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ABSTRACT

In this paper, we quantify the impact of using confi-
dence annotation on the performance of adialog system for
agiven dialog strategy. Although the ultimate goal in a di-
alog system is to optimize the user satisfaction, it is very
difficult to quantify it. Instead, we consider the probability
of success and the number of expected turns of atransaction
as our dialog performance metrics. In fact, they are fairly
strong predictors of user satisfaction. The desired dialog
goal in terms of these metrics is mapped onto an operating
region on the receiver operating characteristics (ROC) plane
of the confidence annotation method. In doing so, one can
not only figure out whether the confidence annotation would
meet the desired goal at the dialog level but also understand
how to tune the system in order to reach that goal. Such
an analysistherefore allows the system designer to optimize
the use of confidence annotation and tune the system with-
out doing any time consuming online experiments.

1. INTRODUCTION

Confidence annotation, which would be unnecessary if we
had perfect speech recognition/understanding performance,
has become an important component in spoken dialog sys-
tems (SDSs). It allowsa SDS to avoid annoying verification
turns in cases where the confidence of informationitemsis
high. Similarly, it prevents a SDS from acting on an in-
formation item with low confidence. Several metrics have
been used to assess the performance of confidence annota-
tion. Almost all are related to its correct classification or
detection ability. However, its actual impact on the dialog
system performance (e.g. user satisfaction, successful com-
pletion rate, average number of turnsetc.) is not clear with-
out live user experiments. Thisis a very long process and
needs to be repeated if the confidence annotation scheme
has changed. So, an analytical analysisthat can relate confi-
dence annotation to dialog performanceis highly desirable.

The work is supported by DARPA through SPAWAR under grant
#N66001-00-2-8906.

This research has been inspired by the work reported
in [1]. A finite state model was introduced for informa-
tion items. Simulation-based statistical analysis was carried
out, and speech understanding front-end performance was
related to several dialog performance metrics.

In this paper, we extend thework in[1] to adia og strat-
egy that makes use of confidence annotation. In addition to
speech understanding performance metrics, we relate dia-
log performance metrics to those of confidence annotation.
We do not use any simulations to determine the finite state
model transition probabilities. Our dialog strategy and as-
sumptions on users’ response patterns are simple enough
to alow explicit derivation of the transition probabilitiesin
terms of commonly used metricsto assess the speech under-
standing and confidence annotation components. We finally
map a dialog goal, in terms of the probability of success
and average number of turns, to a set of operating points
on the ROC plane of the confidence annotation scheme, and
compareit to the possible operating points of the confidence
annotation.

The paper is organized as follows. In section 2, we in-
troduce severa finite state models for an information item
considering confidence annotation and different user behav-
iors. A method for statistical analysisis introduced in sec-
tion 3. Section 4 presents several numerical results, and con-
clusions are made in the final section.

2. FINITE STATE MODELS

Asin[1], we assume afinite state model for an information
item. An information item might be known (specified by
the user) or unknown to a SDS. A known item can further
be classified as " not accepted yet” and " accepted”. Another
classification is made regarding the value of the informa-
tion item. The value can either be " correct” or ”incorrect”.
Based on these classifications an information item can bein
one of the following five states:

1. unknown; (u,)



accept

Fig. 1. Baselinefinite state model (FSMO)

2. known, not confirmed, incorrect; (k,€)
3. known, not confirmed, correct; (k,c)
4. accepted, correct; (a,C)

5. accepted, incorrect; (a,€)

The possible transitions, and their probabilities, among
the statesis determined by the user behavior , speech under-
standing front-end and dialog strategy. The simplest dialog
strategy, which will serve as the baseline system in this pa-
per, asksfor an informationitem and acceptsit after positive
verification. Otherwise, theinformationitem isasked again.
The user isassumed to be very cooperativeand replies” yes”
or "no” to any confirmation. The baseline finite state model
is shown in Figure 1. Self transitions correspond to "no re-
ply”, whichisadeletion error at the front-end since the user
is assumed to cooperatively reply to any query.

