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Scaling POMDPs for spoken dialog management
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Abstract— Control in spoken dialog systems is challenging part because automatic speech recognition (ASR) and under-
largely because automatic speech recognition is unreliabland standing technology in the input module are error-prone, so
hence the state of the conversation can never be known with iee a computer must regard everything it hears with suspicion.

tainty. Partially observable Markov decision processes (EMDPs) W flicti id d t al indicat
provide a principled mathematical framework for planning and orse, conflicting evidence does not always indicate a $peec

control in this context; however, POMDPs face severe scaldlty _reC(_)gn?tion error, because sometimes p_eople change their o
challenges and past work has been limited to trivially small jective in the middle of a conversation. Finally, conveimais

dialog tasks. This paper presents a novel POMDP optimizatio g temporal process in which users behave in non-deteriginist
technique — composite summary point-based value iteration \yays ‘and in which actions have both immediate and long-term

(cspBVI) — which enables optimization to be performed on ffects. E Il of th trol i ken dial
slot-filling POMDP-based dialog managers of a realistic siz efiects. or all or these reasons, control in a spoken dialog

Using dialog models trained on data from a tourist information ~ System can be viewed as planning under uncertainty.
domain, simulation results show thatcspBvi scales effectively, Past work has argued that partially observable Markov

outperforms non-POMDP baselines, and is robust to estimatin  decision processes (POMDPSs) provide a principled framlewor
errors. for control in spoken dialog systems [1], [2], [3], [4], [5],
Index Terms— Decision theory, dialogue management, partially [6]. A POMDP views the state of the dialog as a hidden
observable Markov decision process, planning under uncesinty,  yariable: rather than maintaining one hypothesis for tiagest
spoken dialogue system. of the dialog, a POMDP maintains a distribution owedt
possibledialog states, called aelief state As the control

I. INTRODUCTION . - . .
) _module takes actions and receives evidence from the input
POKEN dialog systems (SDSs) help people accomplighyqyie, this belief state is updated. Short- and long-term

a task using spoken language. For example, a persfiaciives of the system are specified in the form of the

might use an SDS to buy a train ticket over the phone, o\ pp's reward function, and actions are selected with the

direct a robot to clean a bedroom, or to control a mus'&om of maximizing the sum of rewardsver time i.e., the

player in an automobile. Broadly, a spoken dialog systeBh\pp performs planning to determine an optimal course
has three modules, one each for input, output, and contrgy, 5ction which balances short-term and long-term priesiti
shown in Figure 1. The input module performs automatig,intaining multiple hypotheses for the current dialogtesta

speech recognition (ASR) and spoken language unders@ndinhies POMDPs to better interpret conflicting evidencd, an
(SLU) to convert an acoustic speech signal into a hypottussisi, the jiterature POMDPs have been shown to outperform

the user's intention, such asquest(flight, from(london)Jrhe 5 tomated and hand-crafted) techniques which maintain a
control module maintains an internal state and decides W'%?ﬁgle dialog state hypothesis [1], [2], [3], [4], [5], [6].

action the machine should take. This includes communigativ Even so, POMDPs face severe scalability limitations. The

act!ons _such aﬁsk_(departure-date;md non-communicative computational complexity of planning grows astronomigal
actions like consulting a database. The output module rendgOncepts are added to the dialog model, and POMDP-based
communicative actions from the machine as audio to the us§|50ken dialog systems in the literature have been limited to

Input module Control module trivially small dialog domains. Worse, for reasons expéain
| speech recognition & | Dialog below, the existing techniques for scaling found in the PGMD
W | language understanding model literature are of little use in the dialog domain.

This paper presents a novel optimization technique for scal
ing POMDPs in the dialog domain called composite summary
User point-based value iteratiort§PBVi). Consideration is limited
to so-calledslot-filling dialogs, in which the machine seeks

to collect avaluefor each of a set o#ttributes(or slots) as

Language generation & | Dialog quickly and accurately as possible. To keep planning tdeta

Wwwr text-to-speech manager / | X )
cspBVI makes two important assumptions. First, machine

actions are constrained to act on the singést hypothesis
for each slot, regardless of its value. Planning then need

This paper is concerned with the design of the contr@Nly consider the proportion of probability mass held bysthi

module. This is a challenging engineering problem in larg¥St hypothesis, reducing the size of the planning problem

within each slot to a small constant. Second, an indepen-

J. D. Wiliams s with AT&T Labs - Research. Email dence assumption is made across slots, allowing planning
jdw@research.att.com. b f d I ithi h sl A . h
S. Young is with Cambridge University Engineering DepammeéEmail: to be performed locally within each slot. At runtime eac

sjy@eng.cam.ac.uk. slot nominates an action, and a simple hand-crafted h&urist

Output module ¥

Fig. 1. High-level architecture of a spoken dialog system.
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chooses which among these to take. With these assumptiomiseren is a normalization constant independentbpf;, and
the complexity of the planning problem remains constanth wib’ which ensures tha} __, v'(s’) = 1.
respect to both theaumber of valueper slot and thesumber  As mentioned above, at each time-step, the machine receives
of slots allowing both to be increased to realistic, real-worldeward (s, a). The cumulative, discounted reward is written
sizes. Importantly, these assumptions affgleinning but not as
belief monitoring that is, they may impact plan quality, but
they do not reduce the machine’s ability to track the current L (r—1)
state of the dialog or interpret conflicting evidence. i = 27 ZbT(S)T(S’ ar) ®)
This paper is organized as follows. Section Il reviews the =1 °

fundamentals of POMDPs and reviews existing techniques (%ere b,(s) indicates the probability of being in stateat
POMDP optimization. Section Il reviews how POMDPs Calime-stepr and a, is the actiona taken at timer. The

be "_"Pp"ed to_ the s_poken di_alog pr??"em_ and ex_plains Wla}ﬁmulative, discountednfinite horizonreward is called the
traditional optimization techniques fail in this domairec8on return, denoted byV.., or simply V for short. The goal
IV describes thecspBvI method, and section V describes an thé machine is t(o)o,choose actions in sucﬁ a way as to

example dialog management problem, demonstrates its ORyimize the returri/ given the POMDP parametef§ —

ation, and compares its performance to a variety of basra'-zlinfzS A,T,R,0,Z,~,b). Determining how to choose actions
Finally, section VI briefly concludes. in this context is called “optimization.”

Il. BACKGROUND

This section reviews the definition of a partially obsereabP: Exact POMDP optimization
Markov decision process (POMDP), explains exact optimiza- \jaximizing V' in practice means finding a plan called a
tion, and sketches approximate optimization techniques. F,qjicy which indicates which actions to take at each turn.
more detail and examples, refer to works such as [7], [8}, [$bgjicies can be formed as a collection of conditional plans.

