l'earning| in dialegue; systems

What is/learning?

From Mitchell, 1997:

YA computer program. is said to learn from
experience E with respect to some class of
tasks I and perfermance measure P, if its

performance at tasks/in T, as measured by
P improves with experience E.”




What do you need torlearn?

Task T
» What's the task in a dialogue:system?

EXperience E
s What data can we; use to learn?
s How are these data annotated?

Performance measure P.
a [How! dorwe know we're learning?
s How do'we measure SUCCESS?

Where, hasilearning been applied?

Medical diagnoesis
Credit card firaud
Stock market analysis
Game playing




Reinfiercement learning

llearning| is associated With al reward:

By, optimizing reward, algorthmIearns
optimal strateay

Key: assumption:  problem can be divided
into) states, transitions, and actions
asseciated with' these transitions; (You
have tor have semething to associate
reward withl)

A Markov: Decision Process!

Markov Decision Processes

State, s
Actions, a
Rewards, r

Tiransitions (associated with
actions)

Formalizes problem—when
in state S, what is the utility
(reward) for takingia
particular action;, among the
choices of actions| possible?




Q Learning (Watkins, 1989)

EVery action has a T
Q value: associated / 1SR

wWith it @  a,Q(sy,a,)

Actionsiare :
explorediaccording \ a, Q(s,,a,)

10 a policy or' at
random

Rewards

00

Once we; have taken a transition, we
Feceive a reward




Moving| ahead

/ ay Q(ss,a4)
: a, Q(ss,ay)

an Q(SS’an)

At thisi point, we measure the; utility of the
state by maximizing the @ value

Once new. state'is chesen, we update Q
value off preceding state according to
reward and new: state’s Q value

Preblems with Q' learning/RL in
general

State space can be huge, therefore
= [lime to searchit can be quite leng

= Memory requirements can be quite big
= States cani be missed ini search

Tihe “curse of dimensionality”




Jjoday’s question

How.is a SDS system like a Markov
[Decision| Precess?

Whati can' be |earmed autematically in'a
spoken dialogue systemp?

What's the “experience’~—what datal can
be; used torlearn?

What performance evaluation can be
optimized in learning algerthm?

Applying RL to Spoken; Dialogue Systems
(Levin and Pieraccini, "97)

%p?\iider a simple form-filling task: booking a
g

Constraints that need to be elicited form user:
s Source

a Destination

s Date

n [ime

= Airline

Problem: How do determine; (automatically) the
optimum order of elicitation: for these
constraints?




Example; Air Tiravel Application

User: I'dllike to fly torHong Kong.

Systemil; There are 539 flights every day to
Hong Kong,. British: Airways flight 63/ leaves; at
8:00 a.m. firom London Heathrow. Air France
flight 48! leaves at 8:05 a.m. from Paris Charles
de Gaulle ....

System2; There are 530 flights every day to
Hong Kong;.w What time will'yoube flying?

System3: Where are youl leaving| firom?

Response strategies

GO to the database, retrieve all flights; that:
match user constraints; read them off.

Go) to the database, summarize contents,
select al constraint at random and ask User
10 indicate al prefierence.

Ask constraints in' a predetermined order.




Wihat to optimize

Speed!— database retrieval
Userfirustration— Iongal respoenses
“Reasoenableness”

State-Based Dialogue Manager

System state:

s attributes perceived so) far
= other dialogue history: info
s data on particular user:

Dialogue strategy: mapping from
current state to system action

Typically hundreds; of states; several
reasonable actions from each state




State-Based Dialogue Manager

Example system states:

= [dest: NYC; src: LHR; date: _ : time
757 airlines |

Example dialogue strategies:

= GO tordb, read list of flights from NYC to
LHR

m Ask’ user: for date of travel OR time OR
airline

The Markov: assumption applied to
dialogue systems

Pr(s,, |s,,8, ...8,,a,,a, ...a,)

= Pr(St+1 |St7at)

- Probability of transition to new state (S;, )
dependent on preceding state/action

This is just the start—we still need reward/costs to
do reinforcement learning

eAny time an action is chosen, the system incurs a
cost

eFinal cost is the sum of all costs over particular
dialogue strategy




IHow! de assign: costis/reward?

