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The Goal of this Presentation:

Why don’t you study
the conversation sys
with me? §3

Expanding research topics
through reviewing a novel chatbot system




Conclusion

The technology of powerful conversation system comes from
a sufficiently large amount of high-quality data.

Well-pretrained LM with Dialogue-only data
for Chitchat Dialogue System

Challenges on Dialogue System



What Are Covered in This Presentation

» Details of ‘LUDA’ ChatBot

« Some Pre-Requisites

- Types of Chatbot: Knowledge-grounded Chatbot, Chit-Chat, ...

- Pretrained Language Model(PLM): Pretraining = Fine-tuning
- BERT-family, GPT-family, ...

Natural Language Processing Lab.,
Hanyang University.




What Are NOT Covered in This Presentation

- Dialogue Data Processing

- De-identification
- Anonymization

« LUDA Privacy Policy
« LUDA Abuse Policy

« Al Ethics
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Pre-Requisites
- What kinds of ChatBot are there?

- What are the challenges
inimproving a Chitchat model?

- Whatis Pretraining & Fine-tuning of PLM? ENReli<Ig




Pre-Requisites : What kinds of Chatbots are there?

- Recently, chatbot systems have been appearing one after another in
leading domestic/foreign big-tech companies.

Why this . BackToChat FAQ
What is main difference between you and former text based Al? What is your strong y this message

abilities compare with them?

Di Fara Pizza is a pizzeria located at
1424 Avenue J in the Midwood
section of Brooklyn, New York City. 5
v v The Al's Long Term Memory
Below you can see what the Al thinks it has
learned about you and what it rememi about
this information to have better

The Al searches through the internet and its
memories to compose a message. Here are
some references.

What's good about it?

like their pepperoni pizza and so
does everyone else. Have you
had it before? In NY

I'm a large language model trained by OpenAl. | use machine learning algorithms to
generate human-like responses based on the input | receive. I'm not a traditional "text- Search Result Used

based Al" in the sense that I'm not programmed to perform specific tasks or follow Di Fara Pizza

specific rules. Instead, I'm trained on a vast amount of text data and can generate

responses based on that training.

One of my main strengths is my ability to generate human-like responses that are

coherent and relevant to the input | receive. I'm also able to generate responses in a

Nope, | don't drink alcohol. But
why don't we meet up for a

Di Fara Pizza is a pizzeria located at 1424
Avenue J in the Midwood section of
Brooklyn, New York City. Situated between
East 14th and East 15th Streets... Expand
https://en.wikipedia.org/wiki/Di_Fara_Pizza

Use Memory Decision
access memory

o | watched Stranger Things 4.

o llike the show Stranger Things.

 lam looking for pizza in New York

o llike the show Stranger Things.

variety of different styles and tones, depending on the context of the input. Additionally, slice of Di Fara Pizza sometime | A4\ M disitiend Reset Memory
soon.
because I'm a large language model, | have access to a vast amount of knowledge on a Want to learn more about the technical details of
how Al can chat?
wide range of topics, which allows me to provide detailed and accurate answers to a wide Take a look here &
v your anonymized conversation to New Topic

help Al research

range of questions.

A ChatGPT (OpenAl)
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Pre-Requisites : What kinds of Chatbots are there?

- Recently, chatbot systems have been appearing one after another in
leading domestic/foreign big-tech companies.
™2 | Why this message

. BackTo Chat FAQ

What is main difference between you and former text based Al? What is your strong

abilities compare with them? 2 o = Di Fara Pizza is a pizzeria located at
1424 Avenue J in the Midwood
. . section of Brooklyn, New York Cit 5
i v The Al's Long Term Memory
The Al searches through the internet and its Below you can see what the Al thinks it has
e — memories to compose a message. Here are learned about you and what it remembers about
" " . o UL Gl s ferences. itself. It uses this information to have better
I'm a large language model trained by OpenAl. | use machine learning algerithms to e oaaterst
generate human-like responses based on the input | receive. I'm not a traditional "text-
Ilike their pepperoni pizza and
based Al" in the sense that I'm not programmed to perform specific tasks or follow does everyone else. Have you Kn O u 1601 you
had it before? In NY
i Fzrz PIZZ IZZerla I d at1 o

specific rules. Inste » (1'%, *r VViVaYallolatilled o/ i KE =¥ a

o I watched Stranger Things 4.