[10], [11], [12]. t-step conditional planlescribes how actions should be chosen
for t steps into the future. Formally, fastep conditional plan
A. POMDP definition is a_tree _of uniform dep_thk and consf[ant bran(_:hing factor
] i |0J, in which each node is labelled with an action. The root
Formally, a POMDP is defined as a tuple = npode is referred to as layérand the leaf nodes are referred
(S,A,T,R,0,Z,~,by) whereS is a set of states describing to as layerl. Every non-leaf node ha®| children, indexed
the machine’s world withs € S; A is a set of actions: 351 2,...,|0|. A conditional plan is used to choose actions

that a _machin/e may take € A; T defines a transition py first taking the action specified by the root node (lagjer
probability P(s'|s,a) ; R defines the expected (immediatean observatiory will then be received from the POMDP, and

real-valued) reward(s,a) € % ; O is a set of observations contro| passes along atcto a node in layet — 1. The action
o the machine can receive about the world withe O; Z  gpecified by that node is taken, and so on.

defines an observation probabili§(o’|s’, a) ; y isageometric  ag an jjystration, consider a POMDP with 2 observa-

disc;ount factor) < 7 < 1; and by is an initial belief state, yong and 4 actions. Three example conditional plans far thi
defined below. POMDP are shown in Figure 2. For example, conditional plan

The POMDP operates as follows. At each time-step, thepecifies that actioms should be taken first. 16, is then
world is in some unobserved state Since s is not known received,as should next be taken, and so on.

exactly, a distribution over states is maintained calldukbef
state b. b is defined inbelief spaceB, which is an(|S| — 1)-
dimensional simplexb(s) indicates the probability of being
in a particular states with initial belief stateb,. Based on,
the machine selects an actianreceives a reward(s, a), and
transitions to (unobserved) state wheres’ depends only on
s and a, according toP(s’|s,a). The machine then receives
an observatiorv’ which depends on’ and a, according to
/!
P(dls', a). . . C o, o,/ \o, o,/ \o, o,/ \o, o,/ \o, 0,/ \o,
At each time-step, the belief state distributiénis up-
dated using a function called tlstate estimatoSE), which
computes a new distribution over statésgiven a current
distribution over stateb, an action takem, and an observation
receivedo’ [12]:

0,

Fig. 2. Three examplg-step conditional plans.

b'(s') = SE(b,a,o) (1) A t-step conditional plan has\alue V(s) associated with
n-P(d|s,a) ZP(s’|a 5)b(s) ) it, which indicates the expected value of the conditionahpl
T e ’ ’ depending on the current (unobserved) stathis value can
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be calculated recursively far=1...¢ as:

Vi(s) = r(s,ar) +VZP(S/|87GT)'

ZP(O/|S/7QT)VTOL1(S/)7 (4)
wherea.- gives the action associated with the root node of
conditional plan,V;? , indicates the value of the conditiol
plan in layerr—1 which is the child index’ of the conditiona
plan, andVs,Vy(s) = 0. Continuing the example abo
suppose the POMDP has 2 states and the values of e:
the conditional plans were found to be:

Vi = (4.0,3.0)
Vir (3.3,3.3) (5)
Virr = (3.0,4.0)

Then if plan Il were executed repeatedly from state the
average discounted sum of the 3 rewards obtained wou
4.0.

Of course at runtime, the machine does not know the
s exactly and instead maintains a belief statd’he value o
a conditional plan at a belief stateis then computed as
expectation over states:

V(b) = b(s)V(s). (6)
In a POMDP, the machine’s task is to choose betwe
number of conditional plans to find the one which maxim
V; for someb. Given a set oft-step conditional plansV;
with n € M, and their corresponding valug¢®;*} and initial
actions{a}'}, the value of the best plan at belief states:

Vi, (b) = max b(s)Vi'(s). @)
Vy, (b) implies anoptimal policyry, (b):
(8)

Ty, (b) = ai wheren = argmax,, Z b(s)V(s).

In words, Vi (b) represents the (scalar) expected valus
starting inb and following the best-step conditional pla
in AV, which begins with actionry (b).

This process is illustrated graphically in Figures 3 an
In this example N3 consists of the thre8-step conditionz
plans I, I, and Ill given in equation (5). In this depicticthe
horizontal axis is the belief state where the left end of tF
axis indicates that = (1,0) (i.e., states; with certainty) ant
the right end indicates = (0, 1) (i.e., statesy with certainty)
The vertical axis shows the valu&sof the conditional plan:

v
0,1
Fig. 3. Value functions for the three conditional plans shaw Figure 2.
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Fig. 4. Optimal value function (shown as the heavy line) foe three
conditional plans 1, Il, and Il shown in Figure 2.

If \; contained all possible conditional plans, theg (b)
would give the value of theoptimal ¢-step policyfor this
POMDP. Unfortunately, this type of exhaustive approach is
doomed to failure since the number of possiblgtep condi-
tional plans is

0]t -1
[O[—1

A 9)
which grows astronomically in. In the example here with 2
states, 4 actions, and 2 observations, there are alrea@8416,
distinct 3-step conditional plans.

Fortunately, it has been found empirically that relativiey
t-step conditional plans make a contribution to an optimal
t-step policy. For example, in Figure 4, there are no belief
points for which conditional plan Il is optimal (i.e., forms
the upper surface). As a result, conditional plan Il will aev
contribute to an optimaB-step policy and can safely be
discarded. In general, this insight can be exploited to agmp
optimal policies more efficiently witkalue iteration[11], [9].
Value iteration is an exact, iterative, dynamic prograngnin
process in which successively longer planning horizons are
considered, and an optimal policy is incrementally created
for longer and longer horizons. Value iteration proceeds by
finding the subsetof possiblet-step conditional plans which

In Figure 3, the values of the three conditional plans am®ntribute to the optimatstep policy. These conditional plans
shown with the dotted lines. In this 2-state example, thaevalare calledusefu] and only usefuk-step plans are considered
functions can be shown as lines, but in general the valueben finding the(t + 1)-step optimal policy. For example,
of conditional plans are hyperplanes(i$| — 1)-dimensional in Figure 4, conditional plans | and Il are useful; conditi

space.

plan Il is not and will never form a child of &step conditional

Figure 4 shows theoptimal value function, which is the plan.
upper surface of all of the value functions, shown as the Each iteration of value iteration consists of two steps.
heavy line. Note how there are two regions: on the left wheFerst, in the “generation” step, all possiblestep conditional
conditional plan | is optimal and on the right where conditib plans are created by enumerating all actions followed by all

plan Il is optimal.

possible useful combinations ¢f — 1)-step plans, producing
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|A||N;_1|I°! t-step plans. Then, in the “pruning” step, conPBVI is an approximation technique. As more belief points
ditional plans which do not contribute to the optimastep are added, the quality of optimization increases at the resge
policy are removed, leaving the set of usefidtep plans. The of additional computational cost, allowing trade-offs te b
algorithm is repeated fdF steps, and produces the values anchade between optimization quality and computational cost
initial actions of the optimall’-step policy. For sufficiently [13], [14]. Moreover, since a vector (or, stated equivdignt
large T' it can be shown that a policy produced in this wag valueand a value gradient) is maintained for each belief
converges to the optimal infinite horizon policy [12]. point, interpolation for unsampled belief points at rurgigan
The pruning operation seeks to eliminate conditional plahe done accurately. PBVI has been demonstrated to find good
which do not contribute to the optimal policy. One way thipolicies on POMDPs with thousands of states.
can be implemented is with linear programming [12], which In summary, conditional plans provide a framework for
seeks to find a belief point for which a conditional plan igvaluating different courses of action, but enumeratirlg al
optimal, or to determine that such a point does not exist. Tpessible conditional plans is hopelessly intractable.u¥al
complexity of this linear program is significant and growgeration builds conditional plans incrementally for l@vgnd
with the dimensionality of belief spac|. In practice, the longer time horizons, discarding useless plans as it pssgs
combination of growth in the number of conditional plananaking policy optimization possible for small POMDPs. Even
and the computational complexity of the “pruning” operatioso, optimization with exact value iteration quickly becanie
cause exact value iteration to be intractable for problems @easible and approximate techniques such as point-bases va
the order of 10 states, actions, and observatlofiberefore iteration (PBVI) provide a way to trade off computational
to scale POMDP policy optimisation to real-world tasks;omplexity and plan quality, scaling to larger problems.
approximationsnust be made to the exact optimal policy. This

is described next. IIl. POMDPS AND DIALOG MANAGEMENT

This section first explains how spoken dialog systems may
be cast as a POMDP, and then shows why even approximate
Exact value iteration is computationally complex primgaril optimisation methods rapidly become intractable whenestal

