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Consent.

o | warmly welcome attendees to share insights and learnings from
my presentation at JPAAWG 6th General Meeting on social media. |
suggest using the official hashtag when posting on platforms such
as Twitter, Facebook, and Instagram to help others easily find and
follow the conversation.

o Photography and video recording are allowed during | my
presentation, and | appreciate if you could attribute any shared
content to me and JPAAWG 6th General Meeting.

o However, | ask that you respect the privacy and preferences of
others in the audience. If someone indicates that they do not wish to
be photographed or recorded, please respect their wishes.

Thank you for your cooperation and understanding. ©



About Me OUALIT'A
N’

o Name : Nuwan Senevirathne (X7 )
o Company : Qualitia
o Position : Al Engineer

> |love gaming
- League of Legend (LOL)
o AD main
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Neural Networks.

Simple Introduction.

IIIII
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Neuxral Networks.

Perceptrons. [1957]

\Z

Feedforward Neural Network. [1960]

N\

Recurrent Neural Networks. (RNNs) [1980]

N\

Convolutional Neural Networks. (CNNs) [1990]

\Z

Long Short-Term Memory Networks. (LSTM) [1997]

N\

Transformer. [2017]

N\

Etc

dendrites
O

Y

cell body //\/()\ \

terminal axon

Hidden
Input P
Output
¥ > >  J

https://www.researchgate.net/profile/Juxi-Leitner ¢
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Attention 1s All You Need.

® @
Transformer Model

iiiii
iiiii
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------

Output - . « « . .
Probabilities

What is Transfoxrmexr. }

|  Softmax |

|  Linear |}
y

] ( )
o Neural Network Architecture. LAdd & Norm J=
Feed
o Vaswani et al. in the paper "Attention is All You Need” 2017. o
. . Add & N
o Based on attention mechanisms. ) ; Mum_'H:ar: a
. . . . Feed Attention
o Major component is muti-head self attention. FETEE 7 J 7 N
( J~
o Add & N
o Useful In, Nx TR A Norm ] IVlas:keodrm
* Machine translations. MY HARCER Muiti-Head
Attention Attention
- —tr L
= Text Generations. —— ) ———
g . Positional Positional
= Text Classifications. Encoding D & Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)

------



Components
Add & Norm ) |
Feed
Forward 2
e

Transformer encoder architecture

aaaaaa

oooooo

Add & Norm

Multi-Head
Attention

At

of the Transformer Model.

Encoderx

Takes Input data.

Transform into series of numerical vectors.
Each vector capture the meaning of word in
the context of the whole sentence.

Add & Norn

Feed

d Decodex Forwerd

« Takes the vectors. P

Attention

+ Generate the output. s =y ==,
[(Add & Norm Je~

Masked
Multi-Head
Attention

—t
& e’

I

Transformer decoder architecture

ooooooo




Attention Mechanism.

(] General Concept

» Allows a model to focus on specific parts of the
input when producing an output.

» Weighs the importance of different parts of the

input.
» Decide how much focus to put on different areas.
@
 Types
/
@) » Scaled dot-product attention,

» Multiplicative attention
» Additive attention
...... > Etc.

aaaaaaa
aaaaaaa

|

Linear

1

Concat

A?

Scaled Dot-Product

Attention 7
1l 1 t
Lo L L
Linear _] Linear J Linear J

N

. . . "

®
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Self Attention.

O Scaled dot-product attention.

O Specific Type of Attention:

o Model attends to all parts of the
Input simultaneously

o Compute the representation of
each part in the context of all
other parts.

[ Consider the entire context of a sentence.

The
monkey
ate

that
banana
because
it

was

foo

hungry

The
monkey
ate

that
banana
because
it

was

foo

hungry
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Tranformex: Conclusion

o Innovative architecture.
o Widely used in modern NLP.
a Understand words

o Understand context.

o Understand relationships.

o Many models followed this model architecture and produce SOTA
results on various of NLP tasks.

o If anyone need more information, visit (¢
https://jalammar.github.io/illustrated-transformer/ This post
explain the things very well.



https://jalammar.github.io/illustrated-transformer/

AI in Email Sexvices

o O 0O O O O

Spam Detection.
Phishing Detection.
Malware Detection.
Anomoly Detection.
Risk Scoring.

