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Abstract. How can an automated tutor assess ehilslrspoken responses
despite imperfect speech recognition? We addhéshallenge in the context
of tutoring children in explicit strategies for déag comprehension. We report
initial progress on collecting, annotating, and imintheir spoken responses.
Collection and annotation yield authentic but spadsta, which we use to
synthesize additional realistic data. We train awdhluate a classifier to
estimate the probability that a response mentiagigen target.

1 Introduction

Speech is the easiest, most natural way for stadenmtspond to tutors. Speech is faster
than typing on a keyboard and more expressive ¢heking on a menu item. Speech is
especially useful for young children because tlypg slowly and spell poorly. Ideally

an intelligent tutor for children would understaheéir spoken responses to its prompts.
Unfortunately, current technology for speech redogmand language understanding has
poor accuracy — especially for children’s spontaisespeech, which can be difficult even
for adults to understand. An intelligent tutortthalies on accurate transcription and
interpretation of children’s unconstrained speqabears infeasible for years to come.
Consequently, the rare intelligent tutors that gggee children’s speech constrain it. For
example, Project LISTEN'’s Reading Tutor operatesmah reading of a known text [1].

Thus methods for intelligent tutors to responddcfiely to children’s unconstrained
speech despite imperfect speech understanding beuldry useful. We report here on
progress toward this goal in the context of a mioje teach children explicit strategies
for reading comprehension. This project is extegdiroject LISTEN’s Reading Tutor,
which listens to children read aloud, so thatsbdlstens to childrethink aloud. This
work builds on previous ideas for word spottingy(¢2]), confidence annotation in
spoken dialogue systems (e.qg. [3] ), and generagnthetic data (e.g. [4]). This
endeavor is relevant to educational data minirg mumber of ways. We describe an
efficient way to collect authentic student respenséh expert tutorial labels. We show
how to augment sparse training data by usinggetoerate realistic synthetic data.
Finally, we present empirical evaluations of classs trained on this data.
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2 Collecting authentic student and tutor responses

To mine children’s spoken responses to automatedrg on comprehension strategies,
we must first collect a goodly amount of data. dhvious approach is to record
children’s responses to a human tutor. Howevés abproach suffers from two
shortcomings. First, the process is labor-intemsi8econd, children respond differently
to a human tutor than to an automated tutor, fangde because they have a different
social relationship to an adult than to a computeris difference is problematic because
our purpose is to enable an automated tutor tesasseldren’s spoken responses. A
Wizard of Oz simulation mitigates the social redaghip issue, but not the labor-
intensiveness.

Instead, we took a different approach. We extertdedReading Tutor by implementing
comprehension strategy instruction that promptsrandrds spoken responses without
analyzing them. Children use the Reading Tutoukameously on multiple computers,
which can record them at the same time, unlikeradmututor or Wizard of Oz limited to
tutoring one child at a time. The spoken respoasesogged to a database and
transcribed by hand.

The instruction itself is scripted by an expertdieg researcher and practitioner based on
their experience in teaching comprehension strasegi children. They carefully select
texts conducive to tutoring particular strategi@sitorial sequences in the instruction
consist of a few basic step types: assisted eealing by the student; reading aloud by
the tutor to the student; multiple choice questianswered by clicking on a menu item;
short-answer fill-in questions answered by keyboapdt; and prompts for free-form
spoken responses.

Our reading experts’ involvement did not end withging instruction. Once 299
spoken responses to 33 prompts were recorded amgttibed, our expert practitioner
annotated each student utterance with how she wad replied to it, and why. An
example of a short-answer prompt Wabat do you think the fifth sense i3he

expected answer teuching The expert’'s recommendation for the studentaesps
touching seeing or use our nose to smellas to say nothing in reply, since “This
guestion is a "what do you think" question,” so aagsonable answer is acceptable. In
contrast, the recommended reply to the respahsapples?asThink about the senses
that we already talked about in this text...try ag&iecause “Apples is not a sense.”

Thus our data consists of tutorial prompts, trabscr spoken responses to them, expert
annotations that recommend how to reply, and ratemfor those recommendations in
terms of features of the student responses. Timope of this data is to train a decision
function that uses those features to classify &tasponses by how the tutor should reply
to them. In the examples above, the recommengy ticethe student’s spoken response
depends on whether it mentions a target concelpis type of decision problem is a
simple but useful case of the general problemadsifying responses by how the tutor
should reply, and applies to many of our expentisadations. The remainder of this
paper focuses on this problem.



3 Detecting atarget

We first address how to determine whether a spoégmonse mentions a given target,
which for now we define as a word or phrase plsisdriant forms. For example, our
target fortouchincludes the formsuchesandtouching We include variant forms
because we care if the response mentions the dptegmot which specific word it
uses. Forthe same reason, we plan in futurectode synonyms for the context-
appropriate word meaning. For exampélandfeelingare synonyms failouchas a
sense, but not for the colloquial meanindaafchas “ask for money.” We also care
about our confidencie whether a response mentions a given concepte ldrecisely,
our challenge is to learn the probabilibat a given response mentions a given target.

