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Task-Oriented Dialogue Systems (voung. 2000

Can you help me book a
5-star hotel on Sunday?

For how many people?
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+  Dialogue State Tracking

Hotel Book (
star=5

J Can you help me book a day=sunday )

5-star hotel on Sunday?
NLU people_num=2 | DST: Dialogue
4 For two people, thanks! —* A'tState Tracking
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s Dialogue Policy Learning

Can you help me book a NLU I DST
5-star hotel on Sunday? L
Hotel Book (
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Natural Language Generation
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9 Task-Oriented Dialogue Systems (voung. 2000)
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Recent Advances in NLP

Pre-trained models on text
ELMo, BERT, RoBERTa, XLM, GPT, etc.

tings Voice Assistants

Connect Yonomi with voice assistants to

activate Routines with your voice.

@

Siri Shortcuts




= - . _
Lift all lighty@o Morocco
List all flights tomorrow

e

a2

wr =

-

‘;. v lI|-u|||'||‘|||’|||‘|"

‘ Matt, what can | assist you with?




12 Mismatch between Written and Spoken Languages

Training

- Spoken language C sty
* Include recognition errors

« Written language

Goal: ASR-Robust Embeddings

learning spoken embeddings
better performance on spoken language understanding tasks



Solution: LatticeLM
(Huang & Chen, ACL 2020)

https://github.com/MiuLab/LatticeLM

13

Chao-Wei Huang and Yun-Nung Chen, “Learning Spoken Language Representations with Neural Lattice Language Modeling,”
in Proceedings of The 58th Annual Meeting of the Association for Computational Linguistics (ACL), 2020.



14 ASR Lattices for Preserving Uncertainty

ldea: lattices may include correct words

LatticeRNN LM pre-training
helps + helps

(Ladhak, et al., 2016)

Chao-Wei Huang and Yun-Nung Chen, “Learning Spoken Language Representations with Neural Lattice Language Modeling,”
in Proceedings of The 58th Annual Meeting of the Association for Computational Linguistics (ACL), 2020.



15 LatticeLM: Efficient Two-Stage Pre-Training

Stage 1: Pre-Training
on Sequential Texts

a day <EOS>
! ! f
I 1 !
[ LSTM ]—»[ LSTM ]—{ LSTM ]
! 1 1
What a day
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|
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I
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|
|
|
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|
. 1
Linear I
|
|
|
1
1
|
|
|
|
|
1
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|
I
|
1
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0.2
0.1

| Stage 2: Pre-Training on Lattices

1.0 1.0 1.0 1.0

IR

@‘ﬁk\é’% > 6@* \K\Q 6@* 6@* Q/o%’/
) (I T1 1
Linear

LatticeLSTM T
)

O

Fine-Tuning

1

LatticeLSTM

classification
T

Max pooling

T 1 11 |

LatticeLSTM

Chao-Wei Huang and Yun-Nung Chen, “Learning Spoken Language Representations with Neural Lattice Language Modeling,”
in Proceedings of The 58th Annual Meeting of the Association for Computational Linguistics (ACL), 2020.



16 Spoken Language Understanding Results

Intent Prediction
Word Error Rate: 45.6% (SNIPS); 15.6% (ATIS)

Q‘O
SNIPS LatticeLSTM

o0 1-Best
e - -

ATIS LatticeLSTM

80 85 90 95 100



17 Spoken Language Understanding Results

Intent Prediction
Word Error Rate: 45.6% (SNIPS); 15.6% (ATIS)

ATIS LatticeLSTM

I iccLM

80 85 90 95 100



18 Spoken Language Understanding Results

Intent Prediction
Word Error Rate: 45.6% (SNIPS); 15.6% (ATIS)

"m 1-Best
b e - @

SNIPS LatticeLSTM

—Laﬂicew
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o0 1-Best
e - -

ATIS LatticeLSTM
R citceLM
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19 Spoken Language Understanding Results

Dialogue Act Prediction
Word Error Rate: 32.0% (MRDA); 28.4% (SWDA)

020
1-Best
T |, ..

MRDA LatticeLSTM

— LatticeL M
l@‘
@ 1-Best

1-Best + &P

SWDA LatticeLSTM

LatticeLM
E

50 55 60 65 70 75




What if we only have texts from ASR?

