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Overall Progress Auto [/}

Problem » Related Works » EXxperiments »  Analysis > Proposal
= KDD 17
Dataset
= CNN- N
" StockPrice BILSTM-AM E:;?uzg?;fm = Need more .
Prediction (Open, High, Low : : = Multimodal
pen, High, Low, information :
= AdvLSTM Close, Volume, Adj Multimodal Learning
= Low Accuracy Close) (Multimodal)
" DTML = Metric
Accuracy
]
Post-experimental i
analysis ‘ Conclusion ‘
= Accuracy
improvement = Accuracy
(0.506->0.517) Improvement
= Ranking mean = Statistically
Improvement significant
(2.48->1.72)
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Progress of writing a Thesis XML

« Multimodal Transformer for stock price prediction

Up and Down
Binary Classification

]
I Sequence Compress Feed Forward I

I Feature Compress Feed Forward ]

i
7~ I

El Add&Norm

]
= )
l
l

Ij Add&N orm

Multi- Head Attention
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Progress of writing a Thesis XML

* Blocked Time series cross validation

2007.01.01 2011.09.26 2012.04.06  2012.10.15 2012.04.06
8 1 1
« Pt e
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Progress of writing a Thesis XML

« Bonferroni-Dunn test

CD=0.61812

Attention Proposed

Adversarial
LSTM

—(

DTML —
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Progress of writing a Thesis XML

TABLE 1. Classification accuracy

e EX perin et Results Ticker | Proposed | CNN-Aliention | Adversarial | o SPY 55.62% 52.34% 50.31% 4781%
in dataset | Method | BiLSTM [22] | LSTM [26] (23] SYT 48.54% 49.68% 50.46% 51.25%
AAPL 54.47% 48.28% 47.65% 52.03% T 51.45% 50.46% 50.93% 53.75%
AMZN 52.08% 49.68% 53.12% 51.25% ™ 51.14% 47.18% 50.00% 48.12%
BA 53.75% 52.18% 51.56% 50.62% TOT 51.56% 52.18% 52.03% 48.43%
BAC 54.27% 48.43% 50.78% 51.56% UNH 52.50% 51.40% 51.56% 46.40%
BHP 48.54% 48.12% 50.00% 47.81% UPS 51.97% 47.81% 49.84% 51.09%
BRK-B 49.06% 49.21% 50.00% 47.18% VALE 51.35% 51.87% 49.21% 49.68%
CHL 47.91% 50.93% 50.78% 52.34% VZ 55.10% 52.81% 51.40% 46.40%
CMCSA 51.66% 52.03% 48.75% 49.06% WEC 52.39% 48.75% 47.65% 52.18%
CVX 50.72% 50.31% 49.68% 48.12% WMT 50.41% 50.00% 51.56% 47.65%
D 51.77% 52.81% 30.31% 31.09% XOM 46.87% 51.56% 48.90% 44.84%
DCM 53.43% 48.90% 48.43% 52.65%

DIS 52.91% 51.25% 51.09% 48.75%
DOW 51.87% 46.40% 48.28% 50.00%
DUK 51.77% 55.46% 47.34% 48.28%
EXC 52.91% 50.78% 46.87% 49.53%
GE 52.60% 50.46% 52.18% 51.56%
GOOGL | 51.66% 52.81% 50.93% 52.96%
HD 51.45% 52.03% 52.81% 50.46%
INTC 52.50% 53.12% 48.59% 51.09%
INJ 52.60% 4921% 48.28% 52.50%
JPM 51.45% 50.62% 50.31% 50.15%
KO 51.25% 52.34% 47.96% 47.34%
MA 52.81% 50.15% 49.21% 51.25%
MMM 51.97% 46.87% 51.25% 47.96%
MO 54.47% 55.46% 51.25% 48.90%
MRK 50.62% 49.84% 49.37% 49.37%
MSFT 50.10% 51.25% 49.53% 53.43%
NGG 53.85% 51.40% 51.56% 53.75%
NTT 50.93% 49.06% 51.56% 56.71%
NVS 51.87% 51.25% 50.78% 49.37%
ORCL 51.14% 52.96% 50.46% 50.93%
PEP 51.45% 48.90% 50.31% 48.75%
PFE 49.27% 50.62% 47.81% 48.59%
PG 51.66% 47.34% 52.50% 48.43%
PTR 52.81% 52.50% 48.43% 52.18%
RDS-B 52.70% 51.71% 49.68% 48.75%
RIO 50.10% 49.37% 51.71% 52.34%
SO 52.29% 51.40% 51.71% 50.00%
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Progress of writing a Thesis XML
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Experiment Result R ooy

» Accuracy (Index : NASDAQ) — 1/3

Data Proposed DTML [2] AdvLSTM [7] CNN BiLSTM AM
-Early fusion [8]
Transformer
AAPL 0.544792 0.52031 **0.47656 0.48281
AMZN 0.520833 0.51250 0.53125 **0.49688
BA 0.5375 **0.50625 0.51563 0.52188
BAC 0.542708 0.51563 0.50781 **0.48438
BHP 0.485417 **0.47813 0.50000 0.48125
BRK-B 0.490625 **0.47188 0.50000 0.49219
CHL **0.479167 0.52344 0.50781 0.50938
CMCSA 0.516667 **0.49063 0.48750 0.52031
CVvX 0.507292 **0.48125 0.49688 0.50313
D 0.517708 0.51094 **0.50313 0.52813
DCM 0.534375 0.52656 **0.48438 0.48906
DIS 0.529167 **0.48750 0.51094 0.51250
DOW 0.51875 0.50000 0.48281 **0.46406
DUK 0.517708 0.48281 0.47344 0.55469
EXC 0.529167 0.49531 **0.46875 0.50781
GE 0.526042 0.51563 0.52188 **0.50469
GOOGL 0.516667 0.52969 0.50938 0.52813
HD 0.514583 **0.50469 0.52813 0.52031
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Experiment Result

Red : High Accuracy
Asterisk (**) : Low Accuracy

» Accuracy (Index : NASDAQ) - 2/3

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM
-Early fusion AM [8]
Transformer
INTC 0.525 0.51094 **(0.48594 0.53125
JNJ 0.526042 0.52500 **0.48281 0.49219
JPM 0.514583 0.50156 **0.50313 0.50625
KO 0.5125 **0.47344 0.47969 0.52344
MA 0.528125 0.51250 **0.49219 0.50156
MMM 0.519792 0.47969 0.51250 **0.46875
MO 0.544792 **0.48906 0.51250 0.55469
MRK 0.50625 *0.49375 *0.49375 0.49844
MSFT 0.501042 0.53438 0.49531 0.51250
NGG 0.538542 0.53750 0.51563 **(0.51406
NTT 0.509375 0.56719 0.51563 **(0.49063
NVS 0.51875 **0.49375 0.50781 0.51250
ORCL 0.511458 0.50938 **0.50469 0.52969
PEP 0.514583 **0.48750 0.50313 0.48906
PFE 0.492708 0.48594 **0.47813 0.50625
PG 0.516667 0.48438 0.52500 **0.47344
PTR 0.528125 0.52188 **(0.48438 0.52500
RDS-B 0.527083 **(0.48750 0.49688 0.51719
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Experiment Result

