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| Feedback Revision

Comment

Several recent financial studies combined various data with
stock price data [13]. The model combined with CNN and
LSTM was proposed in [31] to extract the feature of limit
order book and stock price data. In this work, the CNN
module of the model extracts the feature in the limit order
book, and the LSTM meodule of the model extracts the feature
in stock price data. The information fusion-based genetic
algorithm (GA) was proposed to predict stock prices and
trends using LSTM in [32]. The proposed GA and LSTM
aim to optimize the parameters of an LSTM, select a set
of features, and is executed with inter-intra crossover and
adaptive mutation. The heterogeneous information fusion
method was proposed in [33] for information fusion on the
Web and financial news for stock market prediction. The
authors in [34] addressed the problem of technical analysis
information fusion in improving stock market index-level
prediction. The multimodal deep learning architecture was
proposed in [33], where the architecture learns the cross-
correlation of the United States and Korean stock prices.
These studies commonly reported that the combination of
various data sources can contribute to the improvement of
prediction accuracy.

Increase the level of detail for each item. Do not use the
same style of phrases. “is proposed. ... is proposed. ... is
proposed. Do use 'was’ instead of 'is’ from this section.

Revision

v

Several recent financial studies combined various data with
stock price data [13]. An event-driven approach was used
to predict stock price prediction with stock price data in
[32]. The event-driven method was elaborated by extracting
the stock-related event from the news titles. Moreover, the
method enhancing the joint impacts was also devised by
calculating the two stocks’ similarity using their p-change
values and Pearson correlation coefficient. The information
fusion can be enhanced by conducting parallel operations
that contain inter-intra crossover and adaptive mutation in
the genetic algorithm (GA) [33]. The proposed information
fusion-based GA approach can optimize the parameters of
an extended short-term memory stock price prediction model
and selects a set of features. Historical stock quantitative
data, social media data, and web news data could be used
by expressing the information as a matrix and tensor to
predict stock market prediction [34]. The stock quantitative
feature matrix and stock correlation matrix were made using
the stock’s quantitative and social media data. The stock
movement tensor was built by events and sentiments extrac-
tion from news articles and social media stock quantitative
feature matrix and the stock correlation matrix are factorized,
and the stock movement tensor was decomposed to predict
stock price prediction. The authors in the work of [35] ad-
dressed the problem of technical analysis information fusion
in improving stock market index-level prediction. Multiple
predictive systems based on different categories of techni-
cal analysis metrics are devised. The system has multiple
prediction models with different technical analysis metrics
data categories. Each prediction model was based on an
ensemble of neural networks with particle swarm intelligence
for parameter optimization The authors in the work of [36]
proposed the multimodal deep learning architecture where
the architecture learns the cross-correlation of the United
States and Korean stock prices. These studies commonly
reported that combining various data sources could improve
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| Feedback Revision

Comment

In this study, we consider the problem of the stock direction
prediction [?, 7, 7] that predicts whether the stock prices will

Revision

rise or fall in the future because Why do you focus on this
problem? Is it important?. Specifically, the proposed method
predicts the next day’s stock up and down direction using the

B. MULTIMODAL EARLY FUSION TRANSFORMER

An accurate stock price prediction From now on, do not use
“stock price prediction.” Do use “stock direction prediction.”
is a challenging problem because of the randomness in the

RIVINU, [N . PRI £ 0 Ny ) U PUDUSEE F-J S F [N A

v

v

In this study, we consider the problem of the stock direction
prediction [37] that predicts whether the stock prices will rise
or fall in the future because it gives a guide to investors to
buy a stock before the price rises or sell it before its value
declines [38]. Specifically, the proposed method predicts the

JIURURIVIN . U PUJDUIDNUE, [N, [ [§y . -5 SR S UVRG S ) Vg

B. MULTIMODAL EARLY FUSION TRANSFORMER

An accurate stock direction prediction is a challenging prob-
lem because of the randomness in the stock price data [2].
To solve this problem, we propose a multimodal early fu-
sion neural network that fuses various information sources
internally. Considering the external factors in stock direction
prediction is crucial because the stock price is affected by
many external factors [40]. Late fusion and early fusion are

a1 1 . 1 1 1 1 . - LU S PR 1 1 1 1
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| Feedback Revision

« Comment * Revision

Give the notation used subsequently in this paper. Add the
formulation about the input data source. What is the size of
each modality? Do not make your own notation. Do use the
notations from other papers. We select feature Concatenation
method in early fusion because it is one of the efficient and
effective method to fuse multiple information sources. M = Concat(z1, z2, z3), (1)

We select feature Concatenation method in early fusion be-
cause it is one of the efficient and effective method to fuse
multiple information sources.

v

where M is modality matrix concatenated by time, z; €

M = Concat(mi,mz, ms), O RF: s the stock price modality, 75 € RV<F2 is the months
where M is modality matrix concatenated by time, m; is the and day of the week modality, and z3 € R** ¥ is the macroe-
stock price modality, m; is the months and day of the week conomic indicator modality. [ is sequence length. F, F5 and
modality, and mg is the macroeconomic indicator modality. I35 are feature sizes of the stock price modality, the months

and day of the week modality, the macroeconomic indicator
modality, respectively.

It can be different which day affects to the next day in
predicting the stock price. We use the positional encoding
module to let the model know the position information of

the data. (What is the meaning of two equations? what is the 2) Positional Encoding

difference?
> It can be different which day affects the next day’s stock price
PE(pos 2i) = sin(pos/10000%/ et @) prediction. We use the positional encoding module to let the
and model know the position information of the data. The sine
PE (pos,20+1) = c05(pos/10000%/¢set) - (3) and cosine functions are used to express different frequencies
where pos is the position and i is the dimension. d,, 4. is the [26].

feature dimension of modality data concatenated by time.

CAU AutoML Lab 5
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Comment

5) Compression Feed-Forward Networks

First, feature compress Feed-Forward Networks extract the
information between features extracted by Multi-Head At-
tention. Second, sequence compress Feed-Forward Networks
extract the information between the time. (What is the differ-
ence between two equations?)

FFN¢(z) = maz(0;zWs + by) 7

and
FFN,(z) = maz(0; W, + bg) (®)

where W and b are the weight and bias of feature compress
Feed-Forward Networks. W, and b, are the weight and bias
of sequence compress Feed-Forward Networks.

IV. EXPERIMENTAL RESULTS

A. EXPERIMENTAL SETTINGS

(Move this part to the “data preprocessing part” and elimi-
nate duplicated explanations.) We conducted our experiment
by setting three modalities: stock price modality, months
and day of the week modality, and macroeconomic indicator
modality. In stock price modality, we used the KDD17 public
dataset [31] to add to the reliability of our experiment. The
features of the KDD17 dataset are open, close, high, low,
volume, and adj close. And we also added the ten technical
indicators [39] and two additional features in the stock price
modality through feature engineering to extract significant
features in stock price data. Tablel shows the details of
the stock price modality. In the months and day of the
week modality, the months and day of the week features
are extracted using One-Hot Encoding because months is a
categorical variable with 12 classes, and the day of the week
is also a categorical variable with seven classes. The extracted
one-hot encoding vector can be expressed as [0,1,- - -,0].
In the macroeconomic indicator modality, we selected six
features such as NASDAQ100, US 2-year, 10-year, 30-year
Bond Yield, US Dollar Index, and WTI Oil Price. We used
only the close column in the data even if the data have plural
columns such as open, high, low, close, and volume.