because it attempts to find an optimal policy &t pointsin to real problems in this domain.
belief spaceB3. A family of approximate techniques quantizes The techniques in this paper are based onghe-POMDP
belief space into a set of points and only attempts to findodel which has been previously presented in [4], [5], and
optimal plans at these points. [6], and which is reviewed here for completeness. In the
Point-based value iteration (PBVI) is an example of onebs-pompP, the POMDP state variable is separated into
such technique [13], [14.PBVI first generates a set df  three components; = (Su,auy, sq4). The component, € S,
belief points PBVIB = {b1,bs,...,bn} by following a gives theuser's goa) such as a complete travel itinerary.
random policy to sample belief space. In theory it is possibihis paper is concerned with so-called slot-filling dialags
that any belief point might eventually be reached startinghich the user’s goak, is composed ofiV slotg s, =
from by, but in practice this is rare and the belief pointsl ... s), where s® € S¥. For example, in the air
selection process attempts to find those belief points whigfavel domain, a user goal, might be composed of, =
are likely to be reached. Then, value iteration is performegsfiom o sclass gairiine glime  date) The component,, € A,
but rather than searching all of belief space for vectors tfives the most receniser actionat the concept level, such
prune, PBVI takes a simpleax operation at each belief point.as stating a place the user would like to travel to, respandin
Like exact value iteration, PBVI produces a set of vectots a yes/no question, or a “null” response indicating ther use
N and corresponding actions. However, unlike exact valwgas silent. Finally the component; € S, records relevant
iteration the number of vectors produced in each iteraton dialogue history such as the grounding status of a slot, or
constant, because each vector corresponds to a beliefipoinhow many times a slot has been queried. None of these
in B. Furthermore the conditional plan found for each beligfomponents is observable directly by the machine and the
point b, is only guaranteed to be optimal for that belief pointSDS-POMDP belief state is formed from a distribution over
However, the hope is that it will be optimal, or nearly so, ahese componentss,,, a., sq)-
other points nearby. At runtime, an optimal actiermay be =~ The POMDP actior: corresponds to the machine action in
chosen for any belief poink by evaluatinga = a, where the dialog, such as greeting the user, asking the user where
n = argmax, y_ b(s)V"(s), just as in exact value iteration.they want to go “to”, or confirming a user goal. Finally, the
The value of each of these conditional plaig,(s), is ex- POMDP observation is separated into two componermts=
act, but only guaranteed to kmptimalatb,,, and in this respect (a,,c), wherea, € A, gives the hypothesis of the user’s

action provided by the speech recognition process,aisda

1Technically it is thecomplexityof optimal policies, and not the number confidence score.
of states, actions, and observations which causes valtsidte to become L. . L. .
intractable, but it is not obvious how to calculate the ccewity of a plan By substitution and making reasonable conditional in-
a priori and in practice the number of states, actions, and obsemgats a dependence assumptions, the POMDP transition func-
Uszef“' heuristic. L _ tion P(s'|s,a) and observation functionP(o’|s’,a) can

The phrase “Point-based value iteration” and acronym PB¥ftlencoined . . ,
by Pineau [13]. Subsequent work extended Pineau’s forionl4t4], and in be re-written in SDS-POMDP terms a#(s|s,a) =
this paper PBVI refers to this family of techniques. P(s,|su,a)P(a,|s.,,a)P(s}|s,,al,, sq4,a) and P(d'|s’,a) =

C. Approximate POMDP optimization
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P(a,,c'|a!,). These individual probability functions corre-in the number of sloté.
spond to intuitivemodelswhich can either be estimated from A common scaling technique in the POMDP literature is
data or handcrafted. For exampl®(a/,|s!,,a) provides a to “compress” the state space by aggregating states [20],
model of user behavior which can be estimated from dialgg1], [22], [23]. Unfortunately, in the dialog domain, tkeer
data, andP(s)|s,,,a.,, sq,a) could be handcrafted following is an important correspondence between states and actions,
e.g., the Information State Update approach [15]. The designd this correspondence would be lost in a compression. For
of the reward function (s, a., sq4, a) is left to the application example a user goal such @as= from-londonhas correspond-
designer as it implements the design objectives of a giverg system actions such anfirm-from-londonand print-
system. In generat encodes trade-offs between speed, afiecket-from-londonand it seems unlikely that an aggregated
propriateness, and accuracy, and one would expect thesestiie such afrom-london-or-leedswvould be helpful. As a

be different in (for example) the banking and entertainmergsult, optimization techniques which attempt to compthes
domains. POMDP through state aggregation are bound to fail in the

The slot-filling sos-PoMDP model may be regarded as arflialog domain. Similarly, attempting to exploit the faedr
extension of a “frame-based” dialog system [16], in whicform of the sDs-POMDP in optimization (using e.g., [24],
dialog state is a frame of attributes that are populated witB5]) is unlikely to succeed since most of the growth is
values as the dialog progressesctions are selected by adue to one component (the user’s goal), and the number of
(hand-crafted) dialog management algorithm that exanihmes required conditional plans required grows with each usat.go
frame and determines which element to query or confirm ne&S a result, to maintain performance, the complexity of an
Users can provide values for any slot in an utterance, sucha@proximation will grow as user goals are added.

“Where are you flying to?” / “To New York on Monday”, and Therefore to realize the benefits of the POMDP model in
in this respect frame-based approaches support a limired fohe dialog domain, a new optimization method is needed.
of mixed initiative.

A slot-filling sbs-PoMDP model extends the frame-based IV. CSPBVI METHOD DESCRIPTION
approach by maintaining not a single frame, but rather & nuition
distribution (belief state) oveall possibleframes. Instead of
Rround the rame that s mostikely. Firthe, aoton siseds, ' 2 novel POVDP optimization technique which enabes a
performed using an optimization criterion rather than adqansbt'f'"mg SDSPOMDPtO.be scaled to a regllstlc sizefo do
crafted dialog manager. The optimization process prodacegh's’. CSPBV'.makeS two |mportgnt assumpﬂons. . .
dialog manager (policy) that selects actions to maximize th First, looking through transcnpts of smglatgd d'a.|09$hN'
sum of rewards gained over the course of the dialog. In othne1|uCh smalle_r POMD_P—based dialog appI|cat|oqs, It was no-
words, the optimization process performs planning to fired tl%lced that actions which operate on a user goal tigafirmor

best action to take for a given distribution over framesiéfel print-ticketwere only taken on the user goal with the highest
state) belief mass. Intuitively, this is sensible: for confirmais the

. : . . machine should minimize the chances of a “no” response as
Despite the theoretical appeal of thes-POMDP in practice

mization f lability i E  eo this increases belief state entropy, lengthens the dialad,
optimization faces severe scalability Issues. For exanip decreases return. Moreover, committing to the wrong usak go
size of each slot i§S| = 100, then there are a total ¢,,| =

Sl — W disti s B h ‘ when closing the dialog (e.g., printing a ticket) resultséwere
Hw.' u/| = 100 Istinct user goals. Because the set o us?Jrenalties. With this in mind, the first assumption made by
actionsA,, and machine action& often refer to specific user

. . CSPBVI is to limit a priori actions like confirm and print-
goals, (for example, a user action which states part of a g

h as “A fligh Paris. ol , hi ) hi etto act on only the most likely user goal. Then, planning
such as Ight to Paris, please”, or a machine action w '%bnsiders only th@roportion of belief mass held by the most

confirms part of a goal such as “Leaving from London, i ;

. " . A ely user goal (and not its actual value). The structur¢hef
that nght? ), the SDS-POMDP action and observation séts grot-filling domain provides the framework required to map
grow with the number of user goals. A 5-slot problem Wherﬁ

h slot has 100 sl | . idered lin theadi etween actions and user goals.
each s Ot_ as oS ot values IS considered smatl in theglialo Second, in a recent data collection [28], it was noticed that
community, yet it is completely intractable for state-b&tart

. POMDP optimizati hni P when users are asked about a certain slot, they most often
alp;prolxwpate letting optlmllzerl]tmn tecbnlqufes sluc Efaseus r{jrovide a value for just that slot, and only sometimes previd
[14]. In fact, letting & equal t € number ot values Tor €ach, 65 for other sloté.cspavi capitalizes on this insight by
slot, the number of E)/[I/ans re_quwe_d by PBVI algor_|thr_n_s IIk?\assuming that cross-slot effects are unimportant for pfegnn
Eerseusgrows asO(G™ ). Wh"e .th's represents a SlgnlflcamHence, it first estimates system dynamics locally for each
improvement over value iteration which requires at worst

WHy(GW)T " oot ; o . .