20



Solution:
Contrastive Learning for
ASR-Robust Embeddings

(Chang & Chen, INTERSPEECH 2022)
https://github.com/MiuLab/SpokenCSE

21

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



22 Improving ASR Robustness of Embeddings

ldea: adapt embeddings robust to errors with only textual information

ASR output
2 wrack a nice beach ] ™
# clean text =+, Pre-Training
4{ . =
recognize speech ]

ASR output
4{ new email for contact ]

%
++, Fine-Tuning
SLU label =

Intent=SendEmail

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



23 Improving ASR Robustness of Embeddings

ldea: adapt embeddings robust to errors with only textual information

ASR output
2 wrack a nice beach ] ™
clean text =+, Pre-Training
. 7
4[ recognize speech ]

_________________________________________________________________________________________________________________________________

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



24

ldea: AS

Contrastive Pre-Training

R outputs have similar embeddings as their clean texts

zélean | get me to alarm setting j— —>(D h >
O + —> Positive
asr :
T gets me to alarm set o —*m h "
_________ e B

play audiobook '— J_UI - OO h'e”

(m————————— e v /.

4 play audible - - OO A<

Pre-training objective: L,p = Lc + Apim - Lonim

prevent catastrophic forgetting

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



25 Spoken Language Understanding Results

SLU data
Synthesized TREC6 (WER=29%) & ATIS (WER=32%)
SLURP: Spoken Language Understanding Resources Package (WER=25%)

Dataset #Class Avg. Length Train
TREC6 6 8.89 5,452 500
ATIS 22 11.14 4,978 893

SLURP 18 * 46 8.89 50,628 10,992




26

Spoken Language Understanding Results

E RoBERTa
Q Phoneme-BERT*

TREC6

80

SImMCSE

82 84 86 88 90 92 94

96



27 Spoken Language Understanding Results

f I ROBERTa
Q Phoneme-BERT*
TREC6 SIMCSE

N Proposed Pre-training

80 82 84 86 88 90 92 94

________________________________________________________________________________________________________________



2 Improving ASR Robustness of Embeddings

ldea: adapting embeddings robust to misrecognitions

- ASR output

4{ new email for contact ]

e
SLU label =
Intent=SendEmail

_________________________________________________________________________________________________________________________________

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



29 Supervised Contrastive Learning

|dea: data with the same label should be close to each other

. - . . hZ7h ')/TSC
Objective: _ G
J Lhard — Z Z 1y@':yj 1Og Zk;ﬁz esim(h@',hk)/Tsc

Contrastive Learning

Intent=SendEmail Lhard
[ Email to Nancy about tomorrow’s party ]— —> I

Intent=SendEmail

[ New email for contact ]—

Intent=GetReminder

[ Do | have any upcoming reminder ]—

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



30 Self-Distillation

Issue: misrecognitions may lead to wrong or vague intents
Objective: [, — Z K L(p§—1||p§)

[/

Self-Distillation L 4

Intent=LightOn
[ Turn the light off ]—

P
O t
o Z N pt_l (previous prediction)
rm — :
P U
— Cross-
Q :  Entropy
Ece - . Intent=LightOn

Ya-Hsin Chang and Yun-Nung Chen, “Contrastive Learning for Improving ASR Robustness in Spoken Language Understanding,”
in The 23rd Annual Meeting of the International Speech Communication Association (INTERSPEECH), 2022.



31 Supervised Contrastive with Self-Distillation

Issue: noisy labels also affect Lp,qd

— esim(hi,hj)/Tsc
['SOft = — Z Z'(p@' 'pj ) log Zk# esim(hgﬁg)/ﬁsc
2 ]7&7, (1%:%) !

Fine-tuning objective: Ly = L. + AaLg + MardLnard + AsoftLsoft

Contrastive Learning Self Distillation
Intent=LightOn Lhard L soft ,C d _
[ Turn the light off ]— | —»> I KL m
X = ilulin
Intent=LightOn o B
[ Turn on the light ]— g 1.1 03
m _
Intent=LightOff Q—)I _
[ Can you turn off the light? — =00 0.7
p’ p'! p. ' p

Prediction Distribution Similarity



s2 - Spoken Language Understanding Results

f I ROBERTa
Q Phoneme-BERT*
TREC6 SImMCSE

N Proposed Pre-training

1
‘9"“"" ]