(Add the characteristics of KDD17 dataset here.)

n vrmm a klanlrad tlann mnswinn mmmnn wrmlidabine an a Aadn ~wllie

v

v

Revision

5) Compression Feed-Forward Networks

First, feature compression feed-forward networks extract the
information between features extracted by Multi-Head At-
tention. After getting through the feature compression feed-
forward networks, the feature dimension can be one. Second,
time sequence compression feed-forward networks extract
the information between the time and the time sequence

dimension can be one.

A. DATA PREPROCESSING

We conducted our experiment by setting three modalities:
stock price modality, months and day of the week modal-
ity, and macroeconomic indicator modality. In stock price
modality, we used the KDD17 public dataset [31] to add to
the reliability of our experiment. The features of the KDD17
dataset are open, close, high, low, volume, and adj close.
And we also added the ten technical indicators [39] and two
additional features in the stock price modality through feature
engineering to extract significant features in stock price data.
Tablel shows the details of the stock price modality. In the
months and day of the week modality, the months and day
of the week features are extracted using One-Hot Encoding
because months is a categorical variable with 12 classes,
and the day of the week is also a categorical variable with
seven classes. The extracted one-hot encoding vector can be
expressed as [0,1,- - -,0]. In the macroeconomic indicator
modality, we selected six features such as NASDAQ100, US
2-year, 10-year, 30-year Bond Yield, US Dollar Index, and
WTI Oil Price. We used only the close column in the data
even if the data have plural columns such as open, high, low,
close, and volume.

IV. EXPERIMENTAL RESULTS

A. EXPERIMENTAL SETTINGS

‘We used KDD17 datasets [39] and macroeconomic indicators
on stock direction prediction. The macroeconomic indicators
were collected on Investing.com. The length of historical
price in KDD17 datasets and macroeconomic indicators is
the 2518days ranging from Jan-01-2007 to Jan-01-2016. The
KDD17 dataset has 50 stocks in U.S. markets. This paper’s
macroeconomic indicators include NASDAQ100, U.S. 2-
year, 10-year, and 30-year Bond Yield, U.S. Dollar Index,
and WTI Oil Price.




Feedback Revision

« Comment « Revision

review on three COmparison models are as I01lows:

+ CNN-Attention BiLSTM [1]: (Wenjie Lu er al.) <- I
have warned you. proposed a model that combines
CNN and Attention Bi-LSTM to predict stock price
prediction. CNN is used to extract local perception and
improve the efficiency of model training by reducing the
number of parameters. Attention Bi-LSTM is used to
learn sequential features of the stock data. They used the
Shanghai Composite Index (000,001) stock as a dataset.
Adversarial LSTM [30]: (Fuli Feng et al.) proposed

.

« CNN-Attention BiLSTM [1]: CNN-Attention BiLSTM
model combines CNN and Attention Bi-LSTM to pre-
dict stock price prediction. CNN is used to extract local
perception and improve the efficiency of model train-
ing by reducing the number of parameters. Attention
Bi-LSTM is used to learn sequential features of the
stock data. They used the Shanghai Composite Index
(000,001) stock as a dataset.

« Adversarial LSTM [31]: The adversarial training

an adversarial training method for stock data using > method is 2 module that captures the stochastic property
Attention LSTM. The adversarial .trammg m"*‘?‘(’d 5a in stock data. The adversarial training method has been
module that captu_res th.e.stochasuc property in stock used for computer vision tasks at the data level. Still,
data. The a(jl\«tcrsanal training method has l:.\ecn '_'lse’d for this paper concatenates feature-level perturbations dur-
computer vision tasks at the data le‘vel. Sull_, this paper ing training to express inherent stochastic properties in
concatenatfas feature-level p.erturbauo‘ns fiunng training stock data to overcome the stochastic property in stock
to express inherent stochastic properties in stock data. price data for stock price prediction
» DTML [29!: (Jaem.in Yoo. et al.) pmp.osed a DTML « DTML [30]: DTML model is combined with the At-
?‘Xklf that is C?;lh{m;i with ge tﬁtte;ttlton é‘STII\‘dS;nI& tention LSTM and Transformer model. They used the
TANSIOMmST HI06E. LSy us © Atlention Attention LSTM model to extract the sequential feature
model to extract the sequential feature in the stock data .
and concatenated the model outout. And Transformer in the stock data and concatenated the model output.
model is used to learn the correlagon- between the plural And Transformer model is used to learn the correlation
. . P between the plural stocks in the concatenated Attention
stocks in the concatenated Attention LSTM feature. LSTM feature
where TP, TN, FP, and FN refer to True Positives, True 6) Model output
Negates, False Positives, and False Negates. (Move this part ;Ih'he f)utpu.:j(;f] the ﬁm‘]]h node in .rgn;ral rlnetw.ortl; get th?)ugh
: € S12moi1 nction. e s1igmoild function 18 the non-hinear
to the proposed method section.) The output of the final > g g

node in neural network get through the sigmoid function.
The sigmoid function is the non-linear function that makes
the input value in the range of [0,1]. The output value of

B

function that makes the input value in the range of [0, 1]. The
output value of the sigmoid function is used for the input
of Binary Cross Entropy Loss with the target value. Model
parameters are updated using the value of the Binary Cross
Entropy Loss.



| Feedback Revision

« Comment * Revision
Table 5 shows experimental results for the entire data in Table 5 shows experimental results for the entire data
terms of accuracy. (Add the explanation how to read the in terms of accuracy. The table consists of a ticker, sector,

Table 5.) The Table 6 shows the abbreviation of each sector. proposed method’s experiment rESlIltS, and three Comparison
The proposed method, 27 out of 50 stock data, showed the

: model’s experiment results. The ticker represents the name

best accuracy compared to comparison models. Compared to . ) . . .
the comparison model, the stock that the proposed method of a certain stock. The sector in stock i1s a unit consisting
of similar industries. The experiment results are expressed
as an average accuracy and standard deviation. The Table 6

v

v

FIGURE 1: The overview of the proposed early fusion
method. (Increase the detailedness about the internal infor-
mation processing.)

FIGURE 1: The overview of the proposed early fusion
method. The proposed method comprises the feature concate-
nation, transformer encoder, and classifier layer.

1¥ N

BCE(z) = -y 2 vilog(h(z:)) + (1 — yi)log(1 — h(z:)) BCE(z) = —%Z yilog(h(z:)) + (1 — yi)log(1 — h(z))
where N, y;, and h(z;) are the number of data, 0/1 binary - =1 ©)
target value is the prediction of the proposed model, respec- - where N, y;, and h(z;) are the number of data, 0/1 binary
tively. (Incomplete explanation. Where is the definition of h target value is the prediction of the proposed model, and the
function here?) final output of the model gets through the sigmoid function,

respectively.

