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ABSTRACT to judge whether performance improvements will hold once

Although user simulations are increasingly employed in theSyStemS are deployed to real users. To address this problem,

development and assessment of spoken dialog systems, th(ge\fr rosreg:ea wgllq'tyfg]resasgéaﬁregge;i?;:;}“fgé%?i;:ak'ne:o \év)zrd
is no accepted method for evaluating user simulations.i$n th ( ) P 9 y, perpl

. . or language modelling, or BLEU score for machine transla-
paper, we propose a novel quality measure for user smulé_— guag 9

tions. We view a user simulation as a predictor of the perfor-'on'
mance of a dialog system, where per-dialog performance is . .
measured with a domain-specific scoring function. The qual- In past work, Cl_JayahwEI et al [1.1] _evz_gllu”ate a user sim-
ity of the user simulation is measured as the divergence bé’-_lat'ons by computing the *dialog similarity” of a re_al and
tween the distribution of scores in real dialogs and sinealat simulated corpus. Each of these two corpora are viewed as

dialogs, and we argue that the Cramér-von Mises divergenége .out.put ofa hidd?” Ma}rkov model (HMM)’ and the dialog
is well-suited to this task. The technique is demonstrated os',m"_a“t}’ measure 1S defined as the divergence t?et""ee” the
a corpus of real calls, and we present a table of critical va/distributions estimated for these two HMMs. This method

has the desirable property of producing a scalar-valued dis
tance which can be used to rank order different user simu-
lations. However, casting dialog as the output of an HMM

Index Terms— User simulation, user modelling, dialog makes strong structural assumptions, and it is not clear how

ues for practitioners to interpret the statistical sigaifice of
comparisons between user simulations.

simulation, dialog management to determine how well the estimated HMMs match the cor-
pora. In addition, it is unclear how to express the relative
1. INTRODUCTION AND BACKGROUND importance of different dialog elements, such as task cempl

tion and dialog length, in a given domain. Finally, to presen
Recently, researchers have begun applying machine lgarni@n evaluation, many details of the HMMs such as their states,
techniques to the problem of dialog design. The essen#al id transition structures, parameterizations, estimatiothous,
is that a human designer provides high-level objectived, anetc. would need to be discussed, which is cumbersome for
an optimization or planning algorithm determines the dethi  practitioners and researchers. In other work, Schatzmtain e
plan. This optimization usually requires a user simulation[12] propose a broad toolkit of tests for comparing simudate
which is a computer program or model that is intended to b@nd real dialogs, such as computing the precision and recall
a appropriate substitute for a population of real users. & us of simulated and real user responses. However, the autbors d
simulation consists of aiser behavior modelvhich gener- not take up the problem of a single quality measure for a user
ates textual synthetic user responses asgegch recognition simulation. In sum, in the field there is no accepted, easily
modelwhich simulates the speech recognition process, posgeportable statistic providing an indication of the quatif a
sibly introducing errors. Common optimization techniquesuser simulation.
for dialog systems including Markov decision processes [1,

2, 3, 4, 5] and partially observable Markov decision proesss This paper is organized as follows. First, section 2 states
[6, 7, 8,9, 10] require a user simulation. our assumptions and presents the evaluation procedura, The
In evaluations with real users, dialog systems augmenteskction 3 provides an illustration using real dialog datad a
with machine learning have outperformed reasonable baseenfirms that the evaluation procedure agrees with common-

lines [1]. Unfortunately, evaluations with real users anely  sense intuition. Finally, recognizing that there may be albm
conducted; instead, it is much more common for machin@umber of real dialogs available, section 4 tackles the prob
learning applications to be evaluatexiclusivelywith a user lem of data sparsity and develops a concise table of critical
simulation, for which no measurement of accuracy or reliavalues for practitioners to easily interpret the relidhitf an
bility is reported [2, 3, 4, 5, 6, 7, 8, 9, 10]. As such, itisthar evaluation. Section 5 then concludes.