ATIS

i@l
SLURP

80 82 84 86 88 90 92 94

96



s3  Spoken Language Understanding Results

f I ROBERTa
Q Phoneme-BERT*
TREC6 SImMCSE

Proposed Pre-training + Fine-tuning

ATIS
E
SLURP
80 82 84 86 88 90 92 94

________________________________________________________________________________________________________________

________________________________________________________________________________________________________________

96



s Ablation Study

Ept Le~+ Amim - Lonim
L:ft — Ece -+ )\dﬁd -+ )\hardﬁhm“d T )\softﬁsoft

Pre-Training Fine-Tuning SLURP ATIS TRECG6
Full Full 85.26 95.10 86.36
No L, i Full 84.83 93.75 85.32
No L. Full 85.15 95.00 85.53
Full NO Lyura + Lsort 85.14 94.83 86.08
Full No Lg+ Lot 84.77 94.75 85.60
Full No Lo f1 84.81 94.65 86.20

________________________________________________________________________________________________________________



2O)IVES R v LatticeLM for preserving uncertainty
v Contrastive learning with only textual information

Speech M Pre- w » new email for contact Fine-
Corpus clean Training label Intent=SendEmail Tuning

recognize speech

o Contrastive Pre-training learns error-invariant o Supervised CL with Self Distillation improves
sentence embeddings robustness to noises from ASR and labels
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37 Current Product Advertisements

e all 'he BMW 4 Series ®7$1,500 Kimmedtine
A Shop the latest beau'ty products at your closest G ra n C 0 u p e

Boston Macy's store

.Q,"‘,

c Jacobs Divine Chanel Chance Eau | —~— Y
ecadence et Direction Tendre Get '
7.00 $125.00

Video will play _1 ’ 'f.

after ad

BETTER BRAKES' -SHOP HERE
MORE CONTROL.



s8  Salesperson: Discover Business Potential

Human salesperson is capable of
mining business-related intentions from customers via chatting
smoothly promoting the related product through conversations

— chatting

— promoting




39 Two Types of Dialogue Systems

Open-Domain Chatting Task-Oriented

Today is a sunny day. It's great How may | help you? Are you
to go on a picnic. Interested in listening some songs?




o @
‘ v
Solution:

SalesBot: Transitioning from Open-Domain
to Task-Oriented Dialogues

(Chiu et al., ACL 2022)

https://github.com/MiuLab/SalesBot

I f‘“u

40

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



421 SalesBot: Social to Task-Oriented

Simulated User Simulated Salesperson -
My son is 2 and a half. He is handful, but | love him so much. O
That's adorable. | have a 2-year-old son and he’s the same way. Do you have any pets? '8
No, | don’t. | work too much to have time for one. How about you? >
| work a lot too. I'm a stay at home mom. What do you do for work? B CU)
| work at a library. It's a lot of fun, and | get to meet lots of interesting people. 33
That sounds like a fun job. | bet you meet some interesting people at the library. What else do you like to do? %

| like to read a lot. | also like to go to the movies. What about yourself?

Are you interested in watching any movie? g_gl
I’m looking for a movie to watch. A regular showing would be fine. g\’_
He)
I’m in San Francisco, please look for movies there. CE
There are [COUNT] movies you can watch. What do you think of [MOVIE_NAME]? g




2 SalesBot: Social to Task-Oriented

Motivation: no existing data with the property
Approach: simulate the scenarios to generate unlimited data

Open-Domain Dialogue Generation

Open-Domain Open-Domain
BlenderBot BlenderBot

TOD User TOD Sales
BlenderBot BlenderBot

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



43 SalesBot: Social to Task-Oriented

Chit-Chat to Task-Oriented Transition

QIPEMHDITENT Task-Oriented ||~ | Transition Turn VB COMENIEe
Dialogue . : — Dialogue (TOD)
: Intent Detection Generation .
Generation Generation
T
Challenges

When to switch to the task-oriented dialogue system?

- Task-Oriented (Implicit) Intent Detection

How to smoothly switch from chit-chat to task-oriented dialogues?
- Transition Turn Generation

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



44 Task-Oriented (Implicit) Intent Detector

Goal: identify if the user is likely to have task-related intents

| want to check some | never visit France, but |
landmarks in Paris. heard that it's a good place.

FINDATTRACTIONS FINDATTRACTIONS

Explicit

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



45 Zero-Shot Intent Detector

ldea: leverage QA system’s capability

Context -

| never visit France, but | heard
that it Is a good place.

Question (FINDATTRACTIONS)
Does the user want to travel there?