Data Loss Prevention.

There are many more things.

®

and Security.

13



03

Subject Line Generation.

® @
Finetuned custom T5 Model.

iiiii
iiiii

!!!!!
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What

1.
2

3

4.

®

is Subject Line Generation?

[ Emall Body] [AI Model] [Subject Lines]

User inputs email content.
. Al model analyzes the content.
. Al model generates a list of potential subject lines.

More effective approach.

Eliminates the need for users to brainstorm a subject line.

15



Subject Line Generation

=yiva

BENEKTYT , ABLEFHECDTY,
FRABOBREES SOOI EHREHABEN
HiB12/3 (F) FTERBL>THWEIDT
BECRATETEEXT.

BEICTIRETELVEAELS > Lo WLWETH,

ZEIWIEDEFE LB UL BELWELET,
CAPREIICDEEIFABTAETTHELEHDELLESTUL,

sVMIERERCDODVWTIERBIRLLEBHR(CEVF T TIEFT S EBIND XT,

AdT A ZDEREEIZDXXTHIETT,

ME. XBULBRVNELET,

Generate

®

Example

Output

FRABOREES JUNMIBTIRHEERCONT

]

FRFBEOBHECDOLT(EIX)
FRABPEED L ORTSHEIRBEAR(CDULT

FERFABOBECOVT(HR) [EE]

16
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Summaxization Methods.

—

Source Document

—

Source Document

—

—

—,

Extractive Summary

S

Abstractive Summary

o Extractive summarization.
- Indentify Key phrases or sentences
- Use those extracted phrases as summary.
- Same sentences and structutre.

o Abstractive summarization.
- Paraphrasing.
- Different words, different sentence structure.
- Concise summary.

https://wandb.ai/events/summarization-trial-t5/reports/Model-Recycling-Flan-T5-and-Dialogue-Summarization--VmlldzozNjg5NTU5



®

Why Abstractive Summarization?

« Short.

+ Concise.

+ Directly relevant to the contents.

+ Capture mainpoint or purpose.

a Example: (Email content)
B SE, BEAKRTT, FH T,
M3AAWG & 13117y, MBAAWGTO A —/LtF =2 U T 4 OB My 7 D
FOREE, 77 v AaDEEDOHFMR. 2OV TR L LET,

o Subject: "M3AAWGHEE L 4> 75 L v 2Bl F— kD RN

18



®

T5 (Text-To-Text TransferTransfomer) Model.

1. Treats every NLP problem as a text-to-text problem.
2. Causal Language Model.

3. Heart of TH are self-attention mechanisms.

4. T5 uses Relative Positional Encoding ["translate English to German: That is good."

5. Causal masking. s st gt

course is jumping well.”

[ "cola sentence: The

"not acceptable"]

on the grass. sentence?: A rhino
is grazing in a field.’

6. EnCOder—deCOder. [ stsb sentencel: The rhino grazed

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.’

https://arxiv.org/pdf/1910.10683.pdf

“six people hospitalized after
a storm in attala county.”

19



Overview of the T5 process.

Encoding

S Attention
Input Text Tokenization Masks
v
Decoding SIEEl Output

Search

20



T5: Text embedding flow.

[Tokenization

[Word Embeddings

[Positionql Encodings

[Combinution of Embeddings

[Contextualized Embeddings

21



T5: Tokenization.

o What is tokenization

Split text into smaller units.

There are different ways to do tokenization.

[ Learning is fun

[ Learning, is, fun | J

Word Tokenization

[L,e,arning, ,i,s, _,f,un]

Character Tokenization

[ Learn, ##ing, Is, fun | ]

T5 Tokenization (Sentencepiece)

22



T5: Tokenization.