CAU AutoML Lab 8
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product is divided by /d},. In this paper, (Weird explanation.)
which parts of the data are more interrelated may be impor-
tant because learning the inter-correlation between data is
one of the objectives.

T M A AL A SRALAR TEAATE A VRV WA A AAAAS S VEAS VAAN WO AAALS AL AL AR ALAW VAL oL

Figure 3 shows the result of the Bonferroni-Dunn test. (Add
explanation how to read Figure 3 and the proposed method
outperforms the counterparts here.)

methods. Summarize the superiority of the proposed method
based on the experimental results here.

v

v

v

Revision

product is divided by 1/dj . In this paper, it is important
to know what parts of the data are related to each other

because learning the inter-correlation between data is one of
the objectives.

Bonferroni-Dunn test. In the figure, the three comparison
models are farther to the left than the CD (=0.61812) com-
pared to the proposed model. The proposed method achieved
the best average rank and outperformed all the comparison
methods.

outperformed all the comparison methods. The quantitative
analysis confirmed that the proposed method has a numerical
difference compared to the comparison model. As a result of
the statistical tests, it was found that the proposed model had
a statistically significant difference compared to the compar-
ison models. Therefore, the proposed method outperformed
the comparison models regarding classification accuracy.

CAU AutoML Lab (0]
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« Comment * Revision
TABLE 5: Summary of the Shaprio-Wilk statistic W/(N =
B. COMPARISON RESULTS 50) and Critical Value in terms of Accuracy measure
(Put the table showing the result of shapiro test here.) ool W Critical Value (@ = 0.08)
Table 5 shows experimental results for the entire data - Proposed method_ 0.9485
in terms of accuracy. The table consists of a ticker, sector, g iﬁi}?gfﬂm}f’;ﬁdﬂéﬁd (1] g:ggg; 0.947
DTML [30] 0.9727

methods to combine plural data in Multimodal deep learning.
(Weird explanation.) Whereas the late fusion method extracts
intra-modality correlation more efficiently than the early fu-
sion method, the early fusion method extracts inter-modality
correlation more efficiently than the late fusion method [36].
(Weird explanation.) In this paper, our purpose is to develop
a model that learns the relation between modalities well
because data coming from other sources can affect each other
in the financial domain. Therefore, the early fusion method is
selected in this paver. The transformer is a Natural Language

v
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map. (This explanation should be enhanced.) In (a) early
fusion, we can see that each modality learns by referring to
each other. However, in (b) late fusion, each modality is sep-
arated and passes through the scaled dot-product attention.
Consequently, the early fusion method learns inter-modality
correlation better than the late fusion method because all
the modalities get through the scaled dot-product attention
together, which learns the relationship between data in the
early fusion method.

V. CONCLUSION

(Is it necessary?) Stock direction prediction is tremendous

influence and utility in the financial domain. Despite many

researchers’ efforts to solve the problem, they still have

experienced a problem because of the difficulty of the stock

direction prediction. An enormous ripple effect can come

from financial data mining if it is possible to predict accurate

stock prices. We tried to solve this problem by fusing various
data. In this study, we proposed multimodal early fusion

v

methodology (what is the meaning of this?) to carry out the
relevant task effectively. Our model outperformed compared
to the comparison model and achieved statistically significant
results. Specifically, BLAH (Add the detailedness on this.) (Is
it necessary?) Hereafter, In addition to the data used in this
paper, we could expect better research results if additional
data exploratory research is applied in financial data mining.
Moreover, data fusion methodology considering the trait
between different data is also important in multimodal stock
direction prediction. Discuss the future research direction
here.

v
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| Overall Progress

Related Works/Survey .

=  CNN-BiLSTM- - EDD 17 - !\lcfeed more . LMuItimodaI
=  Stock Price AM Data 7H1t?§5e;§ Information earning
Prediction Feature : 67
= =« AdVvLSTM == (Open, High, Low, Close, =% -
u Low Accu racy Volume, Adj Close)
= DTML =  Metric
Accuracy
\/

Post-experimental Conclusion
=UEWSS

=  Accuracy
improvement
(0.506->0.516

. hanking mean
improvement
= (2.48-21.72)

= Conclusion
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| Stock Price Prediction

S&P 500 =9
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Stock prospect suggestion

Core Task

Chart pattern suggestion
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| Proposed Method

Multimodal early fusion Transformer
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| Experimental Setting

Time series blocked cross-validation

2007.01.01 2011.09.26 2012.04.06 2012.10.15 2012.04.06
1 1 1 1 1
1 8 o 1 1 1 1 1 1
€ > ¢—t—> | |
| o 1 1 1
b Training__ | | Test | . |
| I 7™ | Test | '
1 g |
1 ] ] 1
i I T N | Test | i
1 1 [ 1 1
1 1 1 1 1
1 1 1 1 1
1 1 1 1 1
1 1 1 1 1
1 1 1 1 1
: . Traning___ | [ Test |
1
1

[11 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

Comparison algorithm

 CNN-BILSTM-AM [1]: Hybrid deep learning model
 AdVLSTM [2]: Adversarial Training

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

Performance Measure

TP+ TN
X
TP+TN+ FP + FN

Accuracy(%) = 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.
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| Experimental Result

1. Shapiro-Wilk normality test (4

Shapiro-Wilk Statistic Critical values (a =0.05)

Proposed Method 0.9485
CNN-BILSTM-AM 0.9791
0.947
AdvLSTM 0.9725
DTML 0.9727

2. Friedman test (multiple comparisons) [4]

Friedman statistic Critical values (a =0.05)

Accuracy 24.084 2.557

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

CD=0.61812
[ |

|
i) L

CNN BIiLSTM Attention

AdversarialLSTM

[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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I A n al yS I S Early Fusion Method
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The Number of data with

high accuracy

Early fusion method 30

Late fusion method 20

Proportion (%)
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Effective Music Genre Classification
using Early Fusion Convolutional Neural
Network

Sung-Hyun Cho
saintcho94@gmail.com
19th Oct, 2022
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| Music Information Retrieval (MIR)

v Concerned with the extraction and inference of meaningful features from music.
v' Aims at making the vast store of music available to individuals.