On| utterance-by-utterance basis

a Partial info firom user may. result in'large output fiom
DB guery.
= Slow and! irritating; delivery: of results
= Can be done withruser simulation
As| function of overall dialogue
s [lask completion (Didiuser getiinformation?)
= [lime to completion: (Longer=worse)
m User satisfaction: (Was user happy: withiinteraction?)
= Typically requires real user data

Estimating| costs

C=W{N)+W. (N )+ W, (f (N,))+W,(F)

1

IN: = expected lengthr of interaction infnumber of turns

N, = expected number of tuples returned by: the
database (cost of retrieving information)

f (N,) = data presentation cost
i, = overall task sticcess




Defining optimall value

V'(s)=( (s, a,)

e \/*(s) = optimal value of state s

e Computed as expected sum of costs from state
s, following optimal strategy until final state s¢ is
reached

Computing optimal value
function

Vis,) =
min[<c(st , a)>] + Z Pr(s,., =s]s,, a)V’ (s)]

Optimal value of staters; is the sum of the
instantaneous cost plus the expectedivalue off
the next state, using| the best available action




Assigning overall utility

Best pathi through networkiis the one that
maximizes utility’ function, whichyisiitself:
dependent onreward filnction

Tiherefiore, best dialogue strategy:is the
one that receives highest utility

Performing the, experiment

In flight domain:

= Simulate user interaction, with costsiassigned
to db retrieval, reward' associated with' getting

flight




Using resulting data

With:resulting dialegues; compute
costs/rewards

Using state; network, assign costs to
transitions

Use costs to determine how! tor move
fiorward! in network

Userresuiting nEeLwork o edl Users: to
determinel i dialogue. strategy, Works:

What do we learniabout dialogue
Systems?

Don't greet user and then hang up

Don't present allist offflights;after only.
eliciting/ destination

Best constraint-elicitation’ erder: seurce,
destination, airling, date, time




Applying RL to Spoken; Dialogue Systems
(Walker, "00)

Consider alsystem providing access to
email over the phone

Dialogue strategies:

s Summarize email by sender:

s Summarize email by’ subject

= Summarize email by both' subject and sender

Problem: What is the best summarization
method?

Sample Elvis Dialegue

A, Elvis heres WHos that?
Uz Susan

Az HiSusan, Please wait: 1/ get: yourmidl..... Okay, Lve
qor your el

Uz Sumimarize iy, Iessages.

A I your topr/evellnpox; You. arereaadlig both o/d and.
TIEWY, messa};*‘ges. Theres: 1 messagesiomMichael, two.
/MEsSages 1o ki), OHE IHESSage 1o LEE) arid two.
[Messages. 1rom. Darnas

U Read ImeNmy/ Imessages o K.

A Inrthe messages 1o Kim), Heres: 1 message about
Interviewnng Antonior and. 1 message about Meeting
Joday... THhe st message. s tiied. Iaterviewing
Antonio”. It says Id like to interview him. I could also
go along to Junch. Kim'’




Elvis cont.

Uz Next Message)

A TS5 15 & Imessage) auout Meetng: 1oday: The meetiig.
LIS oG s et 100070 24516, Seel you there) Kini.
U Repeat:.

A= TII55 G ImEssagel auout Meetng: 1oday: T/e meetiig.
Lhis moring isiat 100091 24516, See you theres Kini.
Uz 1. done here;

A You! are back to) your toplevel lnbox:

Uz Bye Bye EWViS,

A7 Do) youwant to iang Up iiow?

U Yes

A Bye and dont belonely:

ELVIS READ STRATEGIES

I the messages from. Kim, theres 1
READFIRST message ebout Jnterviewing Antonio
and. 1 messagel aboul Meeting 1oday:
The first message s titied.
Interviewing Amtorior: It Says......

READSUMMARYONLY. 1 theimessages from. Kimy, there’s 1
/message. about Iaterviewing Amntormo.
and 1 imessage about Meeting 1oday:

READCHOICEPROMPT Inithe messages from. Kim, theres one
message. about Interviewing Amntormio.
and 1 message about Meeting 1oday:
[0 HEGN: LHENTIESSATES) SaY.

‘Interviewing Antonioor Meeting -




ELVIS SUMMARIZE STRATEGIES

I your top /evelinbox, theres one

SUMMARIZESYSTEM IMESSaGE abOUL 18X, OIE [TIESSAGE) 8oLt
IRterviewing Antonio, ORe message aboul
Meeting! today), Onemessage abour Where
[ Be; and onemessage about Evalliation.
Technical Memo.

SUMMARIZECHOICE Summarize by. SUBject, by, Sender or Botz.

PROMPI 1) your: top /evelinbox, fromPans, there's

SUMMARIZEBOTH 0ne Mmessagelabolt iax; fom. ki), theres;
one messagel about Interviewing Antonio
arid. OeNmessage about Meeting today;
fromiiLee; theres onelmessage auoul:
Wihere Il Be; and. rrom. Michael, theress;
One message about Evaltation Technical.
Memox

System, Initiative Strategy.

A2, Elvis here. You have 5 new.and. o Uiread.
[HESSages il yoUr iiiboX. Say Read, SUmmalize, or Say.
HElp foF ore  OpLions;

UARead,

Az Select by, Sender, SUbject or /il Order: or: aliival?

Uz Sender

A= Which Sender?

Uz Kim.

Az I the messages 1o K, theres: 1 message. about
IAtEVIEWIG ARtonio and. L messagel aooul:. . ..