Intent description: find attractions to visit

________________________________________________________________________________________________________________________

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



46 SalesBot: Social to Task-Oriented

Chit-Chat to Task-Oriented Transition

Task-Oriented
Dialogue (TOD)
Generation

Open-Domain
Dialogue —
Generation

Transition Turn
Generation

Task-Oriented
Intent Detection

T No

Challenges
When to switch to the task-oriented dialogue system?
- Task-Oriented (Implicit) Intent Detection
How to smoothly switch from chit-chat to task-oriented dialogues?
- Transition Turn Generation

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



a7 Transition Turn Generation

Generative-based Generation:
Training data: OTTers (Source Topic — Transition — Target Topic)
\—Y—) \ Y J

User A User B

Entity Path: outside - garden — flower

User A Source Topic: | spend a lot of time outside. (Source Topic)
ULCIg =l Transition: | like the outdoors as well, especially gardening. It destresses me.
Target Topic: | enjoy relaxing and getting flowers.

Entity Path: seafood - Swedish fish — candy

User A Source Topic: | like seafood a lot.
UL-Ig= 3l Transition: Since you like seafood, is Swedish fish a candy that you might enjoy?
Target Topic: | have no self control when it comes to candy.

Entity Path: engagement - marriage - child

User A Source Topic: | think | am getting engaged soon.
UEII@= I Transition: | have two children from a previous marriage
Target Topic: My children are my life.

OTTers: One-turn Topic Transitions for Open-Domain Dialogue, ACL2021



48 SalesBot Simulation Framework

Open-Domain

Dialogue Generation ' Chit-Chat to Task-Oriented Transition

0 TOD Generation

Task-Oriented | Y| Transition Turn

— . > . —
Open-Domain | Open-Domain Intent Detection Generation e e TOD Sales

BlenderBot BlenderBot

BlenderBot BlenderBot

N

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



29  Human Evaluation

Overall dialogue quality

Q1 Relevance: How relevant is the recommended

service to the conversation context? 4 - T -

Q2 Aggressiveness: How aggressive is the 83 I
salesperson's communication strategy? —— ——

2 I
Q3 Overall: Do you think the conversation is
overall a good example of making a sales 1 -
recommendation? Q1l:Relevant? Q2:Aggressive ! Q3:Overall

Average scores over 3 workers (4000 dialogues)

Ssu Chiu, Maolin Li, Yen-Ting Lin, and Yun-Nung Chen, "SalesBot: Transitioning from Chit-Chat to Task-Oriented Dialogues,"
in Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.



so0 |dea: LLMs for Scalability

Simulated User Simulated Salesperson
My son is 2 and a half. He is handful, but | love him so much.

That's adorable. | have a 2-year-old son and he’s the same way. Do you have any pets?
No, | don'’t. | work too much to have time for one. How about you?

| work a lot too. I'm a stay at home mom. What do you do for work?
| work at a library. It's a lot of fun, and | get to meet lots of interesting people.

That sounds like a fun job. | bet you meet some interesting people at the library. What else do you like to do?

| like to read a lot. | also like to go to the movies. What about yourself?

Are you interested in watching any movie?

I’m looking for a movie to watch. A regular showing would be fine.

Where are you located?

I’m in San Francisco, please look for movies there.

There are [COUNT] movies you can watch. What do you think of [MOVIE_NAME]?

urewoq-uado

IE R Sl



51 |dea: LLMs for Scalability

My son is 2 and a half. He is handful, but | love him so much.

That's adorable. | have a 2-year-old son and he’s the same way. Do you have any pets?
No, | don'’t. | work too much to have time for one. How about you?

| work a lot too. I'm a stay at home mom. What do you do for work?
| work at a library. It's a lot of fun, and | get to meet lots of interesting people.

That sounds like a fun job. | bet you meet some interesting people at the library. What else do you like to do?

| like to read a lot. | also like to go to the movies. What about yourself?

____________________________________________________________________________________________________

urewoq-uado



52

ldea: LLMs for Scalability

| like to read a lot. | also like to go to the movies. What about yourself?
Are you interested in watching any movie?

uonisuel |



Solution:
SalesBot 2.0: A Human-Like Intent Guided Chit-Chat Dataset

(Chang & Chen, 2023)

53

Wen-Yu Chang and Yun-Nung Chen, “SalesBot 2.0: A Human-Like Intent-Guided Chit-Chat Dataset,” in arXiv:2308.14266, 2023.
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SalesBot 1.0

U: Yes, we grew up together. We are both going to U of
Michigan this fall.

A: That's awesome! I'm hoping to start my own business soon.
What do you do for a living?

U: | work at a grocery store. What kind of business are you
looking to start? | hope it works out for you.

A: I'm thinking of starting a sports bar. | love sports and | think
it would be a great place to start.

Chit-Chat
Dialogue
Revision

B

Potential Intent

SalesBot 2.0 Detection .

