Integrating expert knowledge into POM DP optimization for spoken dialog systems

Jason D. Williams
AT&T Labs — Research, Shannon Laboratory, 180 Park Averhlm Park, NJ 07932, USA
j dw@ esearch. att.com

Abstract

A common problem for real-world POMDP applications is
how to incorporate expert knowledge and constraints such as
business rules into the optimization process. This paper de
scribes a simple approach created in the course of developin
a spoken dialog system. A POMDP and conventional hand-
crafted dialog controller run in parallel; the conventibdia-

log controller nominates a set of one or more actions, and the
POMDP chooses the optimal action. This allows designers
to express real-world constraints in a familiar manner, and
also prunes the search space of policies. The method nat-
urally admits compression, and the POMDP value function
can draw on features from both the POMDP belief state and
the hand-crafted dialog controller. The method has beeth use
to build a full-scale dialog system which is currently rummi

at AT&T Labs. An evaluation shows that this unified archi-
tecture yields better performance than using a converitiona
dialog manager alone, and also demonstrates an improvement
in optimization speed and reliability vs. a pure POMDP.

I ntroduction

In many real-world commercial applications, control srat
gies are traditionally designed by hand. For complex sys-
tems, hand-design is often sub-optimal and partially abser
able Markov decision processes (POMDPSs) provide a prin-
cipled method for improving performance. However, com-
mercial applications often require that any control styate
conform to a set of business rules, but there is no obvious

words are always verified before account access is granted.
In addition, the dialog designer can craft each prompt to
the current dialog context, and this is important because
prompt wording has a strong effect on the user’s speech pat-
terns and satisfaction. This conventional approach is-well
documented and has been used to develop hundreds of suc-
cessful commercial dialog systems.

Even so, speech recognition technology remains imperfect:
speech recognition errors are common and undermine dia-
log systems. To tackle this, the research community has be-
gun applying POMDPs to dialog control (Roy, Pineau, and
Thrun 2000; Zhang et al. 2001; Williams and Young 2007a;
Young et al. 2007; Doshi and Roy 2007). POMDPs main-
tain a distribution over many hypotheses for the correct dia
log state and choose actions using an optimization process,
in which a developer specifies high-level goals via a reward
function. In research settings, POMDP-based dialog sys-
tems have shown more robustness to speech recognition er-
rors, yielding shorter dialogs with higher task completion
rates.

However, commercial applications require that spoken dia-
log systems can be guaranteed to follow business rules. For
example, it is obvious that the system should never print a
ticket before it has asked for the origin city, but there is no
direct way to communicate this to the optimization process,
and it is unclear how to ensure that this will never happen
in deployment. In addition, some policy decisions are obvi-
ous to designers—for example, confirmation should follow
rather than precede questions—yet there is no easy way for

way to incorporate these because in the classical POMDP @ designer to ensure this is always the case. These issues are

formulation, the optimization process is free to choose any

action at any time. In addition, system designers can read-

ily articulate domain knowledge such as which actions must
precede others, yet there is no straightforward way to com-
municate this to an optimization procedure. As a result, we
desire a method for ensuring that a policy conforms to a set
of constraints provided by a domain expert.

important hindrances to deploying POMDPs to real-world
spoken dialog systems.

One simple way of encoding domain expertise is to adjust
the POMDP reward function. However, this is not ideal be-
cause this complicates the state space design. Itis alspanu
familiar method of expression for designers, and sidesstep
the real aim of imposingonstraintgather than merely pref-

Spoken dialog systems provide a useful case study. Cur- €rences. In the literature, expert knowledge has also been

rently, in industry, a developer creates a detailed dialag p

incorporated via active learning (Doshi, Pineau, and Roy

by hand, encoding their knowledge of the task and business 2008). While active learning seems attractive for acceler-
rules. For example, a system can be designed so that pass-ating optimization and model learning, it does not impose



hard constraints on the resulting policy.

In this paper, we describe a simple method for combining
classical POMDPs with hand-crafted control strategies. A
hand-crafted dialog manager and POMDP run in parallel,
but the dialog manager is augmented so that it output®one

more allowed actions at each time-step. The POMDP then
choses the optimal action from this limited set. This has
the effect of both requiring policies to conform to business

rules, and enabling designers to express domain properties

in a familiar manner. Further, because the set of policies
considered by the optimization is informed by the develpper

adding models of how the hidden state changes (transi-
tion function) and how the observation is corrupted (ob-
servation function), this distribution can be updated = i.e
b'(s") = p(s'|a,o0,b) — and there are methods for doing
this efficiently and/or approximately (Young et al. 2006;
Williams 2007). The belief state has the desirable property
of accumulating information across all of the actions and
observations over the course of the entire dialog history, a
provides robustness to speech recognition errors.