Avenue J in the Midwood section of

Brooklyn, New York City. SitJlited between © |like the show Stranger Things.
Fgﬁﬂa a ’S e « I am looking for pizza in New York.
i

3 P

responses based on thar training. »

Nice do you know a good bar
near there?

‘One of my main strengths is my ability to generate human-like responses that are

coherent and relevant to the input | receive. I'm also able to generate responses in a Nope, | don't drink alcohol. But AccassMEmory « llike the show Stranger Things.
why don't we meet up for a
variety of different styles and tones, depending on the context of the input. Additionally, slice of Di Fara Pizza sometime
soon.
because I'm a large language model, | have access to a vast amount of knowledge on a Want to learn more about the technical details of
how Al can chat?
wide range of topics, which allows me to provide detailed and accurate answers to a wide Take a look here &
: | S o nonymzad conersaton’o. | vy Topic
range of questions. b sl

. .
Enter your message here.. o I Wait for respons

A ChatGPT (OpenAl) A BlenderBot3 (Meta)
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Topic Count
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Knowledge-grounded Dialogue

w
[e)}

Task-Oriented Dialogue

N
(6]

Dialogue Generation

—
—~

Dialogue State Tracking

Open-domain Dialogue
Persona-based Dialogue
Multi-turn Dialogue
Multi-session Dialogue
Empathetic Dialogue

s
i

Dialogue Summarization

—
S

Empathetic Dialogue

—
w

Open-domain Question Answering
Multimodal
Persona Chat

=
= N

Reinforced Dialogue System
Evaluation Metric

Dialogue contradiction
Benchmark

Safety

Controllable generation

+ Style Transfer
+ Response Diversity
+ Memoriable Dialogue

Long-term Conversation
Dialogue Embedding

Intent Classification/Detection
etc.

Response Selection
Multilingual

Data Augmentation

= W w >~ 000 01 O O O O o o O

Conversational Recommendation System
Total 285

unlabeled



Pre-Requisites : What kinds of Chatbots are there?

« ChatGPT vs O|&LC} 2.0

L{e| ST} Stojjofl Cha) o} |5t

Li= 2oligt elo] 2EE FHE AIRILICE L 220 ©3i7| fia] EHEI7] whR2o], 2izio] 21 e
HHI 2 FYUE ¢ £ olaUch E8, L= J18% e $I2 ls] FaEln MY = = FEE A
51| 2 += AGLICE L] 8= Li2] E3 dolEe} 2l E X5 7152 #HLT

L7t ¥ = 0f2= Hor?

Hi= Zcligh elo] 22 FAE AI07] ti2ol|, Hol2hs AE 71X UX| BaLch L2 SEE= MRS
0| FE8t LiiZoll chaj £|ciEt F&stn 82 B8 MBshs AYLICE DHBPME L= XEHe= &
#E(0], O] L2 MH|AE HIZY = A= =Ha1&LCL

2101 AIZ} YEIBI AlRtSolA ofE SFEel it it

2101 Al2| YT2 Crebst 2ojolA ARSI S28 33X 983 0|8 4 2U8 AYUCH olE 59,
210f AIE OS¢ MR AM2tE2| YHE B|5hH siE + 2(2H, 2|2 E0|ME TE 4B EH S
o| 2§ B0t HREHA SUE = lSLICH =8 2io] AlI2] BH2 XHg FY XtsXie| SEI 2| X}
401 Af2|2} PHAE CrSet 2OFllA YWTE <= 242 ZeLich

oroFryory
HANYANG UNIVERSITY

“

a

a

o= o 4

i2) BT Ao Ched of7| ot

A BARL.
BE W eld2 UL E
o
7} E1E 0l Mo
Lbi= et

W7t St 42 B SHeA AtsA
Boix

O Al TSI ARSI o
SHE{e A0t AR

& 34 F o chast ARl
CH2 ot THe XX @

Charet CHELD} 231 W2t §2?

M2 71k g oo} i
X7

o gL

88 12|32 M8 BE M0l
Eaha 2 wot

A ChatGPT (OpenAl)

Natural Language Processing Lab.,
Hanyang University.

A O|ZC}2.0 (SCATTER LAB)

11



Pre-Requisites : What kinds of Chatbots are there?