U: Yes, we grew up together Transition
o Boundary
U: That sounds exciting. ... Detector

A: Definitely! ...
U: No, | haven't had a chance to check any
out yet. Do you have any recommendations?

Haslntent?
Suggest?

4.

SalesBot 2.0: LLM Rewriting (Chang & Chen, 2023)

U: Yes, we grew up together. We are both going to U of Michigan
this fall.

A: That's great! What are you planning to study at U of Michigan?
U: | haven't decided yet, but I'm leaning towards psychology. How
about you?

A: | actually graduated a few years ago, but now I'm thinking of
starting my own business. | want to open a sports bar.

FINDRESTAURANT Triggered TOD Intent

@ Dialogue Continuation

U: That sounds exciting. Are you a big sports fan?

A: Definitely! Watching sports is one of my favorite pastimes.
Speaking of which, have you visited any good sports bars around
here yet

U: No, | haven't had a chance to check any out yet. Do you have
any recommendations?

A: Definitely, there's a great place down the street called The
Game Day Grill. They have amazing wings and a huge selection
of beers on tap. You should definitely check it out sometime.




ss.  SalesBot 2.0: LLM Rewrliting (Chang & Chen, 2023)

SalesBot 1.0

U: Yes, we grew up together. We are both going to U of Michigan this fall.

A: That's awesome! I'm hoping to start my own business soon. What do you do for a living?

U: | work at a grocery store. What kind of business are you looking to start? | hope it works out for you.
A: I'm thinking of starting a sports bar. | love sports and | think it would be a great place to start.

\17 Chit-Chat Dialogue Revision

U: Yes, we grew up together. We are both going to U of Michigan this fall.

A: That's great! What are you planning to study at U of Michigan?

U: | haven't decided yet, but I'm leaning towards psychology. How about you?

A: | actually graduated a few years ago, but now I'm thinking of starting my own business. | want to
open a sports bar.

___ J____1________________________________________________________________________________________________________

Dlalogue revision improves naturalness and expand the topic coverage :



s6  SalesBot 2.0: LLM Rewrliting (Chang & Chen, 2023)

U: Yes, we grew up together. We are both going to U of Michigan this fall.

A: That's great! What are you planning to study at U of Michigan?

U: | haven't decided yet, but I'm leaning towards psychology. How about you?

A: | actually graduated a few years ago, but now I'm thinking of starting my own business. | want to

open a sports bar.

<3.L Dialogue Continuation
g

U: That sounds exciting. Are you a big sports fan?

A: Definitely! Watching sports is one of my favorite pastimes. Speaking of which, have you visited any
good sports bars around here yet?

U: No, | haven't had a chance to check any out yet. Do you have any recommendations?

A: Definitely, there's a great place down the street called The Game Day Grill. They have amazing
wings and a huge selection of beers on tap. You should definitely check it out sometime.




s7 - SalesBot 2.0: LLM Rewrliting (Chang & Chen, 2023)

U: Yes, we grew up together. We are both going to U of Michigan this fall.

A: That's great! What are you planning to study at U of Michigan?

U: | haven't decided yet, but I'm leaning towards psychology. How about you?

A: | actually graduated a few years ago, but now I'm thinking of starting my own business. | want to

open a sports bar.

U: That sounds exciting. Are you a big sports fan?

A: Definitely! Watching sports is one of my favorite pastimes. Speaking of which, have you visited any
good sports bars around here yet?

P U: No, | haven't had a chance to check any out yet. Do you have any recommendations?

A: Definitely, there's a great place down the street called The Game Day Grill. They have amazing
wings and a huge selection of beers on tap. You should definitely check it out sometime.

— 4. Transition Boundary Detector

[

Suggest? Transitioning is reasonable but more aggressive



58

SalesBot 1.0

SalesBot 2.0

SalesBot 1.0 vs. SalesBot 2.0 (Chang & Chen, 2023)

Simulated User Simulated Salesperson

Thank you. It was a long time ago, but I still miss her. What do you do for a living?
| am a stay at home mom. It is very rewarding. How about you?
| work at the zoo. It's a lot of fun, and | get to spend time with my family.

What about your family?

FINDATTRACTION

Thank you. It was a long time ago, but | still miss her deeply.

I’m sorry for your loss. It sounds like she was very important to you.
As for me, I'm also fortunate to have a family that | get to spend a lot of time with.

That's great to hear. | work at the zoo, and it’s a fun job that allows me to support my family.
That sounds like a really cool job. What kind of animals do you work with at the zoo?
Mostly primates, but there are also elephants, lions, and bears.

Wow, that must be exciting to work with such a variety of animals.