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

Feature Extraction

Typical MIR subfields Visual Data Classifiers

. . . Chroma Mel .
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| Music Genre Classification using Convolutional Neural Network
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| Proposed Method

Model 18
v Early Fusion 12 C|H| ¥ Z2}510] 22t (JE 2= S0{7t= H[O0[H 37Hof Cigt off x| 28 =71).
v dX EERE E0F= 18
v Early Fusion1 Late Fusion AFO|Q| X}O|E 2 EO|F&= 18 =7t
v Early FusionZ} Late Fusion2| 2'd HE (7} X007} FE 2 X|= 171 H|O|H)
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| Proposed Method

. . Dense Block ..
- First Convolution Transition Layer
s it (6/12/24/16) y
Convolution Batch Batch
(7,7) Normalization Normalization
Batch
Normalization
First Conv
v - Convolution Convolution
Dense Block : :
(1, 1) (1, 1)
Transi .J' Max Pooling
ransition Layer :
i (3,3) Batch Avg Pooling
Dense Block 2 Normalization (2,2)
v
Transition Layer
v
Dense Block 3
v
Transition Layer Convolution
! (3,3)
Dense Block 4
!
| Fully Connected Layer | Dropout
(0.3)
Output
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| Proposed Method

Layers Feature Map Size Proposed Model
Growth_rate (k) = 32
(3,128, 628) 7 X 7 Convolution, stride = 2
First Convolution
(3, 64, 324) 3 X 3 Max Pooling, stride = 2
1Xx1conv _
Dense Block 1 (3, 64,324) 3x3 Conv] x 6, (k = 32)
(3, 64, 324) 1 x 1 Convolution
Transition Layer
(3, 32,162) 2 % 2 Average Pooling, stride = 2
1 X1 conv _
Dense Block 2 (3,32, 162) 3%3 conv] x 12, (k = 32)
(3, 32, 162) 1 x 1 Convolution
Transition Layer
(3,16, 81) 2 X 2 Average Pooling, stride = 2
1x1conv _
Dense Block 3 (3, 16, 81) 3x3 Conv] x 24, (k = 32)
(3,16, 81) 1 x 1 Convolution
Transition Layer
(3, 8, 40) 2 X 2 Average Pooling, stride = 2
1X1conv _
Dense Block 4 (3, 8, 40) 3x3 Conv] x 16, (k = 32)
3,1,1) 7 x 7 Global Average Pooling
Classification Layer
1000D Fully-Connected, Softmax

CAU AutoML Lab 8



| Proposed Method

Layers Input Number of Channels Output Number of Channels Number of Trainable Parameters Output Image Shape
7x7 Conv 3 60 2,940 [3, 128, 648]
First Convolution

3x3 MaxPool - - - [3, 64, 324]
1x1 Conv 60 128 7,680 [3, 64, 324]

Dense Layer 1
3x3 Conv 128 32 36,864 [3, 64, 324]
1x1 Conv 92 128 11,776 [3, 64, 324]

Dense Layer 2
3x3 Conv 128 32 36,864 [3, 64, 324]
1x1 Conv 124 128 15,872 [3, 64, 324]

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

Dense Block 1

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

Dense Layer 4
3x3 Conv 128 32 36,864 [3, 64, 324]
1x1 Conv 188 128 24,064 [3, 64, 324]

Dense Layer 5
3x3 Conv 128 32 36,864 [3, 64, 324]
1x1 Conv 220 128 28,160 [3, 64, 324]

Dense Layer 6
1x1 Conv 128 32 36,864 [3, 64, 324]
1x1 Conv 252 126 31,752 [3, 64, 324]

Transition Layer

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

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

1x1 conv 60x1x1x128 = 7680
3x3 conv 128x3x3x32 = 36864

CAU AutoML Lab (0]



| Proposed Method

The number of input feature maps of [*layer
ko +kx(—1) (ky=60k=32)

Layer1=60+32%x(1—-1) =60
Layer2=60+32x(2—1) =60+ 32 =92
Layer 3=60+32x (3—1) = 60 + 64 = 124

Convad
o H;, + 2 X padding[0] — dilation[0] X (kernel_size[0] — 1) — 1 +1
out = stride[0]
Win + 2 X padding[1] — dilation[1] X (kernel_size[1] — 1) — 1
Wour = : +1
stride[1]
AvgPool2d MaxPool2d
Ho - H;, + 2 X padding[0] — kernel_size[0] T Hoo H;, + 2 X padding[0] — dilation[0] X (kernel_size[0] — 1) — 1 1
out — stride[0] out = stride[0]
W - Win + 2 X padding[1] — kernel_size[1] 1 W - Win + 2 X padding[1] — dilation|[1] X (kernel_size[1] — 1) — 1 +1
out = stride[1] out = stride[1]

CAU AutoML Lab 10



| Experimental Settings

Datasets

v" Data Description
» 12 music genre datasets from the creation stage and by post-processing

Dataset Patterns Avg. Length # of Classes Average Patterns per Class + Standard Deviation
Ballroom 698 30 8 87.250 T 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 727 120 6 121.167 + 95.602
MICM 1137 360 7 162.429 + 119.717
Seyerlehner-Unique 3115 30 10 311.500 + 248.349

CAU AutoML Lab



| Experimental Settings

Hyperparameter Settings

Model Batch Size Epochs

Loss Function Optimizer LR

Proposed 16 60

Cross Entropy Loss Adam le-3 le-4

Cross-Validation for Test Performance
v" 10 iterations

v’ Data Split Ratio: (Train : Test) = (0.8 : 0.2)
Performance Measure

TP+TN o
TP+TN+ FP+ FN

Accuracy(%) = 100

TP : True Positive TN : True Negative

FP : False Positive FN : False Negative

Evaluates the overall effectiveness of a model
m) Higher value, Higher Performance

CAU AutoML Lab

Weight Decay



| Experimental Settings

Comparison Algorithms
Model Batch Size Epochs Loss Function Optimizer LR Weight Decay
[1] 64 Proposed Loss Function
128 Cross Entropy Loss
[2] 60 by Adam le-3 le-4
[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., Was, 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.

CAU AutoML Lab



| Conventional methods of CNN-based MGC

Descriptions and Pros and Cons

L L —
| AVQZZOO | Loss =(1—t)-Lossl+t-Loss2
O 099
S % % % Dense | | t=a"? (a: balance base,b : balance factor)
O R I$ do c'u do I$ § Loss1 = Cross_Entropy(yrye (Onehot encoding), ypreq (Sof
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Dropo
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| Conventional methods of CNN-based MGC

[3]

| Dense
0O U 0459 OgY
0 = A = O =
i o o o
; — > SRS ) 288 ) JBE Softmax
H T C o T C o T C o
: 11 11 11
: MaxPool-1 MaxPool-2
Cross |
Mel Spectrogram Entropy ;

i Music excerpts

Dropout

- Dense
(9]
2l
C
MaxPooI 3 MaxPooI 4 MaxPooI 5 Softmax
Cross

Entropy |

T-AUOD
n71sd
£-AU0D
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| Experimental Results

