs Batch size Learning rate

FCN-Transformer AdamW Dice_loss, BCE_loss 100 32 1e-3



To Do List

✓ To do list 1

➢ CVC-ClinicDB, CVC-ColonDB, ETIS-LARIBPOLYPDB 등의 위장계 polyp 검출용 데이터

를 사용하여 FCN model학습-> 결과 비교
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