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Abstract such adaptation, a system must first be able

The dialogue strategies used by a spoken g0 identify, in real time, salient properties of
n ongoing dialogue that call for some use-

| stem strongly influence performanc .
alogue sy gy P ul change in system strategy. In other words,

and user satisfaction. An ideal system woul ; ;
not use a single fixed strategy, buf woaldapt ~2daptive systems should try mutomatically
’ dentify actionableproperties of ongoing dia-

to the circumstances at hand. To do so, a sy

tem must be able to identify dialogue proper-'99Y€S:

ties that suggest adaptation. This paper focuses Previous work has shown that speech recog-
on identifying situations where the speech recnition performance is an important predictor
ognizer is performing poorly. We adopt a of user satisfaction, and that changes in dia-
machine-learning approach to learn rules fromogue behavior impact speech recognition per-
a dialogue corpus for identifying these situa-formance (Walker et al., 1998; Litman et al.,
tions. Our results show a significant improve-1998; Kamm et al., 1998). Therefore, in this
ment over the baseline and illustrate that quanwork, we focus on the task of automatically
titative, qualitative and acoustic features all ef-detecting poor speech recognition performance

fect the learner's performance. in several spoken dialogue systems at AT&T
Labs. Rather than hand-crafting rules that clas-
1 Introduction sify speech recognition performance in an on-

Builders of spoken dialogue systems face 690ing dialogue, we take a machine-learning ap-

- - roach. We begin with a collection of system
number of fundamental design choices tha ogs from actual dialogues that were labeled
strongly influence both performance and use

satisfaction. Examples include choices be-syeglé??élcso ar?iti%?lvé?hge rt]reé?nirgoggt) O(Neb?hden
tween user, system, or mixed initiative, and be- P 9 9 '

tween explicit and implicit confirmation of user apply standard machine-learning algorithms to

commands. An ideal system wouldn't maketh's training set in the hope of discovering, in

such choices priori, but rather wouldadapt & Principled manner, classifiers that can auto-
to the circumstances at hand. For instance, J1atically detect poor speech recognition during

system detecting that a user is repeatedly unr]ovel dialogues.

certain about what to say might move from user In order to train such classifiers, we must
to system initiative, and a system detecting thaprovide them with a number of salient prop-
speech recognition performance is poor migherties or “features” of dialogues derived from
switch to a dialogue strategy with more explicitthe system logs that might allow the system to
prompting, an explicit confirmation mode, or automatically identify poor recognition perfor-
keyboard input mode. Any of these adapta-mance. In addition to identifying features that
tions might have been appropriate in dialogugrovide the best quantitative solutions, we are
D1 from the Annie system (Kamm et al., 1998),also interested in comparing the performance of
in Figure 1. classifiers derived solely from “acoustic” fea-

In order to improve performance throughtures or from “high-level” dialogue features



Actual Dialogue ASR Interpretation ~ ASR Confidence
Al:  Annie here.

Ul: Hello Annie, could you give me the information on a meeting | have tomorrow?  REJECT -4.84
A2:  What was that?

U2: | needto find out uh, a meeting time and place. Kim sent me a message on it. REJECT -4.20
A3:  Forall options say help me out.

U3: Helpme out. REJECT -6.35

A4:  Annie here.

U4:  Help. help -1.74

A5:  Help. Say call or say send a message, followed by a label or a number.
Or say get my messages...

U5:  Get messageguser interrupts A5) get me sips -3.33
A6:  Speech and Image Processing Lab.
U6: Help help -1.78
A7:  Help. Say the first and last name ...

u7:  Kim. annie -3.81
Figure 1: Example dialogue excerpt D1 with Annie.