Model Comparison Based on Accuracy v+ 99% significance level
w* : 95% significance level
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'¥** 4243 + 2.299** 48.07 + 4.79w** 47.71 + 4.58w**
Ballroom-Extended 85.49+1.06 61.82 + 3.79w** 44,68 + 1.30v** 62.88 + 4.70 w** 54.38 £ 5.33v**
emoMusic-G 36.04 +0.95 27.72 + 3.50 w** 28.99 + 1.78w** 32.95 + 2.92w** 31.34 + 3.66¥**
Emotify-G 74.88 + 2.53 62.78 £ 2.70 w** 67.50 + 4.17Ww** 66.00 + 3.32¥** 65.88 + 5.62¥**
FMA-SMALL 57.33+0.94 47.03 £ 1.31v** 4219+ 1.16'¥v** 46.96 + 1.62V¥** 40.88 + 1.73w**
GiantStepsKey-G 37.27 £1.80 2843 £ 3.15¥** 25.21 + 2.53w** 27.19 £ 290V9** 2430 £ 2.119**
GMD-G 67.13 +1.13 61.91 £ 3.04V¥** 63.44 + 1.719** 39.38 £ 3.36 ¥** 35.36 + 6.35¥**
GTZAN 82.00 + 2.24 77.50 + 3.81¥* 63.35 + 2.08w** 75.10 + 3.84W** 72.50 + 2.13w**
HOMBURG 58.76 £ 1.15 53.49 + 1.59w** 51.01 + 1.51w** 52.54 + 2.55¥** 48.15 + 2.14w**
ISMIRO4 80.59+1.41 70.96 + 2.93¥** 67.88 + 1.70¥w** 71.32 £ 1.379** 67.67 £ 1.99¥**
MICM 43.25+ 2.32 37.81 + 3.32W** 39.30 + 2.21W** 38.42 + 3.16W** 39.34 + 2.28W**
Seyerlehner-Unique 72.57+1.19 63.62 + 2.56 W** 60.72 + 2.73w** 63.50 + 2.79w** 61.62 + 1.709**
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

CAU AutoML Lab




| Experimental Results

Friedman Test

Evaluation Measure Fr Critical Value(a = 0.05)

Accuracy 29.133 2.498

Bonferroni-Dunn Test

CD=1.61
G‘P ® ©) (D
I oL | N I
Proposed
Cheng et al. [3]
ResNet50_trust [1]
Pelchat and Gelowitz [2]
Shah et al. [4]
<Accuracy>
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| Conclusion

Conclusion

v Conducted a novel CNN model using early fusion.

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

Contribution

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

v" In International Conferences

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

» An Efficient Neural Network based on Early Compression of Sparse CT Slice Images, PlatCon, 2021, Co-author

v" 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

CAU AutoML Lab
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| To Do List
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| Appendix: Comparison Between Early Fusion and Late Fusion

Model Comparison Based on Accuracy

v : 95% significance level
Dataset (Genre) Early Fusion Late Fusion
Ballroom 58.29+1.91 55.86 + 3.41
Ballroom-Extended 85.49+1.06 70.35+3.25V¥
emoMusic-G 36.04 +£0.95 35.77 £ 2.49v
Emotify-G 74.88 + 2.53 72.00 £ 4.05V¥
FMA-SMALL 57.33+£0.94 55.07 £ 0.84Vv
GiantStepsKey-G 37.27+1.80 35.29 + 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
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'V¥
Avg . Rank 1.00 2.00
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| Appendix: Overall Experiment of Combination of Three Features

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




| Model Summary

Dense Block 1
First Convolution 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 3 - 60 128 92 128 124 128 156 128 188 128 220 128 252 -
Channels
Output
Number of 60 - 128 32 128 32 128 32 128 32 128 32 128 32 126 -
Channels
Number of
Trainable 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 -
Parameters
Output
Image [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]
Shape

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 Densi(IJ_ ayer Densel 1‘ ayer Denselé_ ayer
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 126 158 190 222 254 286 318 350 382 414 446 478 510 -
Channels
Output
Number of 128 128 128 128 128 128 128 128 128 128 128 128 255 -
Channels
Number of
Trainable 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 -
Parameters
Output
Image [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]
Shape




| Model Summary

Dense Block 3
Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Transition Layer
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8 Layer 9 Layer 10 Layer 11 Layer 12 Layer 13 Layer 14 Layer 15 Layer 16 Layer 17 Layer 18 Layer 19 Layer 20 Layer 21 Layer 22 Layer 23 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 szgézool
Input
Nur;'lfber 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
Channels
Output
Nur;'lfber 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 -
Channels
Number
of
Trainable 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 -
Parameter
s
Output
Image [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]
Shape
Dense Block 4
Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense Dense
Layer 1 Layer 2 Layer 3 Layer 4 Layer5 Layer 6 Layer 7 Layer 8 Layer 9 Layer 10 Layer 11 Layer 12 Layer 13 Layer 14 Layer 15 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 511 543 575 607 639 671 703 735 767 799 831 863 895 927 959 991
Channels
Output
Number of 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128 128
Channels
Number of
Trainable
65408 69504 73600 77696 81792 85888 89984 94080 98176 102272 106368 110464 114560 118656 122752 126848
Parameter
S
Output
Image [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]
Shape
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| To Do List from Previous Seminar

v’ Attention mechanism -> AppendixZ 0|&

v Delete the attention mechanism from the proposed method.

» Move to appendix

v' Explain what vectors are good for hypernym discovery

» Difference between contexture embedding and word2vec embedding

CAU AutoML Lab 3



| Overall Progress

Related Works/Survey .
Problem (counterparts) Analysis Proposal

. Word2Vec

. Hypernym " CRIM : Hybrid " SemEval2018 beddi . Contextual
Discover approach task9 dataset embeddings not =il
= UMBC corpus working properly for
. Low Accuracy " RMM : recurrent . Metric phrase
(MAP, MRR, P@k) = mapping unitand =% - MAP, MRR, P@k —_ Word? —
attention ord2vec
mechanism embeddings cannot

training for rare
words

Post-experimental

: Conclusion
analysis

= Postexp Conclusion
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| Proposed Method

Contextual Embeddings for Projection Learning

= BERT embedding= O| &l projection matrix2 AFESHH CRIMZt OFEHZEX| £ projection matrix 25 0| 2
AlZtol 2ot

F

[ok

= BERT embedding dimensionO| & 37| Il &0 7| = CRIMEL} 2 st5S @7

= O] REOHWE +8S 20T > 0| EEE &7 TAZ(5epoch O[St A +=3)

Score
200x200 ©®
query —» —» | Projection | —» — Linear
Word2Vec § » 1000epoch N
hypernym —» > Linear
—
768x768 BB BPmE B
query —» — | Projection | — | _ BERT
BERT 3 m) 1000epoch 4
hypernym —» .| [reall & | [ [ Bl & ][]
= 0 e T ey i 2 mae
Hyponym [SEP] Hypernym
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| Proposed Method

Pretraining BERT for Hypernym Relation
= Hearst Pattern2 O| &%t & ==

= Masking Language Modeling2 £ BERT AtH S & £ 7|E Proposed Method &

Pattern

Extract from patterns Animal such as cat and dog.
Y such as (and|or) X ‘
such Y as (and|or) X
Hearst X (andlor) other Y Masking [MASK] such as cat and dog.
Y (including|especially) (and|or) X » ‘
Y (like|for example|which includes) (and|or) X
Y other than (and|or) X B ERT
Extended not all Y are (and|or) X
(and|or) X are (alsofall) Y
not Y so much as (andjor) X Denoising Animal such as cat and dog.
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| 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