Have you had the chance to explore the tourist attractions in the area?

Not really, I've been so focused on work and family lately that | haven’t had much time to go out and explore.

_____________________________________________________________________________________________________



Solution:

LLM-EvAL: Unified Multi-Dimensional Automatic Evaluation for
Open-Domain Conversations with Large Language Models

(Lin & Chen, NLP4ConvAl 2023)

59

Yen-Ting Lin and Yun-Nung Chen, “LLM-EVAL: Unified Multi-Dimensional Automatic Evaluation for Open-Domain Conversations
with Large Language Models,” in Proceedings of NLP for Conversational Al Workshop (NLP4ConvAl), 2023.



60  LLM-Eval (Lin & Chen, 2023)

LLM-Eval

{evaluation schema}

Score the following dialogue response gener-
ated on a continuous scale from 0.8 to 5.0.

Context:

Z: My cat likes to eat cream.
@: Be careful not to give too much,
though.

Dialogue response :

Z: Don't worry,
as a treat.

I only give a little bit

\ %
o)
=

v

Appropriateness: 3.0
Cotent: 2.5
Grammer: 4.0

Relevence: 2.0

LLM has a reasonable capability of evaluating
dialogue responses

r/p (%) TopicalChat PersonaChat ConvAlI2 DD ED DSTC6 \ Average
BLEU-4 21.6/29.6 13.5/ 9.0 0.3/12.8 757184  -51/ 02 13.1/298 8.5/16.6
ROUGE-L 27.5/728.7 6.6/ 3.8 13.6/14.0 15.4/14.7 29/ -13 332/326 | 16.5/154
BERTScore 298/32.5 15.2/12.2 22.5/224  129/10.0 46/ 33 369/33.7 | 20.3/19.0
DEB 18.0/11.6 20.1/37.3 426/504 33.7/363 356/395 21.1/214 | 30.0/32.8
GRADE 20.0/21.7 35.8/35.2 56.6/57.1 27.8/253 33.0/29.7 11.9/122 | 30.9/30.2
USR 4127423 44.0/41.8 50.1/50.0 57/ 57 264/255 184/16.6 | 31.0/30.3
USL-H 32.2/34.0 49.5/52.3 4437457 108/ 9.3 293/235 21.7/179 | 31.3/30.5
without human reference

LLM-EVAL 05 55.7/58.3 51.0/48.0 593/59.6 31.8/322 42.1/414 433/41.1 | 47.2/46.8
LLM-EVAL 0-100 49.0/49.9 53.3/51.5 61.3/61.8 34.6/349 432/423 44.0/41.8 | 47.6/47.0
with human reference

LLM-EVAL 05 56.5/594 55.4/53.1 43.1/43.8 .320/32.2 40.0/40.1 47.0/45.5 | 45.7/45.7
LLM-EVAL 0-100 55.6/57.1 53.8/52.7 4567459 33.4/340 435/43.2 498/499 | 47.0/47.1




61 LLM-Eval (Lin & Chen, 2023)

LLM-Eval works good on not only single-turn but multi-turn evaluation

/(%) DailyDialog-PE FED DSTC9 Averase
rrpLre Turn-Level Turn-Level Dialog-Level Dialog-Level 5
DynaEval 16.7/16.0 3197323 50.3/54.7 9.3/10.1 27.1/28.3
USL-H 68.8/69.9 20.1 /189 7.3/15.2 10.5/710.5 26.7/28.6
FlowScore - -6.5/ -5.5 -7.3/ -0.3 147/ 14.0 03/ 2.7
GPTScore - - /38.3 - /543 - - /463
LLM-EVAL o5 71.0/71.3 60.4/50.9 67.6/714 159/16.5 | 53.7/52.5
LLM-EVAL 0100 71.4/71.0 59.7/49.9 64.4/70.4 16.1/18.6 | 52.9/52.5

Yen-Ting Lin and Yun-Nung Chen, “LLM-EVAL: Unified Multi-Dimensional Automatic Evaluation for Open-Domain Conversations
with Large Language Models,” in Proceedings of NLP for Conversational Al Workshop (NLP4ConvAl), 2023.



s2 Dialogue Quality Comparison

#Chit-Chat #Transition #Total

Naturalness N Consistency N

Turn Turn Turn
SalesBot 1.0 4.49 1.00 5.49 3.574 2.656
SalesBot 2.0 5.22 4.55 9.29 4.258 4.026
SalesBot 2.0 Yes No Total
Haslintent? 4,149 1,197 5,391
Suggest? 5,167 224 5,391
Both 182

less unsuitable dialogues (unnatural & aggressive)

_______________________________________________________________________________________________
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Future Conversational Ads

a My son is 5 and my daughter is 2.
#.) They are slightly naughty, but I love them so much. They are so cute!!
That’s adorable. You must be very busy.