Since the dialogue systems we examine usperformance we obtain via a machine-learning
automatic speech recognition (ASR), one ob-approach, and the performance differences be-
vious feature available in the system log is atween classifiers based on acoustic and higher-
per-utterance score from the speech recognizéevel dialogue features.
representing its “confidence” in its interpreta-
tion of the user's utterance (Zeljkovic, 1996).2 Systems, Data, Methods
For dialogue D1, the recognizer's output and_, . . . .
the associated confidence scores are in the lagf!iS Section describes experiments that use

two columns of Figure 1. These confidencel'€ machine learning prograrPPER (Cohen,

measures are based solely on acoustic infor-996) to automatically induce a “poor speech
mation and are typically used by the dialoguerecognltlon performance” classification model
manager to decide whether it believes it hadom & corpus of spoken dialogues. Our cor-
correctly understood the user's utterance. NotBUS CONSists of a set of 544 dialogues (over
that since our classification problem is defined*0 hours of speech) between humans and one
by speech recognition performance, it might beP! three dialogue systemsanNIE (Kamm et
argued that this confidence feature (or feature@!-» 1998), an agent for voice dialing and mes-

derived from it) suffices for accurate classifica-S29INg;ELVIS (Walker et al., 1998), an agent
tion. for accessing email; andooT (Litman et

o . al., 1998), an agent for accessing online train
However, an examination of the transcript ingchedules. Each agent was implemented us-
D1 suggests that other useful features might bﬁng a general-purpose platform for phone-based
derlvgd from g_lobal or high-level properties of spoken dialogue systems (Kamm et al., 1997).
the dialogue history, such as features represenfhe dialogues were obtained in controlled ex-
ing the system'’s repeated use of diagnostic eheriments designed to evaluate dialogue strate-
ror messages (utterances A2 and A3), or thejies for each agent. The experiments required
user's repeated requests for help (utterances Ugkars to complete a set of application tasks
and U6). in conversations with a particular version of
Although the work presented here focuseghe agent. The experiments resulted in both a
exclusively on the problem of automatically digitized recording and an automatically pro-
detectingpoor speech recognition, a solutionduced system log for each dialogue. In addi-
to this problem clearly suggests syste@ac- tion, each user utterance was manually labeled
tion, such as the strategy changes mentioneds to whether it had been semantically misrec-
above. In this paper, we report on our initial ex-ognized, by listening to the recordings while
periments, with particular attention paid to theexamining the system log. If the recognizer's
problem definition and methodology, the bestoutput did not correctly capture the task-related
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information in the utterance, it was labeled as a * A°ousticFeatres

misrecognition. The dialogue recordings, sys- - mean confidence, pmisrecs%1, pmisrecs%2, pmis-
tem logs, and utterance labelings were pro- recs%s3, pmisrecsdod

duced independently of the machine-learning . pialogue Efficiency Features

experiments described here.

RIPPER (like other learning programs, e.g.,
C5.0 andcART) takes as input the names of a  « Dialogue Quality Features
set ofclassedo be learned, the names and pos-
sible values of a fixed set déatures training — rejection%, timeout%, help%, cancel%, bargein% (nor-
dataspecifying the class and feature values for ralizet) e e
each example in a training set, and outputs a
classification modefor predicting the class of
future examples. IRIPPER the classification — system, user, task, condition
model is learned using greedy search guided by
an information gain metric, and is expressed as
an ordered set of if-then rules. — ASR text

Our corpus is used to construct the machine-
learning inputs as follows. Each dialogue is as- Figure 2: Features for spoken dialogues.
signed a class of eithgioodor bad, by thresh-
olding on the percentage of user utterances that
are labeled as ASR misrecognitions. We use a S o
threshold of 11% to balance the classes in Ou&lons to tthIStFIbUtIOHOf|Og-|lke|lh00d scores
corpus. in the dialogue. Eacpmisrecs%feature uses

Our classes thus reflecelative goodness @ fixed threshold value to predict whether a
with respect to a corpus. Our threshold yieldshon-rejected utterance is actually a misrecog-
283 good and 261 bad dialogues. Dialogue Dition, then computes the percentage of user ut-
in Figure 1 would be classified as “bad”, be-terances that correspond to thesedictedmis-
cause U5 and U7 (29% of the user utteranced)gcognitions. (Recall that our dialogue classi-
are misrecognized. ications were determined by thresholding on