2. METHOD alogs is expensive and time-consuming, and there may only
be Ny = 50 or 100 real dialogs available. Moreover, it seems

Although past work has argued that the aim of a user simuladnlikely that we will know the parametric form gf(x) in
tion is to engage in “realistic” dialogs [12, 11], in pra&itis advance. Thus, an estimate of the density is unlikely to be
unclear how realism could be implemented as a quantitativeeliable, and the divergence measure should not depend on a
metric. Here we take a slightly different view. We believatth density.
the role of a user simulation is to accurateledictthe per- Given this consideration, a natural choice of divergence
formance of a dialog system when it is deployed to a certaimeasure is theaormalized Crarér-von Misegslivergence:
user population. More formally:

- . 3 N No
For a given dialog syster® and a given user population _ 0y _ 0 o
Uy, the goal of a user simulatidy, is to accurately pre D(Fo|[Fy) = o Z;(FO(I@)) £ (I(i))) @)
dict the performance db when it is used byJ,. h

Here, user population is defined to include the variation&nere£; is theempirical distribution functio(EDF) of the

expected across users and the variations expected forreach flatas; = (ff'zly ce !EfNj))i
dividual user, including variations in initiative leveldialog _
act frequencies, patience, and so on. For a goal-oriensed di N; (1 if l’@) <
log system, the user population includes the variety and fre Fj(z) = 1 1oif %) = g 2)
guency of the tasks that users are trying to accomplish. N; =1 lo if . >
We next address performance in a single dialog: @
The performance of a dialog systdinn a particular dia- anda = /(12Ny)/(4NZ — 1) is a normalizing constant
log d(;) can be expressed as a real-valued segfg com- which scaleD (Fy||F1) to the rangd0, 1].
puted by a scoring functio@(d;)) = ;). The normalized Cramér-von Mises divergence is based on

X . X X a family of statistical tests originally developed by Cerm’
The scoring functpn |tself_ is dependent on the dlqlog Sys[15] and von Mises [16] which measure agreement between
tem and is created by its designer. The scoring funCtlormak%bserved sets of real-valued data. Equation 1 is based on a

as input all of the factors that the designer believes aee rel variant of the Cramér-von Mises test studied by Anderson
vant — such as task completion, dialog length, and user satiﬁj] augmented here with a normalization constant

faction. The designer may basg the scoring function_on busi- The normalized Cramér-von Mises divergence has a host
Ness re.quwements.[13] or aweighted sum of factors mtendegf desirable properties for evaluating user simulationg- B
to predict user sa‘usfactlon S_UCh_ as the PARA_D|SE m_ethogause it operates on the empirical distribution functidDFig

[14]. Often, the scoring function is already available siiitc _it makes no assumptions about the parametric form(oj

is required by many machine learning algorithms, where itiS, requires no tuning parameters. In this respect it iepref

sometimes called @ward functior{2, 8]. _ able to divergence measures which require an estimate of den
Next, these scores can be aggregated into lists: sity, such as the Kullback-Leibler divergence. In addititve

A given user populatiofi, using dialog systeni will Crameér-von Mises family of tests is regarded as having more
yield a list of scoresSy = (22,,,...,2% ). Similarly, a statistical power than other non-parametric methods for-co
0 . . .
user simulatioriJ; using dialog syster will yield a list paring EDFs [18]. Moreover, because a divergence is a scalar
of scoresS; = (I%I)’ . ,I%N ))_ divergencesto different user simulations can be rankrerje
1

enabling direct comparisons to be made between different
With these two lists, we can now state the basic intuitioruser simulations. Also, no assumptions about the structure
of our quality measure for a user simulation: of dialogs are made, and so it is concise to report. Finaity, t
normalization provides a common scald@®f1] across exper-
iments and domains, independent\af. This feature enables
scores to be easily interpreted and compared across ditfere
In this paper we define divergenceD(X||)) to be a  experiments and different domains.
scalar, non-negative measurement of how well someXist Of course, this method has several limitations. First, even
which are samples from a “true” distribution, is matched byif the dialog scores in the set§ andS; and co-incident,
some other lispy, which are samples from a “model” of the the true and modelled dialogs may still be quite different in
truth. If D(X||Y) = 0, then) is taken to be a perfect model terms of (for example) length or task completion. This is in-
of X. evitable with any scalar evaluation metric: for example, in
In the limit of an infinite number of dialogs, the sefs  speech recognition, identical word error rates may haverdif
andS; could be described by probability density functionsent numbers of deletions, insertions, and substitutioreseH
po(x) andpy(z). In practice, however, collecting real di- the intention is that the domain-specific scoring funct®n

A user simulationU; may be evaluated by computing|a
real-valued divergencB(Sy||S1).




Dialog Dialog

Speaker Transcript score Condition score
System  AT&T Dialer. -1 System transfers caller to the correct destination 20
Caller [silent] System transfers caller to the incorrect destination-20
System  First name and last name? -1 System hangs up for any reason —20
Caller Jeannie Smith Caller hangs up at very first turn 0
[JENNY SCHMIDT U S~ 85] Caller hangs up after very first turn -5
System Jenny Schmidt, USA -1 Each system turn -1
Caller No
[NO ~ 95] Table 2. The scoring function used for the voice dialer.
System  First name and last name? -1

Caller Jeannie Smith the user simulation.

