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Outline

Alntroduction

ABackground Knowledge

AModular Dialogue System

ASystem Evaluation

ARecent Trends of Learning Dialogues
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Outline

Alntroduction

ABackground Knowledge

AModular Dialogue System

ASystem Evaluation

ARecent Trends of Learning Dialogues

Material:
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Material:

Brief History of Dialogue Systems

Multi-modal systems

e.g., Microsoft MiPad, Pocket PC
[ oesﬁga@a

=

TV Voice Search

. Virtual Personal Assistants
e.g., Bing on Xbox

e 0
D @
@2 O

|||||

Attencnas

900 _ ohes

Google Now (2012) Microso ft Cortana

Apple Siri
Google A istant (2014)

(2011)

e DoV e [z

Taskspecific argument extraction
(e.g., Nuance, SpeechWorks)
User:d want to fly from Boston
to New York next wedke

=

Keyword Spotting
(e.g., AT&T)

Early 1990s
® |

o DY O [ ron] een

l - ;ﬁ. -

Facebook M& Bot
(2015) (2016)

n Alexa/Echo
(2014

Early 2000s

@

Intent Determination
Obdz yOSQa
I A SINYX &S g yil

want to change our phone line

from this house to another house

g¢ | alLl 0

ES,&R@;& XS
CALO Project

OYATf &
G2

5

SystenY Pléase say collect,
calling card, person, third
number, or operatar
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Material:

Language Empowering Intelligent Assistant

Apple Siri (2011) Google Now (2012) Microsoft Cortang2014)
Google Assistant (2016)

Amazon Alexa/Ech@014) Facebook M& Bot(2015) Google Homg2016) AppleHomePod2017)
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Material:

Why We Need?

A Get things done . —

A E.g. set up alarm/reminder, take note

A Easy access to structured data, services and af f .

A E.g. find docs/photos/restaurants

A Assist your daily schedule and routine
A E.g. commute alerts to/from work

A Be more productive In managing your work and personal life

IULAB in

NTU
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Material: hitp://deepdialogue.miulab.tw

Why Natural Language?

. L @
AGlobal Digital Statistics (2018 January)

~ NTU CHIULAB =

Total Population  Internet Users Active Social Media Unique Mobile Users Active Mobile
7.59B 4.02B Users Social Users

5.14B
‘.7% 3'208.‘ 13% ‘.‘4% 2.96B .‘14%

The morenatural and convenientinput of devices evolves towardgeech
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Material:

Spoken Dialogue System (SDS)

. o @ o
A Spoken dialogue systerase intelligent agents that are able to help users finish tasks more
efficiently viaspoken interactions

A Spoken dialogue systerase being incorporated into various devices (siatrbnes, smart
TVs, iacar navigating systenetc).

=

4‘-'-: s b

% Wakeup!Daddy's home -~

JARVISL N2Y al yQa t SNE2Y Il f Bagnai RarsbngliHealthcare Companion
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Material:

Haircut on Saturday m
& Bea uﬁhﬁalon
| have these times available:

witl MegaFon 3 17:07 1, MogaFon = 5:04
Color Services - Color S 25.00
Correction Make a Reservation
h'w.‘."\n_r)‘.:(-ﬂ ~-:}.n\.~.(m~ 1 totaly - 10:30 AM
renvent your Jook' e ey
Halrcmsslowdry $18.00 ‘ 11:30 AM
' l Services Over the yoars we have Dicked up on ! o ‘
. . and mastered a wide range of cuiting | See more

technigues. We are sure you will e

0 Prices 2 ' Party sizs
| Conditioning $23.00 1030 AM R
O Appointment Treatments .

Condtioning (lor chemically treated

o) R . reat! D his look correct?
-i Spemals : Deep Condtioning Special Grea Os ¥k IOk Colrec

Haircut at
Fourstylists

(® FindUs 6‘

Book now

Cancel
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Star Wars Vii:
The Force Awaken

(ORI SKIF5E . |
£ 20 ni Ealiél i+

BUtERSTY

The Force Awakens is set approximately 30 years
after the events of Return of the Jedi, where the
Rebel Alliance and the Empire have become the
Resistance..

GUIv.s CUI (Conversational

*o0el VIRGIN ¥ 421 PM Lo ..

£ Messages And Chill Detaits

I'm looking for a Netflix movie
to watch

Sure! What're you in the mood
for?

Something like The Interview

where they get into crazy
situations!

Check out Talladega Nights! Will
Ferrell always brings the laughs.
Here's the trailer: andchill.io/

lalladega
Awesome, thanks! @ @

Material: http://deepdialogue.miulab.tw

Ul)

oo Toaobile Wi-8i ¥ 319 AM foamm
g And Chil
< Recont

Manage

How does The Lego Movie sound? It's
clever, fun, and thoughtful. A fun watch!
hitps:/wwwoutube. comiwatch?

yiZ JOBCLE-|

The LEGO® Movie - OMicial
Muin Teailer [HD)

Mips Dwww Facebaok comiThel

You'l also probably enjoy Zoctopia!
Emertaining and really hits home!
https:// wwwyoutube com/watch?
y=ngDil1)ieo
ZOOTOPIA AN Tradler |
Disney Movie 2016

JOOTOMA AT Trader | Desoary Mo

Unreal, This is spot-ont! ©
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Material:

GUIv.s CUI (Conversational Ul)

Situation
InformationQuantity
Information Precision
Display

Interface
Manipulation
Learning

Entrance

Flexibility

2 S0aAGSk!tt Qa
Navigation, no specific goal
More

Low

Structured

Graphics

Click

Need time to learn and adapt
App download

Low, like machinmanipulation

D! La a 3QD&a

Searching, with specific goal

Less

High

Non-structured

Language

mainly usdextsor speechas input

No need to learn

Incorporatedin anymsgbased interface

High, like converse with a human
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Conversational Agents

o
ChitChat

Knowledge_
grounded
S€q2seq models
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Challenges

¢y e ®
AVariability in Natural Language

ARobustness

ARecall/Precision Traeeff

AMeaning Representation
ACommon Sense, World Knowledge
AAbility to Learn

ATransparency

Material:
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TaskOriented Dialogue Systemung, 2000)

O
I
Speech Signal Hypothesis
are there any action movies to
see this weekend Language Understanding (LU
Speech A Domain Identification
Recoghnition A User Intent Detection
Text Input > A Slot Filling
ﬁAre there any action movies to see this Weeken%?emantic Erame
S request_movie
genre=action, date=this weekend
T \Z
Dialogue Management (DM)
Tox { gatrll”?l tli‘ar?gﬁﬁ%e} A Dialogue State Tracking (DST)
ext response eneration ( ) A DialoguePolicy

Where are you located?

System Action/Polic
request_location

Backend Action /
Knowledge Providers
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Material:

Interaction Example
O

User 2 find a good eating place foaiwanesefood ]

*—o
.
\
I \
\J
| «
LA,

Intelligent
Agent Q: How does a dialogue system process this request?