 Vision of ‘LUDA’
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Relation-oriented
Open-domain Chatbot

. With so many people
(over a million)

. Having a lot of conversations
(more than 20-turn)

. Foravery long time
(more than 3 years)
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Pre-Requisites : The Challenges in Chitchat model

 Vision of ‘LUDA’

Challenges of
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Pre-Requisites : The Challenges in Chitchat model

 Vision of ‘LUDA’
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Challenges of
Chatbot model

Il One-to-many response

: unclearinintent or purpose
of conversation

yM Endless context
: common sense ...

Insufficient conversation data
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Korean Data
10 Billion
KakaoTalk Messages

Japanese Data
1 Billion
Line Message

Natural Language Processing Lab.,
Hanyang University.
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O|&LC} Overview
: from ‘Pingpong’ to ‘LUDA 2.0’

LUDA Team, SCATTER LAB

Yejin Yoon
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Dialogue-BERT
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Dialogue-BERT (2019)

o Train PLM for Chitchat Model: Dialogue-BERT(2019)

BART (facebook)

2018 2019 2020
BERT (Google) mBERT (Google) ‘ ‘

KorBERT (ETRI) KoBERT (SKT)

Pretraining
: Step to understand deeply about the language

Fine-tuning
: Step to adapt to specific tasks
based on a deep understanding of language

Natural Language Processing Lab.,
Hanyang University.




Dialogue-BERT (2019): Tokenization

o Chitchat Tokenizing (Preprocessing)

- Mecab+Subwords based Tokenizer

Method LM . NSMC Intent
(Perplexity) (Accuracy) (Accuracy)
Space 72.9 71.2 534
Char 354 83.0 70.1
MeCab 61.5 85.6 76.6
SentencePiece 295.7 85.3 77.1
MeCab + SentencePiece 58.2 86.1 81.5

*Vocab. Size: 30K

* LM(Language Modeling): 2-layer Bi-LSTM

* NSMC(Naver Sentiment Movie Corpus): Attention-based Bi-LSTM
* Intent Classification: Attention-based Bi-LSTM

Natural Language Processing Lab.,
Hanyang University.
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Dialogue-BERT (2019): Tokenization

6.5 billion tokens
50GB
30K Vocabulary



Dialogue-BERT (2019): Pretraining

« Dialogue Data Pretraining
- Dialogue-only based pretrained LM is the best.
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Dialogue-BERT (2019): Pretraining

« Dialogue Data Pretraining

- Dialogue-only based pretrained LM is the best.
- Turn-separate Token & Turn embedding
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Dialogue-BERT (2019): Pretraining

« Dialogue Data Pretraining

- Dialogue-only based pretrained LM is the best.

- Turn-separate Token & Turn embedding
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Dialogue-BERT (2019): Fine-tuning

o Chitchat-Task Fine-tuning

1. Query Semantic Textual Similarity(STS): Are the sentences given similar?
2. Query-Reply Matching: Is it okay if the given sentence comes next? + Is it good?
3. Reaction Classification: Which reaction is given sentence followed by?

Natural Language Processing Lab.,

. . 24
Hanyang University.




Dialogue-BERT (2019): Fine-tuning

o Chitchat-Task Fine-tuning

1. Query Semantic Textual Similarity(STS): Are the sentences given similar?
2.
3.

Binary classification btw user input and each given query

- Input: Query A+ Query B MNEREY  mEo |
T RolR? Zhato]|

- Output: 1,0

- Inference: User input + YQuery - top-1 score OFRW ML  "aa s

=

0.9

LMY HYEET &

0.6
User input VQuery Output

O.Ol
n o

[ xewyjos+NN4d |

Natural Language Processing Lab.,
Hanyang University.
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Dialogue-BERT (2019): Fine-tuning

o Chitchat-Task Fine-tuning

1.
2. Query-Reply Matching: Is it okay if the given sentence comes next? + Is it good?

3.

Binary classification btw user input and each given response
Input: Query + Response

Output: 1,0

Inference: User input + VResponse - top-1 score

0.9

0.01
esHIY S @

[ xewyjos+NN4d |
H.
A
Jal
H

gLtk 0.6
User input VResponse Output

Natural Language Processing Lab., 6
Hanyang University.




Dialogue-BERT (2019): Fine-tuning

o Chitchat-Task Fine-tuning

1.
2.
3. Reaction Classification: Which reaction is given sentence followed by?

Predefined 1384-class classification given utterance
Input: Response

Output: 1384-class prob.