Train Train

Validation | E) Dataset _1':)) Validation X 30

Shuffle
Test Test

CAU AutoML Lab 7



| Experimental Results

Dataset Metric Proposed CRIM; RMM
MRR 2.92 +1.90 0.45+ 0.18
MAP 1.68 + 1.09 0.24 + 0.10
1A P@1 1.69 + 1.46 0.27 + 0.17
General P@3 1.34 4 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
MRR 3.06 + 1.01 0.40 + 0.41
MAP 2.82 +0.79 0.17 + 0.20
oA P@1 0.88 + 0.85 0.16 + 0.20
Medical 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
MRR 22.77 + 9.45 3.88 + 1.46
MAP 17.54 + 6.40 2.90 + 1.06
B P@1 16.16 + 8.08 2.05 + 1.38
Music 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

CAU AutoML Lab 8



| To Do List

v' Experiments — repeat 30 times
» 1A, 2A, 2B for Proposed model

> it will take some time

v Explain what vectors are good for hypernym discovery

» Difference between contexture embedding and word2vec embedding

v' Pretraining= 4 AppendixZ O| &, Finetuning?tS £ =& OrF 2
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| To-Do List from Previous Seminar
22 AZf (Elsevier YA =X

» Introduction

« Adversarial example on CV X| A
» Experimental Settings

« Dataset HE0|| Pre-train/Finetuning dataset HA|
»  Experimental Results

« Freidman/Dunntest 2E MHE

« Slide 21 E 0| A proposed row X 7{ 51 Related Works Section2 £ 7| 7|
»  Analysis

«  Proposed? BERT H| wdt= L F7}
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| Introduction

NLP Attack

Adversarial examples in Natural Language Processing the domain of this study
—»| White-box Attack | Classification
—| By Model Access — Machine Translation
| Black-box Attack Machine Comprehension

Text Summarisation
}_b Text Entailment
—r| Cross Modal POS Tagging
Relation Extraction

—|  Single Modal

—-| By Semantic Application }—

Categories of —'l Targeted ] Dialogue System
Adversarial Attacks =|I By Target Type |—
on Textual DNNs —>| Untargeted ‘ Optical Character Recognition
Scene Text Recognition
—| Character-level | Image Captioning

Visual Question Answering

| By Semantic Granularity ——| Word-level | Visual-Semantic Embedding

—-| Sentence-level | Speech Recognition

—-| Feed Forward | | CNNs H RNNs H Auto-Encoder \
L[ By Attacked DNNs )_—>| Reinforcement Learning Models \

—| Generative Adversarial Networks |

H\ Hybrids Models |

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.
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| Introduction

NLP Attack
Black-box NLP Attack Methods
Attack Strategy
» Concatenation
Edit the domain of this study

A 4

Paraphrase-based

Black-box NLP Attack Methods

A 4

GAN-based

A 4

Substitution

A\ 4

Reprogramming

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.
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| Introduction

Homoglyph Attack

Imperceptible Perturbations
Method

A 4

Invisible Characters

\ 4

Homoglyphs the domain of this study

Imperceptible Perturbations
(Types of edit strategy)

A 4

Reorderings

Y

Deletions

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.
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| Related Work

Homoglyph Attack

Example of an attack using homoglyph to confuse English-Franch
translation task.

I just can't believe Je ne peux tout
simplement pas croire

where she was. ol elle é&tait.

I [just can't believe Je crois_qu:'jg ne peux
pas sous-estimer wrong result

where she was 1l'endroit ou se
’ trouvait le scribe e.

“i” is replaced with U+3F3(]"), “” with U+456(“"), and “h” with U+4BB(“h”).

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.
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| Related Work

Defense Methods of Homoglyph Attack

Translate table for confusable characters

1D4C5 ; 0070 ; MA
1D4F9 ; 0070 ; MA
1D52D ; 0070 ; MA
1D561 ; 0070 ; MA

( 2 - p ) |MATHEMATICAL SCRIPT SMALL P - LATIN SMALL LETTER P #
( 2 - p )|MATHEMATICAL BOLD SCRIPT SMALL P - LATIN SMALL LETTER P #
(p~-p) THEMATICAL FRAKTUR SMALL P - LATIN SMALL LETTER P #
(p-=>Dp) THEMATICAL DOUBLE-STRUCK SMALL P - LATIN SMALL LETTER P #

#H % B R

It doesn’t contain some pairs.

L) “_)u
. $5S
e 558

Unicode Consortium 2022, Unicode Utilities: Confusables. accessed 10 September 2022,
<https://www.unicode.org/Public/security/15.0.0/confusables.txt>,

CAU AutoML Lab 8



| Related Work

Defense Methods of Homoglyph Attack

SimChar database

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

N1 ﬁ pixel of image 1, 12 at coordinate (i, j)

N—1
A=Y G LG
i=0

j=0
C OB E DO
E B e e g 0OC B8 0o
g B £ E 9B 8 e E B @ CO0OE g
e || e e B E 3 e e 8 g B B & @
C_haraCter A=0 A=1 A=2 A=3 A=4 A=5 A=6
difference

Figure 6: Basic Latin lowercase letter ‘e’ and characters under different values of the threshold A. In this work,
characters with A < 4 are detected as homoglyphs.

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).
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| Related Work

Defense Methods of Homoglyph Attack
OCR-based method

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

Input
IDNs II ‘ Iiz)egitin.late | | IDNs Legitimate Domain Names
oAt éxample.jp example.com
¥ st [
Proposed Method éxample example
Step 1: Step 2: Step 2 A
Separating Generating images i . ! .
the domain names € % €
Step 3: Step 4: Step 3 Record
Recognizing Detecting . p- . —
images with OCR homograph IDNs ¢Leo.gite..] |:> Mappings
Step 4
Output ‘ ixample, Ixample,

Y
< qxample ... Detect Homograph IDNs
Homograph .
i Mappings
Domaing PPing

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.
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| Related Work

Defense Methods of Homoglyph Attack

Spellchecker-based method

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

Table 2
Some of the adversarial text examples used in experiments.
Original Flipping Swapping Deletion
Busy Bu$y Bsuy Bsy
Caller C@ller Claler Cller
Reply Reply Rpely Rply
winner w!nner wniner wnner Textblob  Symspell pyspellchecker _ Peter Norvig Our spellchecker

acy 15. 00% 65.00% 70.00% 80 00% 65.00% 100 00%

Fig. 9. Flipping.

