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Outline

> Individual Studies

=  Multimodal Learning Research, A-Seong Moon

=  Stock Price Prediction, Tae-Won Lee
= 2-Way Inference on Embedded Board (DOOSAN), Geonil Yun

= Restoration of Homoglyph Attack with BERT, Hanyong Lee
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Multimodal Learning Research

A-Seong Moon
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TO DO List

» Last week
Ij Multimodal Text and Image Classification

» This week
M Multimodal Image Classification: Image + @

M Master's thesis: An efficient neural network specialized for sparse CT Slice images (7}3)

CAU AutoML Lab 4



Multimodal Learning Research

“Multimodal” ©] &7

= Multimodal: Modality 7} o] 2| 7 <=}
= Modality (2]): 54 A 025 =39 dole T3 &4

= Multimodal Learning: tH3%F 3 Bl (Modality)2] g0 & A&l 2 dl& 855+ A

o :o: Modality | (text)

[ ]
S\
% .7353’:-.
PY @ /_. e
®ees, :’&)\:"?' Modality3 (sensor
° Y
0e® %, L
...: :. .
® d y
" * Modality2 ./:%4%%.
(Image) \ﬁ/“ﬁ' Modality5(meta-data)
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Multimodal Learning Research

Human Activity Recognition

Identify human activities (such as walking, jogging, cycling, etc.)

Feature extraction Feature selection Machine learning

(d) Activity recognition

(¢) Training

CAU AutoML Lab 6



Multimodal Learning Research

Multimodal Human Activity Recognition

/

10]3eJ1x3
oJdNnjes-
UOISIA

\.

Walking Running

Multimodal < °
| , ] Fusion II> ?. ’h

\

\ Network Falling Climbing
Accelerometer .| h o & 7
= - S
———— 7: | N 2imm ?
l\‘\ ! i >'_<'_ o H
\ \ - - B di
e ; \_ 7 3 D e Benne
Gyroscope , T ] o 2
'o oz 04 o8 2 -
=
ApH PR T I Eeassiiiziss T R LR R N CD
o ARRRARIRIN (RARIRIA N e //
2 188 4 18 mmnn
Magnetometer ! L RS- s

CAU AutoML Lab



Multimodal Learning Research: Human Activity Recognition

Sussex-Huawel Locomotion Dataset, SHL Dataset

To recognize 8 modes of locomotion and transportation

. Body-worn camera = ’M.MM\/\/J\JMM,\AMM modality 1
‘ raw . .
Torso phone | data : :
° WWWM’\/\/WWVU\’ modality M

Backpack phone L""": __________________________________________________________________________
framing

» feature
| extraction [

Hand phone

| transportation
Pocket phone ' mode classification

________________________________________________________________________________

A participant wearing the four smartphones
and a camera during data collection

CAU AutoML Lab 8




Multimodal Learning Research: Human Activity Recognition

SHL Dataset: Multimodal Data
. . Train Validation Test
Modality File (B/T/Hi) (B/T/Hi/Ha) (Ha)
Acc_x.txt
Accelerometer Acc_y.txt v v v
Acc_z.txt
Gyr_x.txt
Gyroscope Gyr_y.txt v v v
Gyr_z.txt
Mag_x.txt
Magnetometer Mag_y.txt v v v
Mag_z.txt
Li LAcc_x.txt
1ne;1 ! ¢ LAcc_y.txt v v v
accelerometer LAcc z.txt
Gra_x.txt
Gravity Gra_y.txt v v v
Gra_z.txt
Ori_w.txt
. . Ori_x.txt
Orientation Ori_ytxt v v v
Ori_z.txt
Pressure Pressure.txt v v v
Label Label.txt v v X

Data files provided by the SHL recognition challenge.