Oo[(G™) ] conditional plans, it still grows exponentially 4an alternative is to abandon planning altogether and ghesdlect actions
[17], [18], [19]. While this avoids the computational prebis of planning, it
requires that the designer somehow encode incentiveshatretvard function

3In principle the generasps-PoMDP model is comparable to the more to Make long-term progress toward a goal, which inevitalsiguires some

advanced “agent-based” model in which the dialog managértaias beliefs hand-crafting and iterative tuning.

about the dialog and the user's goals, and performs plantengchieve 5cspaviand a precursor were previously described in workshop paper

its goals [16]. However the practicalities of this level adrgrality are not the authors [26], [27].

addressed in this paper. 6See table Il for data.

Composite summary point-based value iteratiaisHBVI)
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slot, then uses these estimates to produce a distinct dial@ggorithm 1: FunctionbToSummary
manager (i.e., POMDP policy) for each slot. In effect, ausio ~ nput: b, w
are chosen based on the expectation that user responses Wiliutput: b (for slot w)
not provide information about other slots. At runtime, each j(3, = bes) «— max,uw b(s®)
dialog manager nominates an action appropriate for its S'E’ti)(éu —rest) « 1 — g(“éw — bes
and a handcrafted heuristic chooses which one of these .t w w “
ke, i‘?c\ire;(zz ;lf_ ebidw)do
Together, these two assumptions reduce complexity signif- d d
icantly: plan growth is constant with respect to the number
of slot valuesG, and is performed separately for each slot,

resulting inWW separate optimizations, each wittdc) plans, pelief point in master spadecan be mapped to a belief point
wherec is a constant with respect to the number of slét)( in summary spacé for a specific slotw with the function
the number of values per slot}, and the planning horizon hToSummaryAlgorithm 1). This function sets the summary
(T). Moreover, while these two assumptions affect planninggljief componenb(3% = bes} equal to the probability mass
they do not alter how evidence is interpretetsPBVI still  of the most likely user goal in slat, setsh(3¥ = rest) equal
performs belief monitoring over all user goals. Hence, whag the remaining probability mass of all the rest of the user
a userdoes provide extra information or when conflictinggoals in slotw, and sets the dialog history in summary space
evidence is received, it is still properly incorporatedoirihe B(gs}) equal to the dialog history in master space).

belief state. The action set of each of these summary BMDPs consists of
the predicates o and take one argument, € {this, other},
B. Description wherew = thisindicates that an action in master spacefers

csPBVI consists of four phases: construction, samplinéj‘zi’thiS slot andw = otherindicates that refers tosome other
optimization, and execution. In theonstructionphase, first S0t (If the actionu operates omll slots,w is set tothis.) For

the masterPOMDP is created, which is an SDS-POMDP witffXxa@mple, in a slot-filing SDS-POMDP with two sldtemand
several constraints and additions. The users goat S, is (@ & master POMDP actiom = confirnifromj(londonj would
decomposed intdV slots, s, = (s,...,s") wheres®” € S¥ be mapped ta™™ = confirnithis in the summary BMDP for

u?

and whereS® refers to the set of values for slat. The thefromsiot, anda®® = confirnjother in the summary BMDP

dialog historys, € S is similarly decomposed intéV slots, for theto slot. _
s = (sh,...,s") wheres® € 5% and whereSY refers to ACtions in summary space are mapped into master space

the set of possible dialog histories for stot Machine actions Py appending the most likely user goal, and this mapping
are formed of predicates which take arguments that encede t implemented by the functiomToMaster (Algorithm 2).
slotw and the value (or values)” to which the action refers, Thearg max operation in line 11 of Algorithm 2 implements
Machine actions are writtepredicatdw](z), wherepredicate the centralcspevI assumption that actions like “confirm” or
refers to the illocutionary force of the action; refers to a Print-ticket” are limited to the most likely user goal.

slot index, andz refers to the slot value(s) referred to by FOr reference, the components of the master POMDP and
the action, if any. For example, the SDS-POMDP machif@immary BMDPs for a two-slot dialog task in the travel
actions ask-from and confirm-to-londonwould be restated domain are shown in table I. _ .

as asKfrom|() and confirn{to](londor). A special meta-slot _ 1he samplingphase ofcspaviis shown in Algorithm g

w = all denotes an action which refers to all slots, sucRampling iterates over each siot=1... W, and for each slot
as submifall](s™™ = london s©° = paris) and greefall](). consists of 3 stages..ln the first stgge (Algorithm 5, lind9?-
Finally, in the master POMDP a modified reward function " €achw the machine takes actions randomly to sample
createdr,,(s,a) which removes conditioning on all but thePCINts in summary space, written as the §&f, }. Initially

slot w. For example, if the reward for incorrectly/correctly thiS set is empty and at each step=1... N, the current
submitting a usersompletegoal is —25/+25, thenr,, would Pelief pointb is mapped into summary space for slotto

be assigned-25/+25 for incorrectly/correctly submittingnly ~ Produced with bToSummanyf b (or a point close té) has not
slot w, ignoring all others. Also, belief monitoring must@lready been visited, then it is added and two other quastiti

be tractable in the master POMDP, and this may requifé® Sampled usingamplePoint(Algorithm 6). samplePoint
approximations in the observation function; an examplédisf t 12kes each summary actiddi times, k = 1... K, resetting
is shown in the next section. to b after each, and recording the resulting rewardfj’gﬁl
After the master POMDP is formed) belief Markov and the successor point in summary spaceff,. In the
decision processes (BMDPs) are construété&ch of these second stage of sampling (Algorithm 5, lines 20-28), sangpli
will provide a compact representation of the belief state ofis repeated for theornersof summary space for each slot to
single slot, and for this reason they will be called “Summarjelp ensure coverage of summary space (Algorithm 7). In the
BMDPs”. Each of these has a state space with two compbird stage (Algorithm 5, lines 29-32), for each polift”,,
nents,S* andSY¥, whereS” = {bestrest} andS¥” = S¥. A the closest point ifb,, ,, is located and its index is recorded in

A Belief MDP is a Markov decision process with a continuous state 8Algorithms 5-7, which involve the sampling process, argetisin the
corresponding to a POMDP belief state [12]. appendix.
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TABLE |

COMPONENTS OF THE MASTERPOMDPAND SUMMARY BMDPS FOR A TWO-SLOT DIALOG TASK IN THE TRAVEL DOMAIN..

Master POMDP Summary BMDP forfrom slot Summary BMDP foto slot
State (sfrom. 510 g, sfrom, s19) A (§T[L°ml§g°m) A (§FS,A§‘d°)
State space siz¢ ~ |STom| . [Sto] . |Sffom| . | St = 10002 - 32 = |Sffom| . | sfrom| = 2. 3 = |89 8% =2-3
Action a afrom at
Action space size* ~ 10002 =3 =3
Belief state b(sfom, 510 q,,, sfiom, st0) X b(sfrom gfrom) - X b5, 51 -
Sampled quantities| — {btrom,n }, {l(from,n, & k)}’{ff(:ém,n} {bto,n}, {l(to, n, @, k)}, {Fig }

*In the master POMDP, there is om&ibmitaction for each distinct user goal (i.érom-to city pair); with 1000 cities there are
approximately1000? distinct actions. By contrast, in each summary BMDP, thege3aactions:ask confirm and submit

Algorithm 2: FunctionaToMaster

Algorithm 3: cspBvVI optimization procedure.