A didog strategy with confidence annotation may work
asfollows:

e If C'(I|ask) isLOW, confirm I.
e If C'(I|ask) isHIGH, accept I.
and
e If C(I]confirm) is LOW, assume "no reply”.
e If C(I]confirm) isHIGH, accept I.

where I istheinformationitem and C(.|.) is the confidence
score of an information item conditioned on a dialog ac-
tion. The confidence scoreis said to be LOW if it is below
acertain threshold, say 6. Otherwise, it isHIGH. The cor-
responding finite state model is exhibited in Figure 2.

Another dialog strategy might be the following:
o If C(I]ask) isLOW, ask again.
e If C'(I|ask) isMEDIUM, confirm I.
e If C'(I]ask) isHIGH, accept I.

(FSM1)

Fig. 3. Finite state model considering confidence annotation
and different user behavior (FSM2)

The confidence scoreis said to be MEDIUM when
01 < C(I|action) < 6

This strategy has the same finite state model asin Figure 2,
but the transition probabilities are different.

A simple change in user behavior can result in a differ-
ent model. For instance, a user might also provide the value
of an information in addition to replying "no” to a confir-
mation. The respective model is depicted in Figure 3. Note
the transitions between (k, ¢) and (k, e).

3. STATISTICAL ANALYSISMETHOD

We base our analysis on the properties of Markov chains[2].
The sequence of states of a transaction can be viewed as a
Markov chain. It starts at (u, ¢) and ends at either (a,c) or
(a,€). Theformer stateis called theinitial state and the latter
states are called absorbtion states. Thetransactionis consid-
ered successful if the sequenceendsat (a,c). Thetransaction
is assumed to end when the sequence hits one of the absorb-
tion states. For the sake of analysis, self loops (not shown)
with probability one are assumed for each absorbtion state.
We areinterested in the following two metrics:

e P, = Pr{state = (a,c)}
o Ny =), nPr{state € A)}



where P; is the probability of success, V; is the average
number of turns and A is the set of absorbtion states. In
order to calculate the required metricsit is sufficent to know
the initial probability distribution of the states, 7, and the
transition probability matrix, 7'.
The probability distrubition of the states at time n is
given by
T = moI™" D

Those probabilities at equilibrium satisfy
T =nT 2

The equilibrium probability of (a, ¢) gives P;.

In the baseline model, the transition probabilities de-
pend on the performance of the speech understanding front-
end. We quantify the performance of the front-end in terms
of the probability of correct understanding, P., and the
probability of deletion, P;. Given those probabilities, the
transition matrix can be written as

P, P, P. O 0
P. P, 0O 0 P.
T=|P. 0 P; P. O 3
0O 0 O 10 0
0O 0 0 o0 1.0
where
P.=1-P.- P, 4

We need to quantify the performance of the confidence
annotation for the system that uses it. We define Py and
Py asthe correct and false rejection probabilities, respec-
tively. Similarly, one can define Poy = 1 — Pppg asthe
probability of correct acceptance, and Pr4 = 1 — Popg as
the probability of false acceptance. It is not uncommon to
report the performance of confidence annotation as the plot
of Po g with respect to Prg. Thisplot is known as the re-
ceiver operating characteristics (ROC). Each point on the
plot corresponds to a different threshold setting. With con-
fidence annotation as used in the model shown in Figure 2,
the transition probability matrix becomes

Py P.Pcr P. P.Pca P.Pra
P.Pca Py 0 0 P, Ppa
T=| P.Prs 0 Py P.Pos 0
0 0 0 1.0 0
0 0 0 0 1.0
®)
where
Py = Py + P.Pcr + P.Prr (6)

Theinitia probability distrubition of the states is obvi-
ous, the probability of the initia state is one and probabili-
ties of all other states are zero.

Finally, we define the goal G of adialog system asfol-
lows:
G ={P; > P}, N; < N}'} @)

where P} is the minimum and N/ is the maximum accept-
able values of the respective metrics. We are interested in
the region on the plane (Pc g, Prr) over which G is satis-
fied. Thisregion can easily be obtained by numerical eval-
uation using equations given above.