Position: B - Bag; T - Torso; Hi - Hips; Ha - Hand.

timelapse

A participant filmed in real life with a body cam

CAU AutoML Lab 9



Multimodal Learning Research: Human Activity Recognition

SHL Dataset: Multimodal Learning

Richoz, Sebastien, et al. "Transportation mode recognition fusing wearable motion, sound, and vision sensors."
IEEE Sensors Journal 20.16 (2020): 9314-9328.

t: —J Modality motion sound vision
P1m .
: 0
s M T iion — - -h F1 [%] 79.4 82.1 72.8
" Pom F1-Score of Mono-modal Classifier
g — %
— p1,$ D .« .
" Tsouna - | Fusion > motion
T soun : . .
g '--g-;ll?:_ ﬁ Method motion sc_)u_nd m_ot_lon vision
5 Pss sound vision vision
- sound
& il D1y Ensemble
oo ’ Decision 91.5 91.0 89.2 94.5
’ Psv : Adaptive
o _ _ _ N Fusion 90.7 90.4 88.3 94.6
Proposed pipeline of multimodal fusion for transportation mode recognition [Neural Network]

F1-Score of Multimodal Classifier
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Multimodal Learning Research: Vision Techniques

RGB Image and Vision Sensors

Modality
RGB, RGB-D, LIiDAR Point Cloud, Radar, etc.

Task
Object Detection, Depth Estimation, Semantic Segmentation, etc. RGB Image and RGB-D Image

RGB Image and LiDAR data

CAU AutoML Lab



Master's thesis: An efficient neural network specialized for sparse CT Slice images

A 97
Z < Medical 10T 7] &5 o] &3t AR 7 I ANXA CT, MRI 5 928772 &3] dolg A5 L A4

B A3 97 AN AES 98 Hlgo] Hu mhE HoE o] 2T

(1) Image & @

(1) Images from CT Scan

Data (4) Sub-
Processing classification
B +»| Egad 1
A
(2) SQL & No- N (2) Validation,
SQL Server (3) Neural Network i ~ Diagnosis &
\ (1) Reporting
i i R S Patient
o Portal
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Master's thesis: An efficient neural network specialized for sparse CT Slice images

AT 73

8] 2 CT o] w4 42 2D A2 o] w2 A

k2t 17 ol tisl B2 CT o= 74 H o AT,
Agste=d Bagvolg e 53] A&

1% 1: Sagittal-view CT ©| 1] X] 7
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Master's thesis: An efficient neural network specialized for sparse CT Slice images

sl EE o} ¥t = A 285} Zo] Aglo] #HH TN UYL A48 9%

- ZEHAABTH Fo|o]
Spatial wise: Dilated convolution

Channel wise: Point-wise convolution, Group convolution

CAU AutoML Lab



Master's thesis: An efficient neural network specialized for sparse CT Slice images

Z+¢ A - [1] : Pointwise Convolution Layer

Channel-wise Convolution

Kernel size: (1 x1xC)

B AL 4G oWAE H AL AY oWAZ 45 b

Channel compression trade-off: Operation speed <= Information loss

N
M
* X N =
1 H
1
w
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Master's thesis: An efficient neural network specialized for sparse CT Slice images

Early Compression of Sparse CT Slice Images

o) O

—

=]

Sparse CT Slice images
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Master's thesis: An efficient neural network specialized for sparse CT Slice images

Model Architecture | NPUT |
| ' 128x128x%32
Pointwise Conv —_cr.annm split ’
. 128x128x8 S
—— e
| L | BN RelU S BN RelU

' 32x32x48 3x3 DWConv BN [ 73x3 DWConv

L4 stride=2
| | . o

L 16x16x96 __“1 Conv BN Rell _1x1 Conv
| | | BN RelU -~ BN RelU
8x8x192 S e
Y
™ Pomwise Conv | [ o] | o]
+ 4%4x512
[ lnear | Channel St
' 1 ! .
| OUTPUT |
soOTT T T T T T T 2
y 9 2 Alkehs mele] AA) 2
7
|

L I eess

128x128x32 128x128x8 64x64x24 32x32x48 16x16x96  8x8x192  4x4x512
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Master's thesis: An efficient neural network specialized for sparse CT Slice images

Experiment settings

Disease name: Thyroid-associated ophthalmopathy

= Dataset

« 261 patient

 active : 129 people, inactive : 132 people

= |nput image

» Orbital Sagittal 2D CT images (Consists of 32 slices per patient)

= Train & Test set

« 8,352 datasets
» Train Set : 209 people (6688 sheets)
» Test Set: 52 people (1664 sheets)

CAU AutoML Lab




Master's thesis: An efficient neural network specialized for sparse CT Slice images