Input text T5 Tokenizer Tokenized Text

Input text: 4 HIZWWRKQTI R, IMIH TR L2V T,

SE W KR (TR | o | T B L [T

S 4634 7 2090 18709 22034 4 29767/ 58 23169 5440 876 4

1

23



Woxrd Embeddings.

o 14 Tokens

o Each Token mapped to a vector size of 768

o 14 x 768 Vector

5 4634 7

Token Indexes

Embedding >

2090 18709 22034 4 29767 58 23169 5440

Word Embeddings

Word Embeddings

E | L | XS (TR L ST | T B L T . <>

g76 [4 D

-13.3750

2.6250
-10.7500

7.5000

12.1875

5.6875

-8.8125 3.3750

-10.0000 -0.7773
-12.4375 29.1250

6.3125

-9.7500
4.5625

10.1875

8.0625
21.1250

v

A

768

No. of
Tokens

24



Contextualized Embeddings

Word Positional Combination of Contextualized
Embeddings Encodings Embeddings Embeddings
Word Embeddings
- U

-13.3750 7.5000 -8.8125 3.3750 6.3125 10.1875
Transformer
Loy
2.6250 12.1875 -10.0000 -0.7773 -9.7500 8.0625
-10.7500 5.6875 -12.4375 29.1250 4.5625 21.1250 ﬂ

Contextualized Embeddings

-2.4007e-01 2.7/876e-01 -3.2107e-01 -5.1860e-01
4.3266e-01 6.2798e-01 -8.6244e-02 -6.8169e-01

7.5833e-03 5.4663e-03 -7.6981e-03 -1.4981e-02 25



T5 Embeddings.

0O Encapsulate various aspects of the text's meaning.
0 Allowing the model to perform complex text-to-text tasks.
O Form the basis of the model's ability to understand and generate text.

-2.4007e-01 2.7876e-01 -3.2107e-01 -5.1860e-01
4.3266e-01 6.2798e-01 -8.6244e-02 -6.8169e-01

7.5833e-03 5.4663e-03 -7.6981e-03 -1.4981e-02



Training Data.

O Preprocess, clean.
0O No need to label.
Subject
Email Body

a Emails from company employees.

subject email_body

Security Alert. Your accounts was hacked by cr... hello!i have very bad news for you.
7 oREEEE JRBICONT P2FV747 BB LCLB>THVET, BOHTT N, 3/708T...
[EDNT BARMIAVT147 RBUBELCLB->THVXT, ARIE T 8 TL...

HRM|Y O ZHEH PAVT747 BOUBELCB->THVET, REOMHCDONT, REEOff...

Activelmail 7hV Y FEZOMORE HARHFFVAVIT IBHBELCRBVET, E ¥. SoHEFMROETHEES...

ActivelhunterCREI L7 1 LAICDWLT v ) b oF &y dhdt TY., LWDEBHFE LR ->THVET.,
58029 AEBA-ILIRE7 714 IREOSRL 2 A ') 5 « Pactivelhunter h A9 I —HR— b2 5 —C EBR UV DOEHHEICE ...
58030 AKRT7AFRVAL, 75 vV VA LOBEBRMUIICOVWT #HASBIAVFT«PHR—- T B OBPHELCL>THVET, I SEHRUE..

27



Model

Axrchitecture.

Training Data

\Z

T5 Tokenizer

\Z

T5 Model

\Z

Style Layer

\Z

Output

eeeee

-------

28



What is Fine-tuning.

1. Process of adapting a pre-trained model to specific task.

2. Don’t need to trained from scratch.
3. Efficient.

4. Better performance.

Small dataset

5. Flexible. l
PRE-TRAINED FINE-TUNED
LANGUAGE MODEL T LANGUAGE MODEL
Training can be done
on single GPU

Easily Reproducible



Fine-tuning Process.

T5

Tokenization

2. Model Architecture

(2]
)
L=
§o2
2
©

()
=

(@]

P S
)

3. Pre-



T5: Fine-tuning Process.

s. Decoder Adaption g I L a. g
- ’\' 3 .+’ J .. ’+¢ ATTENITIION MASKING ¢
s. Attention Masking S BTA ' S H A
g = _=> -

2 \ / o™
b + ~
N CROS-ENTOPPO (T
it — FOUCAMIENS FINE-TUINING
® ANCAPE N

s. Loss Function

7. Fine-tuning Parameters



Accuracy Matrices.

o Many Evaluation Matrices.

o Famous:

ROUGE Score
BLEU
METEOR
BERT Score
Etc

o We Used BERT Score.

32



BERT Scorxe.