GoodTaiwaneseating places include Din Tai
Fung, Boiling Point, etc. What do you want to
choose? | can help you go there.
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TaskOriented Dialogue Systemung, 2000)

Speech Signal Hypothesis

are there any action movies to

see this weekend

Speech
Recognition

Text Input

Language Understanding (LU

A Domain Identification
A User Intent Detection
A Slot Filling

Are there any action movies to see this weeke;

2 :
'Semantic Frame
request_movie

Natural Language

Text response Generation (NLG)

? - -
Where are you located” System Action/Policy

request_location

\4

Dialogue Management (DM)
A Dialogue State Tracking (DST)
A DialoguePolicy

genre=action, date=this weekend

Backend Action /
Knowledge Providers
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1. Domain Identification

Material: http://deepdialogue.miulab.tw

Requires Predefined Domain Ontology

User

2 find a good eating place feaiwanesefood ]

o
.
==y
| -
‘ l
|
2T

Intelligent
Agent

r

\

~N

Restaurant DB @

J

Organized Domain Knowledge (Database)
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2. Intent Detection

Requires Predefined Schema
|

User 2 find a good eating place féaiwanesefood ]

IND RESTAUR T
Restaurant DB FIND_ PR|CE
FIND TYPE
Intelligent
Agent .
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3. Slot Filling

Requires Predefined Schema
|

O OBratingO O O Btype O
2 find a oodeatlng place fotalwanesefood

Rest 1 good Taiwanese

Rest 2 bad Thali
I . Restaurant DB

| FIND RESTAURANTSELECT restaurant { 5
intelligent NI 0 Ay 3T 63,2 2eRi4ating 32 2 RE
Agent 0 & LiI&iwatesé rest.typd taiwaneseé

Semantic Frame | SequenceLabenng

User
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TaskOriented Dialogue Systemung, 2000)

Speech Signal Hypothesis

are there any action movies to

see this weekend

Speech
Recognition

Text Input
Are there any action movies to see this weeke;

Language Understanding (LU)

A Domain Identification
A User Intent Detection
A Slot Filling

2 :
'Semantic Frame
request_movie

A4

genre=action, date=this weekend

Natural Language

Text response Generation (NLG)
Where are you located?

Dialogue Management (DM)
A Dialogue State Tracking (DST)
A DialoguePolicy

System Action/Policy
request_location

N\

\
Backend Action /
Knowledge Providers

| |
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State Tracking

Requires Han@rafted States
|

User

2 find a good eating place feaiwanesefood ]

ﬁ | want it near to my office]

o
L]
=
Il
RIND,

Intelligent
Agent
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State Tracking

Requires Han@rafted States
|

User

2 find a good eating place feaiwanesefood ]

ﬁ | want it near to my offlce

I -;-

Intelligent
Agent
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State Tracking

Handling Errors and Confidence

Material: http://deepdialogue.miulab.tw

User

2 find a good eating place foaixxxxfood ]

FIND RESTAURANIND RESTAURANAIND RESTAURANT
NI} GAYy 3T aaN20REY 3T ¢ ARIZREY AT A2 2 RéE

(0 & LiISiwadese

Intelligent
Agent

0 & LiBakg &

mogare
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DialogudPolicy for Agent Action

ALY T2NXO6T 201 iﬂ\23f|‘3¢|- ALISA MnmeED
AdG¢KS ySIFENKad 2yS Aa Fd ¢FALISA mnmé
ARequest(location)
Ad2 KSNBE Aa &2dz2NJ K2YSKE
Al 2 v T A NNadwarneddHr a
AG5AR @2dz 6yl ¢FAglySasS FT22RKE
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Material: http://deepdialogue.miulab.tw

TaskOriented Dialogue Systemung, 2000)

Speech Signal Hypothesis
are there any action movies to

see this weekend Language Understanding (LU)

Speech A Domain Identification
Recognition A User Intent Detection
Text Input A Slot FI”II']g

Are there any action movies to see this Weeke”%?emantic Erame

request_movie
genre=action, date=this weekend

" Natural Language A D :
- Dial State Tracking (DST
Totiempone | Gonaaton(L6) < {0 O O51

Where are you located?

Y
T } Dialogue Management (DM)

System Action/Policy
request_location

Backend Action /
Knowledge Providers
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Output / Natural Language Generation

AGoal: generate natural language or gUI given the selected dialogue

] ) ) :
action for interactions

;¢I)\LJS)\ M/ZTME U
0 ¢ ALISA mMamé

ALYT2NXYot20FdAz2y W8
Ad¢KS ySI Nbad 2ysSfseE
ARequest(location)
Ad2 KSNB A& \es? S
Al 2 YT A NNadvanedélDr 6
AG5AR &2dz 6 yi vel
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Outline

Alntroduction

ABackground Knowledge
ANeural Network Basics
AReinforcement Learning

AModular Dialogue System
ASystem Evaluation
ARecent Trends of Learning Dialogues

Material:


http://deepdialogue.miulab.tw/

UL AB in <

NTU

Outline

Alntroduction

ABackground Knowledge
ANeural Network Basics
AReinforcement Learning

AModular Dialogue System
ASystem Evaluation
ARecent Trends of Learning Dialogues

Material:
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al OKAYS [SFENYAy3 F

ASpeech Recognition

Almage Recognition

f(
f

(Hellg N

)= cat

AGo Playing
)= 55 (next move)

AChat Bot |
f(Where iSKAIST® )= a ¢ KS I RRNB & &

A

a

[
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Machine Learning

Supervised
Learning

Learning
Machine
Learning

Reinforcement
Learning

Material: http://deepdialogue.miulab.tw
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Material:

A Single Neuron

O
| B T

y = hyp(z) =o(w” z+b)

Activation function
Ll 2, S‘(Z) — Y S (Z)
~ 1 1 4 _
S(Z)_l_l_e-z 051/
Sigmoid function / 5
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A Single Neuron

S —y

gs "2' y205
:'not"2" y<0.5
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A Layer of Neurons

| AHandwriting digit classification
f:R"- R
4 N ]
X, + —. [y
ERENE “l EEE A Mog not
X a HoE not| [ one s
. X max?
Q oot not
1 X L X ).