Red : High Accuracy
Asterisk (**) : Low Accuracy

» Accuracy (Index : NASDAQ) — 3/3

Data Proposed DTML [2] AdVLSTM [7] CNN BIiLSTM
-Early fusion -AM [8]
Transformer
RIO 0.501042 0.52344 0.51719 0.49375
SO 0.522917 **0.50000 0.51719 0.51406
SPY 0.55625 **0.47813 0.50313 0.52344
SYT **0.485417 0.51250 0.50469 0.49688
T 0.514583 0.53750 0.50938 0.50469
™ 0.511458 0.48125 0.50000 **0.47188
TOT 0.515625 **0.48438 0.52031 0.52188
UNH 0.525 **0.46406 0.51563 0.51406
UPS 0.519792 0.51094 0.49844 **0.47813
VALE 0.513542 0.49688 0.49219 0.51875
VZ 0.551042 **0.46406 0.51406 0.52813
WFC 0.523958 0.52188 **0.47656 0.48750
WMT 0.504167 **0.47656 0.51563 0.50000
XOM 0.46875 **0.44844 0.48906 0.51563
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Experiment Result R ooy

« Accuracy (Index : NASDAQ) — early fusion (1/3)

Data Proposed DTML [2] AdvLSTM[7] CNNBILSTM Proposed DTML [2] AdvLSTM [7] CNNBILSTM
-Early fusion AM [8] -Early fusion AM [8]
Transformer Transformer
SPY 0.55625 0.478125 0.503125 0.523438 1 4 3 2
vz 0.551042 0.464063 0.514063 0.528125 1 4 3 2
AAPL 0.544792 0.520313 0.476563 0.482813 1 2 4 3
MO 0.544792 0.489063 0.5125 0.554688 2 4 3 1
BAC 0.542708 0.515625 0.507813 0.484375 1 2 3 4
NGG 0.538542 0.5375 0.515625 0.514063 1 2 3 4
BA 0.5375 0.50625 0.515625 0.521875 1 4 3 2
DCM 0.534375 0.526563 0.484375 0.489063 1 2 4 3
DIS 0.529167 0.4875 0.510938 0.5125 1 4 3 2
EXC 0.529167 0.495313 0.46875 0.507813 1 3 4 2
MA 0.528125 0.5125 0.492188 0.501563 1 2 4 3
PTR 0.528125 0.521875 0.484375 0.525 1 3 4 2
RDS-B 0.527083 0.4875 0.496875 0.517188 1 4 3 2
GE 0.526042 0.515625 0.521875 0.504688 1 3 2 4
JNJ 0.526042 0.525 0.482813 0.492188 1 2 4 3
INTC 0.525 0.510938 0.485938 0.53125 2 3 4 1
UNH 0.525 0.464063 0.515625 0.514063 1 4 2 3
WFC 0.523958 0.521875 0476563 0.4875 1 2 4 3
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Experiment Result R ooy

« Accuracy (Index : NASDAQ) — early fusion (2/3)

Data Proposed DTML [2] AdvLSTM[7] CNNBILSTM Proposed DTML [2] AdvLSTM [7] CNNBILSTM
-Early fusion AM [8] -Early fusion AM [8]
Transformer Transformer
SO 0.522917 0.5 0.517188 0.514063 1 4 2 3
AMZN 0.520833 0.5125 0.53125 0.496875 2 3 1 4
MMM 0.519792 0.479688 0.5125 0.46875 1 3 2 4
UPS 0.519792 0.510938 0.498438 0.478125 1 2 3 4
DOW 0.51875 0.5 0.482813 0.464063 1 2 3 4
NVS 0.51875 0.49375 0.507813 0.5125 1 4 3 2
D 0.517708 0.510938 0.503125 0.528125 2 3 4 1
DUK 0.517708 0.482813 0.473438 0.554688 2 3 4 1
CMCSA 0.516667 0.490625 0.4875 0.520313 2 3 4 1
GOOGL 0.516667 0.529688 0.509375 0.528125 3 1 4 2
PG 0.516667 0.484375 0.525 0.473438 2 3 1 4
TOT 0.515625 0.484375 0.520313 0.521875 3 4 2 1
HD 0.514583 0.504688 0.528125 0.520313 3 4 1 2
JPM 0.514583 0.501563 0.503125 0.50625 1 4 3 2
PEP 0.514583 0.4875 0.503125 0.489063 1 4 2 3
T 0.514583 0.5375 0.509375 0.504688 2 1 3 4
VALE 0.513542 0.496875 0.492188 0.51875 2 3 4 1
KO 0.5125 0.473438 0.479688 0.523438 2 4 3 1
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Experiment Result

*  Red: High Accuracy
e Asterisk (**) : Low Accuracy

« Accuracy (Index : NASDAQ) — early fusion (3/3)

Data Proposed DTML [2] AdvLSTM[7] CNNBILSTM Proposed DTML [2] AdvLSTM [7] CNNBILSTM
-Early fusion AM [8] -Early fusion AM [8]
Transformer Transformer
ORCL 0.511458 0.509375 0.504688 0.529688 2 3 4 1
™ 0.511458 0.48125 0.5 0.471875 1 3 2 4
NTT 0.509375 0.567188 0.515625 0.490625 3 1 2 4
CvX 0.507292 0.48125 0.496875 0.503125 1 4 3 2
MRK 0.50625 0.49375 0.49375 0.498438 1 3 3 2
WMT 0.504167 0.476563 0.515625 0.5 2 4 1 3
MSFT 0.501042 0.534375 0.495313 0.5125 3 1 4 2
RIO 0.501042 0.523438 0.517188 0.49375 3 1 2 4
PFE 0.492708 0.485938 0.478125 0.50625 2 3 4 1
BRK-B 0.490625 0.471875 0.5 0.492188 3 4 1 2
BHP 0.485417 0.478125 0.5 0.48125 2 4 1 3
SYT 0.485417 0.5125 0.504688 0.496875 4 1 2 3
CHL 0.479167 0.523438 0.507813 0.509375 4 1 3 2
XOM 0.46875 0.448438 0.489063 0.515625 3 4 2 1
Data Proposed DTML [2] AdvLSTM[7] CNNBILSTM Proposed DTML [2] AdvLSTM [7] CNNBILSTM
-Early fusion AM [8] -Early fusion AM [8]
Transformer Transformer
NASDAQ 0.517563 0.500969 0.501375 0.506344 1.72 2.92 2.86 2.48
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Experiment

=l =
- S 220/ ¥ot=E

Result
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early fusion
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Related Work

- Modalityl data

data

Stock price data (77H)

Technical indicator (107H)

High, Low, Open, Volume, Adj Close, upndown, change

?|2| Stock dataZ2FE BHEO{ Tl 10719 feature
- Predicting direction of stock price index movement using artificial neural networks and support vector machines: The sample of the Istanbul

Stock Exchange. Expert Systems with Applications. Yakup Kara, Melek Acar Boyacioglu, O mer Kaan Baykan. 2011

- Modality2 data

data

Month Data (127})

Day of the week Data (57H)

2 HE H0|HZE One-Hot Encoding® AHE3I0] 37}

22 MEE One-Hot Encodingg AE310] =7+
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Related Work
- Modality3 data

data

nasdaq100 L}ACHAFQ| 1007 Z20| 7HX| Q| 8HS K| 23} St Z

o 11— =H = _ A

0]% 292 MY +28

I

0|2 1042 K7 40

0|2 3042 A 49

M

0|2 2 x4

WTI Oil Price 0| = ElAJAAL Q12 J1A

= —

« 37l ¢] Modality
« Z}1770,1770, 671 ] feature
+ FAONE JE R AL
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Proposal: Multimodal Learning
- Early Fusion (or data fusion)

Modality | | Modality | | Modality 1)
1 2 3 - Combine the data by removing the
correlation between two sensors.
Concat
|
Transformer
2)
l « Uses PCA, canonical correlation and
Output Independent component analysis
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Proposal: Multimodal Learning

- Late Fusion

Modality Modality Modality
1 2 3
Transformer  Transformer Transformer
— Concat —
!