Input: a, w, w, b
Output: a

Input: Psps, {bwnt {I(w,n,a,k)}, {745} K, T
Output: {a;""}

1 if a operates orall slotsthen 1 for w« 1to W do
2 forﬁu—ltoWdo n ) N(_|{[;wn}|
| s < argmaxsp b(5y) s | forn—1toN do
4 | a« —afallj(sl,...,s") 4 L\?g<—0
5 else 5 for t — 1to T do

if 1@ = this then

Lw*:w

Il Generate {g*"},
/1 possibly useful

val ues of all
CPs.

else 6 for n —1to N do
| w* = randIntOmitW, w) 7 foreach a € A" do
. . 8 W — thls
10 if a[w*] takes an argument in master spatten s (w,n,afd], k)
9 Zk Tw n Vi1

" — argmax. b(s¥)
u

L 0 afuw](s")

11

12 Il Prune {¢*"} to yield {32},

13 else /1 values of actually useful CPs.
14 L a — aw*]() 10 for n— 1to N do )
- 11 a* «— argmax,q*"
12 a,"" — a*

~a*.n
13 VP —q

l(w,n,a, k). In summary, the sampling phase produces three —
quantities{b,, » } which is a set of sampled points in summary
space for each slab; {I(w, n,a, k)} which are the indices of

the closest points i{b., n} when actioni was taken from set of summary belief points, is computed for all slotso.
b, the kth time; and{7%% } which is the reward obtained For each belief point,, the index of the closest point in the
when actiona was taken frorwam the kth time. set{bwm} is found, and its summary actioa{’””") is mapped

CcsPBVI optimization shown in Algorithm 3, is runl¥/ to a master actiom™. This process is repeated for each slot
times, once for each slat using that slot's dynamics andw and produces a vector of nominated master actiaffs,
reward. Dynamic programming is used to iteratively find theinally, a handcrafted heuristic callethooseActionHeuristjc
best action and its expected value at each belief pigint  which must be created for each application, selects anractio
for longer and longer planning horizons. Each iterationt firfrom this vector to take.
computeSq‘i” which estimates the value of taking actiGn  Because the number of summary actions and summary
from pomtbw n, then from this computeg,”" (the optimalt- states are constant with respect to the number of slots fend t
step action abw n) @ando;”™ (the expected value of the optimalnumber of values for each slot},sPBVI optimization scales
t-step policy starting fronbwyn) Summary actions selected into handle many slots. The quality of the solution produced is
each iteration areestrictedto @ = this: that is, only actions a function of the optimization parametéfs N, and K, and
which operate orthis slot (or all slots) are incorporated intoof the quality of the handcrafted action selection heuwristi
conditional plans. Optimization ultimately produces atirogl However, the assumptions which allogsPBvI to scale
summary actior,”" for each pointb,, . introduce three potential limitations. First, like PB\UsPBVI

A cspBvVI policy is executedas shown in Algorithm 4. optimizes actions for a finite set of poin{én} and not the
Belief monitoring is performed in the master POMDP, andntire belief simplex. As such it is always possible that a
for a given belief point in master space, the correspondingonditional plan which is optimal for a region which does
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Algorithm 4: csPBvVI action selection procedure, used at has been created based on real dialog data. Past work has

runtime. shown that performance improvements predicted by user mod-
Input: b, {bw.n}t, {awnt els in reinforcement-learning based systems are borne out
Output: a ’ when deployed to real users [30]. Further, in this evaluatio
1 for w«— 1to W do policies trained on the simulated user are evaluated on a
2 | b bToSummarp, w) second simulated user estimated from held-out data, and it
. P is found that performance does not degrade significantlis Th
3 n* « argmin,, |by n — b) X .-
A av — aToMastefa™™ , i = this, b, w) provides some assurance that the learned policies aretrobus

to variations in the parameters of the simulated user.
5 a < chooseActionHeuristi{§a™})

A. Example spoken dialog system

not include a belief point will be omitted. In practice there A POMDP-based dialog manager callechk TRAVEL-W
are relatively few summary actions and thus (most likelyy@s created. MxiTRAVEL-W is an SDS-POMDP withV
relatively few regions, so provided enough points are sathplSIOts, where each slot contaifg0 values and wher&l” can
it seems improbable that a region would fail to be includedP® varied. The user's (single intention) goal consists of a
Second, since the summary belief state is a non_"ne%{pgle_value for each slot. To I_<eep belief monitoring traga
function of the master belief state, the dynamics of summa?§me independence assumptions between slots are made. User
space are not guaranteed to be Markovian. As a result, ffdIOns are decomposed bY slot intq = (ag,---ray),
central Markov assumption of value iteration may be vialatg®"d €ach per-slot user action elemert is decomposed
and value iteration may fail to produce good polidle¥et Nto three components;)’ = (agiae dstatesiot dyesnd» Where
in general, reinforcement learning has been found to usualistae € Asiate Isiatesior € Astatesior aNd dyesno € Afesno
produce good plans in non-Markovian environments [29]. “Astate CONSiSts ofstatdw](s?) and indicates the user said
Finally, csPBVI relies on the assumption that a “myopic’the'r goalwithout identifyingwhich slot it corresponds to —
view of system dynamics local to each slot is sufficient fdP’ €xample, “London” or “10:00 AM”. Agi;esiot CONSIStS of
planning, and that a handcrafted heuristic can succepsfiffateSldtu](s;) and indicates the user said their geaid
choose actions. This assumption seems well-founded sifdgntified which slot it corresponds to — for example, “to
experience from past work in dialog management suggests th@ndon”, “from London”, “leaving at 10:00 AM”, or “arriving
good plans can be constructed by operations which consi@rt0:00". FinallyAj.qy, includes actiongesandno. The sets
the state of a single slot at a time. Astate Astatesior andAyesyo €ach also containull.
In sum, our intuition is that these theoretical limitatiomi ~ Next, the user action modei(a, [s,,,a) was extended to
not be a problem in practice, and the next section testsyi SUPPOrt this formulation. Each slot contains a slot-specifi

empirically to verify performance on a slot-filling dialogsk User model, conditioned on whether the machine is asking
of a realistic size. about this slot or another (i.eany other) slot. To make the

user action model as realistic as possible, real dialog data
from the SACTI-1 corpus was employed [28]. The SACTI-1
corpus contains 144 human-human dialogs in the traveigiour
In this sectioncspPBvVIis evaluated in several ways. Tradiinformation domain using a “simulated ASR channel” [31].
tionally dialog managers have been designed by hand; matge corpus contains a variety of word error rates, and the
recently (fully-observable) Markov decision process (MDPoehaviors observed of the subjects in the corpus are broadly
have been shown to provide gains over hand-crafted desiggsnsistent with behaviors observed of a user and a computer
In this sectioncspPBvVIis compared to an MDP-based baselingsing a real speech recognition system [28]. The corpus
and a handcrafted baseline, and is shown to out-perfoflas segmented into a “training sub-corpus” and a “test sub-
both. Further evaluations show thaspPgvi scales better than corpus,” which are each composed of an equal number of
standard POMDP optimization with little loss in performanc dialogs, the same mix of word error rates, and disjoint stibje
Because the aim of these evaluations is to show thadts. Wizard/User turn pairs were annotated with dialog act
statistically significant performance gains hold acrosaréety such asaskandconfirmfor the wizard, and/es no, stateand
of operating conditions (such as the number of slots amehteSlo(as described above) for the user. One user model was
the speech recognition error rate), hundreds of thousanfen estimated from each sub-corpus, calledtthiming user
of dialogs are needed, and conducting these dialogs wiifbdel and theestinguser model® Excerpts from these two
real users would be impossible. Rather, a simulated user