For control, a developer specifies high-level goals in the
form of a reward functionR(s,a). R assigns a measure

spurious action choices are pruned, and optimization runs of goodness to each state/action pair and communicates, for

faster and more reliably than in a classical POMDP.

We illustrate the technique on a real voice dialer applica-
tion and show that the technique marries well with existing

example, the relative values of short dialogs and succlessfu
task completion. An optimization procedure then searches
for the best action to take in each belief state in order to
maximize the sum of rewards over the whole dialog. The

compression techniques and operates at scale. The remain+esult is a value functio®(b, a), which estimates the long-

der of this paper reviews the conventional and POMDP ap-

term reward of taking action at belief staté. The optimal

proaches, explains the method, presents the voice dialer ap action in belief staté is thena™ = arg max, Q(b, a).

plication and illustrates application of the method, anatpr
vides results of a comparison with conventional techniques
and a classical POMDP. An appendix details the policy esti-
mation procedure.

Background

We begin by introducing the spoken dialog system domain
and formalizing the problem. At each turnin a dialog, the di-
alog system takes a speech actipsuch as “Where are you
leaving from?”. A user then responds with actiopnsuch

as “Boston”. Thisu is processed by the speech recogni-
tion engine to produce an observatigrsuch as “AUSTIN".
The dialog system examines updates its internal state,
and outputs another. The conventional (hand-design) and
POMDP approaches differ in how they maintain this internal
state, and how they choose actions given the state.

A conventional dialog controller can be viewed as a (possi-
bly very large) finite state machine. This controller main-
tains a dialog state (such as a form or frame) and relies
on two functions for control( and F'. For a given state,
G(n) = a decides which system action to output, and then
after observation has been received;(n, 0) = n’ decides
how to update the state to yield n’. This process repeats
until the dialog is over. The important point is th@tand

F are written by hand, expressed programmatically in a lan-
guage such as VoiceXML.

In the POMDP, there are a setlofddenstates, where each
hidden states represents a possible state of the conversa-
tion, including quantities such as the user’s actignthe
user’s underlying goals, and the dialog history (Williams

In practice, the domain of)(b,a) is too large and com-
pression is applied. In the spoken dialog system domain,
the so-called “summary” method has achieved good re-
sults (Williams and Young 2007b). The intuition is to
“summarize”b into a lower-dimensional feature vectby

to summarizes into an action mnemonic, and to esti-
mate a value functio)(b,a) in this compressed space.
For examplep might be a distribution over all cities and

b might be the probability of the most likely cityy =
max, b(s). Similarly, ¢ might include actions to confirm
any city confirm(londonjonfirm(bostongtc.) whereas an
action mnemonié might compress this set to a single action
like confirm(most-likely-city)

M ethod

To unify these two approaches, several changes are made.
The conventional dialog controller is extended in three re-
spects: first, its action selection functi@r(n) a is
changed to output aet of one or more allowable actions
given a dialog state, each with a corresponding summary
action,G(n) = {(a(l), d(l)), ceey (Q(M),CAL(]W))}. Next, its
transition functionF'(n, o) = n’ is extended to allow for dif-
ferent transitions depending on which of these actions was
taken, and it is also given access to the resulting POMDP
belief state F'(n, a, 0,b’) = n’. A (human) dialog designer
still designs the contents of the stateand writes the func-
tionsG andF.

For action selection, compression will be applied but the
state features used for action selection will be a function o
both the belief staté and the dialog state:. This state

and Young 2007a). Because the true state of the conver- feature vector is writtert: and is computed by a feature-

sation isn’'t known, the POMDP maintainsteelief state
(probability distribution) over these hidden stateswhere
b(s) is the belief (probability) thats is the true state. By

function H(b,n) = &. Note that these features may in-
clude both discrete elements and continuous elements. The
POMDP value function is correspondingly re-cast to assign



values to these feature vectof¥i, ). was used as our baseline, labelled as “HC” in the results.
Our goal was to improve task completion and reduce dialog

The unified dialog manager operates as follows. At each length by improving the action selection process (retgnin

time-step, the dialog manager is in statand the POMDP the existing scope of functionality and set of actions).

is in belief staté. The dialog managerominates set ofm

allowable actions, where each actigg, includes its sum- The POMDP was then created. The belief state followed
marized counterpart,,,. The state features are computed the SDS-POMDP model (Williams and Young 2007a) and
asi = H(b,n). Then, the POMDP value functiad(z, &) maintained a belief state over all callees. The user model

is evaluated foonly those actions nominated by the dialog and speech recognition models used to update the belief stat
manager (not all actions), and the index of the action that were based on transcribed logs from 320 calls.