Each dialogue is represented in terms of théhe percentage aictualmisrecognitions.) For
23 features in Figure 2. IRIPPER feature Instance,pmisrecs%lpredicts that if a non-
values are continuous (numeric), set-valuedf€jected utterance has a confidence score be-
or symbolic. Feature values are automatiJow —2 then itis a misrecognition. The four
cally computed from system logs, based orfhresholds used for the fopmisrecsdfeatures
five knowledge sources: acoustic, dialogue efré —2, -3, —4, -5, and were chosen by hand
ficiency’ d|a|ogue qua||ty1 experimentaj Vari_ from the entire dataset to be InfOI‘matlve.
ables, and lexical. Previous work correlating The dialogue efficiency features include
misrecognition rate with acoustic information, elapsed timgthe dialogue length in seconds),
as well as our own hypotheses about the releandsystem turnanduser turns(the number of
vance of other types of knowledge, contributedurns for each dialogue participant).
to our features. The dialogue quality features assess the nat-

The acoustic, dialogue efficiency, and dia-uralness of the dialogudRejectiongepresents
logue quality features are all numeric-valuedthe times that the system plays special rejec-
The acoustic features are computed from eaction prompts, e.g., utterances A2 and A3 in
utterance's confidence (log-likelihood) scoreddialogue D1. This occurs whenever the ASR
(Zeljkovic, 1996).Mean confidenceepresents confidence score falls below a threshold asso-
the average log-likelihood score for utterancesiated with the ASR grammar for each sys-
not rejected during ASR. The foymmisrecs% tem state (where the threshold was chosen by
(predicted percentage of misrecognitions) feathe system designer). Threjectionsfeature
tures represent different (coarse) approximadiffers from thepmisrecs%features in several

— elapsedtime, system turns, user turns

— rejections, timeouts, helps, cancels, bargeins (raw)

o Experimental Variable Features

e Lexical Features



ways. First, the@misrecs%hresholds are used (to gain insight into the interactions between
to determine misrecognitions rather than rejecknowledge sources). Finally, examples are rep-
tions. Second, th@misrecs%thresholds are resented using feature sets corresponding to hy-
fixed across all dialogues and are not depenpotheses in the literature (to empirically test
dent on system state. Third, a system rejectiotheoretically motivated proposals).
event directly influences the dialogue via there- The output of each machine-learning experi-
jection prompt, while th@misrecs%hresholds ment is a classification model learned from the
have no corresponding behavior. training data. To evaluate these results, the er-

Timeoutgepresents the times that the systenror rates of the learned classification models
plays special timeout prompts because the usare estimated using the resampling method of
hasn't respondedHelpsrepresents the number cross-validatior{Weiss and Kulikowski, 1991).
of times that the system responds to a user rdn 25-fold cross-validation, the total set of ex-
quest with a (context-sensitive) help messageamples is randomly divided into 25 disjoint test
Cancelsrepresents the user's requests to undsets, and 25 runs of the learning program are
the system's previous actiomBargeinsrepre- performed. Thus, each run uses the examples
sents the number of user attempts to interruptot in the test set for training and the remaining
the system while it is speakirigln addition to  examples for testing. An estimated error rate
raw counts, each feature is represented in nofs obtained by averaging the error rate on the
malized form by expressing the feature as a pertesting portion of the data from each of the 25
centage. For examplegjection%represents runs.
the number of rejected user utterances divided
by the total number of user utterances. 3 Results

The experimental variable features each hav
a different set of user-defined symbolic values
For example, the value of the featgygstems
either “annie”, “elvis”, or “toot”. These fea-
tures capture the conditions under which the di
alogue was collected.