A layer of neurons can handle multiple possible output
and the result depends on the max one
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Deep Neural Networks (DNN)

|
AFully connected feedforward network

f:RY- R"
Input  Layer 1 Layer2 LayerL Output

) yl
vector vector
X X —Y, y
— Yu
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Recurrent Neural Network (RNN)

St = J(WSt_l R U:Ct) o(-): tanh, ReLU
o; = softmax(V s;)

0

1 A

S
SOO : %% Ot—l Ot — O t+1
Unfold
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Outline

Alntroduction

ABackground Knowledge
ANeural Network Basics
AReinforcement Learning

AModular Dialogue System
ASystem Evaluation
ARecent Trends of Learning Dialogues

Material:
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Reinforcement Learning

. @ .
ARL is a general purpose framework decision making

ARL is for amgentwith the capacity taact

AEachactionA Y Tf dzSy OS&a uU#&S | ISy i Qa
ASuccess is measured by a scedarardsignal

AGoal:select actions to maximize future reward

Action

Reward

E
7;';

Observation

F dzii
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Scenario of Reinforcement Learning
|

(1)
o]

AlphaGo

Rewardr,

Observatiorno, Actiona,

If win, reward = 1

If loss, reward =1

Otherwise, réward =50

Environment


http://deepdialogue.miulab.tw/

Supervised.s Reinforcement

»
ASupervised

‘ﬁdl Sfjt@é[{ré '

Material:
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Material:

Sequential Decision Making

. . O
A Goal: select actions to maximize total future reward
A Actions may have loatgrm consequences
A Reward may be delayed

At may be better to sacrifice immediate reward to gain more loewgn reward
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Deep Reinforcement Learning

Observation

Function
Input

> » P2S

—>
—

\'

Used to pick thg

best function

Reward

Action

Function
Output

Environment
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Reinforcing Learning

AStart from states,
AChoose action,
ATransit tos, ~ P(s,, &)
Al 2y 0AYydSX

ao

S B o e g

ATotal reward:

Goat select actions that maximize the expected total reward

E[R(s0) + vR(s1) + Y*R(s2) + - - -]
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Reinforcement Learning Approach

APolicybased RL ¢

A Search directly for optimal pollcﬂ'

AValuebased RL
A Estimate the optimal value functio@*(s, a,)

AModel-based RL

A Build a model of the environment
APlan (e.g. bjookahead using model
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Outline

Alntroduction
ABackground Knowledge

AModular Dialogue System
A Spoken/Natural Language Understanding (SLU/NLU)

ADialogue Management

A Dialogue State Tracking (DST)

A Dialogue Policy Optimization
ANatural Language Generation (NLG)

ASystem Evaluation
ARecent Trends of Learning Dialogues
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TaskOriented Dialogue Systemung, 2000)

O
I
Speech Signal Hypothesis
are there any action movies to
see this weekend Language Understanding (LU
Speech A Domain Identification
Recoghnition A User Intent Detection
Text Input > A Slot Filling
ﬁAre there any action movies to see this Weeken%?emantic Erame
S request_movie
genre=action, date=this weekend
T \Z
Dialogue Management (DM)
Tox { gatrll”?l tli‘ar?gﬁﬁ%e} A Dialogue State Tracking (DST)
ext response eneration ( ) A DialoguePolicy

Where are you located?

System Action/Polic
request_location

Backend Action /
Knowledge Providers
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Outline

Alntroduction
ABackground Knowledge

AModular Dialogue System
A Spoken/Natural Language Understanding (SLU/NLU)

ADialogue Management

A Dialogue State Tracking (DST)

A Dialogue Policy Optimization
ANatural Language Generation (NLG)

ASystem Evaluation
ARecent Trends of Learning Dialogues
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Material: hitp://deepdialogue.miulab.tw

Language Understandlng (LU)

APipelined

1. Domain 2. Intent

3. Slot Filling
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LU¢ Domain/Intent Classification
O

~

wGiven a collection of utteranceswith labelsc,,

o ARl D= {(u),c), €u,c)} whereg ? C, train a
e e model to estimatdabels for new utterances,.

task J

2 find me a cheajpaiwaneserestaurant inoakland}

Movies find_movie buy tickets

Restaurants find_restaurantfind_price book table
Music find_lyrics find_singer

Sports X

X

Domain Intent


http://deepdialogue.miulab.tw/

UL AB in;

NTU

Domain/Intent ClassificatiQfdriaya: al., 2011)

»
ADeep belief nets (DBN)

AUnsupervised training of weights
AFinetuning by backiropagation
ACompared tdMlaxEnt SVM, and boosting

Material:

CLASS LABEL UNITS

500 HIDDEN UNITS

500 HIDDEN UNITS

‘ 500 HIDDEN UNITS

VISIBLE UNITS
(INPUT VECTORS)



http://deepdialogue.miulab.tw/

NTU CD)IULAB is;

Ul
o

Material: http://deepdialogue.miulab.tw

Domain/intent ClassificatiQRr et ., 2012: beng et al., 2012)

ADeep convex networks (DCN)
A Simple classifiers are stacked to learn complex functions
AFeature selection of salientgrams

AExtension to kerneDCN

B - |

h U
e
r

i

J

iction
Hidden Laye

Input Data
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Domain/intent ClassificatiQfwurie stolcke 2015)

ARNN and LSTMs for utterance class#ication
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Dialogue Act CIaSSiﬁcati(DR &Dernoncourt 2016)

Material:

. .
ARNN and CNNs for dialogue act classification

hlﬂ\hr

S

!

Pooling

» RNN — -

T

T

X2

T

X3
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LU¢ Slot Filling

wGiven a collection tagged word sequenceS—{((wl Wy 2,é A

Wi n1)s (b, 1’t1 2€ 3t100)s (Wo, W5 28 \Ws 1), (1,82 15, ) €}
wheret. # M, the goal is to estimate tags for a new word

taggingtask sequence. )

As asequence

Aﬂights from Boston to New York toda}/

flights  from  Boston to New York today
Entity Tag O O B-city O B-city l-city O
Slot Tag O O Bdept O B-arrival l-arrival B-date
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Slot Taggingao et al, 2013esnilet al, 2015)
O

AVariations:
a. RNNs with LSTM cells

b. Input, sliding window of {grams
c. Bidirectional LSTMs

NTU CHULAB s

Ul
S

O 0 0 U
(@) LSTM (b) LSTMLA (c)bLSTM



http://deepdialogue.miulab.tw/

IULAB in

NTU

Material:

Slot Taggin@urataet al., 2016Simonneet al., 2015)

O
AEncoderdecoder networks

ALeverages sentence level information %

AAttention-based encodedecoder
AUse of attention (as in MT) in the encoesgcoder network

A Attention is estimated using a fedfdrward network with Inputh, ands, at
timet

e
” X"Q
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AEncoder that segments

ADecoder that tags the segments

IB

TB

[ I

But

il

il

could

II
1 be

fs

much

_.
waorse

Material:

Joint Segmentation & Slot Tagging, 2017)

<§>

But

could be

much worse
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AMulti-task learning

AGoal: exploit data from domains/tasks with a lot of data to improve ones

with less data
ALower layers are shared across domains/tasks
AOutput layer is specific to task

Agreement B_A#Closure

Material:

Multi-Task Slot Taggiﬂgcret al., 2016Tafforeatet al., 2016)

null

Closure

_ adv | cin v vppart
m R -
forward _ ~ w4
~ s -’ o’ -
backward >
L [ .

oui il

est

ouvert
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SemiSupervised Slot Tagging-. 201s)