Experiment results

Table 1: Performance of the classification models

Proposed Model
Model Parameters MACs (M) AUC Accuracy Sensitivity Specificity _
(M) 1.0 { == Train (Max: 1.0)
= Test (Max: 0.90)
Resnet 23.60 1717.7 0.86+0.039  0.77+0.050  0.78+0.085 0.77+0.100 ]
0.6
@]
GoogleNet 5.69 864.5 0.85+0.061  0.77+0.058  0.78+0.092 0.76+0.096 2
0.4 4
ShuffleNet-v2 1.26 74.5 0.91+0.042  0.83+0.049  0.82+0.081 0.84+0.079 021
0.0 4
Proposed Model 0.24 21.3 0.90+0.039  0.81+0.053  0.81+0.099 0.80+0.071 3 " o - ™ - o . o0 o™ o0
Epoch
AUC, area under the curve Fig 3- The learning curves of the proposed Neural Network

MACSs, Multiply Accumulate operation per second

CAU AutoML Lab




Master's thesis: An efficient neural network specialized for sparse CT Slice images

Conclusion

Problem
Overwhelmed by useless CT slices, resulting in wasted calculations.

Objective

Learning from sparse data as quickly as possible

Performance

Accuracy: Similar to ShuffleNet-v2 (AUC: 90%)
Efficiency: 3.5x speed improvement compared to ShuffleNet-v2 (MACs: 74.5 -> 21.3 M)
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Stock price prediction

Tae-Won Lee
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Stock price prediction

Machine Learning Time Series Problem

WELL, IF YOU HAVE NOT LEARNED
B8Y NOW WHAT | WANT, | AM NOT
GOING TO TELL You!

s
o 76 O

S

<Time series data>

\ 4
A\ 4
Measurement
)
=
=

- Time series predicion2 F7} 0|5, =2 0I5 52| EX(0|A O|8:l= 2% 2A4Q.

— L

tot

- HEl'dE 2E0t0] A|AIE HIO]H<2| Ol2f 4= o=

HA =

HJ
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Stock price prediction

- MAE OS2 R/

- Univariate time series
= OFL}2| time-dependent variable
= 0| 9| HE (Seasonality, Tendency, cycle)2HS O] 238} L2 A|H 2| 0| =S TIA

- Multivariate time series
= 57l O] &2 time-dependent variables
= O|HO| MEE 0|&5t= A0 Lot
» AAMO| QUCED THEHE| = time series dataZt 2| CorrelationS =7}

1
|0
u
<9
O
g
1
0
0jo

>—o—db . : : F P
: v i :
+—4 i - b
g
| N T - - |

< Multivariate time series 2| O A|>
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Stock price prediction
« KDD 17 (2007-01-01~2016-12-31)

= Data /%= :2518
=  Feature : 67l (Open, High, Low, Close, Volume, Adj Close)
= Data description (AAPL, O )

Open High Low Close \Volume Adj Close

count | 2518.000 2518.000 2518.000 2518.000 2.518000e+03 2518.000
mean | 61.547 263.469 257.844 260.719 1.330721e+08 58.142

std | 36.273 176.835 173.889 175363 9.902299¢+07 35.661

min | 11.341 82.000 78.200 78.200 1.142440e+07 10.175

25%!26.130 114.522 112.102 113.459 6.200998e+07 23.765

50% ! 57.858 181.624 175.489 179.080 1.067185e+08 53.027

75%94.639 403.920 395595 400277 1751029e+08 90.270 *OIRE J|ES
max | 134.460 705.070 699.569 702.100 8.432424e+08 128.520 H| O] E{ 7} —’F—" 5'

=  Data Graph(AAPL[‘Ad]j Close’])

120

100

20

=3B 7t (Adj Close): A7t S 240
2517| Q|| LMo 2 A2 E| = feature

_)I{_*

0 500 1000 1500 2000 2500
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Stock price prediction

« FAO|ZE ISt Deep learning Models using Multivariate time series data
* CNN-BILSTM-AM
- CNN
- Bidirectional LSTM
- Attention Mechnism

* AdvLSTM (Adversarial Training)
- Attention LSTM
- Adversarial Training

« DTML (Data-Axis Transformer with Multi-Level Contexts)
- Attention LSTM

- Transformer
-Chot FA| 2 7o HREAE g
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Stock price prediction