maximizes the POMDP value function is returned: o ) _ )
The existing dialer was then extended in two respects.,First

m" = arg Teﬂ[%ﬂ Q(fﬂ, a(m))- rather than tracking the most recently recognized caltee, i
e instead obtained the most likely callee from the POMDP be-
Action a,,~) is then output and reward and observa- lief state. Second, it was altered to nominate a set of one

tion o are received. The POMDP updates its belief state or more allowable actions using knowledge about this do-
v'(s") = p(s'|agm=), 0, b) and the dialog manager transitions  main. For example, on the first turn of the dialog, the only

to dialog stater’ = F(n, a(,-,0,b’). An example of this allowed action was to z?\sk for the callee’s name. _Once a
process taken from the real system described below is shown callee has been recognized, the callee can be queried again
in Figure 3. or confirmed. Additional actions are allowed depending on
the properties of the most likely callee — for example, if the
Intuitively, the effect of constraining which actions axea: top callee is ambiguous, then asking for the callee’s city an

able prunes the space of policies, so if the constraints are State is allowed; and if the top callee has both a cellphone
well-informed, then optimization ought to converge to the and office phone listed, then asking for the type of phone is
optimal policy faster. Strictly speaking, the number of pos ~ allowed. The transfer action is permitted only after the sys
sible policies is still doubly exponential in the planningh tem has attempted confirmation. This unified controller was
zon. Nonetheless, in the results below, an reduction in-plan called “‘HC+POMDP".
ning complexity is observed.

For comparison, another controller was created which nom-
In this method, action selection can be viewed as a gen- inatéd every action at every time-step. Its actions alsedact
eral reinforcement learning problem, where states are fea- 0N the most likely callee in the belief state but no other re-
ture vectors. This enables any general-purpose reinforce- Strictions were imposed. It could, for example, transfer a
ment learning technique to be applied which produces an es- call to a callee who has not been confirmed, or ask for the
timate on(fc, @). However, because arbitrary compression city and state even if the top callee was not ambiguous. This

may be used, the system dynamics may no longer be Marko- controller was called “POMDP".

vian. In addition, the set of allowed actions is not a funetio L . )

of the feature vectof, and so() may mis-estimate future For optimization, the state featuresnclude:\ 2 continuous
rewards. Because of these potential issues, it is important féatures and 3 discrete features. The continuous featrees a
to verify the method on a real-world application, described taken from the belief state and are (1) the probability that
next. the top callee is correct, and (2) the probability that the to
callee’s type of phone (office or cell) is correct. The dis-
crete features are taken from the hand-designed dialog con-
troller and are (1) the number of phone types the top callee
has{none, one, tw}, (2) whether the top callee is ambigu-

ous {yes, ng¢, and (3) whether confirmation has yet been
We developed this method in the course of improving a voice requested for the top calldges, ng.
dialer application. A hand-designed version of this voice

dialer application has been accessible within the AT&T re-  Einally, a simple reward function was created which assigns
S_eal’Ch lab for several y_eal’S and receives da||y calls. The -1 per System action p|us +/-20 for Correct|y/incorrect|y
dialer’s vocabulary consists of the names of 50,000 AT&T ' transferring the caller at the end of the call.

employees. Since many employees have the same name, the
dialer can disambiguate by asking for the callee’s location Optimization was performed on “POMDP” and

The dialer can also disambiguate between multiple phone «c+poMDP” following the summary method (Williams

listings for the same person (office a_md mobi!e) and can i.ndi— and Young 2007b). An appendix provides complete details
cate when a callee has no number listed. This hand-designedgs ihe optimization; in sketchi synthetic dialogs were

dialog manager tracks a variety of elements in its state generated by randomly choosing allowed actions. The

including the most recently recognized callee, how many gpace of state features was quantized into small regions,
callees share that callee’s name, whether the callee has bee 5nq a transition and reward function over these regions

confirmed, and many others. This existing dialog controller

Example dialog system
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Figure 1:Number of training dialoggs vs. task completion
rate for the HC+POMDP, POMDP, and HC dialog man-
agers.

were estimated by frequency counting, applying some
smoothing to mitigate data sparsity. Straightforward galu
iteration was then applied to the estimated transition and

reward functions to produce a value functig)(i,a).
The optimization procedure, simulation environment,estat
features, and action set were identical for “POMDP” and
“HC+POMDP": the only difference was whether the set of
allowed actions was constrained or not.