B-FromCity York  from

Aldea: languagenodel objective can er%ance other tasks

@ LT Algorithm 1: Adversarial Multi-task Learning for SLU
(Wi-1)
o

Input : Labeled training data {(w',t!)}

Unlabeled data {w"}
Output: Adversarially enhanced slot tagging model
Initialize parameters {0°, %, 6!, 09} randomly.
repeat
/* Sample from {(wl,t!)} * /
Train the STM and shared model by Eq.(8).
Train the task discriminator and the shared model
by Eq.(6) or Eq.(7) as slot tagging task (y = 1).
/x Sample from {w'!} and {w"“} */
Train the LM and shared models by Eq.(9) (and
Eq.(10) for BLM).
Train the task discriminator and the shared model
by Eq.(6) or Eq.(7) as LM task (y = 0).

until convergence;

Slot , = =
. 0. { [

Tagging &3 Lo/ B R 1
Model _E 2

W W B | b T

h h; h; | h L

€
5
() 6
words : ... from New York .
tags: ... O B-FromCity  I[-FromCity

BLM exploits theinsupervised knowledgéhe sharedprivate frameworkand
adversarial trainingnake the slot tagging model more generalized
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.. AMetrics

LU Evaluation
O

A Subsentencelevel: intent accuracy, slot F1
ASentencédevel: whole frame accuracy

Material:
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| wSlot filling and )

Intent prediction

Material:

Joint Semantic Frame Parsing

wintent prediction
and slot filling are

~

X Secthlzflniﬁ in the same parallel  (Li performed Iin two
ase aAKKaF
Tur et al., 201 QIR VYV P and Lane, 201¢ branches .
Flight
taiwanese food (Intent)
h, h, h, h,
! f f \cment (Slot Filling)
l T I IZI I IZI T 0] FromLoc @] TolLoc
® from LA to Seattle ! T I I I
X, X, X5 X, T \ T \ I \ I \
h1 C, h2 c, h3 (o h4 c,

Intent Prediction

Slot Filing


http://deepdialogue.miulab.tw/

-
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Material:

SlotGated Joint SLkbo-, 201s)

Slot » » "
Sequence )
T T Intent ntion ]—)Q——)w

W W
P 1
r’ ) b
k Slot Attentlom J |V1:_>
) 4 T
P < Word
BLSTI\{I S > > Sequence
Sequence N N N N Q BUEOA[GE  ¢w)

Slot Prediction

W ié"Qc‘)(ﬁ(Lxlb(cIQ | ¢0) o)

____________________________________________________________________________________
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Material:

Contextual LU

Domain Identification A Intent Prediction A  Slot Filling
D communication | send_emalil Si

U Just sent email to bob about fishing this wee
v v v v v
S O O O O l @) l l l
B-contact_name B-subjectl-subject I:syblject
A send_emaicontact namé ¢ 6 20 € X adz 2SO0

S B-contact_name
A send_emaicontact namé & 6 2 0 € U

U, are we going to fish this weekend

v l v v v
S, B-message I-messageL I-message I-message
I-message I-meSsage |-meSsage

@send_emaibYééél-ElSr'dl- NE ¢S 3J2Ay3 9

"U; send email to IiJob “Tury

GTAAKAY 3

2 TAaK

0KAa
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Material:

Contextual LU
O

AUser utterances are highly ambiguous in isolation

Restaurant :
Booking @ok a table for 10 people tonlgD

<~ Which restaurant would you like to book a table for?’

@ CcCascalfor6. >

/\

#people time
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Material:

Contextual L_\@&hargava et al., 2013; Hori et al, 2015)

. »
ALeveraging contexts

AUsed for individual tasks

ASeq2Seq model
AWords are input one at a time, tags are output at the end of each utterance

a1 aQ

I
[ I I

W11 Wi 2 Wi 3 EOS Wa,1 Wy Wa3 EOS Wi .o

AExtension: LSTM with speaker role dependent layers
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e et T o W g W st T o Sl

Material:

Endto-End Memory NetworkSuknoaataet ai, 2015)

Yi d like to purchase tickets to sdeepwaterk 2 NA 1 2 y=¢—W

—»
LY s

K ¢

Y GF2N) 6 KAOK UKSI GNBE

Yangeielika

Y Geé2dz ¢ bngdlikall KSIYU N2 KN4

Y amyshileE

Y aK2g Ylye GAO1SiGa s2dd K oM d
Y Go Usatwdayp Ga T2 NJ

Y G2KIFG GAYS g2dAZ R é&2dz t A1 S
Y 4! yésatirdayASi ZFYA Yy S €

Y d21lé& T 0KSNB A& nyYwmn

Y [ SGQa R2 pyYnné

K€

LJY

F Y R
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Material:

E2BMemNNfor Contextual Llgnen+, 2016)
O

1. Sentence Encoding 2. Knowledge Attention 3. Knowledge Encoding
my; = RNNmem(mi) T
; = softmax(u” m; h = m; 0 = Wie(h + u
u = RNNj, (c) pi ( i) ZP% i ke(h +u)
p; Knowledge Attention Distribution RNN T YSIOt tagging sequency
aggel
Contextual ——— ™ — — 99
Sentence Encoder 1
- 5 |
> m. Weighted |
RNNnem ! Sum h I
X% 5 XXQ) Memory Representation :
) t § Sentence Inner l
OO0 00nn! n o Encoder Product
RNN,
‘L W ﬁ*ﬂ " H Wkg
X % X % Knowledge Encoding
QSR SRERREREEY T C u Representation (0]
history utterancesx}

current utterance

|dea: additionally incorporating contextual knowledge during slot tagglng
A track dialogue states in a latent way
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Material:

Analysis of Attention

Yi d like to purchase tickets to sdeepwaterk 2 N [=29£0.69

pYnn

LJY

|

|

{Y aF2N) 6 KAOK OGKSIF 0NBE

I Yangelike

{Y a&aé2dz ¢ hngelikall KSIY( N2 K4

LY aydikeE

{Y aK2¢g Ylye (GA01S0a s2dz=Pp @123dz f A1 S K¢
'Y Go Usatwday G a F2 NJ

{Y G2KIFIG GAYS g2dzZ R é€2dz t A1S K¢
LY Gy @saturdayASA FFVA VY S €

[Y G218 3 GKSNB Aa nYwmf—oOo0.1s
'Y 4 S0QAa R2 pYnné

oy
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History Summary

Attention

RoleLevel TimeDecay

[T Ty Sy SR AR, Y |

Material:

RoleBased & Timd&ware Attentionsw, 201s)

TimeDecay Attention Function ( &| )

| “\iiiiii_l t~_linear |t oncave

e ~Q Q)
X W Wiy X owy
Spoken
- Language
Understanding
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Material:

Learnable Tim®ecay Attentioms., 2019)

O
I

Sentencelevel TimeDecay Attention

I{ """"""""""" :_ A

i 35: : P Attention | Attention [

4 Model Model

U, | | Y
Current .
onvex linear

T AT AR N P - , CurrentUtterance ‘ ‘ ‘Qﬁ’e
; /\; /\; <>'<>'(>' X w Wt+1XWT’ -, R

| PUp| gUs | RUs L gy Ul U Dense |  Spoken Language
History Summary Layer Understanding
RoleLevel TimGDecay| DenSeLayer

Attention
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Structural L_Wkhen et al., 2016)

Knowledge Encoding Module

Material:

. O
AK-SAN: prior knowledge as a teache

fROOT

\

Mm:

Sentence Guided

/\/—\ \Encodlng Representation

I

Input Sentence
Knowledge

shovvme thefllghts fromseattleto sanfranciscc H
H |:| H H RNN Tagger

\_ knowledge-guided structure {§  J nner | 1 .
! ) —  |Product :
K led Knowledge Attention Distribution, : i
ErlOWg g pi | | [T ol N | E E
ncodng ‘ : :
eighte1 -

Sum i
slot tagging sequence

Encoded Knowledge Representation
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Material:

Structural L_Wkhen et al., 2016)

)
A Sentence structural knowledge stored as memory

1
Sentences show me the flights fronseattleto sanfrancisco
Syntax (Dependency Tree) Semantics (AMR Graph)
ROOT
|
h
show > OW\ 1.
1. you
me flights 4
T . flight —
> the from to \ _C'BZ/_\,
| | Clty " Seattle

3. . .
seattle franflsco San Francisco
4.