= CNN-BILSTM-AM

— — — — — — — —— — —— ————— — — — —— — — — —

I/ <Input(5x10)> <Output> \I e CNNZ= A3 F=AIO| FeatureS
| 9 | St& S0 LSTMO| Input2 AFE
I Feature I
| |
| )

| |+ A2 Time Dependency® Z 2150
I 1 I 2 otge = U= L (bi Directional)
I Concat I LS M
| ; \ |

IDCow g | - - —
| 3 * * 11+ Lomvon siiel 22 e
i ' THEL-EED | U U 2us wnie 9
| 1 ' | of NfHe| HEE oz 0|8
| I 2= Q£ Attention mechanism O|-&
| I

|

: Feature — I
| |
| I
I 6f1x10(_same I
\ dimension) /
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Stock price prediction

= AdVLSTM
- =8 AMAEHOIH= *|.7_H31| et el2
Trainning .. HSl= EM 0| a5 T 0| A
OverfittingO| I o+71l ot
Loss LY, Yaav)

«  Adversarial Training 222 Model0f| M2

Prediction&Label yS o
o OfF E2 Z4Ol perturbationS 24 A 510

=]

=

overfitting=S 9 X| et

1

Feature&
Perturbation

+

Nyt
=
=

s
€adv

e’ e’

Figure 3: Illustration of the Adversarial Attentive LSTM.
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Stock price prediction

= DTML

— [ At LSTM —>] Att. LSTM —> -+ Att. LSTM f---------oe, Data-Axis Attention Map
Time-Axis A A h* : > g
| Feature Transformation Layer | Market
Market g A . A Context :
Index : I ]
I\ I —
P T
| Att. ism At L+STM s - Aft. LSTM IR SIS * > | W We| —> ——> W
1 | 1. Ip
Individual | Feature Transformation Layer | Individual ; Multi- : =z
ividua Stock | Level = =
Stock L — — — Context } . Gontext | [~ T 2
| Ait. I;STM > Att. I;STM — - Att. LSTM s D o > | wy % Wp —> 2>
2 . 2 H @
| Feature Transformation Layer | ' r = =
Individual A A A : ) 5
Stock Zg s —_— I . .-6.. L=}
' IJ: =3
| Att. I:'ASTM 1 I;STM — Aft. LSTM b > ny Wo Wy —> —> Uq
| Feature Transformation Layer | e
Individual —
stock 24 | -~ ~ | | |
! 1) Time-Axis Attention ' 2) Context Aggregation ! 3)Data-Axis Attention !

- M 2E FXR= A 37HK[ 2 LHE
1) Time-Axis Attention -> A|A| € G| O|E{ Q] featureE T=
2) Context Aggregation -> &%= &l featureE Matrix @ Elf £ Concatenate
= 5= 9| 4EEtA sta

3) Data-Axis Attention(Transformer) -> M2 CIE = |
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TO DO list

C ORI

- =820| @ EH0| M Technical IndicatorES =7} ¢lgdcoz2 U2 pHEl Al

OHL
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Comparison results

* CNN-BILSTM-AM 220N S& & KA

Module= Al AHIE IOl & 0
Ot2J] M=

O
—-—Z

& Ol 0lE4 2] Time dependency

“CNN Module | H & A8§”

64x10 (same
i sion)
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Comparison results

- =% Ho (KDD17 Datasets)

* 79/ Tt Appendix & HIO/E 7/5F

Model Accuracy =% o
DTML (-correlation module) <&
DTML [2] (2 o)
AdVLSTM [7] 3.3
CNN-BIiLSTM-AM (original) [8] 2.88
CNN-BiLSTM-AM+Technical Indicator 2.8
BiLSTM-AM+Technical Indicator (Proposed) 2.5
BiLSTM-AM+Technical Indicator + (Correlation module) (A o ™)

=2 452 2 (288->25)

e CNNSZ= N4 8t BiLSTM-AM+ Technical Indicator 0| A D&t

« O|&™ A& 0l M Technical Indicator £ Inputtil =1t & A& KSHTIH A= =08 HE4 =01 (2.88->2.9)

« DTML2Z22 B2 0| &SN S a2 HE ss5ote 2== Melot &
=>FI)I S Soll S 42 &5 s =4
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Comparison results
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Comparison results