Q

Q

Q

Q

Q

Uses BERT embeddings for evaluation.
Overcomes n-gram metric limitations.
Measures: Precision, Recall, FI-Score.

Benefits:
Resilient to rephrasing.
Aligns with human judgments.

Applications: Summarization, Translation.

33



Ouxr Results.

0.7

0.68

0.66

0.64

0.62

0.6

400

eval/bertscore_f1, eval/bertscore_precision

600

800

1k

train/global_step

1.2k

34



How We Improved the Model.

1. Fine tuning gives us a good result.
2. We added custom layers for the model.
Layer to generate a summary in a specific style.
3. Language model to remove personal Information.
4. Set the right hyperparameters.
Learning rate
Weight decay
Optimizer
Etc

5. Use a diverse dataset.

35



Final Pipeline.

Email Body

7

Subject
Lines

T5 Tokenizer

N\

.

Mask
Personal
Information

Tokenized
Inputs

Custom T5
Model

J

NER Model

Style Layer

36



Subject Generation DEMO.

O: auaumia CLOUD

(]

Email

Address
book

nuwan®@qualitia.com

4 Compose email

(e a Q

By folder

& INBOX

4 Sent

[ Trash

& Drafts

@ Spam

79 Reserved
@® Quarantine
B AMB_ARCHIVE
B AWS

M Archive

B General

B Important
B Notes

B chatwork

W jprs-cdev-gtdomain

Search email (within 90 days)

- ] C'Refresh @ Empty Trash © Report as spam  [™ Flags +
Emails in this folder will be automatically deleted after 90 days
+
k
6
W "
No mail
36

& Unread/read «

Y/= All mail =

i ExwEE |

XTY EXEZYR (nuwan) »

37



®

Subject Generation Demonstration.

Q Actual Subject: € > Z LT Y F[hixiE

I qualitia.co.jp
A4V 7T FREHIERE 34

=y

HBENRTYT , ASLEHIBOIMETET,
B, HEDMREZVEUIcOTTERWELET,

HAR: 11A5B(X)~11829H(F)
*BEKEHGELEMBOHFTOEECRZHIEFE(EELET,
KEHOZFZIFRBIRNGBRTTLETL,
RN TORIZRZ LTSI,

I AFRS :
AM9: 00~12: 30
PM2: 00~4: 30
B E/KRE HOHFRIPZIRBHAMI: 30~ERVEXT,
* FEERERNCOITZLERT LTS,

70y r%E: sV Zy 7

=20l

EFF: 7103 0000w
RREPRX HAEF ST

BF5Y: - ARNET7FAIN TAUT7NI VT FHER Fi2ER)
(SR Zy 7LD Tc 2 EDH B R)ZRS
xCELENPELEBTEERADOTERICRALES LTS,

B 2ESHBEER TOZMLWVWEFRETY, )

FOMEESR: W7 LILE—DHBHIIEBBTEEZ A,
Fle. MOBESTATAHFEOKEHFESH BT,
HFERRENARLKRBBENBYEFITOTTEFELESL,
FEANR—RIFIERE (CIEWTT,

58, 10RBEAIT—HECEI2T B EFBITLLEZL,

WO T4V NIVYFRERE FER) BRI T—RESELLET,

zEl. crBaA el cOER EELEY,
RO BN, f%E3 U< BEOELEFET,

ANEHBE g
38



®

Subject Generation Demonstration.

Q Actual Subject: 4 > ZILE O FHEE

U Generated Subjects:

Candidate subject

O 14V 7T UYFHEBBARO ZELK

AERIEH] 7> 7T P FHEEARD S
© s

O 17T YFHiEERED EE(AELBES)

--
_—
—_—
" e am me mw =

Cancel
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Email Mis-sending Prevention

®

By Named Entity Recognition.



Email Mis-Sending

o How?

O

Incorrect email address.

o Damages.

O

O

O

Leaking personal information.
Severe conseguences.
Leaking secrets.

Leaking sensitive information.

Damage professional relationships.

oooooo

Oh No!

| didn't mean to send it !!!

‘ \ A Q stop.... Stop...STOP !

TechWelkin.com

41



Ouxr Method.