San
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S NTU G]IULAB.I:-

Material:

Structural L_Wkhen et al., 2016)

@
A Sentence structural knowledge stored as memory

Dataset 1 —

(Small) -nonstop flights from salt Iake- to newMOrkK on  satu rd ay april ninth

Dataset 2 — W \*

(Medium -nonstODfllghts from salt Iake-to new on saturday april -
Dataset 3 —

(Large) -nonstODfIights from salt Iake- to new

flight_stop fromloc.city name toloc.city name depart_date. depart_date. depart_date.
day_name month_name day_number

Usmqless training datavith K-SAN allows the model pay the similar attentlon to
| the salient substructurethat are important for tagging.
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Material:

Semantic Frame Representation

. . @
ARequires a domain ontology: early connectiortxkend
A Containcore content (intent, a set of slots with fillers)

Restaurant %[find me a cheapaiwaneserestaurant inoakland]

Domain
cprice™ WP, find_restaurantd LINA OST a OK S| LJ =
(estaurant ( & LiSiWages€ = f 2 Gaklan® Dy I &
(ocation
Movie

Domain \( show me action movies directed i:aymescameron]

geaNfind movieo ISYNBT 6 Ol A2y és
RA NB (@inescaineaiors 0
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Material:

LUC Learning Semantic Ontologygn-+, 2013)

. . ®
ALearning key domain concepts from goalented humanshuman
conversations

A Clustering with mutual information and KL divergerncaotimongkok:
Rudnicky, 2002)

A Spectral clustering based slot ranking mogekn et al., 2013)
A Use a stateof-the-art frame-semantic parser trained fdframeNet
A Adapt the generic output of the parser to the target semantic space
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Material:

LUC Intent ExXpansionen-, 2016)

. . @
ATransfer dialogue acts across domains

ADialogue acts are similar for multiple domains
ALearning new intents by information from other domains

postpone my meeting to five pm ]

Training Data Intent Representation

<change note>

al R2adza il Y@ ] | | %

- CDSSM [ )

<change setting> K
G4P2t d2YsS GdNV HZoyé | |

<change calender — Generation_” | K+2

The dialogue act representations can be
automatically learned for other domains

U A

AzXAn

Utterance

Action
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Material:

LUC Language Extensi@:dnyay-+, 2018)

ASource language: English (full annotatl.ons)
ATarget language: Hindi (limited annotations)

RT: round trip, FC: from city, TC: to city, DDN: departure day name

Utt:
Slots:

find a one way flight from boston to atlanta on wednesday
O OBRTI-RRT O O B-FC O B-TC O B-DDN

(a) English Utterance

(b) Hindi Utterance

Utt: TUIR DI RIS | 3Cclicl db STH dTeil Ybd Wbl 38T Gl
Slots: B-DDN O B-FC O B-TC O O O

B-RT O O
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Material:

LUC Language Extensi@Radnhyay+, 201s)

|
I
Train on TargefLefevre et al, 2010) Hindi Test
. I’ B \\ . .
English 1 I Hindi SLU
Train : Train Results
l I
Test on SourcéJabaiaret al, 2011):
l I
Hindi _:_> I English English SLU
Test | T Test Tagger Results
Yo-- - g Hindi Test
Joint Training Joint Training

English Train (Large Bilingual SLU
Hindi Train (Smal Tagger Results
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Material:

Outline

Alntroduction
ABackground Knowledge

AModular Dialogue System
A Spoken/Natural Language Understanding (SLU/NLU)

ADialogue Management

A Dialogue State Tracking (DST)

A Dialogue Policy Optimization
ANatural Language Generation (NLG)

ASystem Evaluation
ARecent Trends of Learning Dialogues
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Material:

Elements of Dialogue Management
|

What the system says:

What the user wants: Dialogue State Tracking

(e 0O O O @ O]

What the system hears:

dialogue turns (Figure fromD I O A

>



http://deepdialogue.miulab.tw/

IULAB in

NTU

Material:

Dialogue State Tracking (DST)

AMaintain a probabilistic distribution instead of ebgst prediction for

better robustness

Kind Kind

0.5

Turn 1
Android

Android Android

0.3

Incorrect

Note | Note

0.4

for both! Kind
‘ Turn 2 Android

Android Android

0.3

Note
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Material:

Dialogue State Tracking (DST)

AMaintain a probabilistic distribution instead of ebgst prediction for

better robustness to SLU errors or ambiguous input

Slot Value

# people

5 (0.5)

time

5 (0.5)

Slot Value

# people

3 (0.8)

time

5 (0.8)

| |

How many people?
3


http://deepdialogue.miulab.tw/

n
)
<
—
D)

NTU

Material:

Multi-Domain Dialogue State Tracking

AA full representation of the system's be’ief of the user's goal at any
point during the dialogue

AUsed for making API cslll

| wanna buy two
tickets for tonight at
the Shoreline theater.

Inferno.

Movies

Date

Time 6 pm 7pm 8pm 9pm

#People

Theater

Movie

e L T
Likely Likely
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Material: http://deepdialogue.miulab.tw

Multi-Domain Dialogue State Tracking

AA full representation of the system's bemef of the user's goal at any

o o
[ ] . . .
point during the dialogue
m
< AUsed for making API call
—l
| wanna buy two
D tickets for tonight at
— the Shoreline theater.
g Which movie are you
interested in?
D Inferno showtimes at
— Movies Restaurants Century 16 Shoreline are
Z 6:30pm, 7:30pm, 8:45pm
Date Date and 9:45pm. What time
do you prefer?
83 Time 7:30pm | 8:45pm | 9:45pm Time 6:30 pm | 7:00 pm

We'd like to eat dinner

Restaurant ’
before the movie at

#People

Cascal, can you check
what time i can get a
table?

Theater #People

Movie

Likely Likely
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<
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D)
D)
—
Z

84

Material: http://deepdialogue.miulab.tw

Multi-Domain Dialogue State Tracking

AA full representation of the system's bemef of the user's goal at any
point during the dialogue

AUsed for making API csll

Inferno.