The models assume a single information item. How-
ever, a transaction might need multiple information items.
Assuming that

e SDSneedsn; information itemsto complete a transac-
tion

¢ Informationitemsare asked one at atime and areinde-
pendent

e Speech understanding and confidence annotation per-
formances are the same for al pairs of information
items and actions

we can easily extend the analysis to multiple information
items as

P, =
Nt =

(Pr{state = (a,c)})™
ni Y, nPr{state € A)} ®

To be more redistic one can relax the assumptions to
obtain a relatively complex FSM. For instance, one can al-
low the SDS to simultaneously query multiple information
items.

4. NUMERICAL RESULTS

Wefirst consider the baseline system (FSMO) shown in Fig-
ure 1. Assuming typical values of 0.88 and 0.04 for P,
and Py, respectively, and n; = 5, we numerically evalu-
ate Ny = 12.3 and P; = 0.96. We comparethisresult to the
result of FSM1. We consider atypica setting of the confi-
dence threshold that leadsto Pog = 0.63 at Prr = 0.05.
The respective resultsare N; = 6.1 and P; = 0.84. There
is a significant drop in the number of average turns at the
expense of the probability of success.

Figure 4 shows the dependency of the dialog metrics
on Pr g for different values of P~r. We conclude that the
probability of success is very sensitive to Pog. However,
the average number of turns changes very slowly with Peog
but increases rapidly with Prp.

As we mentioned earlier it is very common to use a
ROC to assess a confidence annotation method. The ROC
of the confidence annotation method that we have recently
developed [3] within the context of CU Communicator [4]
is shown in Figure 5. We wonder how good the annotation
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Fig. 4. The dependency of dialog metrics to confidence an-
notation metrics
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Fig. 5. The ROC of the confidence annotation and the oper-
ating region of thedialog goal G = {P; > 0.9, N; < 6.5}.
The front-end performanceis (P, = 0.88, P; = 0.04).

scheme is as compared to a given dialog goal G. The set
of pointson (Prr, Pcr) plane that satisfy the goal consti-
tutes the so called operating region. We say that the goal
is achived if there is at least one operating point of the
ROC that falls within that region. The operating region of
G = {P; > 09,N, < 6.5} isdso shown in Figure 5. It
clearly shows that our confidence annotation scheme does
not meet the goal and must be improved if we are not will-
ing to lower the goal. Another possibility is to improve the
performance of the speech understanding front-end. The
impact of lowering the goal and improving speech under-
standing are shown in Figure 6 and 7, respectively.

5. CONCLUSIONS

We have presented a quantitative method that can be used to
relate confidence annotation metrics to dialog metrics. This
method avoids time consuming online experimentation and
allows the SDS designer to optimize the use of confidence
annotation by either selecting an appropriatedialog strategy
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Fig. 6. The ROC of the confidence annotation and the oper-
ating region of thedialog goal G = {Ps; > 0.85, N < 7.5}.
The front-end performanceis (P, = 0.88, P; = 0.04).

probabilty of correct rejection, P

0.02 0.0a 0.06 0.08 0.1 0.12 0.1a 016
probability of faise rejection, P

Fig. 7. The ROC of the confidence annotation and the oper-
ating region of thedialog god G = {Ps > 0.9, N; < 6.5}.
The front-end performanceis (P, = 0.92, P; = 0.025).

or tuning the speech understanding front-end. The frame-
work is so general that it can be extended to account for dif-
ferent user behaviors and more complex dialog strategies.
Our research is continuing in those directions.

6. REFERENCES

[1] B. Linand L. Lee, “Computer-aided analysis and de-
sign for spoken dialogue sysyems based on quantitative
simulations,” |EEE Transactions on Speech and Audio
Processing, val. 9, no. 5, pp. 534-548, July 2001.

[2] James R. Norris, Markov Chains, Cambridge Univer-
sity Press, 1998.

[3] K.HaciogluandW. Ward, “A concept graph based con-
fidence measure,” to appear in International Conference
on Acoustics, Soeech, and Sgnal Processing, Orlando,
Florida, May 2002.

[4] W. Ward and B. Pellom, “The CU communicator sys-
tem,” in IEEE Workshop on Automatic Speech Recog-
nition and Understanding, Keystone, Colorado, 1999.