Deep Learning Model

Receiver’s first name

\ m
L Email Content Extract Entities D
Company
Receiver's company R I
name Domain
To Address
DB
N S
» To Domain name 7’ Compare IL DoEr;(giiC;ZC:n .




Japanese E-mails.

Examples

IIWTHhYIKZ—DhHhI—1 - EY Uk,

BENKRTT, 7H/\AL - ZLY7MNAZJAO7LO - LA &
RLEY,

FABED ULEMERICEWVWT, WKODDERDANREOND F
Ufce BICBRURSEVWEE Ao

BIERZzERKL, BEHRPICEEED S BTWLLEEET, [(FEE
USBBEVWEULEFERY,

7FINAL-ZLYRNAZZZ207AL0 « L1k

CAICBI. YILTAYIRZ—Dh3I—2 - EYVEBLUET,

FBFEINTWBRIYRATLTZ Yy IT7—MNC2WT, #HifitR—
N BBEWLIECRBWET,

7w 77— MO EYN— M RRKEZ @R\ TN
ZWTY, EUSHBBVWELET,

43



Named Entity Recognition.

_ Is singing in a concert in - this coming December.

Q

Q

Q

Q

Person Location Time

Task of identifying names in text and classifying into set of predefined catergories.
Three universally accepted catergories:
o Person, Loaction and Organization.
Common tasks:
o Recognition of date, time, email address, etc
Domain specific entities (email):

o Sender name, receiver name, address, phone number, etc

44



Named Entity Recognition.

M7 AV T o T XU R ET Y FEE

45



Named Entity Recognition.

M7 AV T o T XU R ET Y FEE

Tokenization

v

46



Named Entity Recognition.

Tokenization

v

M7 AV T o T XU R ET Y FEE

Mt | | 9AVT47 XJ

>

-~

TRESVF

S

47



Named Entity Recognition.

M7 AV T o T XU R ET Y FEE

Tokenization

v

=4t

DA)TAT

X

TRESVF

S

!

XLM-RoBERTa + softmax classifier

!

!

!

!

48



Named Entity Recognition.

M7 AV T o T XU R ET Y FEE

Tokenization

¥
Xt | | 9AUT47 || X0V || ERESVYTF || ¥
! ! ! || !
! ! ! ] !
P(ﬁfﬁ:‘}‘?f) Poryzr7 P(xay) P(fzt“ayf) P

:Djj] DDJﬂ ;ﬂ% ﬂ%

Receiver’s com pany

Recelver S company

Receiver’s first name

Receiver’s first name

49



What is XLM-RoBERTa.

Positional A )

Encoding

0 XLM-RoBERTa (Cross-lingual Model-RoBERTa).

0 RoBERTQq, a robustly optimized BERT variant.

O Supports 100+ languages. e

. Transformer Model L:\

0 Transformer-based, like BERT. E

0 Encoder Only. —
12% | s

0 12 encoder layers for base model.

1

t...

t1

1

[MASK]

ta

ts

50



Implement NER Systenm.
i 7R

Dataset

((J

0 Prepare training data B Labels
Collect Data
Filter and Select Data
Tag dataset.

Doccano

WDOEPRHEFECH->THUET.
JPAAWG 4th General Meeting JB=E74

https://github.com/doccano/doccano

doccan

51


https://github.com/doccano/doccano

Tagged Data.

'id': 6082,
'text': ""d‘/\'rl_\ ILZ bOZY RAESHEHER\N\NWDESHEELCKR>THUET, \nEILT VL
—Ti‘id)ﬂft$biﬁ \N\NTFRCERNDICDOEFLFLT\nEKE",
'entities': [
{'name': '"PH+HNAL-TLY OV RE', 'span': [0, 5], 'type': '&HHE ZEE'},
{'name': 'E®ILT L —FT', 'span': [29, 40], 'type': 'SR _EEFE'},
{'name': '[E{', 'span': [41, 43], 'type': 'BF_E[EE'},
{'name': '£J2O—-RL—>3av"', 'span': [115, 1271, 'type': '&£HRB_FOM'},
{'name': '"EILT VL —THERXEM", 'span': [272, 2871, 'type': '@ EEE'},
{'name': '@E{E', 'span': [302, 304], 'type': '®BF EEFE'},
{name: "B&2', 'span': [304, 306], 'type': 'FTORBI_IEEE'},
{'name': 'T148-0171 RRHFFRXEES 9-18-5','span': [315, 353], 'type':
"{EFR" }
{'name': '999-9999-9999', 'span': [358, 370], 'type':




Fix Sequence Mismatch.