Inferno showtimes at
Century 16 Shoreline are
6:30pm, 7:30pm, 8:45pm
and 9:45pm. What time
do you prefer?

We'd like to eat dinner

before the movie at
Movies Restaurants Cascal, can you check
what time i can get a
Date table?

Time Cascal has a table for 2
at 6pm and 7:30pm.

Restaurant

Date
Time

#People

OK, let me get the
#People table at 6 and tickets
for the 7:30 showing.

Theater

Movie

Less
Likely

More
Likely

B N
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00
(8))

Material: http://deepdialogue.miulab.tw

RNNCNN DSd vy 20t5)

Jordan RNN Ps Output layer

Hidden layer

/ \ Turnt |

]
I
1
] 1
TP TP I i Input layer

: yyyn put layer
I - I
: NN e . :
' System turn t-1 f»r_.,mn_ :
[ L - L L L L T L L L L L T T i

<nil> \\ . |

\\. \‘\.
I N'\\.\. \‘
-~ b
\.\ \\

want :/-ur\

|:> v.food ¥
- - et .-~ sentence
.t b d b d i
|:> s.food . 22 representation
- b b di e d
<nil> 1--1
Delexicalised CNN 15t conv. 2" conv. 31 conv. max-pool avg-pool

(Figure from Wen et al, 2016)


http://deepdialogue.miulab.tw/

IULAB in

NTU

Material:

Neural Belief Trackerng o)

ACandidate pairs are considered

System Qutput

Would you like Indian food? |

l

User Utterance

Candidate Pair(s)

Mo, how about Farsi food?

... food: Indian,
food: Persian, ...

h 4 Y
Context Representation: [ty t, t,] Utterance Representation: [r] Candidate Representation: [c]
| A LML
., R N RSP Seem =
AN S R P
! : Ad il It il
gating mechanism R Wil i e 1
i v
| Context Modelling: [d, d,] Semantic Decoding: [d]
\ /’/

Binary Decision Making: [y]

Previous Belief State: [b]

—

Belief

State Updatesb]]
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Material:

GlobaiLocally Selittentive DS E&nong+, 201s)

O
AMore advanced encoder

A Global modules share parameters for all slots
A Local modules learn sksipecific feature representations

Encoder module Scoring module
System actions in previous turn (TT - T T T T~ S ~qact .S T T T T T T T T T T T T T N
/ . Ay —m 1 C77 I
request(food) > ] I» |
| Acti 1 ) yact !
Ag enz c;?jrelr I O3t 1| Action scorer > Mixture
reguest(price range) L, : : . : -
|
| —_ R w— I
| ! ! 1 o ! Y
: | | u
User utterance : Cutt I ' Y :
I just want to eat at a cheap R . | |
restaurant in the south part of town. X | I futt |
What food types are available, can — 45| Utterance | | - Utterance |
you also provide some phone | encoder \ : scorer :
numbers? : | | |
.
| | I I
I I ________________ 4
3 I ' P(price range=cheap)
Slot value under consideration v i I al p ge= P
: I | Slot-value | !
rice range = chea - ;
P 9 P I encoder :
: .
|

—————————
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(o]

Dialog State Tracking Challenge

Challenge

Domain

Material: httE://deSeEdi%o:gfue.miulab.tw

(Williams et al. 2013, Henderson et al. 2014, Henderson et al. 2014, Kim et al. 2016, Kim et al. 2016)

Data Provider

Main Theme

DSTC1 HumanMachine Bus Route CMU Evaluation Metrics
DSTC?2 HumanMachine Restaurant U. Cambridge UserGoal Changes
DSTC3 HumanMachine TouristInformation U. Cambridge DomainAdaptation
DSTC4 HumanHuman  Touristinformation I2R Human Conversation
DSTC5 HumanHuman  Touristinformation I2R Languageéddaptation



https://www.microsoft.com/en-us/research/event/dialog-state-tracking-challenge/
http://camdial.org/~mh521/dstc/
http://camdial.org/~mh521/dstc/
http://www.colips.org/workshop/dstc4/
http://workshop.colips.org/dstc5/
http://deepdialogue.miulab.tw/

UL AB in;
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Material:

DST Evaluation

ADialogue State Tracking Challenges
ADSTC3, humanmachine
ADSTC%, humanrhuman

AMetric

ATracked state accuracy with respect to user goal
A Recall/Precision#measure individual slots
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Material:

DSIC Language Extensi@n-, 2016

. . O
ATraining a multichannel CNN for each slot
AChinese character CNN

AChinese word CNN
AEnglish word CNN

':_\.\ |
| Channel1 _| HT
. T --\7-"'-“_7
Channel 2 _| gim
----- -
| Channel3 | H1
I '

Input layer:
embedding matrix

Convolutional
layer

Max-pooling
layer

Value: Prob.

Valuel:0.1
Value2 : 0.2
Value3 : 0.8
Valued : 0.9
Value5:0.3
Value6: 0.1
‘. Value7:0.2

Fully-connected
sigmoid layer

Utterances with
translations
in topic: ‘FOOD’

Sub-dialog segment
(test input)

DSTC5
training corpus

Filtered by topic ‘FOOD’

Training corpus
in topic: ‘FOOD’

Multichannel
CNN Model
for slot: ‘INFO’

Multichannel
CNN Model
for slot: “‘CUISINE’

Multichannel
CNN Model
for slot: ‘DISH’

Models

‘INFO’ :

[valuel, value2, ...]

‘CUISINE” :

[value3, value4, ...]

‘DISH’ :

[value5, values, ...]

Predicted labels
(output)
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Material:

DSTC Task Lineagse & stent, 2016)

ASlot values shared across tasks
AUtterances with complex constraints on user goals

Alnterleaved multiple task discussions

Task Frame:

Connection to Manhattan and find me a Thai restaurant, not Italian

B Task
DAIs

[ DAIs

Transit
(0.8, inform(destZMH)gﬁ)

Task Restaurant

(0.7, inform(food=thai){"3)
(0.6, deny (food=italian); )

-

|

rt_time

(confidence, dialog act itep; tme

)

Task State:

Thai restaurantnot Italian

[ Task Restaurant

Constraints (0.7, food = thai)

(0.6, food # italian)
DB [“Thai To Go”, “Pa de Thai”]
Timestamps 01/01/2016 : 12-00-00
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Material:

DSTC Task Lineagse & stent, 2016)

Turn User Input

Weather in New York.
Connection to Manhattan

1 Want to go to Thai

2 I want to travel to Thai

Task Lineages

1.0

—

0.5 0.5

0.5
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AFocus only on the relevant slots
ABetter generalization to ASR lattices, visual context, etc.

Material:

DS Scalabilitykrastogi+, 2017)

S> How about 6 pm?
U> | am busy then, book it for 7 pm instead.