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.
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| Related Work

Pros & Cons of related works

Algorithm PROS CONS
« Pre-raining the model takes a long time.
BERT « Slightly robust on new homoglyphs « Word-based tokenization is not helpful for the
task.
. * OCR is not performing well on homoglyphs
OCR Robust on new homoglyphs * Inability when the input & output lengths are
* Automated workflow )
different
* Not robust on new homoglyphs
. - * Must manually add homoglyph pairs to the di
SimChar DB ,;Lrléomated workflow on finding homoglyph p ctionary
* Inability when the input & output lengths are
different
Spell Checker * Robust on new homoglyphs * Must manually add words to the dictionary

CAU AutoML Lab



| Proposed Method

Restoring Process Overview

homoglyph text (If you dé not fund this bitcoun )

OCR processing

. t - = - \ 4
tOE::S ST (vloul ol Inioft] [fulnd [ThLs| [oLitidoUn )
=y

Proposed Method

- >
lilf] yiolul dol [nioft] (flund [thiils| blilticoliln )

output
tokens

Y

restored text (If you do not fund this bitcoin )

CAU AutoML Lab



| Proposed Method

Pre-training

spam mail corpus
(non homoglyph text)

BookCorpus dataset

sentence masking

WikiText-103 dataset

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

CAU AutoML Lab

Pre-training

———(FircliEse [ 2090 (N B [R8 . ) [P
Proposed Method
e
——{(‘PPurdnasle ¢ [Ploleld i bliltdolin fanld > ;lf(tgr?;




| Proposed Method

Finetuning

spam mail corpus

dg nolt] [flund [Thids [btico

Un

D)

=~

input
tokens

(homoglyph text)

(If you dd not fund this bitcoin >—

Manually labeling

Y

Proposed Method

(If you do not fund this bitcoin >1

- =

do jnjoit] [fiulnid| [thiils| bliltidai

i

D)

Finetuning

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

CAU AutoML Lab
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| Experimental Settings

Dataset

# of Examples # of Tokens
Dataset Train Set Validation Set Train Set Validation Set

WikiText-103 1,165,029 2,461 285,324,545 612,967
Pre-training ~ BookCorpus 1,480,085 3,126 79,346,399 143,939
dataset (about 2% of the total dataset) ’ ’ ’ ’ ’ ’

bitcoinabuse.com dataset 299,239 633 23 152 956 54 680

(non-homoglyph)
Finetuning bitcoinabuse.com dataset 21 342 5 336 random split random split

dataset (homoglyph)

CAU AutoML Lab



| Experimental Settings

Model Parameters

Parameter Value

Input Max Sequence 512
Vocab Size 881
# of Attention Heads 12
# of Hidden Layers 12

# of Model Parameters 86,720,369

CAU AutoML Lab



| Experimental Settings

Pre-training Setting

Parameter Value
# of Epochs 25
Train / Validation split refer the slide 14.

*  WikiText-103
 BookCorpus
Used Datasets (about 2% of the total dataset)
« bitcoinabuse.com dataset
(non-homoglyph sentences)

Metric Accuracy

CAU AutoML Lab



| Experimental Settings

Finetuning Setting

Parameter Value
# of Epochs 5
Train / Validation split 8:2
# of Test Iteration 50

» bitcoinabuse.com dataset

Used Datasets (homoglyph sentences)

Metric Accuracy

CAU AutoML Lab



| Experimental Results

Finetuned Model Evaluation - Accuracy

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.
v:p<0.01

CAU AutoML Lab



| Experimental Results

Finetuned Model Evaluation — Friedman test

Statistic p value

100.0 2.3643e-05

Finetuned Model Evaluation — Bonferroni—Dunn test (a =0.05, CD = 0.7899)

5 - 3 2 1

J t L |

SimChar Proposed
OCR Spellchecker
BERT

CAU AutoML Lab



| Experimental Results

Analysis — A comparison of the proposed method and BERT

Proposed Method | BERT

I
homoglyph text (If you do not fund this bltCOlﬂ)
OCR processing, Tokenizing* : Tokenizing*
I
input tokens If viou |dd [ndt [flund [Ths bltcoln | 1f lyou] (do (not] (flund [dhs bltc]om
s | <=
BERT Language Model
— = — =

=

(you (do] (not] (flurld [dHS [y t]d.

output tokens if yiau |dan’[t |flund [this bitcoin

A 4

restored text ( if you don't fund this bitcoin )

L
s .
y

( .T you do not fund this bitot. )

* Tokenizing has a Unicode normalization process.
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| Experimental Results

Analysis — qualitative analysis

Original Text

Ground Truth

Proposed Method

BERT model

T am well aware is your pass.

you have 48 hours to make the p
ayment.

| have a unique pixel within this e
mail message

all ingenious is simple.

you'll make the payment via (itco
In to the below address

I am well aware is your pass.

you have 48 hours to make the p
ayment.

| have a unique pixel within this e
mail message

all ingenious is simple.

you'll make the payment via bitcoi
n to the below address

I am well aware is your pass.

you have 48 hours to make the p
ayment.

I have a unique pixel within this e
mail message

all ingenious is simple.

you'll make the payment via bitcoi
n to the below address

| am well as is your pass.

you have 48 hours to make the p
ayment.

I have a unlqueid with the this em
all message

all ingenlous Is simple.

you. [l 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.

CAU AutoML Lab




| Conclusion

Contribution of the Study

5 - 3 2 1
J — 4 L {
SimChar Proposed
OCR ———— ———— Spellchecker
BERT

1. We achieve higher performance than
traditional methods such as OCR,

SimChar DataBase, and spell checker.

CAU AutoML Lab

non-homoglyph dataset homoglyph dataset
@i Purchase $ 2000 in bitcoin and .. | m[ If you do not fund this bitcown .. l

masked sentence

aneut (PrchSe [ 2090 A BEHHR BRA - ) e B Rt fid RIS -)
~ = ~ =

BERT Masked LM - —  — = —=|—= = BERT Masked LM

: Xt output =
[ 209 G FECHR BB - ) ovens ((JEP 0 @9 Y G e BRTEGGHR - )

output (=
tokens (LPHINchieSE)

Pre-training (1 you do not fund this bitcoin .. )

restored texts

Finetuning & Prediction

2. We propose the Character-level BERT
algorithm and introduce a dataset for the

homoglyph restoration task.




| Conclusion

Limitation of Proposed Model

The proposed model is a masked language

model, limited in that the input/output homoglyph text (If you do nét fund this bitcoin >
sentences should be the same sequence OCR processing
length. . v

ot (T8 i (69 (PfE (Fuind TS BiTEdol .. )
« It can be used as a homoglyph of the alpha =y

bet ‘m’ by concatenating the letters 'r and °
n’. But the presented model does not solve e length

Proposed Method

this case.
\
_ output £ S ————
The proposed model can be applied as a tokens Gl viou dol Inait] (flund [thiils biftidolin )
seguence-to-sequence model in future studie I
S. restored text (if you do not fund this bitcoin )

CAU AutoML Lab
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| To-Do List

> =22 A
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v’ Friedman test2| critical value 27|

1B

K| cH
o

L—

v' Contribution0| in depth analysis =7}

CAU AutoML Lab



Thank you



| Appendix

A. Proposed Model Information

Character-level BERT
« Number of parameters: 86,720,369
« Max length of input tokens: 512
* Vocab size: 881

CAU AutoML Lab



| Appendix

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.

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 ¥

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.
v:p<0.01

CAU AutoML Lab



| Appendix

C. Test Output Examples of Pretrained Model

Example 1

* input sentence L Need yOUR TOTai arTeNTION fOrR The cOMINg TweNT1Y-fOUR hRS,

 output sentence : i need your total attention for the coming twenty - four hrs,
Example 2
* input sentence : aftér that, i havé started tracking your intérnét activitiés.

* output sentence : after that, i have started tracking yo ur internet activities.

CAU AutoML Lab



| Appendix

C. Test Output Examples of Pretrained Model

Example 3
* input sentence : do not try to contact the policé and otHér sécurity services.
« output sentence : don't try to contact the police and other security services.
Example 4
* input sentence : yguf accgunt was attackéd.

e output sentence : yogr account was attacked.