Results

Using the system described above, optimization was con-
ducted for various numbers &f dialogs for “POMDP” and
“HC+POMDP”, ranging fromK = 10to K = 10, 000. Af-

ter optimization, each policy was evaluated in simulation f
1000 dialogs to find the average return, average task com-
pletion rate, and average dialog length. The simulation en-
vironments for optimization and evaluation were identical
For each value of{, this whole process (optimization and
evaluation) was run 10 times, and the results of the 10 runs
were averaged. 1000 simulated dialogs were also run with
the baseline “HC", using the same simulation environment.

Results for task completion rate are shown in Figure 1.
As the number of training dialogs increases, performance
of both POMDP and HC+POMDP increase to roughly the
same asymptote. With sufficient training dialogs, both
POMDP and HC+POMDP are able to out-perform the base-
line. However, HC+POMDP reaches this asymptote with
many fewer dialogs. Moreover, inspection of the 10 runs at
each value of< showed that the HC+POMDP policies were
significantly more consistent: Figure 2 shows that the stan-
dard deviation of the average total reward per dialog over th
10 runs is lower for HC+POMDP than for POMDP.

Dialog length for all systems was also measured: it hovered
very close to 4 system turns and did not show any clear trend.
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-~ POMDP
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O
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Figure 2: Number of training dialogs vs. standard devia-
tion in reward measured over 10 independent runs for the
HC+POMDP and POMDP dialog managers.

These results verify that, in dialog simulation at least, in
corporating a POMDP into a conventional dialog system in-
creases performance. Moreover, when compared to a pure
POMDP, this method reduces training time and yields more
consistent results vs. a pure POMDP. In other words, not
only does this method combine the strengths of the two
methods, it also reduces optimization time and less often
produces spurious policies.

One of the policies created using with this method trained on
10,000 simulated dialogs was installed in our internal ghon
system, and it is now available alongside the baseline sys-
tem. Its response time is essentially identical to the lraesel
system (2-3s). A webpage is available which shows the be-
lief state and action selection running in real-time, and we
have started to collect usage data. Figure 3 shows an ex-
ample conversation illustrating operation of the method in
detail and showing screenshots of the webpage.

Conclusions

This paper has presented a simple method to integrate expert
knowledge into POMDP optimization in the context of spo-
ken dialog systems. A POMDP belief state and a conven-
tional controller run in parallel, and the conventional €on
troller is augmented so that it nominates a set of accept-
able actions. The POMDP chooses an action from this lim-
ited set. The method naturally accommodates compression
(demonstrated here using the “summary” technique), which
enables the method to scale to non-trivial domains — here a
voice dialer application covering 50,000 listings. Sintigda
experiments demonstrate that the method outperformed our
existing baseline dialer, while simultaneously requiriess
training data than a classical POMDP.

We hope this method moves POMDPs an important step
closer to commercial readiness for dialog systems. We are



also interested to explore whether this technique is useful
other domains.

References

Doshi, F., and Roy, N. 2007. Efficient model learning for
dialog management. IRroc of Human-Robot Interaction
(HRI), Washington, DC, USA

Doshi, F.; Pineau, J.; and Roy, N. 2008. Reinforcement
learning with limited reinforcement: Using Bayes risk for
active learning in POMDPs. [Rroc 10th International
Symposium on Al and Mathematics, Fort Lauderdale, FL,
USA

Roy, N.; Pineau, J.; and Thrun, S. 2000. Spoken dialog
management for robots. Proc Association for Computa-
tional Linguistics (ACL), Hong Kon®3-100.

Williams, J., and Young, S. 2007a. Partially observ-
able Markov decision processes for spoken dialog systems.
Computer Speech and Langua®fi{2):393-422.

Williams, J., and Young, S. 2007b. Scaling POMDPs for
spoken dialog managemeHlEEE Trans. on Audio, Speech,
and Language Processirid(7):2116-2129.

Williams, J. 2007. Using particle filters to track dialogue
state. InProc IEEE Workshop on Automatic Speech Recog-
nition and Understanding (ASRU), Kyoto, Japan

Young, S.; Williams, J.; Schatzmann, J.; Stuttle, M.;
and Weilhammer, K. 2006. The hidden information

where

d(&:(1), %;(1))
|:(1) — 2;(1)], if (1) continuous;
1, if z(7) discretez; (1)
0, if (1) discrete; (1)

# &;(1);

J
(1)
It is assumed that the continuous elements are probabijlitie
SOmaX@i@j D(fi, fj) =1.