Predicted distribution 00 005 095 00

Null Logit Softmax Dontcare

(parameter) Logit
.‘/E‘\

/] /] T
[ DT s e[ o [ s [ ¢ ] [b T s ]
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Material:

DST¢ Handling Unknown Valuess. Hu, 201s)

. . O
Alssuefixed value setin DST

Atte_ntion - O
Dist. t t

P

¥

~

: GLOGFEALYE
<sys> would you like some Thai food T

T

T-¥ !¥__'-I---|I-Illn

t . <food> Italian
<usr> | prefer [talian ong

D
other
— dontcare
none
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Material:

Joint NLU and D&lpta+, 2018)

System Act Encoder

greeting

Utterance Encoder

<SOS> |want to see a movie <EOS>

System Act Encoder

request(movie) request(date)

DENREY

Utterance Encoder

<SOS> Tickets for Avatar tonight <EOS>

at-l
dg?
l © O © B-movie B-date O
dt? Slot Tagger
ugl at ----- >
WE B B B H B
' User Intent
. Classifier
a t1 |
dsi —H> BUY_MOVIE_TICKETS
&— .  Dialogue Act
r Voo  Classifier
e dg; 5

—rl>} INFORM

_______________________________________
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Joint NLU and D&lpta+, 2018)

Material:

Candldate Scorer

N Dt-l

]
at-l
System Act Encoder dsf
greeting L R ‘|'
A\ ” dgl
ugt
Utterance Encoder
<SOS> lwant to see a movie <EOS>
a
System Act Encoder — dtl
request(movie) request(date) L R =
¢ Ay » .
;uo!!--!-t T
: Ue t
Utterance Encoder ds

movie: Avatar
date: tonight
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Material:

Outline

Alntroduction
ABackground Knowledge

AModular Dialogue System
A Spoken/Natural Language Understanding (SLU/NLU)

ADialogue Management

A Dialogue State Tracking (DST)

A Dialogue Policy Optimization
ANatural Language Generation (NLG)

ASystem Evaluation
ARecent Trends of Learning Dialogues
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Material:

Elements of Dialogue Management
|

@ Dialogue Policy Optimization
—_
[ actions ]
-_—

What the user wants:

SN ONORORERCONCO

What the system hears:

dialogue turns (Figure fromD I O A

>
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Dialogue Policy Optimization '

. . O
ADialogue management in a RL framework

User
Environment l
[ Natural Language Generatlor} [ Language Understanding]
Action A \ Reward R Observation O

¥

[ Dialogue Manager] Agent

Optlmlzed dialogue policy selects the best action that can maximize the future reward
~ Correct rewards are a crucial factor in dialogue policy training
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Material:

Reward for Rle Evaluation for System

A Dialogue is a special RL task
A Human involves imteractionandrating (evaluatior) of a dialogue

A Fully humann-the-loop framework
A Rating: correctness, appropriateness, and adequacy

- Expert rating

highquality, highcost

- Userrating

unreliable qualitymediumcost

- Objective rating

Checldesired aspectspw cost
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Material:

RL for Dialogue Policy Optimization

Dialogue ichh 6
Policy
W i \
Optimize
o b i i
L c‘ —

Collect rewards

Reward

1
: Language i
rin —> .
User input () understanding \
Response<——— (response) &y
generation
Typeof Bots Action
SocialChatBots Chathistory System Response

InfoBots(interactive Q/A) Context question

TaskCompletion Bots

User current question Answers to current

User current input +  System dialogue act w/ slot
Context value (or API calls)

# of turns maximized,;
Intrinsically motivated reward

Relevance of answer;
# of turns minimized

Task success rate
# of turns minimized
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Material:

Dialogue Reinforcement Learning Signal
O

A Typical reward function
A -1 for per turn penalty
A Large reward at completion if successful
A Typically requires domain knowledge
A Simulated user

A Paid users (Amazon Mechanical Turk)
A Real users

UL AB in <

The user simulator is usually required for dialogue
system training before deployment
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Material:

Neural Dialogue Managek:ai., 2017)

.. . @
ADeep Qnetwork for training DM policy

Alnput: current semantic frame observation, database returned results
AOutput: system action

Semantic Frame
request_movie
| ¢genre:action, date=this weekend

/DQNbased )
\E Dialogue

Management
SimuITted User (DM)

ackend 08
< Backend DB
)

. J

System Action/Policy
request_location
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Material:

E2E Tas€ompletion Bot (FBot) i+, 2017)
|

{
.-. I
m ( i
< Natural W W
Language _ LUy ¢ §°
— W, WlNLGWZ EOS guag ) __(?
D Are there any <siot>¥ O Y<intents
— action movies to '—),
see this weekend? /
DST
[ &C{.-.‘ J‘ » Database
D)
° \2
= ; [ Dialogue Policy Learnin
al Poli
< ‘ User Model {’Daogue olcy
104 _ _ equest_location Neural
User Simulation Dialogue
System
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Material:

SL + RL for Sample Efficieney. 2017)

- Alssue about RL for DM

Aslow learning speed
Acold start

ASolutions
A Sampleefficient actorcritic s | e
A Off-policy learning with experience replay .
A Better gradient update
AUtilizing supervised data

A Pretrain the model with SL and then fititne with RL
105 A Mix SL and RL data during RL learning
A Combine both

—— eNACER

IULAB in

Success rate (%)

o000 1500 2000 2500
Training Dialogues

NTU

)

Success rate (%

--+ eNACER from scratch
—— TRACER 5L_model+replay
= == TRACER from scratch

~+ eNACER SL_model
+— SL model

1000 1500
Training Dialogues
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Material:

Learning to Negotiat@:wis+, 2017)

ATask: multissue bargaining

AEach agent has its own value function

Divide these objects between you
and another Turker. Try hard to get

as many points as you can!
Send a message now, or enter the agreed deal!
"

Items Value
\ :
o |
m 0
—

Fellow Turker: I'd like all the balls

You: Ok, if | get everything else

Number You Get
19 Fellow Turker: If | get the book then you have a deal
15 You: No way - you can have one hat and all the balls
0+ Fellow Turker: Ok deal
Type Message Here:


http://deepdialogue.miulab.tw/
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Material:

Learning to Negotiat@:wis+, 2017)

. . o .
ADialogue rollouts to simulate a future conversation

ASL + RL

A{[ FTAYa 42 AYAGLFOS KdzYly dzaSNEQ
ARL tries to make agents focus on the goal

‘read: You get )
one book and
I'll take every-

\thjng else.

\

/

Dialogué history

7 .

‘write: Great deal, \’_)[read: Any time J—{choose: 1x book j|—1>
thanks! ,\"[read: No problem :—{choose: 1x book —><1>
‘write: No way, I \_»[read: I'll give you 2 j—»[choose: 2x hat ]—><5>
(need all 3 hats ;_'-’[read: Ok, fine J—{choose 3X hat ]—@
. " ~ e . . v . ~ \"V'/
Candidate responses Simulation of rest of dialogue Score

O
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Material:

Online Trainin@w, 2015:sw, 2016)

. . O
APolicy learning from real users

AlInfer reward directly from dialogugsu et al., 2015)
AUser ratingsu et al., 2016)

AReward modeling on user binary success rating

Hi, How may | help you?