The lexical featureASR textis set-valued,
and represents the transcript of the user's utte

ances as output by the ASR component. is always “good”. This leads to a 52¥ASE-
The final input for learning is training data, | ,\e accuracy.

i.e., a representation of a set of dialogues in The REJECTION6 accuracy rates arise from

terms of feature and class values. In order tq, q|assifier that has access to the percentage
induce classification rules from avarletyoffea-of dialogue utterances in which the system
ture representations our training data is repy|aveq 4 rejection message to the user. Previ-
resented differently in different experiments. , 5 vasearch suggests that this acoustic feature
Our learning experiments can be roughly caty, o gjcts misrecognitions because users modify
egorized as follows. First, examples are répsqir hronunciation in response to system rejec-
resented using all of the features in Figure 2;,, messages in such a way as to lead to fur-
(to evaluate the optimal level of performance).ier misunderstandings (Shriberg et al., 1992:
Figure 3 shows how Dialogue D1 from Fig- | ey, 1998). However, despite our expec-

I d usi v the f 1;c’ations, theREJECTION accuracy rate is not
examples are represented using only the fegsqattar than the ASELINE.

tures in a single knowledge source (to com- Using the EFFICIENCY features does im-

paratively evaluate the utility of each knowl- e the performance of the classifier signif-
edge source for classification), as well as usm&’

features from two or more knowledge sources 2paccuracy rates are statistically significantly differ-

ent when the accuracies plus or minus twice the standard
1This feature was hand-labeled. error do not overlap (Cohen, 1995), p. 134.

%igure 4 summarizes our experimental re-
sults. For each feature set, we report accu-
racy rates and standard errors resulting from
cross-validatior. It is clear that performance
depends on the features that the classifier has
available. TheBASELINE accuracy rate results
from simply choosing the majority class, which
[ this case means predicting that the dialogue




mean confidence  pmisrecs%1  pmisrecs%2 pmisrecs%3  pmisrecs%4  elapsedtime systemturns  userturns

2.7 29 29 0 0 300 7 7
rejections timeouts helps cancels bargeins rejection% timeout% help%
3 0 2 0 1 43 0 29
cancel% bargein% system user task condition

0 14 annie mike dayl novices without tutorial

ASR text

REJECT REJECT REJECT help get me sips help annie

Figure 3: Feature representation of dialogue D1.

Features Usedl Accuracy (Standard Errot)

BASELINE 52%
REJECTION/O 54.5 % (2.0)
EFFICIENCY 61.0 % (2.2)
EXPERIMENT VARS 65.5% (2.2)
DIALOGUE QUALITY (NORMALIZED) 65.9 % (1.9)
MEAN CONFIDENCE 68.4 % (2.0)
EFFICIENCY + NORMALIZED QUALITY 69.7 % (1.9)
LEXICAL 72.0% (1.7)
BEST ACOUSTIC 72.6 % (2.0)
EFFICIENCY + QUALITY + EXPERIMENT VARS 73.4% (1.9)
ALL FEATURES 77.4% (2.2)

Figure 4: Accuracy rates for dialogue classifiers using different feature sets, 25-fold cross-
validation on 544 dialogues.

icantly above theASELINE (61%). These fea- normalization of the dialogue quality features

tures, however, tend to reflect the particular exby dialogue length means that rules learned on

perimental tasks that the users were doing.  the basis of these features are more likely to
The EXPERIMENT VARS (experimental vari- generalize to other systems.

ables) features are even more specific to this

dialogue corpus than the efficiency featuresi (cancelos> 6)then bad

these features consist of the name of the sysgt(elapsed time> 282 secsh (rejection%2 6) then bad

tem, the experimental subject, the experimen Gapser e 20 secsinenbad

tal task, and the experimental condition (dia-

logue strategy or user expertise). This infor-_

mation alone allows the classifier to substanflgure S:EFFICIENCY + NORMALIZED QUAL-

tially improve over theBASELINE classifier, by ITY rules.