10The user models did not attempt to estimate statistics fovppsitional
9A further limitation is that, unlike PBVIcspBvicomputes only the value content” of user utterances (such as “London”) from the wsypas it
of a conditional plan at each point, and not its value gradi&s a result, was assumed that the user would provide propositional nonthich was
cspBvidoes not compute accurate boundaries between regions l@glae consistent with their goal. Rather the user model estiméteddistribution
a nearest neighbor heuristic. However, a versioc®#8VvIwhich maintained of the “illocutionary force” of a user action for a given wigaaction: for
gradients was evaluated and obtained worse performancetiteamethod example, if the wizard asked about a particular slot, the msmlel estimated
presented here. It was observed that occasionally gradieotld be poorly how often the user would provide a value for that slot, hovemfthe user
estimated which reduced plan quality and lowered retumd, itis believed would include the name of the slot, and how often the user dvpubvide a
this was caused by the non-linear mapping into summary space value for another slot.

V. EVALUATION
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TABLE Il
SUMMARY OF USER MODEL PARAMETERS FOR THEMAXI TRAVEL-W APPLICATION.

Machine Action User Responsio (slot only) P(a®®’|s%" = London a)
Utterance a | Utterance (0% 1 osiot “igch) | Training Testing
“London” (london —, —) 0.521 0.532
“Where are you going to?” asKto] () “To London” (—,london —) 0.467 0.443
— — =) 0.013 0.025
“Where are you leaving from?” asKfrom() To LTdon (—,lon_doE)—) 8%22 8%;
“Yes” (—,—,yes 0.782 0.806
W . . " ) “Yes, London” london —, ye: 0.093 0.042
To London, is that right? confirmto] (london) “Yes to London” E_ Ionr(;on zeg 0112 0127
— (= — —) 0.013 0.025
“No” (—,—,no) 0.782 0.806
“To Edinburgh, is that right?”  confirnito] (edinburgh “N';)lo‘toLig?](égn" EI_On%?]ré;r{ 28; 82?2 82;’3
— R 0.013 0.025
“From Oxford, is that right?”  confirm{from](oxford) To LTdon (—,lonfoE)—) 8322 82%

models are shown in Table Il. In the table, the dash characteeful information, and the classifier's minimum error rate
(—) indicatesnull. decreases to 23%. At = 5, the minimum classification

A key property of real-world spoken dialog systems is thatrror rate is 8%, and ak approaches infinity, the minimum
speech recognition errors are not confined to separate slgtassification error rate approaches 0.
for example, a time such as “ten a.m.” may be mis-recognizedideally the observation inference model should express the
as another time such as “eleven a.m.”, or as a place suchpasbability of the entire observation given the entire user
“Tennessee” or an airline such as “Pan Am”. To model this agtion P(a!,, c'|a,), but this formulation would complicate
closely as possible, the observation model was separéted inbelief monitoring significantly. Instead, the observatioadel
generationmodel and arinferencemodel. An important goal estimatesP(a’,, c’|a?’) separatelyfor each slot:
in this work is to allow the user to say anything at any point
in the dialog, and so it is assumed that the same recognition P(ay, d|ay’) ~
grammar is active throughout. To model this, the generation
model makes concept confusions with a constant probability
perr, Where a confusion substitutes a non-null user action
component to any other componeéntany slot For example, pr(c;) - (1 — perr)

if there exists an
observation component
1 in a!, with the

if one concept error is made, the user action “Yes, London” / (11)
. ' ' sametypeasa?’,
might be changed to “Frankfurt London” or even “Yes No”. yp “
Sincenull is one type of user action, the generation model Derr otherwise
also simulates deletion errors — for example, “Yes, London” A -1
could be changed to “Yes”, “London” anull. The model does \yhere exampletypes include “place names’, “dates’, or
not simulate insertion errors. “boolean” (yes/no).

In addition, each observation component (such as “London"the reward function provided a large positive reward

or “To Edinburgh” or “Yes”) carries with it aper-concept (+12.5- W) for taking a correct submit action; a large penalty
confidence score. Past work has found that confidence SCOTQS 19 5. 1¥/) for taking an incorrect submit action; and a host

can be modelled with an exponential distribution [32], arteh ¢ smaller penalties ranging from1 to —3 depending on

confidence scores for correct recognitions are sampled frogy appropriateness of information gathering actions &ed t
pr(c) and incorrect recognitions are sampled frpp{l — ¢), grounding state given iay.

where , A cspBvtbased dialog manager requires a heuristic which
pule) = (he™) (10) chooses among actions nominated by each slot. For the
el —1’ MAXI TRAVEL-W application, this heuristic first looks for an

c € [0,1], h is a constant that determines the “informativenessgiskaction by considering the slots in order; if it does not find
of the confidence score. For example, ko 0 the confidence one, it then looks for aonfirmaction again considering the
score is random noise, and asgncreases the confidence scorglots in order; and if it does not find one then all slots must
becomes more reliable. To give an intuitive sense of theceffdlave nominated theubmitaction, which is selected.

of h, consider a classifier which attempts to label utterancesThe cspPBvVI optimization procedure takes a set of param-
ascorrector incorrectfrom a speech recognizer which makesters N, K, andT where N is the number of belief points
errors 30% of the timept,, = 0.30). Whenh = 0, the in summary space sampled for each sl&t;is the number
confidence score adds no information, and the minimum ermifr successor belief points sampled for each summary action
rate possible for a classifier would be 30% (by marking aéken at each belief point; anél is the planning horizon.
utterances as correct). At = 2, the confidence score addsExperimentation found that no gains in performance were
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achieved for values beyonl = 100, K = 50, and7 = 50, machine action, both slots are in a state of high certainty

and these values were used for all experiments, below. and both nominate theubmit action; the heuristic chooses
As an illustration, Figure 5 shows a conversation with a 2= = submifall](s™™ = london s = cambridge and the

slot version of MAXI TRAVEL-W with a typical concept error dialog is completed successfully.

rate p.. = 0.30) and a somewhat informative confidence

score (L = 2). This figure shows only the user goal component

— the dialog history component has been omitted due to space

limitations. In this example, the user is trying to buy a &tk B- Results

from London to Cambridge. ) )
Initially belief mass is spread over all user goals every a First cspBvIwas compared to a variety of fully-observable

at the beginning of the conversation, the summary belieésté\/]arkov decision processes (MDPs). Past work has shown that

for each slot is passed to its respective policy, and both tiEPPS are an effective technique for building good dialog
from slot and theto slot nominate theskaction. The heuristic Managers [33], [34], [32]. Like POMDPs, MDPs perform

examines these two actions and selectsasifrom() action planning, but unlike POMDPs they maintain a single discrete

(M1). The user's response (U1) of “London” is mis—recogdizeState' POMDPs have previously been shown to outperform

as “Leeds” with relatively high confidence (0.67), causing MPPs on very small dialog problems [1], [2], [4], [6], and
large shift in belief mass towardéedsin the from slot, and no Nere it will be verified that the assumptions madedspsv|

change to the belief state of theslot. For the second machined® N0t compromise the ability of the POMDP to outperform

action (M2), thefrom slot nominates theonfirm action and an MDP baseline.