- =9 W (ACL18 Datasets)

model =9 Ho
DTML (-correlation module) (2 o)
DTML [2] (2 ol3)
AdVLSTM [7] (HE 0lE)
CNN-BIiLSTM-AM [8] (23 o)
CNN-BiLSTM-AM+Technical Indicator (& old)
BiLSTM-AM+Technical Indicator (Proposed) (2 ofd)
BiLSTM-AM+Technical Indicator + (Correlation module) (2 ofd)
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Appendix




Experiment Setting
- KDD 17 (2007-01-01~2016-12-31)

-FA Oo|H ZE |5 :'AAPL', 'AMZN', 'BA', 'BAC', 'BHP', 'BRK-B', 'CHL', 'CMCSA, 'CVX,
'D’, 'DCM', 'DIS', 'DOW', 'DUK’, 'EXC', 'GE', 'GOOGL', 'HD', 'INTC', 'JNJ’, UPM’, 'KO', 'MA', ' MMM,
'MO', 'MRK', 'MSFT', 'NGG', 'NTT', 'NVS', 'ORCL', 'PEP’, 'PFE', 'PG', 'PTR', 'RDS-B’, 'RIO', 'SO/,
'SPY", 'SYT', 'T', 'TM', 'TOT', 'UNH', 'UPS', 'VALE', 'VZ', '"WFC','"WMT', 'XOM"’, & 507H.
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Experiment Setting
. ACL 18 (2014-01-01~2015-12-31)

- FA HO|E| 3 E 2E :'AAPL', 'ABB','ABBV', 'AEP', 'AGFS', 'AMGN', 'AMZN', 'BA', 'BABA', 'BAC',
'BBL', 'BCH', 'BHP', 'BP', 'BRK-A’, 'BSAC', 'BUD', 'C', 'CAT', 'CELG', 'CHL', 'CHTR', 'CMCSA', 'CODI',
'CSCO', 'CVX', 'D', 'DHR’, 'DIS', 'DUK’, 'EXC', 'FB', 'GD', 'GE', 'GOOG', 'HD', 'HON', 'HRG', 'HSBC/,
'IEP', 'INTC', 'JNJ', 'JPM', 'KO', 'LMT', 'MA', 'MCD', 'MDT', ' MMM, 'MO', 'MRK', '"MSFT', 'NEE', 'NGG',
'NVS', 'ORCL', 'PCG', 'PCLN', 'PEP', 'PFE', 'PG', 'PICO', 'PM', 'PPL', 'PTR', 'RDS-B', 'REX', 'SLB', 'SNP',
'SNY, 'SO', 'SPLP', 'SRE', 'T', "TM', 'TOT', 'TSM', 'UL’, 'UN', 'UNH', 'UPS', 'UTX', 'V, 'VZ', 'WFC/,
'WMT', 'XOM', = 877|{.
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Comparison results

» Accuracy (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM CNN BIiLSTM BiLSTM
AM [8] -AM-+technical -AM-+technical
indicator indicator
AAPL 0.52031 0.47656 0.48281 0.47500 0.50469
AMZN 0.51250 0.53125 0.49688 0.52031 0.51719
BA 0.50625 0.51563 0.52188 0.53438 0.50938
BAC 0.51563 0.50781 0.48438 0.50938 0.47500
BHP 0.47813 0.50000 0.48125 0.48594 0.49688
BRK-B 0.47188 0.50000 0.49219 0.50156 0.51094
CHL 0.52344 0.50781 0.50938 0.48750 0.54531
CMCSA 0.49063 0.48750 0.52031 0.51406 0.52500
CvX 0.48125 0.49688 0.50313 0.50469 0.48438
D 0.51094 0.50313 0.52813 0.50625 0.52500
DCM 0.52656 0.48438 0.48906 0.53594 0.50625
DIS 0.48750 0.51094 0.51250 0.54219 0.50156
DOW 0.50000 0.48281 0.46406 0.47031 0.49688
DUK 0.48281 0.47344 0.55469 0.52969 0.53125
EXC 0.49531 0.46875 0.50781 0.50781 0.50781
GE 0.51563 0.52188 0.50469 0.51250 0.50156
GOOGL 0.52969 0.50938 0.52813 0.52344 0.48906
HD 0.50469 0.52813 0.52031 0.51094 0.52344
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Comparison results