Linear layer
Output

CAU AutoML LAB
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Experiment Result

« Accuracy (Index : NASDAQ)
-HWRH E 1Y E2 WSS Bl RUD Late fusion2| HBHIO| 2407} 2 &M 2

=
Data Proposed Proposed DTML [2] AdVLSTM [7] CNNBILSTMAM HluZ Y = Z[CH
-Early fusion -Late fusion [8] Accuracy — Late
Transformer Transformer fusion accuracy
PEP 0.514583 0.53854 0.4875 0.50313 0.48906 0.03541
MRK 0.50625 0.53021 0.49375 0.49375 0.49844 0.03177
MA 0.528125 0.54271 0.5125 0.49219 0.50156 0.03021
BAC 0.542708 0.54375 0.51563 0.50781 0.48438 0.02812
RDS-B 0.527083 0.54063 0.4875 0.49688 0.51719 0.02344
SPY 0.55625 0.54271 0.47813 0.50313 0.52344 0.01927
DIS 0.529167 0.52813 0.4875 0.51094 0.5125 0.01563
BHP 0.485417 0.51563 0.47813 0.5 0.48125 0.01563
MMM 0.519792 0.52708 0.47969 0.5125 0.46875 0.01458
NVS 0.51875 0.52604 0.49375 0.50781 0.5125 0.01354
PFE 0.492708 0.51979 0.48594 0.47813 0.50625 0.01354
BRK-B 0.490625 0.50833 0.47188 05 0.49219 0.00833
BA 0.5375 0.52813 0.50625 0.51563 0.52188 0.00625
PTR 0.528125 0.53021 0.52188 0.48438 0.525 0.00521
CvX 0.507292 0.50833 0.48125 0.49688 0.50313 0.0052
AAPL 0.544792 0.525 0.52031 0.47656 0.48281 0.00469
MO 0.544792 0.55625 0.48906 0.5125 0.55469 0.00156
TOT 0.515625 0.52292 0.48438 0.52031 0.52188 0.00104
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Experiment Result

« Accuracy (Index : NASDAQ)
-HRRE Z O E2 FEd S 20 2= Late fusion?| &2l 207t 2 &AM 2 FE

Data Proposed Proposed DTML [2] AdvLSTM [7] CNNBILSTMAM HIW2Y = =04
-Early fusion -Late fusion [8] Accuracy — Late
Transformer Transformer fusion accuracy
GE 0.526042 0.52188 0.51563 0.52188 0.50469 0
JPM 0.514583 0.50521 0.50156 0.50313 0.50625 -0.00104
EXC 0.529167 0.50625 0.49531 0.46875 0.50781 -0.00156
SO 0.522917 0.51563 0.5 0.51719 0.51406 -0.00156
UNH 0.525 0.5125 0.46406 0.51563 0.51406 -0.00313
CMCSA 0.516667 0.51563 0.49063 0.4875 0.52031 -0.00468
™ 0.511458 0.49375 0.48125 0.5 0.47188 -0.00625
WMT 0.504167 0.50833 0.47656 0.51563 0.5 -0.0073
D 0.517708 0.51979 0.51094 0.50313 0.52813 -0.00834
NGG 0.538542 0.52708 0.5375 0.51563 0.51406 -0.01042
KO 0.5125 0.5125 0.47344 0.47969 0.52344 -0.01094
UPS 0.519792 0.49792 0.51094 0.49844 0.47813 -0.01302
JNJ 0.526042 0.51146 0.525 0.48281 0.49219 -0.01354
HD 0.514583 0.51458 0.50469 0.52813 0.52031 -0.01355
WEFC 0.523958 0.50833 0.52188 0.47656 0.4875 -0.01355
DCM 0.534375 0.51146 0.52656 0.48438 0.48906 -0.0151
AMZN 0.520833 0.51458 0.5125 0.53125 0.49688 -0.01667
DUK 0.517708 0.53438 0.48281 0.47344 0.55469 -0.02031
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Experiment Result

« Accuracy (Index : NASDAQ)
-H R Z O Z2 FSH S 201 D@ Late fusion2| &G 0] 207t 2 &AM 2 FH

Data Proposed Proposed DTML [2] AdvLSTM [7] CNN BiLSTM HuEY S = CH
-Early fusion -Late fusion -AM [8] Accuracy — Late
Transformer Transformer fusion accuracy
ORCL 0.511458 0.50729 0.50938 0.50469 0.52969 -0.0224
CHL 0.479167 0.50104 0.52344 0.50781 0.50938 -0.0224
DOW 0.51875 0.47708 0.5 0.48281 0.46406 -0.02292
SYT 0.485417 0.48854 0.5125 0.50469 0.49688 -0.02396
GOOGL 0.516667 0.50417 0.52969 0.50938 0.52813 -0.02552
INTC 0.525 0.50417 0.51094 0.48594 0.53125 -0.02708
VZ 0.551042 0.49896 0.46406 0.51406 0.52813 -0.02917
PG 0.516667 0.49375 0.48438 0.525 0.47344 -0.03125
RIO 0.501042 0.49167 0.52344 0.51719 0.49375 -0.03177
VALE 0.513542 0.48125 0.49688 0.49219 0.51875 -0.0375
MSFT 0.501042 0.49479 0.53438 0.49531 0.5125 -0.03959
XOM 0.46875 0.46979 0.44844 0.48906 0.51563 -0.04584
T 0.514583 0.4875 0.5375 0.50938 0.50469 -0.05
NTT 0.509375 0.51563 0.56719 0.51563 0.49063 -0.05156
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Experiment Result

« Accuracy (Index : NASDAQ)
-HnRE Z O 2 JedE 20 220 Early fusion?| d&HL| 20|17t 2 =AM 2 EE