[JEANNE SMITH ~ 98] The dialog system presented here is a voice dialer applica-
System Jeanne Smith. Office orcell?  —1 tion. This application is accessible within the AT&T resgar
Caller Office lab and receives daily calls. The dialer's vocabulary cstssi
[OFFICE ~ 82] of approximately 30,000 distinct callees across many lassin
System  Office phone. -1 units, not just staff in the research lab, and can disamiégua
Caller [silent] between people with the same name, and between multiple
System Dialing. 420 phone listings for the same person (e.g., office and mobile).
Total dialog score F14 Table 1 provides the transcript of an example dialog.

The dialer application was selected for this study because
Table 1. An example conversation with the AT&T dialer. it is used by people with real information needs. Since our
Textin brackets shows ASR recognition result and confidencgcus is on user behavior, it would be less desirable to use
score, which ranges from 0 to 100. The dialog scoring funcdialogs collected from paid subjects, who in effect rolaypl
tion is described in the text below and summarized in table 23nd do not really suffer the consequences of system failures

Names have been changed for privacy. The corpus used here, which excludes calls from system

weights the relevant factors of the dialog appropriatelghs developers, f:qnsist_s of 468 ga_lls from 40 distinct call§h;ase
that any aliasing is by definition acceptable. Also, just aScalls were divided into a training set of 3_20 calls with 1265
evaluation metrics like word error rate do not suggest hovf@ller tums, and a test set of 148 calls with 581 caller turns
a speech recognizer could be improved, we do not expect th4ith disioint sets of callers.

our metric will suggest how a user simulation could be im- ~ To illustrate the evaluation method, we begin by creat-
proved. Schatzmann’s toolkit [12] seems more appropriatéd @ scoring function (table 2), which reflects the design pr
for this type of analysis. Finally, our method requires reaforities of this system. Next, two user behavior models and
dialog data from the dialog system being evaluated, but ifiwo ASR models were built. Aandcrafteduser behavior
practice, a user simulation is often used to build (via maehi model was designed which assumed that the user is coopera-
learning) anewdialog manager. Theoretically, it is not correct tive and patient, always answering questions as requestdd,

to make claims about the quality of a user simulation interac Never hanging up. Secondstochastiauser behavior model

ing with somenewdialog system for which real dialogs do not Was estimated from the training dialog data. At each system
exist. Nonetheless, we expect that — all else being equal —R{OMpt, categories of user responses were counted, includ-
user simulation that is a better performance predictsoofie  ing different kinds of cooperative answers, out-of-gramma

dialog system is likely to be a better performance prediotor SPeech, silence, and hang-ups. These frequency counts were
a new dialog system. used to form a statistical model of user behavior using smpl

maximume-likelihood estimation. For example, in the situa-
tion s = the user was asked for a naptbe model for the
3. EXAMPLE APPLICATION user’s actioru is P(a =say first and last namgsg = 0.692,
P(a =say name with city and stdtg = 0.033, to P(a =say
In this section, we strive to show that the normalized Cramé something out of grammgy) = 0.147, P(a =remain silenfs) =
von Mises evaluation procedure agrees with common-sende039, andP(a =hang ugs) = 0.089.
intuition by studying a corpus of real human-computer di-  Next, two speech recognition simulations were created.
alogs. A series of user simulations are created, and it issho Each speech recognition simulation takes as input the fext o
that increasingly accurate user simulations yield deangas the user’s speech, and produces as output a (possibly erro-
Cramér-von Mises divergences. In other words, it is showmeous) text string and a confidence score, which is used by
that the Cramér-von Mises divergence correlates well withhe dialog manager to decide whether to accept or discard the
the qualitative difference between the real environment anoutput.



Dialogs used to compute EDF ~ D(F||F)

Handcrafted behavior + no ASR errors 0.36

0.8 1 Stochastic behavior + no ASR errors 0.21
Handcrafted behavior + ASR errors 0.20

061 Stochastic behavior + ASR errors 0.067
Training set (real dialogs) 0.098

Table 3. Cramér-von Mises divergence between the EDF of
the test set of dialogd) and other corpora.

o
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\

Empirical distribution fn (EDF)
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~

o
I

user simulations were known in advance by design: the key
-8 -3 -25 -20 -15 -10 -5 0 5 10 15 20 finding is that the Cramér-von Mises divergence has recov-

Dial . ; . '

- 1alog score ered this ordering, and this result lends support to ountlai
—— Valdation ——Stoch+errors HC + errors that the normalized Cramér-von Mises divergence is a suit-
——Training ——Stoch + no errors o HC + no errors

able quality measure for user simulations.