» Accuracy(Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM CNN BIiLSTM BiLSTM
AM [8] -AM-+technical -AM-+technical
indicator indicator
INTC 0.51094 0.48594 0.53125 0.51563 0.49375
JINJ 0.52500 0.48281 0.49219 0.51719 0.52031
JPM 0.50156 0.50313 0.50625 0.47813 0.50313
KO 0.47344 0.47969 0.52344 0.52344 0.49063
MA 0.51250 0.49219 0.50156 0.51250 0.54688
MMM 0.47969 0.51250 0.46875 0.49375 0.50469
MO 0.48906 0.51250 0.55469 0.53281 0.52344
MRK 0.49375 0.49375 0.49844 0.51875 0.50469
MSFT 0.53438 0.49531 0.51250 0.52031 0.52344
NGG 0.53750 0.51563 0.51406 0.51563 0.51875
NTT 0.56719 0.51563 0.49063 0.49531 0.50000
NVS 0.49375 0.50781 0.51250 0.53281 0.52188
ORCL 0.50938 0.50469 0.52969 0.48438 0.54375
PEP 0.48750 0.50313 0.48906 0.50000 0.50625
PFE 0.48594 0.47813 0.50625 0.48281 0.49531
PG 0.48438 0.52500 0.47344 0.47500 0.47969
PTR 0.52188 0.48438 0.52500 0.52656 0.53594
RDS-B 0.48750 0.49688 0.51719 0.51250 0.51406

CAU AutoML Lab




Comparison results

» Accuracy(Index : NASDAQ)

Data Proposed DTML [2] AdVLSTM [7] CNN BIiLSTM CNN BiLSTM BILSTM
-AM [8] -AM+technical -AM+technical

indicator indicator
RIO 0.52344 0.51719 0.49375 0.52188 0.50625
SO 0.50000 0.51719 0.51406 0.52813 0.52344
SPY 0.47813 0.50313 0.52344 0.51719 0.53438
SYT 0.51250 0.50469 0.49688 0.47656 0.45313
T 0.53750 0.50938 0.50469 0.50625 0.50000
™ 0.48125 0.50000 0.47188 0.47031 0.48906
TOT 0.48438 0.52031 0.52188 0.51875 0.50313
UNH 0.46406 0.51563 0.51406 0.48750 0.51406
UPS 0.51094 0.49844 0.47813 0.51875 0.50625
VALE 0.49688 0.49219 0.51875 0.49375 0.50156
VZ 0.46406 0.51406 0.52813 0.51719 0.52031
WFC 0.52188 0.47656 0.48750 0.52188 0.54219
WMT 0.47656 0.51563 0.50000 0.47969 0.50000
XOM 0.44844 0.48906 0.51563 0.50469 0.50156
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM CNN BIiLSTM BiLSTM
AM [8] -AM-+technical -AM-+technical
indicator indicator
AAPL 161.645 335.396 143.048 161.645 138.432
AMZN 156.504 328.434 136.950 156.504 136.052
BA 160.705 330.712 139.597 160.705 138.824
BAC 162.407 328.612 138.406 162.407 135.258
BHP 158.183 330.041 140.970 158.183 138.292
BRK-B 158.586 332,573 138.586 158.586 143.079
CHL 158.181 332.028 136.008 158.181 140.466
CMCSA 156.620 331.780 141.750 156.620 138.003
CvX 155.816 333.798 140.223 155.816 138.322
D 165.908 336.750 138.927 165.908 139.784
DCM 165.795 337.952 140.254 165.795 141.325
DIS 161.550 334.185 141.032 161.550 135.541
DOW 158.448 332.393 141.182 158.448 136.658
DUK 161.425 336.730 136.732 161.425 137.079
EXC 157.998 332.582 140.514 157.998 138.058
GE 158.958 332.274 143.013 158.958 139.719
GOOGL 160.384 332.088 140.976 160.384 139.862
HD 160.310 332.761 139.349 160.310 137.079
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM CNN BIiLSTM BiLSTM
AM [8] -AM-+technical -AM-+technical
indicator indicator
INTC 160.211 330.783 141.906 160.211 147.325
JINJ 159.952 335.776 141.024 159.952 140.351
JPM 162.304 330.591 138.626 162.304 145.941
KO 162.545 333.906 139.024 162.545 147.448
MA 161.891 330.546 139.100 161.891 149.846
MMM 167.212 333.485 141.080 167.212 145.615
MO 165.240 334.212 144,793 165.240 150.964
MRK 160.905 331.877 141.920 160.905 141.089
MSFT 166.390 330.538 138.532 166.390 145.814
NGG 166.530 333.775 141.567 166.530 146.562
NTT 161.551 331.578 143.728 161.551 151.485
NVS 169.513 333.148 140.598 169.513 151.040
ORCL 162.770 330.996 140.703 162.770 145.556
PEP 161.694 334.158 138.646 161.694 145.832
PFE 164.992 332.247 138.961 164.992 151.621
PG 165.728 334.549 143.373 165.728 149.121
PTR 169.118 328.715 144,158 169.118 140.881
RDS-B 168.218 332.170 150.184 168.218 139.130
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdVLSTM [7] CNN BIiLSTM CNN BiLSTM BiLSTM
-AM [8] -AM+technical -AM+technical