—
Data Proposed Proposed DTML [2] AdVLSTM [7] CNN BiLSTM HuZ Y = X[
-Early fusion -Late fusion AM [8] Accuracy — Early
Transformer Transformer fusion accuracy
SPY 0.55625 0.54271 0.47813 0.50313 0.52344 0.03281
BAC 0.542708 0.54375 0.51563 0.50781 0.48438 0.027078
AAPL 0.544792 0.525 0.52031 0.47656 0.48281 0.024482
VZ 0.551042 0.49896 0.46406 0.51406 0.52813 0.022912
EXC 0.529167 0.50625 0.49531 0.46875 0.50781 0.021357
DOW 0.51875 0.47708 0.5 0.48281 0.46406 0.01875
DIS 0.529167 0.52813 0.4875 0.51094 0.5125 0.016667
MA 0.528125 0.54271 0.5125 0.49219 0.50156 0.015625
BA 0.5375 0.52813 0.50625 0.51563 0.52188 0.01562
™ 0.511458 0.49375 0.48125 0.5 0.47188 0.011458
PEP 0.514583 0.53854 0.4875 0.50313 0.48906 0.011453
RDS-B 0.527083 0.54063 0.4875 0.49688 0.51719 0.009893
UNH 0.525 0.5125 0.46406 0.51563 0.51406 0.00937
UPS 0.519792 0.49792 0.51094 0.49844 0.47813 0.008852
JPM 0.514583 0.50521 0.50156 0.50313 0.50625 0.008333
DCM 0.534375 0.51146 0.52656 0.48438 0.48906 0.007815
MRK 0.50625 0.53021 0.49375 0.49375 0.49844 0.00781
MMM 0.519792 0.52708 0.47969 0.5125 0.46875 0.007292
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Experiment Result

« Accuracy (Index : NASDAQ)
-HRRE Z O Z2 S 20 220 Early fusion?| E&HL| 20|17t 2 =AM 2 EE

Data Proposed Proposed DTML [2] AdvLSTM [7] CNNBILSTMAM Hu2g = =04
-Early fusion -Late fusion [8] Accuracy — Early
Transformer Transformer fusion accuracy
NVS 0.51875 0.52604 0.49375 0.50781 0.5125 0.00625
SO 0.522917 0.51563 0.5 0.51719 0.51406 0.005727
CVX 0.507292 0.50833 0.48125 0.49688 0.50313 0.004162
GE 0.526042 0.52188 0.51563 0.52188 0.50469 0.004162
PTR 0.528125 0.53021 0.52188 0.48438 0.525 0.003125
WFC 0.523958 0.50833 0.52188 0.47656 0.4875 0.002078
NGG 0.538542 0.52708 0.5375 0.51563 0.51406 0.001042
JNJ 0.526042 0.51146 0.525 0.48281 0.49219 0.001042
CMCSA 0.516667 0.51563 0.49063 0.4875 0.52031 -0.00364
VALE 0.513542 0.48125 0.49688 0.49219 0.51875 -0.00521
INTC 0.525 0.50417 0.51094 0.48594 0.53125 -0.00625
TOT 0.515625 0.52292 0.48438 0.52031 0.52188 -0.00626
PG 0.516667 0.49375 0.48438 0.525 0.47344 -0.00833
BRK-B 0.490625 0.50833 0.47188 0.5 0.49219 -0.00938
MO 0.544792 0.55625 0.48906 0.5125 0.55469 -0.0099
AMZN 0.520833 0.51458 0.5125 0.53125 0.49688 -0.01042
D 0.517708 0.51979 0.51094 0.50313 0.52813 -0.01042
KO 0.5125 0.5125 0.47344 0.47969 0.52344 -0.01094
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Experiment Result

Accuracy (Index : NASDAQ)
-HRRE Z O Z2 S 20 220 Early fusion?| E&HL| 20|17t 2 =AM 2 EE

Data Proposed Proposed DTML [2] AdvLSTM [7] CNN BiLSTM HwE2g S =|CH
-Early fusion -Late fusion -AM [8] Accuracy — Early
Transformer Transformer fusion accuracy
WMT 0.504167 0.50833 0.47656 0.51563 0.5 -0.01146
GOOGL 0.516667 0.50417 0.52969 0.50938 0.52813 -0.01302
PFE 0.492708 0.51979 0.48594 0.47813 0.50625 -0.01354
HD 0.514583 0.51458 0.50469 0.52813 0.52031 -0.01355
BHP 0.485417 0.51563 0.47813 0.5 0.48125 -0.01458
ORCL 0.511458 0.50729 0.50938 0.50469 0.52969 -0.01823
RIO 0.501042 0.49167 0.52344 0.51719 0.49375 -0.0224
T 0.514583 0.4875 0.5375 0.50938 0.50469 -0.02292
SYT 0.485417 0.48854 0.5125 0.50469 0.49688 -0.02708
MSFT 0.501042 0.49479 0.53438 0.49531 0.5125 -0.03334
DUK 0.517708 0.53438 0.48281 0.47344 0.55469 -0.03698
CHL 0.479167 0.50104 0.52344 0.50781 0.50938 -0.04427
XOM 0.46875 0.46979 0.44844 0.48906 0.51563 -0.04688
NTT 0.509375 0.51563 0.56719 0.51563 0.49063 -0.05781
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Overall Progress

CYML

Problem

Hypernym
Discovery

Low Accuracy
(MAP, MRR
etc.)

v

Related Works

= CRIM

= RMM

v

Experiments

=  SemEval2018
task9 dataset

= UMBC corpus

= 1500 train,
1500 test data

=  Metric

- MAP, MRR,
P@n

|

Post-experimental
analysis

* MRR
Improvement
(2.32->4.12)

= MAP(1.21-
>1.87)

v

Analysis

word2vec
embeddings
not working
properly for
phrase

‘ Conclusion ‘

\ 4

Accuracy
Improvement

Using
contextual
embeddings

v

Proposal

Contextual
Embeddings
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Proposed Method XML

Contextual Embeddings for hypernym relation

Class

Label

Ce () (o) ]

Erowsy By | - Ey E[SEP] By | - Ey
AN AN N SN N

—1/_\r g gy B e LI

Hyponym [SEP] Hypernym

« Using Language Model(Like BERT, RoBERTa ..) for contextual embedding.
 Input hyponym and hypernym with [SEP] token.

CAU AutoML Lab 3



Experimental Results XML

For subtask 1A — English general

| MRR_|_MAP | _POL_|_P@3 | PG5 _

CRIM 2.3276 1.2140 1.5333 0.9444 0.9199
RMM 0.3561 0.2250 0.2666 0.1555 0.1566
Proposed 4.1244 1.8716 2.0000 1.7555 1.8811

CAU AutoML Lab 4



Future works XML

Considerations
- Experiments for Subtask 2A, 2B (Medical, Music)
- Compare with other language models(RoBERTa ..)

- Pretraining for hypernym discovery ( using hearst patterns) — new contribution
- Input : (previous sentence) [SEP] (Hearst patterns)

- Masking hypernym or hyponym

CAU AutoML Lab 5
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Restoration of Homoglyph Attack on Spam
Using BERT Masked Language Model

Hanyong Lee

N Wiy,
2022.09. 21
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Introduction XML

NLP Attack

Adversarial examples in Computer Vision Adversarial examples in Natural Language Processing

(D correctly predicted samples
@ image difference between (D and 3
(3 images predicted as “ostrich”

Szegedy, C., Zaremba, W., Sutskever, I., Bruna, J., Erhan, D., Goodfellow, I., & Fergus, R. (2013). Intriguing properties
of neural networks. arXiv preprint arXiv:1312.6199.

CAU AutoML Lab



Introduction XML

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
Single Modal }—» .
—-| By Semantic Application }_1::| Text Entailment
\ Cross Modal POS Tagging
Relation Extraction
Categories of —| Targeted | Dialogue System
Adversarial Attacks =|I By Target Type |— _ —
on Textual DNNs —| Untargeted ‘ Optical Character Recognition
Scene Text Recognition
—| Character-level | Image Captioning
| By Semantic Granularity ——| Word-level | 5:232:2:::512”;&3&?&
—| _ Sentence-level | Speech Recognition
—~| Feed Forward ‘ | CNNs | \ RNNs ‘ | 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.