identifying particular experimental conditions . . _ _

(mixeg/ ingi]tigtive dialogue strategy, or novice = Adding the efficiency and normalized quality

users without tutorial) or systems that were rurf€ature sets togetheggFICIENCY + NORMAL-

with particularly hard tasksrtooT) with bad di- ~ 'ZED QL:IALITY) results in a significant perfor-

alogues. Since these features are specific to thf§@nce improvement (69.7%) OVeFFICIENCY

corpus, we wouldn't expect them to generalizea_lqne. Figure 5 shows that this results in a clas-
The normalizedDIALOGUE QUALITY fea- sifier with three rules: one ba_lsed on quality

tures result in a similar improvement in per-2l0n€ (percentage of cancellations), one based

formance (65.9%]. However, unlike the effi- ON efficiency alone (elapsed time), and one that

ciency and experimental variables features, thE°NSISts of a boolean combination of efficiency
and quality features (elapsed time and percent-

*The normalized versions of the quality features did@ge of rejections). The learned ruleset says that
better than the raw versions. if the percentage of cancellations is greater than




6%, classify the dialogue dmd if the elapsed cal output (EXICAL) has access only to the
time is greater than 282 seconds, and the pespeech recognizer's interpretation of the user's
centage of rejections is greater than 6%, clasutterances. TheEXICAL classifier achieves
sify it asbad if the elapsed time is less than 90 72% accuracy, which is significantly better than
seconds, classify it asad"; otherwise classify theBASELINE, REJECTION/ andEFFICIENCY
it as good When multiple rules are applica- classifiers. Figure 6 shows the rules learned
ble, RIPPER applies a conflict resolution strat- from the lexical features alone. The rules in-
egy; when no rules are applicable, the defaultlude lexical items that clearly indicate that a
is used. user is having trouble e.ghelp and cancel

We discussed our acousteEJECTION re- They also include lexical items that identify
sults above, based on using the rejection threstparticular tasks for particular systems, e.g. the
olds that each system was actually run withlexical itemp-midentifies a task irroor.
However, a posthoc analysis of our experimen- _
j[al data ShOWGd that our sys_t ems COlfll.d have. “?I'((//g;e tt?e);ttcc%r;:zinnss?\gc?l/\ )(’t‘{\selr_\: Eggt containget ) A (ASR text
jected substantially more misrecognitions withcontainsriMEOUT then bad
O el s oot N G tconanie . (on ot congmy honbes
thresholds picked by the system designers. (Of (33 it containes  ton b ®
course, changing the thresholds in this wayr (AsR text containgielp ) A (ASR text containghe ) A (ASR text
would have also increased the number of rejecﬁo(rxgilg?‘tgifczamzi?l;?ll ) A (ASR text containgrevious ) then
tions of correct ASR outputs.) Recall that the | P ¥
PMISRECS6 experiments explored the use ofif (ASR text containsbout ) then bad
different thresholds to predict misrecognitions.! (ASk lext containshange-strategy ) then bad
The best of these results is given in Figure X
as BEST ACOUSTIC accuracy (72.6%). This
classifier learned that if the predicted percent- Figure 6:LEXICAL rules.
age of misrecognitions using the threshold for
that feature was greater than 8%, then the die}f Cance 1) n (eystem = othen bad
logue was predicted to be bad, otherwise it wag (sysiem tums> ZG)VA (rejection%> 5 ) then bad
good. This classifier performs significantly bet-if (condition = mixedy (user tumns> 12 ) then bad

_ if (system = tooth (user turns> 14 )then bad
ter than thesAs_E_LlNE, REJECTION% andEF if (cancelss 1) 1 (fimeout%s 11 )then bad
FICIENCY classifiers. if (elapsed time< 87 secsjhen bad