In addition, the divergence from the held-out test set to the
training set is slightly greater than that to the best usaisim
lation, indicating that the predictive accuracy of the hessr
ﬁimulation is within the bounds of sampling error measured
with held-out data. Yet this raises an important questien: |
the difference between the best and worst user simulations

The first speech recognition simulation made no errorsteliable? More generally, what magnitude of difference in
in-grammar speech was recognized accurately (with the maxlivergence is statistically significant? This is the questd-
imum confidence score df00), silence was correctly iden- dressed in the next section.
tified, and out-of-grammar speech was discarded (via a con-
fidence score of zero). The second speech recognition sim- 4. STATISTICAL SIGNIFICANCE
ulation modelled the errors and confidence scores found in
the training set. Error statistics were computed by examTo begin, consider the cumulative distribution functiéhéz)
ining each recognition attempt and determining whether thend probability density functions; (x) for the user popula-
user’s speech was in-grammar, out-of-grammar, or empty, tion and two user simulations. By definition, these describe
and also determining whether the recognition outcam&s  the true cumulative distribution and probability densitif
correct, incorrect, or empty. Counts of edeha) pair were  the user population and the two user simulations in the pres-
made and used to compute conditional probabilif€é|a).  ence of an infinite number of samples. The normalized Crameér

For example, when the user said an in-grammar name (actiafon Mises divergence on the true distributions is [19]:
a), the model for the outcomé is P(a =recognized cor-

rectlyla) = 0.795, P(a =recognized incorrectly) = 0.190,
P(a =mistaken for silende) = 0.015. In addition, for each D*(R||P;) = ﬁ\//(Po(I) — Pj(z))*po(x)dz  (3)
(a,a) pair, confidence score frequencies were counted and

used to simulate confidence scores in simulation.

Fig. 1. Empirical distribution function of all user simulations,

the training set, and the test set. “HC” is the handcrafted us
behavior model, “Stoch” is the stochastic user behaviorehod
estimated from data, and “errors” refer to simulated speec
recognition errors.

where3 = /3 is a normalization constant that scales the
Each of the two user behavior modetafdcraftedand  divergence to the range, 1].

stochastig was run with each of the ASR simulationsith If this test is applied to each user simulation and it is
errors andwithout errorg for 1000 dialogs, and each dialog found thatD*(Py||P;) < D*(Fy||P2), then it could be con-
was scored using the scoring function described in table Zjuded that user simulation 1 is better than user simulaion
The EDF for each user behavior model/ASR model pair wagand visa-versa). Since these quantities are exact, thewe i
then computed and plotted in figure 1. Finally, the normalize chance that an observed difference would be due to noise:
Cramér-von Mises divergences from the test set were comany difference is statistically significant. In practicenho
puted, shown in table 3. ever, we will not have access 1§ (z) norp;(z). Rather, we

The handcrafted user behavior model with no ASR erhave samples from these distributiafis= (x7,). ..., z(y,,)
rors produces the largest Cramér-von Mises divergenee; thwhich are used to comput@(Fy||F;). The key issue is that
stochastic user behavior with ASR errors produces the smalD(Fy||F}) is anestimateof D* (P || P;) and therefore subject
est Cramér-von Mises divergence; and the other combimatio to sampling error.
are between these two. In other words, as the predictive ac- Developing critical values for Cramér-von Mises-typddes
curacy of the user simulation increases, its Cramér-vasebli is analytically quite difficult [18]. Here we tackle this fro
divergence decreases. In this experiment, the best and wotem by constructing a simulation experiment. We randomly
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Fig. 2. Measured divergence to user simulatio{Fp||F) and user simulation D(Fy||Fz) vs. ordering reliability for
N1 = Ny = 1000 dialogs with each user simulation and various humbers @fi"igser dialogsVy.