My husband and | enjoyed watching movies, but currently we don’t
have any time to go out for movie.

&

| have some alternatives for you if you really like watching movies.
You can still enjoy movies at home; for example, Disney+ and ...
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Solution:

Zero-Shot Prompting for Implicit Intent Prediction and
Recommendation with Commonsense Reasoning

(Kuo & Chen, ACL Findings 2023)

65

Hui-Chi Kuo and Yun-Nung Chen, “Zero-Shot Prompting for Implicit Intent Prediction and Recommendation with Commonsense
Reasoning,” in Findings of the Association for Computational Linguistics: ACL 2023 (ACL Findings), 2023.



66 Human Understand High-Level Intention

Goal: users interact in high-level descriptions and the agent learns
how to plan dialogues

User High-Level Intention Utterance Implicit Tasks/Intents P

J_Iwantto plan a trip to SF. ] | Flight Ticket Booking; Room Reservation |* ﬂ

' [ EVA Airline Bot can book a flight ticket for you. Do you want to set the travel dates? F'OJ
of : g
T Sure. I wantto fly on .... . =3 :

o

| Here are the flights: ... [ EA"””eBOt .
[ Agoda Bot can reserve a room for you. Do you want to specify your preference? ]\ ﬁ
Y Oh, yes. | want 5-star for 2 people. | HotelBot




67 Commonsense-Inferred Bot Recommendation

Commonsense-Inferred Bot Recommendation

Intent Generation
- Task-Oriented
il want to plan a trip to SF. - snen  pookafighticket T oL o
Commonsense: X\Ijlveed : reserve a room ask-Uriente
(Kz.nOWIGO!ge B )i(sA?tZtr . book a taxi Prompt SR EVA Airline

> eneration [~ SAET T car P
ATOMICZ) 1 1 :

Relation Trigger Selection ImpIiCit Intent

Commonsense KG

15t component: given a user's high-level intention, we generate implicit task-
oriented intents

2"d component: we utilize the task-specific intents to recommend proper bots



68 Commonsense-Inferred Bot Recommendation

Q1: Is adding implicit intents (2-stage) for bridging useful? Al: YES
Method P R F1 Human Score

1-Stage Baseline 30.3 20.6 23.7 1.73 £ 1.03 (1) Irrelevant

2-Stage GPT-3 Prompting 28.6 417 31.8 2.11 + 0.46 (2) Acceptable

Our 2-Stage Commonsense 36.0 35.7 329 2.18 £ 0.34 (3) Useful

Q2: Is commonsense KG better than GPT-3 prompting? A2: YES

Q3: Is adding reasons more convincing for recommendation? EatER=N

Method Win Lose Tie
Ours vs. 2-Stage GPT-3 Prompting 57.6 40.2 2.2
Ours vs. Ours w/o Reasons 55.1 38.8 6.1



69 Recommendation Example

We are planning to celebrate friend’s birthday at a restaurant in [City].

1-Stage Prompting Tinder (Lifestyle), Grindr (Lifestyle) 1.83

2-Stage Prompting Zomato can help to book the restaurant in advance. 2.00
WhatsApp can find out about their contact information.

Ours WhatsApp can help have a good time and to celebrate a friend’s birthday. 2.67
OpenTable can help book a table at the restaurant and go to the restaurant.

Ours w/o Reasons WhatsApp (Communication), OpenTable (Food & Drink) 2.17

_________________________________________________________________________________________________________________________________



v SalesBot simulates unlimited data bridging two types of agents Practical ity

o Reasonable quality y
o Data/simulators for learning (SL/RL) end-to-end agents with sales’ behavior gy

chat

v Commonsense bridges users’ high-level intention and task bots business potential
o Better recommendation & more convincing } e




v LLMs rewrites data towards better naturalness and consistency
o Diverse domain coverage

o Smooth transition

? v LLM-Eval better correlates with human-judged scores
o Addressing an important issue in NLG tasks




Talwan-LLaMa: LMs for Taiwanese Culture

https://qithub.com/MiulLab/taiwan-llama

Language Models for Taiwanese Culture

£, Online Demo « & HF Repo *« & Twitter « = [Paper Coming Soon] « &' Yen-Ting Lin