CAU AutoML Lab 3



Introduction XML

NLP Attack
Black-box NLP Attack Methods

Attack Strategy

A 4

Concatenation

\ 4

Edit the domain of this study

A 4

Paraphrase-based

Black-box NLP Attack Methods

A 4

GAN-based

A 4

Substitution

Y

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.

CAU AutoML Lab 4



Introduction XML

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.

CAU AutoML Lab 5



Related Work XML

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. ou elle était.

I[Just can't beIgava Je crois que'je ne peux
pas sous-estimer Wrong result

l'endroit ou se

where QEL was. . .
trouvait le scribe e.

“4” is replaced with U+3F3(*}”), “I” with U+456(“1), 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.

CAU AutoML Lab



Related Work XML

Defense Methods of Homoglyph Attack

Translate table for confusable characters

1p4Ccs5 ; 0070 : MA
1D4F9 ; 0070 ; MA
1D52D ; 0070 : MA
1D561 ; 0070 ; MA

( 7 - 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~-p) THEMATICAL DOUBLE-STRUCK SMALL P - LATIN SMALL LETTER P #

#H % B R

It doesn’t contain some pairs.

[ ] uHu
. $_)S
e 5—S

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

CAU AutoML Lab 7



Related Work XML

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 N—1 ﬁ- pixel of image I, I> at coordinate (i, j)

A=Y G LG

(=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 & @
CharaCter A=0 A=1 A=2 A=3 A=4 A=5 A=6
difference

Figure 6: Basic Latin lowercase letter ‘€’ 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).

CAU AutoML Lab 8



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 I | 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.

CAU AutoML Lab 9



Related Work XML

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@1ller Claler Cller
Reply Reply Rpely Rply
winner w!nner wniner wnner H nspell Textblob SymSpell  pyspelichecker  Peter Norvig Our spell checker

uracy 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.

CAU AutoML Lab



Proposed Method

Restoring Process Overview

homomyphmxt(iif you dé not fund this bltc01n.£>

OCR processing

input

I

ou

do

nolt

fiund| [TMhls) biltdon

tokens

D)

-

Character-Level BERT

- =

output A~
P H1f] v

ou

do

Injolt

funld [hils) bliltdoliln

tokens

B

Y

restored text (ZIf you do not fund this bitcoin “;>
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Experimental Settings

Pre-training

Epochs num: 25 Epochs

spam mail corpus
(non homoglyph text)

BookCorpus dataset

sentence masking

WikiText-103 dataset

CAU AutoML Lab

———(PlufdiEse § 98 [ (Bl [ .. )
=
Character-Level BERT
- =
————(Plididse § (2998 R BHEdon B .. )
Pre-training

input
tokens

output
tokens




Experimental Settings

Finetuning

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

spam mail corpus
(homoglyph text)

(If you dé not fund this bitcoin >—

Manually labeling

Y

(If you do not fund this bitcoin >1

oul (dg At [flund [Thids [btico

Un

)

=~

Character-Level BERT

- =

ol [do| [nolt| [fulnd| [thiils| {oiltidoli

in

B

CAU AutoML Lab

Finetuning

input
tokens

output
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Experimental Results XML

Finetuned Model Evaluation

Algorithm Word Accuracy
Proposed 0.9959 £ 0.0008
Normal BERT 0.6713+0.0029 ¥
OCR 0.6518 + 0.0028 ¥
SimChar DB 0.5512+ 0.0046 V¥
Spell Checker 0.9087+£0.0011 Vv

Word level accuracy and T-test with the accuracy of the proposed method
V¥ means that the algorithm has a lower performance than the proposed algorithm based on t-test. ¥: p < 0.01

CAU AutoML Lab



Conclusion XML

Contribution of the Study

1.Achieve higher performance than traditional methods such as OCR, SimChar DataBase, and spell checker.

2.Propose an automated homoglyph restoration framework by using deep learning.

CAU AutoML Lab



Conclusion XML

Limitation of Proposed Model

The proposed model is a masked language model,

: homoglyph text ( If 6 not fund this bt
limited in that the input/output sentences should Omogiyphtex (I you dg not fund This bitcoin >

OCR processing

be the same sequence length.

Y

o (I Glod (@9 Y [Fund S B .. )

* |t can be used as a homoglyph of the tokens —
alphabet ‘m’ by concatenating the letters
‘r’ and ‘n’. But the presented model does same length Character-Level BERT
not solve this case. \ =y
output

The proposed model can be applied as a tokens (LA You do nott] (flund (thiil biftcoin )

sequence-to-sequence model in future studies.

A 4

restored text (If you do not fund this bitcoin )

CAU AutoML Lab
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Appendix Auto]J]8

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 Auto]J]8

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 V¥
OCR 0.6519+0.2976 V¥
SimChar DB 0.5506 + 0.3627 ¥
Spell Checker 0.9090+0.1620 V¥

Word level accuracy and T-test with the accuracy of the proposed method
¥ means that the algorithm has a lower performance than the proposed algorithm based on t-test. ¥: p < 0.01

CAU AutoML Lab



Appendix Auto]J]8

C. Test Output Examples of Pretrained Model

Example 1

* input sentence L Need yOUR TOTat atTeNT1ON fOr The cOMiNg TweNty-fOUR hRS,

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

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

CAU AutoML Lab



Appendix Auto]J]8

C. Test Output Examples of Pretrained Model

Example 3
* input sentence : do nét try to contact the poli¢é and otuér s€curity services.
* output sentence : don't try to contact the police and other security services.
Example 4
* input sentence : youi dccoutit was attacked.

e Qoutput sentence : yogr account was attacked.

CAU AutoML Lab
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« -(Tabular data/Missing value/Data Imputation)

1. Tabular data:Deep learning is not all you need(Information Fusion, 2022)
2. A Novel Algorithm for Missing Data Imputation on Machine Learning(IEEE, 2019)
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1. Tabular data:Deep learning is not all you need

«  Tabular dataseto] Al 2 deep modelZ} xgboostE H]uLslo] 1) Y2 A5S 9 Bd =4 54

«  Experiment result >

Table 2

Test results on tabular datasets. Presenting the performance for each model. MSE is presented for the YearPrediction and Rossman datasers,
and cross-entropy loss (with 100X factor] is presented for the other datasets. The papers that used these datasets are indicated below the table.
The values are the averages of four training runs (lower value is better), along with the standard error of the mean (SEM)