Similarly, MEAN CONFIDENCE is another defaultisgood
acoustic feature, which averages confidence
scores over all the non-rejected utterances iftigure 7: EFFICIENCY + QUALITY + EXPERF
a dialogue. Since this feature is not tuned to,enTAL VARS rules.
the applications, we did not expect it to per-
form as well as the bestmMISREC6 feature. Note that the performance of many of the
However, the accuracy rate for thEEAN CON- classifiers is statistically indistinguishable, e.g.
FIDENCE classifier (68.4%) is not statistically the performance of theexiCAL classifier is
different than that for theesT AcousTicclas-  Virtually identical to theBeST AcousTICclas-
sifier. Furthermore, since the feature does nosifier and theEFFICIENCY + QUALITY + EX-
rely on picking an optimal threshold, it could be PERIMENTAL VARS classifier. The similarity
expected to better generalize to new dialogu®€etween the accuracies for a range of classifiers
situations. suggests that the information provided by dif-

The classifier trained on (noisy) ASR lexi- ferent feature sets is redundant. As discussed

above, each system and experimental condi-
tion resulted in dialogues that contained lexical

4This rule indicates dialogues too short for the user.t that - to it Ki it .
to have completed the task. Note that this rule could noft€MS thal were unique 10 It, maxing It possi-

be applied to adapting the system's behavior during th |e_t0 iO!entify experime_ntal conditions from the
course of the dialogue. lexical items alone. Figure 7 shows the rules




that RIPPER learned when it had access to allsuggest that there is some redundancy between
the features except for the lexical and acoustithese feature sets (at least with respect to the
features. In this case|PPERIlearns some rules task). Fourth, the fact that the best estimated
that are specific to theooT system. accuracy was achieved using all of the features
Finally, the last row of Figure 4 suggestssuggests that even problems that seem “inher-
that a classifier that has accessaia. FEA-  ently” acoustic may best be solved by exploit-
TURES may do better (77.4% accuracy) thaning “higher-level” information.
those classifiers that have access to acoustic This work also differs from previous work in
features only (72.6%) or to lexical features onlyfocusing on behavior at the (sub)dialogue level,
(72%). Although these differences are not starather than on identifying single misrecog-
tistically significant, they show a trend (¢ nitions at the utterance level (Smith, 1998;
.08). This supports the conclusion that dif-Levow, 1998; van Zanten, 1998). The ratio-
ferent feature sets provide redundant informanale is that a single misrecognition may not
tion, and could be substituted for each other tavarrant a global change in dialogue strategy,
achieve the same performance. However, thahereas a user's repeated problems commu-
ALL FEATURES classifier does perform signifi- nicating with the system might warrant such
cantly better than thexPERIMENT VARS DIA-  a change. In addition, while (Levow, 1998)
LOGUE QUALITY (NORMALIZED), andMEAN  applied machine-learning to identifying single
CONFIDENCE classifiers. Figure 8 shows the misrecognitions, we are not aware of any other
decision rules that theLL FEATURES classifier work that has applied machine-learning to de-
learns. Interestingly, this classifier does not findecting patterns suggesting that the user is hav-
the features based on experimental variables ting problems over the course of a dialogue.
be good predictors when it has other features to \We are interested in the extension and gen-
choose from. Rather it combines features reperalization of these findings in a number of
resenting acoustic, efficiency, dialogue qualitydirections. These include incorporating such
and lexical information. classifiers into systems that adapt according
to recognition performance, and investigating
which features are appropriate for other dia-

if (mean confidenc€ -2.2) A (pmisrecs%4> 6 ) then bad
if (pmisrecs%3> 7 ) A (ASR text containges ) A (mean confidence

< -1.9)then bad logue classification tasks. More generally, in

II Egagt(;?:/tozr:;:hze;)b/?c(jASR text containsnessage ) then bad the same way that Ieaming methods have found
I X | - . .

if (elyapsed ltJimeg 90)then bad 9 widespread use in speech processing and other
defaultisgood fields where large corpora are available, we

believe that the construction and analysis of
spoken dialogue systems is a ripe domain for

Figure 8:ALL FEATURES rules. . . o
machine-learning applications.
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