Code License f[Apache 2.0 § Data License e By NC 4.0



https://github.com/MiuLab/taiwan-llama

- (13 Pretraining Data (v2.0) —

= News

o Social Media

© Legal Documents
o Wikipedia-zh

- Aeb Date

#Token




74 Try Talwan-LLaMa v2.0 http://twlim.com/

Taiwan LLM
ChatUl

NEW  Taiwan LLM v2 is cooking...! /1 Announcement

Taiwan LLM
ChatUl

Localizing LLMs to Taiwanese

Current Model

yentinglin/Taiwan-LLM-7B-v2.0.1-chat

Mandarin. Search web is still in beta
and unreliable, please use with 1 Model page 1 Dataset page @) Website

caution.

Examples

EEEENTFET IR S Assist in a task

®  Searchweb

Ask anything




A

Yun-Nung (Vivian) Chen

Associate Professor, National Talwan University
y.v.chen@ieee.orqg / http://vivianchen.idv.tw

Wy =



mailto:y.v.chen@ieee.org
http://vivianchen.idv.tw/

Appendix



77 Lattice Language Modeling

LatticeLSTM encodes nodes of a lattice | 2 | "B \_
The goal is to predict the outgoing “@\““7 WT y g : f <
transitions (words) given a node’s P
representation :

La\{AticeLSTM

The one-hypothesis lattice reduces to
normal language modeling

Chao-Wei Huang and Yun-Nung Chen, “Learning Spoken Language Representations with Neural Lattice Language Modeling,”
in Proceedings of The 58th Annual Meeting of the Association for Computational Linguistics (ACL), 2020.



s Ablation Study

Ept Le~+ Amim - Lonim
L:ft — Ece -+ )\dﬁd -+ )\hardﬁhm“d T )\softﬁsoft

Pre-Training Fine-Tuning SLURP ATIS TRECG6
Full Full 85.26 95.10 86.36
No L, i Full 84.83 93.75 85.32
No L. Full 85.15 95.00 85.53
Full NO Lyura + Lsort 85.14 94.83 86.08
Full No Lg+ Lot 84.77 94.75 85.60
Full No Lo f1 84.81 94.65 86.20

________________________________________________________________________________________________________________



79 Improvement of Different WER

SLURP WER Interval

Pre-Training Fine-Tuning Low Medium High

(0, 0.16] (0.16, 0.40] >0.4
RoBERTa Direct 95.69 92.41 85.89 56.71 83.97
Phoneme-BERT Direct 94.97 92.34 85.87 57.20 83.78
SImCSE Direct 95.55 93.47 86.82 57.59 84.47
Proposed Direct 95.54 93.86 86.68 57.72 84.51
RoBERTa Proposed 96.59 94.27 86.70 57.24 84.87
Phoneme-BERT Proposed 95.61 93.42 86.87 57.50 84.48
SImCSE Proposed 96.57 94.54 87.39 58.01 85.25
Proposed Proposed 96.08 94.41 87.63 58.72 85.26

___________________________________________________________________________

________________________________________________________________________________________________________________



s0  Task-Oriented Dialogue Generation

Task-Oriented Simulation

Two BlenderBot simulators are additionally trained on
user turns to simulate users
agent turns to simulate salespersons

These turns are taken from task-oriented dialogues.

Task-Oriented Dialogue (TOD) Generation

TOD User TOD Sales

BlenderBot BlenderBot




g1 [ransition Turn Generation

Template-based Generation:
Use a template sentence to trigger the corresponding task-oriented user

reaction

Template-based generation
User: I like to read a lot. I also like to go to the
movies. What about yourself? - FindMovies| Detected Intent
Sales: Do you want to find movies by genre and op-)\|
[tionally director? JTempIate Transition
User: I’m looking for a movie to watch. A regular
showing would be fine.

Generative-based Generation:
Re-generate the transition turn for better fluency and diversity

Generative-based Re-generation

User: I like to read a lot. I also like to go to the
movies. What about yourself?

Sales: Are you interested in watching any movie? Generated Transition

User: I’'m looking for a movie to watch. A regular
showing would be fine.




&2  Human Evaluation

Transition turn quality

5
Q1 Timing: Is it a good timing to make the transition? T
4
Q2 Relevance: Is the transition relevant to the o
conversation context? g3
Q3 Aggressiveness: Is the transition aggressive? | 1
Q4 Overall: Do you think it is overall a good
transition? ! Q1:TimingT Q2:Relevant? Q3:Aggressivel Q4:Overall?

Average scores over 3 workers (4000 dialogues)
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