Table 3

Model Name Rossman CoverType Higgs Gas Eye Gesture Average relative performance deterloration for each model on itgunseen
XGBoost 490018 =+ 1.19 313+ 0009 21.62 +0.33 218 +0.20 56.07 +0.65 Sil6d + 080 dﬂlagfﬁ- ]ﬂwer 'I.fEIIJE E hE’HEﬂ
NODE 488,59 + 1.24 4.15+0.13 21,19 + (.69 217 =018 68.35 + (.66 9212 +0.82
- -+ y =+ . 1 o+ +* UR + I'ny
DMNF-Met S03.83 + 1.41 306 +0.11 23.68 + (.83 1.44 +0.09 6838 + 0.65 B6.98 + .74 Nﬂme hverag& IIEI:'.“.HE
TabMNet 485.12+1.93 300 + 008 21144020 192 +0.14 67.13 + (.69 06.42 + (.87
1D-CNN 493 81 +2.23 351 013 2233 +0.73 179 +0.19 67.9 +0.64 97.89 + 082 Performance {%]
Simple Ensemble 48857 +2.14 319+ 018 2246 + 038 236013 58.72 + 067 89.45 + 089
' 489,94 + 209 352 +0.10 2241 =054 198 +0.13 6928 + (.62 9350 +0.75 KGE{'UH 3 34
Deep Ensemble w XGBoost 48533 + 1.29 2,99 +0.08 22,34 + (.81 169 4+ 0.10 50.43% & (.60 TRO3 +0.73 ‘
TabMet DNE-Met
DNE-Net 11.96
Model Name YearPrediction MSLR Epsilon Shrutime Blastchar
e TabNet 10.51
XGBoost 7798 +0.11 55434202 11.1243e=2 1382 +0.19 20.39 +10.21
NODE 76.39 + 013 55.7243e-2 10.39+1e-2 14.61 + (.10 2140 +10.25 ] [}'CNN ?EE'
DMNF-MNet 8121 +0.18 56.83+3e-2 12234 4e-2 16.8 = 0.0% 2791 017 .
TabMet B119+0.19 56.4+1e-2 11.92+3e~2 1494+ 0L13 2372019 Slmp]'e Eng&mhle 315
1D-CNN TRO4 +0.14 55.97+4e-2 11.08+6e—2 1531 +0L16 24.68 +10.22 DE‘EP E]'IﬁE'fﬂhl'E wm KGBUI!'E[ ﬁ_ql
Simple Ensemble 7801 £ 017 55.46+4e-2 11.07+4e-2 15.61+, 014 2118 017 l
- 7H.99 +0.11 55.59+3e-2 10.95+1e-2 14.60 + 0.11 24.25 +10.22 DE‘EP Ensemmble w XGBoost 2.32
Deep Ensemble w XGBoost 76.19 +0.21 55.38+1e-2 11.18+1e-2 13.10+0.15 20.18+0.16
NODE New datasets

+ tabular data®l] t3l deep model + XGBoost %

¢ el Abe, ThFE dlolE el A 4 29l

CAU AutoML Lab 3
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2. A Novel Algorithm for Missing Data Imputation on Machine Learning  ((XTI29JML

« Medical datasetel] 4 33t missXGBoost(missForest+xgb) imputation method #| A]

« Experiment result >

T ABLE-IT: TEST CLASSIFIER ACCURACY WITH XGBOOST TABLE-III: TEST CLASSIFIER WITH ITERATIVE IMPUTATION AND TABLE-IV: TEST CLASSIFIER WITH MISSFORESTIMPUTATION AND
CLASSIFIER. . IXGB?OSTM — ' XGBOOST
Datasets Proposed Method + XGBoost atasets _ “;::Eatwe Aet + Gvoo.st Datasets MissForest Method +XGBo.ost
= ccurac ariance
RMSE | Accuracy | Variance y RMSE Accuracy | Variance
(%) (%) (%) (%) (%) (%)
(%) (%) (%) —
Cleveland 0.99 54.7 7.94 Cleveland 1.01 54.71 7.94
Cleveland 1.01 53.73 8.4 :
, Diabetes 0.19 75.7 5.59 Diabetes 0.19 77.45 6.04
Diabetes 0.19 78.22 2.89
Dermatology 0.19 96.45 2.73 Dermatology 0.19 96.45 272
Dermatology 0.18 96.45 2.72 —
: Hepatitis 0.15 81.66 11.24 Hepatitis 0.1 85.00 8.6
Hepaiitis a1 8145 85 Mammographi | 0.13 82.7 4.2 Mammographi | 0.13 82.30 377
Mammographic 0.13 82.5 3.7 ¢ cg P ' ' '
Misconsin L 5. 2 Wisconsin 0.16 95.8 3.9 Wisconsin 0.16 95.70 3.78

— =Fo]| A A| ¢tk MissForest Method + XGBoost 9| A £& A5 237} veld

— A 7+, medical datasetell A ¥+ % $}3F method

O

> T2/l = AFE RS A, T tabular datasetS- ©] 8314 T g Imputation method & 4] £
Sl R R R

CAU AutoML Lab 4
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» Tabular data/Missing value/Data Imputation & F7}4] ¢l =8 oA A3 o A
. 23]

1. ArE H|O|E] : UCI(Breast-cancer) dataset
2. TH| GIOo|E Al & Missing value 0%, 20%, 40%, 60%, 80%2| H|& = O O| E{ All A d
3

XGBoost/deep model = 57H M —_C,’:, missing value imputation 7(|_|_5c|3|_<l5|'0:| a5 §||-O|_| O:"Jg
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Overall Progress Auto [/}

2 l

| Related Work / Survey R - >
Task > (Counterparts) > Experiments > Proposal
» TAO Object » YOLO v1-7 » TAO Dataset » Finetuning
detection 1189 samples
» Faster R-CNN » Augmenation
» Metric

PR curve > hyper
mAP parameter

» Model
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Introduction : Dataset XML

TAO thyroid associated orbitopathy (or thyroid-associated ophthalmopathy)

v 2 J80|EA HOo|2td ZE|= Ao A QtHE S (TAO)
v OIQIo| = A UMM EFA MHES OFELE 27150 s & = U= 2Ye 2 AUHY I
o| ol 4
= =-T.
[0] eyeball
images  Jpg
labels  class, bounding box.txt
test
train
valid
< forder structure > < case 1: CT axial > < case 1: CT axial with label >

CAU AutoML Lab 3



Introduction : Object Detection model XML

. Paper : https://arxiv.org/pdf/2207.02696.pdf
Introduction GitHub : https://github.com/WongKinYiu/yolov7

YOLOv7: Trainble bag-of-freebies sets new state-of-the-art for real-time object detectors

MS COCO Object Detection

e Real-Time Object Detection beﬂt’:l‘
. . .
Real-Time Object Detection on COCO .
Leaderboard Dataset &5
YOLOvT is +120% faster
View box AP v by Date ~ 54
B
-
60 = 53
- ==Y OLOY7T {onrs)
voLov7-g136 fps)
ConvNeXt-XL++ (9 fps) . YOLOR
55 DualSwin-T (7 fps) - ——PPYOLOE
Swin-B (12 fps).
) +—YOLOX
o 50 a1
< Scaled-YOLOv4
5 Deformable DETR.(197ps) YO LOV7_ E6 E / cale
@ N i / YOLOvS (r6.1)
45 DETR-R10L a0
s 7 9 11 13 15 17 19 2 23 25 27 ¥ M B
20 betterh V100 batch 1 inference time (ms)
3 Figure 1: Comparison with other real-time object detectors, our
Jul 20 Oct 20 Jan'21 Apr'21 Jul'21 Oct 21 Jan'22 Apr ‘22 Jul'22

proposed methods achieve state-of-the-arts performance.
Other models Models with highest box AP

CAU AutoML Lab



Introduction : Object Detection model XML

YOLOv7: Trainble bag-of-freebies sets new state-of-the-art for real-time object detectors