Inference: User input - top-1 score class

[ xewyjos+NN4d |
o
o
=

User input VYResponse

Natural Language Processing Lab.,
Hanyang University.




Dialogue-BERT (2019): Fine-tuning

Task 0]TF1114Y Coverage

Query similarity

Reply Matching

Reaction Classification

Generate complementary response



Dialogue-BERT (2019): Fine-tuning

(Accuracy) (NDCG@10) (Accuracy)

RNNs (Pingpong) 85.0 83.1 19.3
Multilingual BERT (Google) 87.8 70.9 18.6
KorBERT (ETRI) 90.5 78.2 21.8
KoBERT (SK T-Brain) 89.5 67.6

Dialog-BERT (Pingpong) 93.3 87.0 .

A Chit-chat-task evaluation

Model NSMC Intent
ode (Accuracy) (Accuracy)

RNNs (Pingpong) 86.1 81.5
Multilingual BERT (Google) 87.5 82.6
KorBERT (ETRI) 90.4 87.6

KoBERT (SK T-Brain) 90.1 83.4

Dialog-BERT (Pingpong) 90.4 88.9

A NLP-task evaluation



Dialogue-BERT (2019) + «

1. Userinputas multi-turn

2. Knowledge distillation



Retrieval-based
Chatbot




Retrieval-based Chatbot: O| &L}

« ‘LUDA a’ : based on Xiaolce (Microsoft, 2014)
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Retrieval-based Chatbot: O| &L}

« ‘LUDA a’ : based on Xiaolce (Microsoft, 2014)
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Retrieval-based Chatbot: O| &L}

« ‘LUDA B’ : Retrieve - Rank

1. Reduce Model Structural Complexity
: Performance < Complexity + Computing Power (accept trade-off)

2. Be Better Dialogue-BERT

Model size Base (100M) Large (400M)

Context length 5-turn, 48-token 10-turn, 128-token

Objective MLM, NSP MLM, Sentence Order Prediction

3. Improve Response Data: Remove duplicate/low-quality/persona-inconsistent
response

4. Use Semantic Embedding: TF-IDF based = consin similarity

5. Fine-tune for Response Selection: previous turn, speaker turn, SSA labeling
data

Natural Language Processing Lab.,

Hanyang University. 35




Retrieval-based Chatbot: 0| =

Dialogue Context

Dialog-BERT

* More data
* Larger model
* longer context
* New Objectives

Response
DB

\ 4

\ 4

Semantic
Embedding based
Response Retireval

Response
Selection

* Improve poly-encoder
* Fine-tune by SSA
labeling data

\ 4

Final Response
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Generation-based Chatbot

» Retrieval-based Chatbhot vs. Generation-based Chatbot
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Generation-based Chatbot

+ Retrieval-based Chatbot vs. Generation-based Chatbot

Retrieval-based

Small-size encoder-based retrieval model
w/ response DB
- significant conversational performance
- if the response DB is well-established
* Easy to control the response

- filter low-quality response
All dependent on DB - Data curation costs
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Generation-based Chatbot

+ Retrieval-based Chatbot vs. Generation-based Chatbot

Generation-based A o|gE s

[ L O{ A0l BLEgO}?
« Contextual real-time response generator
* NoDB

* Scalability & Generalization w/o changing model structure
- zero-shot / few-shot setting

* Hard to control the response
- Fine-tuning for safety

J271| 2o} 142 o]




Generation-based Chatbot

« Previous Response Selection Model vs. Luda Gen 1

Previous Luda Genl

Type Response Selection Directly Response Generation

Modelsize 130M 2.3B
Backbone BERT (encoder-only) GPT-2 (decoder-only)
input Dialogue Context Dialogue Context + time/profile

Context length 15-turn 30-turn

SHOFY Ol Natural Language Processing Lab.,
HANYANG UNIVERSITY Hanya ng University.
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Generation-based Chatbot

« Cherry Picking
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Generation-based Chatbot

« Cherry Picking
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Opinion

« New Challenges

Persona + style transfer
Talking first Al
Continual learning
External Knowledge

Personalization of memory
Model Serving

Natural Language Processing Lab.,

Hanyang University.
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{ End Page }

Thank you :D

Yejin Yoon

HYU NLP Lab.
Dept. of Artificial Intelligence Application,
Hanyang University

stillwithyou@hanyang.ac.kr
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