0 Aligning tagged label sequence to model Tokenization.

Receiver’s company CO_R
Receiver’s first name FN_R
Receiver’s last name LN_R
Other O
CO_R CO_R FN_R LN_R

TagedData | #kHK KA || A UTAT || X7V || ®RESVF || #

CO_R FN_R LN_R LN_R LN_R

XLM-ROBERT
Tokenicz)ationcj _..-..-l.......

CO_R CO_R LN_R LN_R LN_R

53



Named Entity

Adjusting Sequence Mismatch. #A =it CO_R
7/ CO R
x CO_R
Vs CO_R
HX&1t CO R 7 CO R
DAV TAT CO R X FN_R
Iy FN_R > T FN_R

O _ O
+tRESYF LN_R t LN_R
i o ES LN_R
E LN_R
> LN_R
Y LN_R
va LN_R

After adjusting for sequence mismatch for using model tokenizer. & O



Model Architecture.

.....

Training Data

\Z

XLM-RoOBERTa Tokenizer

\Z

XLM-RoBERTa Model

\Z

Dropout Layer

\Z

Linear Layer

\Z

Softmax Function

\Z

Entities

------

=9



Fine-tuning Process.

.. Tokenization and Text Encoding.

2. Add Special Tokens.

s. Calculate Positional Embeddings.

4. Load Pre-trained Weights.

56



Fine-tuning Process.

5. Fine-tuning Layers
6. Classification Head.
7. Loss Function.

s. Fine-tuning Parameters.

57



Model Results.

precision

0.7831
8.9429
8.9229

O High Precision.
O High Recall.

O High F1 Score.

.....

recall

0.7214
©.9445
B.9274

fl-score

8.7121
8.9437
8.9252

------

58



Infexrence.

Email Body

\_/—

\_

Fine Tuned

XLM — RoBERTa Model

J

Entity and probability

Probability

59



Receiver'’'s Company Name Extract DEMO.

X @ http://ai.cdev.jp:8501/|
@ http://ai.cdev.jp:8501

Q_  http://ai.cdev.jp:8501/ - Google Search

Q_ Search Google or type a URL




®

INUL UTLUIG | ALUUGV.JP.UJU 1

Recelver s Company Name Extract Demonstration.

-\ vpualc

lllllllll

EEEEEEEEE Company NER &

This is a demo of a company NER models to detect the receiver's company name.

Input e-mail INFOl&' Extracted company name
Actual company name ,( Company name: #X_# I AU T+ 7
o — I ittt
T%ﬂn*ia AVT A7 ) ( Probability score: ©.9991694927215576 )
{ N\

Token Tag Token Probability

WDEAREHSHECR>THVET, 0 #=XAH coMPR 0.9992

ABCDEFGH¥#fT\ &1t D Senevirathne TT s COMP-R 0,999

2 F COMP-R 0.9992

HEEBFA—ILEEIRFIABIS(CEMUEFLTVET, 3 Uzr | comrn 09952
*sMEFLFEE, A-IEEEL7 # —AJUSEVLET, 7 ] -

https://goo.gl/forms/XXXX 4 7 COMP-R 0.9992

© Get Company Name



Challenges.

Insufficient training data.
Language and domain adaptation.
Annotator bias and inconsistency.

Costly to annotate data for domain specific text.

62



Conclusion.

» Neural Networks.

» Transformers Architecture.

= Summarization Methods.

» 15 Model.

» Process of Building Subject Generation Model .
= Named Entity Recognition.

» XLM-ROBERTa Model.

= Building Email Mis-sending prevention Model.

63



Thank You!

Do you have any questions?

'The only thing that is constant is change.’
~ Albert Einstein ~

®

CREDITS: This presentation template was create by $’ desgo, and includes icons by Flaticon, and infographics & images by Freepik
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https://bit.ly/3A1uf1Q
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr
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