5FPS to 160 FPS 56.8% AP 50% reduction in cost

CAU AutoML Lab 5



Introduction : Object Detection model XML

Abstract

0ot

v 1. real-time object detection O|HA{ inference costE S7IA|7|X| A0k JATE A |H = U=

trainable bag-of-freebies &S |t

v’ 2. re-parameterized moduleO| orlglnal module2 CHA|St= YWD different output layersOil CH$t
dynamic label assignment strategy &8 + 0{7|M 2= O =22 SHZ5H7| flet L8 X et

n |:|| n

[Ltok
mot

v' 3. parameter A4S 2tHC 2
scaling" | 2t

I
o

I = QU= real time object detectorE ?[2t "extend compound

v SOTA B H L} parameter =& 40%, AIME S 50% HAAZE = A2 I WE inference timeldl

=2 accurcys 2o
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Architecture

Extended efficient layer aggregation network

v’ gradient path length2} computainal block2| stack =2t A 210 stable state0f] =&,

v [ B2 computainal block&0| & O|A| k[™ Of2{gt &Ef7} Tt1|E 4= A2 parameter utilization rate?}
7k

- |
v' expand, shuffle, merge cardinalityS AFZ35}0] original gradient pathE Lf1|SHX| 210 nework?| learning
abilityS X|&HO 2 SpAL

¢ partial c ¢ partial c 2c partial 2c ; N
Expand cardinality

-
]
3Ix3 3x3,c, © = § 3x3, 2c, 2¢c, 2
B =
[3x3lcc] (3x3ec] 5 E s
oS, © = L = 2 £ -=[3x3, 2c. 2e. 2 |
= £ = S E
3x3. € 3x3, g = [3x3. & =
= ! E Z Z 5 3x3, 2¢, 2¢, 2
1x1, 4 | = 1x1, 3c. ¢ =z Z Z =
S =] = £ =
£ & - = £ [3x3.2c.2c.2
3x3.c,c - = 3 3x3, an Shuffle cardinality
L g g = : T ]
= 5 :
[355 COER R e [ —
* @ x x
3x3 3x3,c.c [3x3,e.e] | 1x1, 8¢, 2 |
L L L L i Merge cardinality
11,4 | | 1x1, 4 | 1x1, 4c, ¢ [ c |
c < c [s
(a) VoV Net (b) CSPVoVNet (c) ELAN (d) E-ELAN
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Architecture

Model scaling for concatenation-based models

()

v’ concatenation-based model= ?|¢t compound model scaling method

v' computational block2| depth factorg 8% kL i blockS| =3 A2 HA T ALt

oSt

v’ transition layer0f & &t W22 = width factor scalingg =

Cony | . 1'1;1\ | 8 4 [ m

| g F
1 | i iwiionil block Transition - d U
| 1;-,: v | scaling up depth Cony . .I'I'IIH_I utional blog | | ‘
Lol ::lllwuv i Scaling up depth  Scaling up widih :

|
N

1

q Transitlon
i o =t ;
| Cony Cony - Scaling up width
v v
° C c c c c Partial Crass Stage Merge
width also be changed Scaling up width

(a) concatenation-based model  (b) scaled-up concatenation-based model (c) compound scaling up depth and width for concatenation-based model
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Trainable bag-of-freebies

Planned re-parameterized convolution

[ L '™ [
3Ix3 Conv RepConv | 3x3 Conv RepConv

¥ L 'l‘i '!. -

C c c

v X
{a) PlainNet (b) RepPlainNet (c) ResNet (d) RepResNet

c C c -

4 - - o

L L L L

c c c c

v X v v

(e) P1-RepResNet (f) P2-RepResNet (g) P3-RepResNet (h) P4-RepResNet
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Trainable bag-of-freebies

Coarse for auxiliary and fine for lead loss

| Detection | 32 x _‘i‘—u{:
fir-o(f—{.}—’i Detection | 8 '{'
2x

1x [ 1 Aux Head
t

(b) Model with auxiliary head

(a) Normal model

[ Lead Head > Loss

([ 6r |

—

/ Assipnier '
eI T
{

[ GT

g -\Nguwx

( Assigner ﬂ J
i s [ £ 7 -

[ Lead Head =+ Loss

Aux Head —0{ Loss ‘[
s

Assigner |

L_ter: J

(¢) Independent assigner
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Coarse
I Aux Head }—-N Loss Aux Head }—»{ Loss |

(d) Lead guided assigner (e) Coarse-to-fine lead guided assigner
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Trainable bag-of-freebies

Coarse for auxiliary and fine for lead loss

s Anchers (D) Independent Aux Head (¢) Independent Lead Head = snchers () Lead Guided Aux Head (e) Lead Guided Lead Head

Figure 8: Objectness map predicted by different methods at auxiliary head and lead head.

CAU AutoML Lab



Introduction : Object Detection model XML

Experiment
Table 1: Comparison of baseline object detectors.

Model #Param. FLOPs Size APv?l APgl  APLY APfg;,‘” AP}L?E AP} £
YOLOv4 [7] 64.4M 142.8G 640  497%  68.2%  543%  329%  548% 63.7%
YOLOR-u5 (r6.1) [51] 46.5M 109.1G 640 502%  68.7%  54.6%  332% 555%  63.7%
YOLOv4-CSP [79] 52.9M 120.4G 640 503%  68.6% 549% 342%  55.6%  65.1%
YOLOR-CSP [#1] 52.9M 120.4G 640 508%  69.5% 553% 339% 56.0%  65.4%
YOLOv7 36.9M 104.7G 640  51.2% 69.7%  555%  35.2% 56.0%  66.7%
improvement - =
YOLOR-CSP-X [#1] 96.9M 226.8G 640 52.7%  71.3%  574%  363% 575%  68.3%
YOLOvV7-X 71.3M 189.9G 640  529%  71.1% 57.5% 369% 57.7%  68.6%
improvement - -0.2
YOLOv4-tiny [7Y] 6.1 6.9 416 249%  42.1%  25.7% 8.7% 284%  39.2%
YOLOv7-tiny 6.2 5.8 416 352% 528% 37.3% 15.7% 380% 53.4%
improvement +2% -
YOLOv4-tiny-31 [7Y] 8.7 52 320 308%  473%  322% 109%  319%  51.5%
YOLOv7-tiny 6.2 35 320 308% 47.3%  322% 100% 31.9% 52.2%
improvement - = = = -0.9 =
YOLOR-E6 [£1] 115.8M 683.2G 1280 557%  732% 60.7%  40.1% o604%  69.2%
YOLOv7-E6 97.2M 5152G 1280 559% 73.5% 611% 40.6% 603%  70.0%
improvement - -0.1
YOLOR-D6 [51] 151.7TM 9356G 1280 56.1%  T739% 612% 424%  605% @ 69.9%
YOLOv7-D6 154.7TM 806.8G 1280 56.3%  738% 614% 413% 60.6% 70.1%
YOLOv7-E6E 151.7TM 8432G 1280 568% 744% 621% 408% 621% T70.6%
improvement = - -1.6
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EX p e ri m e n t Table 2: Comparison of state-of-the-art real-time object detectors.