CAU AutoML Lab



Data Imputation for missing value
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bhj4208@gmail.com
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| To Do List from Previous Seminar

v' Dataset 20-257l| O|&f AFE510] & T
— Dataset 171 =750 A2 A

v' TabNet, NLP(unknown token) £t search
— TabNet 28 &

v KNN imputation method O| 23}0] A& Tl
— Xlsh etz

v' Cross validation %3

LAY e

CAU AutoML Lab 3



| Experiment

XGBoost

1. Breast cancer

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
2.  Abalone
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

CAU AutoML Lab 4




| NLP(unknown token)

NLP(unk) & missing value

* Subword tokenizer

— unknown token2| =& Z0|7| 23 M Ar-E

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

CAU AutoML Lab 5



| To Do List

v’ Experiment & 22t 3l &1 X

0t

v' Nearest Neighbors/Machine Learning &+ 213
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Gastrointestinal track
Polyp Segmentation

Goeun Kim
goeun678@agmail.com
19th Oct, 2022

CAU AutoML Lab


mailto:rjsdlf45@gmail.com

Contents

1
2
3.
4

To Do List from Previous Seminar

Introduction
Related Work
To Do List

CAU AutoML Lab



| To Do List from Previous Seminar

v Todolist 1

> Gl tract polyp segmentation Public dataset Z=A}

v Todolist 2

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

v Todo list 3

> Gl Tract Segmentation & T3l

CAU AutoML Lab 3



| Overall Progress

Related Works/Survey . :
Problem v a— Experiments Analysis Proposal
=  Gastrointestinal = Kvasir-SEG = FCN-
track Polyp = CVC-ClinicDB Transformer
Segmentation = CVC-ColonDB = Kvasir-SEG
—p " ETIS- —_— datasets —_— —
LARIBPOLYPDB Data 7= :
Train: 800
Valid: 100
Test:: 100
= Metric

|

Post-experimental Experiments

analysis

=  Conclusion

CAU AutoML Lab



| Introduction

Proposed model : FCN-Transformer Feature for Polyp Segmentation

362=352x 3

B | FCB |
¥
BB BB G4
Up. aze

352 = 362 %32
352 35206

352 = 362 64 | PH |

352« 3R2x1

The architectures of FCBFormer

___________________

'PVTv2-B3

'imagehlst
:pra-1rain9d:|

_____________________

3R2 = 352 % 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 )

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

TB (Transformer Branch)

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

Proposed model : FCN-Transformer Feature for Polyp Segmentation

523523

Bness | iR T - = Transformer branch (b)
\(Imagetist d [ FCB_'| = Fully conv. branch (c)

:prs-uainsdll

[PH | = Prediction head (d)
l l i LE | = Local emphasis (g)
= Residual block (f)
onv.| = 3x3 conv.

=11 conv. then sigmoid

= 3% 3 conv. with stride = 2

BB« BB 64 )
I Nearest neighbour upsampling
Up. 2z Group narm. with num. groups = 32

LU | = SiLU function
= Xth stage of transformer

B2 362« 32

w

= Channel-wise concatenation
= Addition

Ce EFRHEEER

52h 352 <06 m
358 « 368 G4 |¥ PH J m

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
1 = - ETIS-LARIBPOLYPDE _ ESFPNet-L
‘ FCEBFormer: 0.939
0.95 VA : Synapse multi-organ CT . Swin UNETR
CMSRF-NeB S
HarDNetz MSEE
PraNet/ f— .
G 0.9 : MoMuSeg _LViT-L
=} =
=
':: -
E 0.85 - 2018 Data Science Bowl . SSFormer-L
U-Net Y-Nets
0.8 . b — Automatic Cardiac Diagnosis F
= "..... Challenge [ACDC) = nnrormer
0.75 " Glas ' HistoSeg
2016 2017 2018 2019 2020 2021 2022 R
- - . - 4
Other models -e Models with highest mean Dice S — Medical Segmentation Decathlon _ Swin UNETR

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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| Related Work

Medical Image Segmentation Dataset

Kvasir-SEG
5, ) open-access dataset of gastrointestinal polyp images and corresponding segmentation masks, The Kvasir-SEG

P ‘ i&~ 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.

open-access dataset of 612 images with a resolution of 384x288 from 31 colonoscopy sequences. It is used for
medical image segmentation, in particular polyp detection in colonoscopy videos.

;o WS The dataset for this challenge was obtained by carefully annotating tissue images of several patients with tumors of
i o 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.

Tuput i

Grvand trulh

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

CAU AutoML Lab



| Related Work

Medical Image Segmentation Dataset

Medical Segmentation Decathlon

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.

Task 01 ~ Brain Tumour Task 02 — Heart Task 03 — Liver

Task 04 - Hippocampus Task 05 - Prostate Task 06 - Lung

’ lf\:’wv

R

Task 07 — Pancreas Task 08 - Hepatic Vessel Task 09 - Spleen

\'3/

Task 10 - Colon

CAU AutoML Lab (0]



Related Work

Medical Image Segmentation Model Survey

HIt U= HE HE 2% £

RECOQNITIO rEaTure

n {cs.CV),  Fusion for

Machine  Polyp

Laarning  Segmentat

1| Edward 3a 202208 (csLG) ion we propose a new architecturs for full-size segmentation which leverages the strengths of a transformer in extracting the most important features for segmentation in a primary branch, while compensating for its limitations in full-size prediction with a FCBFormer

autafluore
scence
branchosc

Qi Chang & 202207 Image and opic video We propose a framewark for synchronizing multiple bronchescopic videos to enable interactive multimadal analysis of bronchial lesions. Our methods first register the video streams o a reference 30 chest computed-tomaography (CT) scan to produce ESFPNet-L

Eattern Lacal
Recognitio Guides

[}

2022.06 n (c=.C Global we propose a new State-Of-The-Art model for medical image segmentation, the S3Former, which uses a pyramid Transformer encoder to improve the generalization ability of models. Specifically. cur proposed Progressive Locality Decoder can be adap 55Former-L
Computer Method

Vision and for Calon
Pattern Polyp
Recognitio Segmentat

4/ Mguyen Thi 202206 n (csCV)  ion This paper proposes a novel netwaork, namely ColonFormer, to address these limitations. ColonFormer is an encoder-decoder architecture capable of modeling long-range semantic information at both encoder and decoder branches. The encoder is a lifColonFormer
LOMpUter fusion
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5 Abhishek 202111 njcsCv) on Our proposed network maintains high-resolution representations while performing multi-scale fusion operations for all resolution scales. To further leverage scale information, we design cross multi-scale attention [CM5A) and multi-scale feature selecti GMSRF-Net




| Experimental Settings

> Datasets

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

» Model : FCN-Transformer

» Hyper Parameter Setting:

Model Optimizer loss Epochs Batch size Learning rate
FCN-Transformer AdamwW Dice loss, BCE_loss 100 32 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
£ AE310 FCN model&t&-> 21 Hlw
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