indicator indicator
RIO 160.253 327.683 140.045 160.253 137.343
SO 156.863 334.877 145.188 156.863 141.181
SPY 159.452 335.157 141.829 159.452 142.038
SYT 156.946 331.131 140.390 156.946 136.391
T 157.791 332.567 139.805 157.791 141.352
™ 161.948 329.700 139.231 161.948 142.028
TOT 163.915 330.992 140.492 163.915 141.173
UNH 169.782 331.001 140.989 169.782 139.637
UPS 163.288 332.706 139.600 163.288 143.059
VALE 171.213 328.378 140.294 171.213 143.917
VZ 162.650 332.866 143.037 162.650 143.516
WEC 161.092 329.751 140.179 161.092 145777
WMT 162.011 333.436 141.981 162.011 154.010
XOM 161.774 332.370 142.474 161.774 153.513
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2-Way Inference on Embedded Board

Geonil Yun
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Overview

« 2-Way Inference on Embedded Board

= Tasks — Pedestrian detection, Optical Character Recognition
= Porting to embedded board

=  Framework — 2-Way Inference

CAU AutoML Lab




2-Way Inference on Embedded Board

 Task — Pedestrian Detection

o”°

Nano

YOLOv5N

Detection Model

= Detect pedestrian in image.
= Labels: full, head, upper, lower
= Use Yolo v5 — nano model to train.

CAU AutoML Lab




2-Way Inference on Embedded Board

« Task — Optical Character Recognition

o TROIKA
VENE RESTORAN
Nano JATRAHTER
YOLOv5N

Recognition Model

= Detect and recognize text in image.
= Label : only Text
= Use Yolo v5-nano to train.
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2-Way Inference on Embedded Board

« Detection model & Recognition model

o”°

Nano

YOLOvV5Nn

Detection Model

Train the model using annotated data (full, head, upper, lower, text)

n2FE |I J
f 6xcdGxHv am %VWTM
A Ah""(\-!smj H
o t="MP
Nano [/ Byl Nl
YOLOv5Sn

Train the model using generated data (alphabets & digits)
Recognition Model

= Detection model(Phase-1 Yolo) detects full, head, upper, lower, and text in image.
= Recognition model(Phase-2 Yolo) detects(recognizes) alphanumeric characters in image.
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2-Way Inference on Embedded Board

Porting model on Rockchip(Embedded board)

Quantization is required to use Rockchip *NPU. (Rockchip NPU supported UINT8/UINT16)
For quantization, using rknn library and export as RKNN model

O PyvTorch

o

Nano

YOLOv5N

TZ:

Detection Yolo

Recognition Yolo

export

r

ONNX

ONNX model

-

Quantization
build/export

~

RKNN model

-

Rockchip

/

CAU AutoML Lab

* NPU : Neural Processing Unit
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2-Way Inference on Embedded Board

* Framework

Full Body
Head — Bounding Boxes
® Upper Body
inference Lower Body
—_
Nano 30ms
YOLOv5N
Detection Model . Text — Bounding Boxes
Input image Detectlon Results
Full Body, Head, Upper Body, Lower Body, Text
15ms
R i Crop, Merge, and Padding
Dynamic Time Warping
Doosan
a0 8 0 -
Doosan Daasan  aligntext [ ““” St inference o Test
rest +——— g, — —
Test 30ms
YOLOvSn / \
«— | Aa Recognition Model
Dictionary