generate distributions for a user populatiBg(z) and two No | p>0.90 p>0.95
user simulations”; () and P,(z). Then, we compute the 50 0.08 0.12
true ordering of the two user simulations as the ordering of 100 0.06 0.09
D*(Py||P1) and D*(Py||P;). Next, we sample fronPy(x), 200 0.05 0.07
Py (z), and Py(z) to produceFy(x), Fi(z) and F>(x), and 500 0.04 0.05
computepredictedordering of the two user simulations as the 1000| 0.03 0.04

ordering of D(Fy||Fy) and D(Fy|| F). Finally we determine

if the predicted ordering agrees with the true ordering,setd  1aPle 4. Difference in normalized Cramér-von Mises di-
an indicator variablg to 1 if the predicted ordering matches Vergence between two user simulations required for rank-

true ordering, and to O if not. This whole process is repeatefrdering to be correct for 1000 simulated dialogs and variou
M times, and for each iteratiom, D(Fy||Fy), D(Fo||Fs), numbers of real dialogd/, with confidencep > 0.90 and
andq are stored a®?", D3, andq™, respectively. Once the P~ 0.95.

sampling is complete, a plot is constructed which quantizeauired to conclude an ordering of user simulations is rédiab
D, and D, into square regions. Within each region, the av-ith confidence 90% and 95%

erage value of (notatedcj)_ is computed, which corresponds Returning to the illustration in section 3, the results in ta
to the percentage of the time that the sampled data yields ttbefe

. 4 indicate that, for 100 dialogs in the test set, a difiese
same ordering as the true data. In other words, the end re- oo : .
) . 0f 0.06 indicates a 90% ordering accuracy, and a differefice o
sult is a statement of the accuracy of the ordering of 2 us

L o . R
simulations for a givetDs, Dy, No, Ny andN,. .09 indicates a 95% orqlermg accuracy. This |n_1pl_|es that t_h
: o handcrafted user behavior with no ASR errors is indeed sig-
Concretely,p;(z) are bi-modal densities represented as_... . ;
. . ; nificantly worse than the other user simulatiops> 0.95),
the weighted sum of Gaussians, with means sampled unj-

formly from [0, 100], variances sampled froft, 5], and weights .ecaus¢0.36 i 0'21.| = 0.15>0.09. S'.““"‘f".”y' the stochas-
. . tic user behavior with ASR errors is significantly betterrtha
sampled from0, 1] and normalized. In these experiments

. . : ' the other user simulationg (> 0.95). Further, the differ-
the number of dialogs from each user simulations = ence observed between the stochastic user behavior model
Ny = 1000, and M = 40,000 iterations are run for each

. . . .with ASR errors and the training set does not allow a statis-
experiment. Experiments were run for various number of d"ticall significant ordering to be inferred)(067 — 0.098| —
alogs from the “real” useiN, ranging from 50 to 1000. ysig 9 ’ N

Figure 2 shows results. In this figure, black regions indi_0.031 < 0.06), which is consistent with the hypothesis that

categ < 0.95, white regions indicatg > 0.99, and various the ordering here is due to sampling noise.
shades of gray indicate intermediate values. As the number

of real dialogs increases, the (dark) region of low orderag 5 CONCLUSIONS
liability becomes more confined. In addition, the regions of

lower probabi_lity Iie_alo_ng essentially s_trz_;\igh'F lines aléel to _ This paper has sought to provide system designers and prac-
Dl_ N Dy. This is ;lgq|flcant be_cause |t_|mpI|es that the reli- tioners with a simple, principled method of evaluatinglan
ability of an ordering is determined mainly by théference 5 ordering user simulations, based on the normalizachér-
betweenD; andDs, rather than being dependent on their ac 5, \ises divergence. An illustration with a corpus of diggo
tual values. This result is summarized in table 4, which prog e ted from real system usage confirms that as the predic-
vides an indication of what differences in divergences ere r 4 o accuracy of a user simulation is improved, the normal-
LAdditional experimentation (not described here) showedittie findings ~ 12€d Cramér'VO.n M_ises divergence between the re?' dialogs
below were unchanged for larger numbers of modes. and the synthetic dialogs decreases. Further, a seriesef si




ulation experiments has explored what magnitude of differ-
ence in Cramér-von Mises divergences is required to infer a
statistically significant rank-ordering, and we have deped

a concise table that enables researchers and practititmers

judge whether an observed ordering of two user simulations
is statistically significant.

We anticipate that dialog systems will make increasing [9

use of machine learning. Since evaluations with real users
will remain expensive, we therefore foresee that evaluatio
with user simulations will also become more widespread. For
these evaluations to be accepted, the quality of the user sim
ulations must themselves be tested in some way. The eval{iLO]
ation metric suggested here is straightforward to applg; co
cise to report, and easy to interpret, and we hope that it will
go some way toward satisfying this need.
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