the to slot nominates thesk action. The heuristic examines The first comparison sought to determine the value of
these and selects tlasKto]() action (M2). The user’s responsePerforming belief monitoring (i.e., maintaining multipkey-
(U2) of “To Cambridge” is again mis-recognized, this time aBotheses for the dialog state). In this experiment, no con-
“From Oxford”, with moderate confidence (0.45). Howevefidence score information is used (i.é.,= 0). Two MDP
since the user model indicates this is a re|ati\/e|y un|i|($9r baselines were created. Both MDPs used a state estimator
action, and because the confidence score is somewhat lsw, ich received the speech recognition hypothésisis input
results in only a moderate shift of belief mass towardord and tracked whether each slot wast-stated unconfirmedor

in the from slot (and again no change to theslot). For the confirmedusing basic grounding rules. The first MDP baseline,
third machine action (M3), théom slot again nominates the “MDP-Full”, formed its state space as the cross-product of
confirm action and theo slot nominates thesk action; the all MDP slot-states and the second MDP baseline, “MDP-

heuristic examines these and again selectsahfto]() action Composite”, estimated a separate MDP policy for each slot
(M3). and used the same heuristic to choose actions at runtime as
The user's response to M3 (U3) of “To Cambridge” i€SPBVL In all other respects the simulation environment for
correctly recognized with very high confidence (0.97). Thiéie MDPs andcspBvi were identical (e.g., the MDP action
causes a massive shift of belief mass toweachbridgein the set included the same actions as in th&PBVI action set).
to slot (and no change to tHsm slot). For the fourth machine Both MDP baselines were trained using Q-learning [35]. A
action (M4), thefrom slot is in the same belief state and agaiMariety of learning parameters were explored and the best-
nominates theconfirm action. Theto slot is now in a belief Performing set were selected: 100,000 training dialogsialn
state with high certainty, and nominates tubmitaction. The @ values set td), exploration parameter= 0.2, and learning
heuristic examines these and selects ¢befirn{from|(leedy ratea = 1/m, wherem is the number of visits to th€(s, a)
action (M2). To this the user responds “No, from LondonPeing updated. This experiment was repeatedfer 1...5 at
(U4) but this is mis-recognized as “No, to Edinburgh”. Thé& variety of error rates using the same optimization pararaet
no portion of the response is recognized with high confiden&esults are shown in Figure 6. When no recognition errors are
(0.78) and is also highly predicted by the user model, so agn@de (i.e.,pe;» = 0.00), the POMDP and MDPs perform
result a great deal of belief mass moves away flesdsin identically but when concept recognition errors are made
thefrom slot. However, the “to Edinburgh” portion is predictedi-€., perr > 0), the POMDP outperforms the MDP. As the
as highly unlikely by the user model, and is also recognizéWimber of slots increases, average return declines fifg
with very low confidence (0.13), and has virtually no effecdll techniques, because eliciting values for more slotsltes
on theto slot. For the fifth machine action (M5), thfeom in longer dialogs. Past work has shown that POMDPs cope
slot is now in a belief state with relatively low certaintyyca With conflicting evidence better than MDPs; the findings here
nominates theask action. Theto slot is still in a state of agree and suggest that the approximations madedngvi
very h|gh Certainty and again nominates thigbmit action. do not Compromise this crucial characteristic of the POMDP
Between these the heuristic selects the “ask[from]()”cacti @pproach.
(M5), and the user’s response of “From London to Cambridge” Next, the effect of confidence score was investigated by
(U5) is correctly understood. The “From London” portiorvarying h. The concept error rate was setitg.. = 0.30. For
is recognized with very high confidence (0.95) and caust#tee MDP-Composite baseline, a “confidence bucket” feature
a massive shift in belief mass; the “to Cambridge” portiowas added to the MDP state space representing “high” and
is recognized with relatively low confidence (0.33), and as“®ow” observed confidence scores. A variety of confidence
result has only a marginal effect on th@slot. For the sixth thresholds were explored and it was found that using a thresh
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System / User / ASR

POMDP belief state (user goal, from slot)

Master space

Summary space

11

POMDP belief state (user goal, to slot)

Master space

Summary space

Prior to start A
of dialog b b b
[ N s N e B 1 [ N e B e B 1
LDS OXD LON best rest CAM EDI LON best rest
from = ask A= ask
M1: Where from? N
U1: London b b b
fleeds=0.67] ETRLL oo, e
LDS OXD LON best rest CAM EDI LON best rest
Afrom = confirm Qo= ask
M2: Where to? n
U2: To Cambridge b b b
firom-oxford=0.4] 0 = oee, [] b, LS
LDS OXD LON best rest CAM EDI LON best rest
from = confirm A= ask
M3: Where to?
U3: To Cambridge A
[to-cambridge~0.97] b b
| EIN eee
LDS OXD LON best rest CAM EDI LON best rest
—— ——r
Afrom = confirm Ato= submit
M4: From Leeds, right?
U4: No, from London b /t\)
[no~0.78,
to-edinburgh~0.13] = 1 — o0 1 — XN —
LDS OXD LON best rest CAM EDI LON best rest
/éfrom = ask 310: submit
M5: Where from?
U5: From London n
to Cambridge b b b
[from—Ionfjon~0.95, ooe | | | | oo >
to-cambridge~0.33] LDS OXD LON best rest CAM EDI LON best  rest
M6: [prints ticket from London to Cambridge] Afrom = submit Ato= submit

Fig. 5. Example conversation with tftsspBVvIdialog manager. LDS stands for Leeds, OXD for Oxford, LONLondon, CAM for Cambridge, and EDI for
Edinburgh.a™™ and ¢ indicate actions nominated by each slot. Numbers indicatdidence scores; boldface highlights concept recognitisars. Only
the user goal component of the POMDP state has been showndiathg history and user action components have been onttiedo space limitations. As
described in Algorithm 4, the policy for each slot nominagesummary action such a°™ = confirm ora'® = submit. These actions are mapped to master
space using Algorithm 2 which appends the most likely usel ar the slot, converting (for exampl&f™™ = confirm into a = confirm[from](leeds.

old of 0.5 produced optimal results for the MBP.Results are shown in Figure 7. As the confidence score becomes more
informative (i.e., ash increases), performance increases for

11The other techniques considered included dividing the alidity mass
of the confidence score evenly between buckets, and dividing the rang

both thecspsviand MDP policies. Past work has found that

of error rates equally (e.g., for two buckets, setting ashetd such that POMDPs make better use of confidence score information
p(observation is correfifonfidence scofe= 0.5).
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Fig. 8. Average return vs. number of slots fospBvI and handcrafted
Fig. 6. Average return vs. number of slotd’§ for cspeviand two MDP  baselines at various concept error rates.
baselines at various concept error rates. AtGte® error rate, the solid lines
for cspBvI MDP-Comp and MDP-Full are equal and are overlaid.

of handcrafted policies to degrade.

than MDPs on very small dialog problems [5], and Figure To this point, all experiments hav_e_been optimized_ and
7 indicates that this trend continues at scale. evaluated on the same user modebifing user model in

Table Il). In practice, a user model will be a noisy estimdte o

10 real user behavior, and experiments so far have not addresse
what effect this deviation might have on performance. To
9 4 . . .
o CSPBVI (h=5) qu_el this, a 5-slot MxI TRAVEL-W was trained using the
. training user model and evaluated using thesting user

- CSPBVI(h=3) model described above. Results are shown in Figure 9. As

——CsPBVI (h=1) speech recognition errors increase, the average reward per

Average return (per dialog, per slot)

T --o:- MDP-2 (h=5) turn decreases as expected, and in general performance on
61 | T ko 1 -x- MDP-2 (h=3) the test user model is less than but very close to the training
RS Lo MDP-2 (h=1) user model, implying that the method is reasonably robust to
51 { """" Y variations in patterns of user behavior or estimation erior
the user model.
4
N Q o ™ % 12