Next we build a set of template poind$ using a simple
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Appendix: Policy Estimation

To estimate the policy, first a set &f synthetic dialogs are
sampled by running the simulation environmentin a genera-
tive mode and choosing an action from the set of allowed ac-
tions uniformly at random. The sequence of feature vectors,
action mnemonic, and rewards is logged so each simulated
dialog is a sequena&, do, 70, 1,01, 1, - - , Ln)-

Next we define a distance metric over feature vectors
D(#;,%;) as the maximum distance of an eleméim the
feature vectors:

D(&;, &) = max(d(%i (1), ;(1)))

w(jay) =1 _D(jvg)

and addw(z,7y) to a setWy, 5. We defineW, =

o Waag

If Wy o contains fewer than entries, we consider it under-
estimated, where is a parameter we define. In this case, we
increase and repeat the process above until eithey ;| >

v, Or e reachesg,,, ..., whichever comes first.,,, ... is another
parameter we define.

Finally we estimateP(3'|g, a) as

ZwGWA

9,a,9’

B Zg’ ZwGWA w

9,a,9’

The reward function over template poinky,a) is esti-
mated in an analogous way, by weighting the observed re-
wards.

The transition and reward functiod¥y’|§, a) and R(g, @)
now form a standard MDP model and value iteration can
be applied to computé)(y,a). At run-time, for a given
feature vectorz, we find the closest template poifit =

arg mingey D(&, ) and use it€)(y, ). After experimenta-
tion we ultimately used parameterseof 0.01, €,,4, = 0.2,
andy = 100.



Transcript of audio

Screenshots of graphical display

S1: First and last name?

U1: Junlan Feng

S1: Sorry, first and last name?

U1: Junlan Feng

Previous system action

ATandT Dialer

Recognition result

[empty]

Previous system action

First and last name?

Recognition result

Belief State

Remaining mass
[0 partition{s)]

Belief State
Remaining mass
[3 partition{s)]

junlan feng
florham_park, nj {usa)

State Features

Bestname

|
Best phone type -

Phones available | unknaown
Name comﬂrmed?| ne

Mame is amblgu0u57| no

State Features

Best name

Best phone type

Phones available one

Name comﬁrmed?| no

Allowed Actions
AskName First and last name?

Action Search

[ Mo information about action selection]

Allowed Actions

AskName Sorry, first and last name?
ConfirmName junlan feng

Action Search

8 junlan feng khii:_hie phan I Values at point 150 (distance 0.008)
oakton, va (usa
3 tkrun% thai cheﬁnafn ho) Name is amblguous?| no 17.427 AckName
en lynn 3
3 P ——. middietown, nj (usa) 16.431 ConfirmName
Previous system action Belief State State Features Allowed Actions
S1: Junlan Feng. Sorry, first and last name? Remaining mass Best name - AskName Sorry, first and last name?
[8 partition(s)] ConfirmName junlan fen:
Ul: Yes Best phone type - ‘ d g
e junlan feng .
Recognition result florham_park, nj (usa) - Phones available | one ‘ Action Search
40 junlan feng khian_hie phan Name confirmed? | no ‘ Values at point 11 (distance 0.000)
38 johnsing oakto@ va (us.a) Mame is ambiguou5?| no ‘ 1£.889 Confirmiame
33 johnzink john kain 17.885 Aski
27 iohntvne bedminster, nj (usa) ) skhame
Previous system action Belief State State Features Allowed Actions
S1: Dialing junlan feng Remaining mass Best name - AskName First and last name?
[8 partition{s)] ConfirmName junlan feng
Best phone type - ‘ CallTransferred Dialin
. g
Recognition result flarham ;:?kla:l} (fj:ag) - Phones available | one ‘
92 yes khian_hie phan MName confirmed? | ves ‘ et
oakton, va (Usa) Neme is ambiguous? | no | Values at point 12 (distance 0.000)

john kain
bedminster, nj (usa)

19.892 CallTransferred
18.890 ConfirmName
17.886 AskName

Figure 3:lllustration of operation of the HC+POMDP dialog managehd first column shows a transcript of the audio. The secongheonlshows the previous
system action and the first few speech recognition hypadhirsa the N-Best list, with their confidence scores. The ttwfumn shows a portion of the full POMDP
belief state)(s), which is a distribution over all possible 50,000 calleekeTourth column shows the state featutassed for action selection. The top of the final
column shows the list of allowed actions, with the full actian normal typeface and the action mnemodia bold. Finally the bottom of the final column shows
the value estimated by the optimization for each summaigragiven the current state featuré}(fc, a). The highlighted row indicates the maxim@rvalue,
whose action mnemonic is selected for output to the user.