= Detection model(Phase-1 Yolo) detects full, head, upper, lower, and text bounding box in image.
= Crop and merge text bounding boxes and padding to input recognition model(Phase-2 Yolo) .
= Aligns text based on alphaneumeric bounding box coordinates.
= Use the *DTW algorithm to find the most similar word in dictionary.
* DTW : Dynamic Time Warping
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2-Way Inference on Embedded Board

* Demo video

\.
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Restoration of Homoglyph Attack with BERT

Hanyong Lee
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Restoration of Homoglyph Attack with BERT

spam mail

homoglyph texts (If you do not fund this bitcoin >

OCR processing

A 4

input :
oo () Mdd da [ioft) (fiunid TS Bl ...)

Pre-trained
BERT Masked Language Model

tput
outpu : : : .
tokens 1) ou [dol ot (flund (f biltigalijn )

restored texts (If you do not fund this bitcoin >
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Restoration of Homoglyph Attack with BERT

(Purdhalse (9 (20 [in biiftdoin @nd ) ?oulis:;

spam mail corpus 1]

0

na homoglyphs (Purchase $ 2000 in bitcoin and .. >

; BERT Masked LM
homoglyphs (If you do not fund this bitcoin ) Avlg D
input OCR processing | ,I (“PUrchEse [§ Poed in BETddin Bnd - ) t:)nk%l:]ts
iokens  CILF yviou| ol [noft| [fuind| [Th1s| [oltdon ) / - asked sentence
—= B .II'I Pre-training

BERT Masked LM /

- =

fouﬁﬁﬁi I [yloul (ol [nioft| [fulnd] [thiils| [oiltidolijn ..Hlf you do not fund this bitcoin >

restored texts
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Restoration of Homoglyph Attack with BERT

v To Do List

»  Last Week
1. Refining English data
2. Splitting ASCII-only / homoglyph set

»  This Week
1. Making homoglyph dictionary for test dataset
2. Annotating for homoglyph dataset.

3. Removing junk data.
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Restoration of Homoglyph Attack with BERT

» 7

Collecting Homoglyph Words Annotating Homoglyphs Labeling Homoglyph Texts
(— Evaluation Set)

0. Overview
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Restoration of Homoglyph Attack with BERT

1. Making / Annotating homoglyph dictionary for test dataset

«  Collection & Annotation of 41097 homoglyph words.

«  Dictionary file Examples remails”: "emails”,

"hacked": "hacked",
"hacker": "hacker",
"hackers": "hackers",
"hacked": "hacked",
"hackéd": "hacked",
"hacking": "hacking",

"bitcoin"”: "bitcoin",

"emails,": "emails,",
"emails,": "emails,"”,
"emall": "email",

"bitcoin": "bitcoin",
"bitcoin'": "bitcoin'",
"bitcoin": "bitcoin",
"bitcoin'": "bitcoin'", "emalls”: "emails”,

"email": "email",

"bitcoin": "bitcoin",

"bitcoin'": "bitcoin'", "email”: "email”,

"hacking": "hacking",
"hacked": "hacked",
"hacked": "hacked",
"hacker": "hacker",
"hacAked": "hacaked",

"hackers": "hackers",

"bitcoin": "bitcoin", "email": "email”,

"bitcoin'": "bitcoin'", "email”: "email”,

"bitcoln": "bitcoin", "emails,": "emails,",
"bitcoln'": "bitcoin'", "ematl": “"email”,

"email": "email",

"bitcoin": "bitcoin",
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Restoration of Homoglyph Attack with BERT

2. Removing Junk Data

e  Junk Data examples
« HTML Codes
* “.uObcea8b7cal::before { content: ...”
* No Meaning Texts
« “asdasdfasdfasdfasdfa”
« “ffg fg fgfgf gfgfgf”
 User-Reported IP Lists
e “IP list: 103.140.xx.xx 103.198 xx.xx 103.81.xx.xx ...”
« Unexcluded non-English texts
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Restoration of Homoglyph Attack with BERT

3. Dataset Split Information

«  Total Examples: 178,203

* 0One or more sentences per one example
Homoglyph Examples: 6,912
*  Non-homoglyph Examples: 171,291
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