Number of slots (W) 10 1
Fig. 7. Average return vs. number of slot&/] for cspevi and MDP-
Composite-2 baseline for and for concept error nate. = 0.30 at various
levels of confidence score reliabilityr).

er dialog, per slot)
(2]

csPBVIoptimization was then compared to two handcrafted |
dialog managers, HC1 and HC2. HC1 and HC2 both use tEe

same state estimator as the “MDP-Composite” baseline. Bth 07 ~ Training user model

HC1 and HC?2 take thaskaction fornot-statedslots, and the & -2 | — Testing user model
. . . . 3]

submitaction forconfirmedslots. Forunconfirmedslots, HC1 2z 4

takes theconfirmaction and HC2 takes thask action. HC1 O & O KO L B o O PR LS P

and HC2 were evaluated by running 10,000 simulated dialogs o7 o7 0¥ 07 o¥ ¥ 67 67 oF o7 67 07 o o

for various number of slots and error rates. Results are show Concept error rate (P er)

in Figure 8. Fig. 9. Average return vs. concept error rate for training &sting user
cspBvIoutperforms both handcrafted controllers at all erronodels.

rates. As the number of slots increases, the reward gained pe

slot decreases, but at higher error rates (ipe., = 0.50) Finally, the scalability ofcspBviI was compared to di-

this decline is precipitous for the handcrafted contrsllbut rect optimization. A simplified, one-slot version of the

gradual for the POMDP. One reason for this is that th@AxI TRAVEL-W application was created, with a concept

POMDP is making use of a user model and taking properror rate f.,.) of 0.30 and no confidence score information

account of less likely observations, but the handcraftdidips (. = 0). The number of slot valuesM{) was initially set

place equal trust in all observations. As dialogs becomgdgn to 3. cspBvI was run on this application witlv. = 100

the simulated user provides less-reliable informationuabadbelief points (in summary space), and as a baseline, PBVI (as

otherslots more times in each dialog, causing the performaniceplemented inPerseuq14]) was also run on this application
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with N = 1000 belief points (in master space). This procesthe ultimate goal is to decide which component to replace. In

was repeated for values dff (i.e., distinct number of slot this scenario, the identity of the particular componeniessl|

values) from 3 to 5000. important than how likely it is to be the culprit given the
Figure 10 shows\/ vs. average return farspevi and the evidence. It would be interesting to try applyirgpPBvi to

PBVI baseline. For small problems, i.e., lower valuesMf problems like this outside of the dialog domain.

cspBVI performs equivalently to the PBVI baseline, but for

larger problemscspPivi outperforms PBVI by an increasing

margin until A/ = 100 at which point PBVI was not able to

find policies. Moreover, thespBvi policies were computed

using 90% fewer belief points than the baseline; icspPBVI

policies scale to large problems and are much more compact.

6 1 RS
4 N N\
£ 2
2 A
IS N
[ \
g2 \
[ \
2 -4+
A}
67| —cspavi
\
87| ---PBVI |
10
> ™ 1) Q Q \) QO QO QO Q Q Q
» v ) \9 q/Q (,)Q \90 (190 (000

Number of distinct slot values (M)

Fig. 10. Average return vs. number of distinct slot valugg) for a simplified
1-slot dialog problem.

Itis interesting to note that a§ increases, the performance
of the summary POMDP method appears to increase toward an
asymptote. This trend is due to the fact that all confusiors a
equally likely in this model. For a given error rate, the more
concepts in the model, the less likely consistent confisséoe.
Thus, having more concepts actually helps the policy identi
spurious evidence over the course of a dialog. In practice of
course the concept error rate.. may increase as concepts
are added.

VI. CONCLUSIONS

cspPBVI enables slot-filling dialog systems cast as SDS-
POMDPs to be scaled to handle many slots. In dialog simula-
tion, the scalability gained with localized planning maint
performance gains over baseline techniques while toteyati
errors in user model estimation. AlthouglsPBviI makes sev-
eral important assumptions — i.e., sufficient coverage bébe
space, lack of value gradient estimation, Markov assumptio
violations, and localized planning — in practicspPBvi out-
performs MDP and hand-crafted dialog manager baselines
while scaling to problems beyond the reach of other POMDP
optimization techniques. Now that realistically-sizedteyns
can be created, our next step is to conduct triale®PBVH
based dialog managers with real users.

cspBVI was created for the dialog management domain,
but it could also be applied to similarly structured probéem
in other domains. For example, consider a fault remediation
task consisting of a network with many components. Tests
may be run which give an indication of faulty component, and
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APPENDIX
ALGORITHM LISTINGS

Algorithm 5: Sampling stage ofspBviI.

Input: Psps, e, N, K, W

output: {bu,n} {755}, {1(w, n,d, k)}

/'l lterate over each slot w.
1 for w«—1to W do
/1 First, sanple points
/1 using a random policy

2 s « sampleFromDistributiofh)
3 n«—1
4 b— bo
5 | by, — bToSummargh, w)
6 | (P&k, b3k ) — samplePoirsps, b, w, K)
7 while n < N do
/| Take a random action and
/1l compute new belief state.
a — randomElemerttA|)
w « randomElemeit{this, other})
10 a «— aToMastefa, w, w, b)
11 s’ « sampleFromDistributiaiP(s’|s, a))
12 o' «— sampleFromDistributiof (o’ |s’, a))
13 b~ SE(b,a,0)
14 b — bToSummargh, w)
[l If thisis a (sufficiently)
// new point, add it to B.
15 if min;epr ) [bw, — b > € then
16 n—Mm+1
17 lAvw_,n —b
18 (7&k b3k ) — samplePoin®sps, b, w, K)
19 s— s

/7 Second, sanple corners §
/1 of summary space

20 | foreachs e S, do

21 foreach s € S,, do

22 L b(3) — 0

23 b(3) — 1

24 if min;eqr ) [bw,s — b > € then

25 n—(n+1); N—n

26 b «+ sampleCornéhby, §)

27 bw.n — bToSummarh, w)

28 (7&k b3k ) — samplePoinBsps, b, w, K)

/1 Third, find index i(w,n,a,k) of
Il closest point to bi*
29 for n < 1to N do

30 foreacha € A* do
31 for K+~ 1to K do
32 L Hw,n,a, k) — argminﬂbﬁ;ﬂ — by i

14

Algorithm 6 : FunctionsamplePoinused bycspBviI sam-
pling (Algorithm 5).

Input: Bsps, b, w, K
Output: {b*+}, {7d-F}
1 foreach @ € A¥ do
2 | foreachw € W do
3 for k —1to K do
/1 Sanple a (possibly) new
/1 master state S.
§ « sampleFromDistributiofb)
a < aToMastefa, w, w, b)
s' « sampleFromDistributiaiP(s’|$, a))
o' — sampleFromDistributiof (¢’ |s’, a))
/1 Conpute successor ¥ and
/1 save 7@k and pollk,
b — SE(b,a,o)
palolk Tw(§,a)
10 bk — bToSummargh’, w)

N o o b

Algorithm 7 : FunctionsampleCorner

Input: b, s
Output: b
1 s «— argmaxg, b(sy)
2 if §, = bestthen
/1 \When §, =Dbest, best guess for
/1 user’'s goal is correct:
Il set s, to this guess and b(sy)
/!l to that corner.
foreach s, € S, do
L b(sy) <0
5 b(sk) — 1

u

6 else

/1l \When §, =rest, best guess for
/1 user’s goal is NOT correct:

/'l set b(sf) to zero and

/'l renormalize, then

/1 sample s, fromthis renormalized
/1 belief state.

b(sk)—0

norm« >  b(su)

foreach s, € S,, do

10 L b(sy) — Lo

norm

/1 Copy b(sq) directly into b(sq).
11 foreach sy € S; do

12 | b(sa) < b(sq)
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