Dialogue

Where in the city would you like? . ] Re prese ntatio,ﬁ
Somewhere in the west, please. Em bedd | ng > Reward SucceSS/Fall
Yim Wabh is a nice Chinese place. F u n Ctl O n J L M Od eI

Great, can you give me its address?

It is at 2-4 Lensfild Road. Reinforcement
Ok, thank you, bye! ' Query rating Slgnal
Thanks, goodbye. l

| want some cheap Chinese food.
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Material: hitp://deepdialogue.miulab.tw

Interactive RL for DMhax, 2016)
O

Immediate
Task-level | Feedback

Reward

\ Action + Feedback /

Explicit

e &

Is First Wok highly rated?

First Wok, L16Ps and Red Grill are
good options.

Use a third agent for providing interactive feedback to the DM

No stupid, | am asking if First Wok
is rated at least 3 stars?
Frustration

Repetition


http://deepdialogue.miulab.tw/
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Material: hitp://deepdialogue.miulab.tw

Multi-Domaing Hierarchical Rkeng+, 2017)
o

: A Set of tasks that need to be fulfilled
Travel Planning collectively!

A Build a DM focrosssubtask
constraints(slot constraintg
Temporally constructed goals

¢ Book Hotel ]
: Book Local Travel
(  Book Flight (bus, ship, etc)
( Book Restaurant ‘
‘ A hotel_check_in_time departure_flight_time
Actions A # flight_tickets = #people checking in the hotel
A hotel_check_out_time return_flight_time,
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Material:

Multi-Domaing Hierarchical Rkeng+, 2017)

. )
A Model makes decisions over two levaiseta-controller & controller

|
A Theagentlearns these policies simultaneously
A the policy of optimal sequence of goals to follow("Qh )
A Policy*  (GHQH ) for each subgoal'Q
—> User —
Top-level Dialogue Policy Tty(gy;S¢)
o Jf:;:;iif s . ‘ o
Meta- . \ / \
Controller ‘ To:c;lliec‘;elle‘:::ic:'ggue “ ap, g1—az, g1—43, 91 Ay, §2—as, §2 — g, 92
lSUbgoa/ Low-level Dialogue Policy Ttq 4(as; St, 9¢)
| Low-level dialogue

ContrO”er ‘ policy learning

Dia/Oguel Ilntrinsic — 01 — I
action reward S
. —
St — T['g (.gt' St) — Y2 ¢ na,g(at; Stlgt) az
Internal Critic — 0 Ge —
Agent

(mitigate reward sparsity issues)
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Material:

Planning; DeepDynaQ (peng+, 2018)

. P.I Aldea: learning with real users with planning
[ |
m
i Human 0.9
- Conversational Data 0.8
Learnin Learnin
Policy _
D Model Acting
— Planning DON(L)
< World Digect —— DDQ(2)
115 Model Reinfofcement User DDQ(5)
\\ Lealning DDQ(10)
Real 4/ . DDQ(20)
W?_gi rhr?i?]%e Experience ™0 50 100 150 200 250 300
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Robust Planning Discriminative Deep Dys@su+, 2018)

Material:

Aldea: add aliscriminatorto filter out the bad experiences

Real

Experience

Semantic
Frame

—> DST
Simulated
Dlscrlmlnator Experience

13 User [

Stlate
Represgentation
World Model !
NLG Foley
Learning

System ActioiPolicy

Human

Conversational Data

Imitation

Superv_ise Learning
Learnin Controlled Planning

Model

World:mf\

Learning

Discriminator —»

ctin
Model J
/'Discr minative  Direct

World  Tra\pning Reinforcement

Lear

Real
Experience

Policy Acti

User

L
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Material:

Robust PlanningDiscriminative Deep Dyi@ s+, 2018)

UL AB i~

NTU

O
World Model
User Termination ‘
Respons% Rewarc!l Signa(l)
T T 1 Discriminator

> Gl
1 1 1 LSTM quality

i Real ‘Q’QQ‘ <
t g J £ 0: onv-
guality

Dialogue/\

State i @ Action

'
System W

Simulated

Dialogue Contexts
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Material:

Robust PlanningDiscriminative Deep Dyi@ s+, 2018)
O

p=0.0003

p=0.049 p=0.047 |
0.440

e
© o o o
(@)] ~l (00] O

o
u

0.326

ccess rat

o
IN

0.222

u

S
© o o
= N w

DQN DDQ D3Q

The policy learning is more robust and shows the improvement in human evaluati
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Material:

Dialogue Management Evaluation

. O
AMetrics

ATurnlevel evaluation: system action accuracy
ADialoguelevel evaluation: task success rate, reward
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Rl-Based DM Challenge

ASLT 2018 Microsoft Dialogue Challenge:

A Domain 1Movie-ticket booking
A Domain 2Restaurant reservation
A Domain 3Taxi ordering

Material:


https://github.com/xiul-msr/e2e_dialog_challenge
http://deepdialogue.miulab.tw/

UL AB in <

NTU

Material:

Outline

Alntroduction
ABackground Knowledge

AModular Dialogue System
A Spoken/Natural Language Understanding (SLU/NLU)

ADialogue Management

A Dialogue State Tracking (DST)

A Dialogue Policy Optimization
ANatural Language Generation (NLG)

ASystem Evaluation
ARecent Trends of Learning Dialogues


http://deepdialogue.miulab.tw/

Material:

Natural Language Generation (NLG)

A Ing dial ' II’
- AMapping dialogue acts into natural language

UL AB in <

Inform(name=5even_Day$oodtype=Chinese)

4

Seven Days is a nice Chinese restaurant

NTU
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Material:

TemplateBased NLG

. O
ADefine a set of rules to map frames to NL

Semantic Frame

Natural Language

confirm() at £t SIFHasS GStt YS Y2NB | 02dz
confirm(area=$V) G52 @e2dz 6yl a2YSOGKSNB Ay
confirm(food=$V) G52 @e2dz 6yl  pPx NBAGI dzNJ
confirm(food=%,area&$W) G52 @&2dz ¢6Fyad F bPx NBadl dzNJ

Pros:simple, erroffree, easy to control
Constime-consuming, poor scalability
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PlanBased N L Cvalker et al., 2002)

ADivide the problem into pipeline

Sentence

Plan
Generator

Material: http://deepdialogue.miulab.tw

Inform(

name=Z_House,

price=cheap

)

A Statistical sentence plan generatent et al., 2009)
A Statistical surface realiz@fethiefset al., 2013Cuayahuits i

Sentence
Plan Surface
Realizer

Reranker

o |2

£s

syntactic tree

I ®&X

Z House is a
cheap restaurant.

Pros can model complex linguistic structures

Cons heavily engineered, require domain knowledge

HamMnT XV0
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Material:

ClassBased LM NL&G: and rudnicky, 2000)

AClassbased language modeling

P(X | C) — Zlogp(xt ‘ Loy L1y 7$t—lac) Classes:

ANLG by decoding

t

inform_area
inform_address

X

request_area
request_postcode

Pros easy to implement/ understand, simple rules
Cons computationally inefficient