3/23/2006




Mixed! Initiative Strategy:

A H, EVIS hieres 1ve gor: your rméll.
U Regd 1miy/ Imessages o Kif:

Az In the messages Iromikinm, theres; 1 message
apout Interviewing Amntono.eid. 1 message aoult:
MEELNgG 10aaY ... -

3/23/2006

What should be optimized?

Tlask Completion Rates
Efficiency Issues: Elapsed Time, Dialogue Length
Qualitative Issues:
= Do you have to repeat yourself?
= Does the system misunderstand you?
» Do you know!what to do at each point?
m IS the system flexiblerenough?
Speech Recognizer Performance
User Expertise

3/23/2006




State-Based Dialogue Manager

Example system states:
m [user: MW; num_msgs: 5]
Example dialogue; strategies

» Summoarize all' messages by sender and
subject

s Summarize all- messages) by, sender’s
Rame only.

Performing the, experiment

Get Users to Interact withivarious)systems,
configured for different types) of
Interaction

Vieasure time: tor completion

Ask users specifically:how: they felt about
Interaction




ELVIS EXPERIMENTS

ELVIS w. Initiative/presentation| strategies
~ 1M global poelicies explored

Instructions to) users on Web pages
Training: 78 users each doi 3 tasks
Tlesting: 6 users do 3 tasks

Automatic; loggingl of metrics, states, acts
Users specify: task solution: onweb page
User: Satisfaction survey: per dialeg

3/23/2006

ELVIS State Space for RL

Know: User Name: 0, 1
Initiative Strategy: SI, MI
Tlask Progress: 0,1,2
UserGoal: 0,R,S

RIL state space is 18 states, 2 choeices in
1 state, 3 choices in 12 states =>
1062882 policies

Note: Full eperationsivector Is 13
variables (110,592 states)




Sample Tiask

TASK 1.1: You are working at heme in the

morning and' plan ter go directly tora meeting
Whenyeu goiinto work. Kim said she would
send you armessade! tellingl youiwhere and when
the meeting is. Find out the Meeting Time and

the Meeting| Place.

User Satisfaction

In this conversation, did  ElVis
understandiwhat you said? (ASR
Performance)

Was Elvis: easy’ torunderstand in
this conversation? (TS
Performance)

In| this conversation, Was it easy,
toifind the message you wanted?
(Task Ease)

Was the'pace off interaction with
ElVisiappropriate in this
conversation? (Interaction
Pace)

In| this conversation, did you
know! what you could'say’ at each
point of the dialog? (User
Expertise)

How/ often was Elvisisluggish
and slow torreply to you in
this conversation? (System
Response)

Did ElVis work the way you
expected him terin this
conversation? (Expected
Behavior)

In this conversation, how
did Elvis’s)voice interfiace
compare tol the touch-tone
interface to)voice mail?
(Comparable Interface)

From) yeur current
experience withiusing Elvis
to)get your email, do'you
think you'd use Elvis
regularly toraccess| your mail
when you are away: firom
your desk? (Future Use)




Estimating a Reward Function

Use multivariate linear regression to moedel User
Satisfaction asia function; off Tlask Success and
Costs

Performance = .27* COMP + .54 * MRS - .09*
Bargein% + .15 * Rejection%

s COMP: User Perception of Task Success

n MRS: Mean Recognition: Scere

= Bargein%: Bargelns /Turns

= Rejection%: Rejections/Turns

\/alue Iteration

U,(a,5) = R(S)+2_ M; maxU,(a,S)
j a

Value Iteration; updates Un with Un+-1
until difference less than a threshhold

Threshoeld = 5% ofi performance range




|.earnedl Policy:

Initiative: System

Summary: Summarize-System-Choice
except when TaskProg/ = 0.

Read: Read-First

Jiesting the Learned Policy,

6 Users
Same 3 tasks

Tlask Completion: increased to .94 firom
.85

User Satisfiaction: increased to 3.7 from
27.5




Conclusions of ELVIS

experiments
First test of RL approach with-human| Users
WIth speechiinput

Dialogue manader as an MDP provides a state-
based model of user population, effects: of
dCLtions

Compared strategies) for initiative and
infermation; presentation

Measurable andfsignificant improvement in User
satisfiaction




Applying Q-learning| te; Dialogue

U,.(a,8) = R(S)+ D, M; maxU,(d ,S)
j a

Overall Utility'U
States Si, Sj
Reward R

Mg, probability of going fremi state i to state
jlon doing action' a' (estimated from
experimental data)

U(final state): task completion, user
satisfaction

Maximizing Expected Utility

Maximum Expected Utility Principle: An
optimal action'is one that maximizes; the
expected utility of outcome states

Reinforcement Learning: USe rewards
received at end of dialogue torlearn which
actions lead torhighest rewards

U(S) = F(U(5)),S5 < §

3/23/2006



Reinfiercement learning

Useful for discovering optimal strategies
WREn rewards are clear

Choeoesing reward function|isiimportant

Should make sense, be easy: to measure,
and correlate; withi somel intuition about:
[mprovement

Data collection for reinfercement: learning
alwaysianiissue