Model #Param. | FLOPs | Size | FPS | APt /AP™@! | APLSST  APLT  APLST APLPT AP
YOLOX-S [21] | 9.0m 268G | 640 | 102 | 405%/405% | - - . - .
YOLOX-M [21] 253M 738G | 640 | 81 | 47.2%/469% - - - - .
YOLOX-L [21] 542M | 1556G | 640 | 69 | 50.1%/497% - - . - .
YOLOX-X [21] 99.1M | 2819G | 640 | 58 | 515%/51.1% - - . - .
PPYOLOE-S [55] 7.9M 174G | 640 | 208 | 43.1%/427% | 605%  46.6%  232%  464%  S56.9%
PPYOLOE-M [%5] 234M | 499G | 640 | 123 | 489%/486% | 665%  S30%  28.6%  529%  63.8%
PPYOLOE-L [55] | 522M | 110G | 640 | 78 | SL4%/509% | 68.9%  35.6%  314%  353%  66.1%
PPYOLOE-X [55] 984M | 206.6G | 640 | 45 | 522%/519% | 699%  S56.5%  333%  563%  66.4%
YOLOVS-N (r6.1) [27] 1.9M 45G | 640 | 159 - 1 28.0% - - - - .
YOLOVS-S (r6.1) [23] | 7.2M 165G | 640 | 156 -1374% | - - - - .
YOLOVS-M (r6.1) [22] 212M | 490G | 640 | 122 - 145.4% - - . - .
YOLOvS-L (r6.1) [27] 465M | 109.1G | 640 | 99 - 1 49.0% - - - - -
YOLOVE-X (16.1) [23] | 867M | 2057G | 640 | 83 -1507% | - - - - -
YOLOR-CSP [21] S29M | 1204G | 640 | 106 | SL1%/508% | 69.6%  557%  3L7%  553%  64.7%
YOLOR-CSP-X [51] 969M | 2268G | 640 | 87 | S30%/527% | Tl4%  57T9%  337%  5T.1%  66.8%
YOLOV7-tiny-SiLU 6.2M 138G | 640 | 286 | 38.7%/387% | 56.7%  417%  I188%  424%  S51.9%
YOLOvV? | 369M | 1047G | 640 | 161 | S14%/512% | 69.7%  55.9%  318%  35.5%  65.0%
YOLOVT-X TI3M | 1899G | 640 | 114 | 531%/529% | T12%  S57T8%  338%  57.1%  674%
YOLOvS-N6 (r6.1) [23] | 3.2M 184G | 1280 | 123 -1360% | - - . - .
YOLOVS-86 (r6.1) [27] 12.6M 672G | 1280 | 122 -1 44.8% - - - - -
YOLOvVS-M6 (r6.1) [23] | 357M | 200.0G | 1280 | 90 -151.3% - - . - .
YOLOVS-L6 (r6.1) (23] | 76.8M | 4456G | 1280 | 63 -1537% | - - - - .
YOLOVS-X6 (r6.1) [23] | 1407M | 839.2G | 1280 | 38 - 155.0% - - . - .
YOLOR-P6 [51] 372M | 3256G | 1280 | 76 | S53.9%/535% | Tl4%  S589%  36.1%  5T.7%  65.6%
YOLOR-W§ [41] | 798G | 4532G | 1280 | 66 | S52%/548% | TL7%  60.5%  3T7%  59.0%  67.1%
YOLOR-E6 [51] 115.8M | 6832G | 1280 | 45 | 558%/557% | 734%  6l1%  384%  597%  67.7%
YOLOR-D6 [51] 151L.7M | 9356G | 1280 | 34 | 565%/56.1% | T41%  619%  389%  604%  68.7%
YOLOVI-W6 | 704M | 360.0G | 1280 | 84 | S49%/546% | 726%  60.1%  373%  S87%  67.1%
YOLOvV7-E6 972M | 5152G | 1280 | 56 | S56.0%/559% | 735%  612%  38.0%  59.9%  68.4%
YOLOV7-D6 1547M | 806.8G | 1280 | 44 | 56.6%/56.3% | 740%  618%  388%  60.1%  69.5%
YOLOvVT-EGE CISLTM | 8432G | 1280 | 36 | S6.8%/36.8% | T44%  62.1%  393%  60.5%  69.0%

L OQur FLOPs is calaculated by rectangle input resolution like 640 » 640 or 1280 x 1230,
2 Qur inference time is estimated by using letierbox resize input image to make its long side equals 1o 640 or 1280,
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Experiment

better More comparison on MS COCO min-val
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Figure 9: Comparison with other object detectors.
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Train Information

CYML

Preprocessing

v' Data format : jpg
v Input Size : 512 x512 = 640 x 640

v Annotation Normalization

Normalization Formula

v Normalized(Xmin) = (Xmin+w/2)/Image_Width
v" Normalized(Ymin) = (Ymin+h/2)/Image_Height
v Normalized(w) = w/Image_Width

v Normalized(h) = h/Image_Height

Xmax, Ymax

Xmin, Ymin W

label index, N(Xmin), N(Ymin), N(w), N(h)

0 0.33203125 0.330078125 0.1640625 0.15234575

0 0.6943359375 0.341796875 0.154296875 0.152343575

1 0.40625 0.419921875 0.03125 0.16015625

1 0.615254375 0.421875 0.02734375 0.1640625

1 0.3203125 0.447265625 0.1171875 0.15234375

1 0.7314453125 0.4404296875 0.138671875 0.158203125
2 0.37890625 0.47265625 0.078125 0.1640625

2 0.64455125 0.474609375 0.078125 0.15234375
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Train Information XML

Augmentation < training batch images >

v hsv_h : 0.015 image HSV-Hue augmentation (fraction)

v hsv_s : 0.7 image HSV-Saturation augmentation (fraction)
v hsv_v: 0.4 image HSV-Value augmentation (fraction)

v' translate : 0.2 image translation (+/- fraction)

v" scale : 0.9 image scale (+/- gain)

v fliplr : 0.5 image flip left-right (probability)

v' mosaic : 1.0 image mixup (probability)

v' mixup : 0.15 image mixup (probability)

v' paste_in : 0.15 segment copy-paste (probability)
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Experiment XML

Experiment Setting

v’ Datasets (TAO)
Number of Samples: 1,189
train: 832

valid: 178

test: 179

v Hyper Parameter Setting

Pretrained weight Model Loss function Optimizer Epochs Batch_size

Imagenet YOLOvV7 binary CE SGD 50 8
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Experimental Results XML

eyeball

rectus

Predicted

- 0.4

optic_nerve

-0.2

0.02 0.07

background FN

eyeball rectus optic_nerve background FP
True

Confusion matrix
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Experimental Results
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labels & pred
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Detect
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Conclusion XML

Proposal
v Augmentation Model Test et ppuest | Apgest  DAtCh batch 32
Size fps average time
YOLOv7 640 51.4% 69.7% 55.9% 161 fps 2.8 ms
\/ . . YOLOv7-X 640 53.1% 71.2% 57.8% 114 fps 4.3 ms
Fine tuning
YOLOv7-
W6 1280 54.9% 72.6% 60.1% 84 fps 7.6 ms
YoLovr- 1280 56.0% 73.5% 61.2% 56 f; 12.3
- - . . . S .2 ms
v" Optimizer ( Hyper parameter ) E6 ) ° ° g
YOLOv7-
D6 1280 56.6% 74.0% 61.8% 44 fps 15.0 ms
YOLOv7-
‘/ M Odel EGE 1280 56.8% 74.4% 62.1% 36 fps 18.7 ms
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