3.1 Stretching sparse training data

A difficult learning task requires as much trainii@ta as possible. A training example
for our task includes an utterance, a target, dabe& classifying the utterance by
whether it mentions the target. To expand ourtéchset of authentic data, we generate a
much larger set of synthetic data — in fact, somacoger that we hold out authentic data
to use for testing. This held-out set consistthef64 recorded responses to 5 questions
where the expected target is clear, ®/gat do you think the fifth sense is? (touch)

Each authentic datum is an annotated utterancéelthls a positive or negative example
of mentioning an expected target concept. For @@nthe utterancasuchinganduh,
apples?serve respectively as authentic positive and negakamples for the target
conceptouch We have only a limited amount of such data.g&oerate a large set of
training examples, we reuse the transcribed freg-fesponses many times as synthetic
positive and negative examples of mentioning otlveicepts. These 471 utterances
include 172 free-form responses previously recoatetitranscribed but not annotated.
The idea is to pretend that each utterance ha$eaetit target that it does or does not
mention. Thus each utterance generates multipileitig examples, one for each
hypothetical target. The utterances in the syitlita are actually authentic; only their
labels are not. Thus the utterantmschinganduh, applesalso serve as synthetic
examples of mentioning (or not mentioning) hypattedttargets, such dmitterfly. As

this example suggests, the synthetic data is hesk#dlwed toward negative examples.

As targets for the synthetic data we use the 2Hsvtirat occur more than 10 times in the
transcribed responses, suctbagierfly, and include their variants, suchlasgterflies

We exclude the most frequent 100 words of EngBsich aghe because they might
differ systematically from authentic target wordshow they are spoken. For example,
function words tend to have reduced pronunciatiortse resulting synthetic data set has
471 x 21 = 9891 examples.

3.2 Configuring the speech recognizer

To decide whether an utterance contains a givgetaan obvious solution is to use
automatic speech recognition (ASR) to decode tterarice, and see if the ASR output
contains any of the target words. However, chiithéree-form speech is too



unpredictable for ASR to transcribe accuratelycontrast to oral reading of known text.
How can we configure the ASR to increase its acguom this target-spotting task?

A key point here is that if we care only about aafic target, we do not need to know
what else the student said. We therefore confifwegéASR to listen only for the target
words and to insert arbitrary phoneme sequencemttel other words. We penalize
such insertions to make the ASR prefer target wardisss they match the speech poorly.

If this configuration detected the target perfeatiyr problem would be solved.

However, there are still many cases where the A&R é&ortunately, our ASR
(http://sourceforge.net/projects/cmusphineports not only which words are recognized,
but also an acoustic confidence score for eachgrezed word. We compute the

acoustic confidence for a target concept, ¢ogich as the maximum score in the ASR
output of any of the target words, etguich, touches, touchingro decide whether the
utterance mentions the target, the tutor can thsther this score exceeds some threshold
that determines the tradeoff between false negatine false positives. But can it do
better?

3.3 Using alogistic regression model to combine various evidence

The simple acoustic confidence threshold modelngsigome relevant factors. A single
threshold may not be appropriate for differentéssg For example, the larger the set of
words or phrases comprising the target, the higher maximum confidence score may
tend to be. If longer words or phrases tend toestmwer than shorter ones, the threshold
should decrease with target length. Converseéyldhger the utterance, the likelier that
it will randomly contain a good match to the target the threshold should increase with
utterance length. To take these factors into atgoue use predictors derived from the
utterance and ASR output and listed in Table 1.

Table 1: Predictorsused in thelogistic regression model

# Predictor Description

1 MaxConf Maximum confidence score of all target word

2| TargetSize Number of target words (words that bglorthe target)

3 WordLen # of letters in the top-scored target wafrdpne, O; if there’s a tie, their average
4 HypLen Length of the ASR output, measured by nunofbevords

5 UttDur Duration of the utterance, measured by the &f its audio file in kilobytes

To combine this information, we use binomial (andyy) logistic regression, which
estimates the probability of an evéhas a logistic function of a set of input predistor
X1, X2, ..., %. In our caseY = 1 iff a target occurs in an utterance, 2ad..., X% are the
five predictor variables in Table 1. The logig(, the logarithm of the odds) of the target
occurring is modeled as a linear function of ¥peas shown in Equation 1:



In [%} =B, + B, MaxConf+ g, 0 TargetSize 8,00 WordLen3,[] HyplLef.0 Uttl(1)

Here Proccur) is the probability that the target occurs in titierance, is the intercept,
andg,, ...,f;are the respective regression coefficients foptieeictors in Table 1. The

regression coefficient for each predictor describeschange in the logit associated with
a unit change in that predictor. A positive (neggts means that an increase in the
predictor will increase (decrease) the probabdityhe outcome. To make differefits
comparable, we first normalize the input predictorsange from 0 to 1, so that the
absolute value gf measures the impact of that predictor comparé¢de@thers. Given
Pr(occun for a target, we decide whether the target ocbyrsomparing?r(occur) to a
threshold, e.g. 0.5. We decide yes if it's largpan the threshold, otherwise no.

We use a logistic regression model for severaloess First, it's compact to represent,
fast to compute, and easy to interpret. Seconikeulnear regression it does not assume
normally distributed variables. Third, rather thahinary judgment as to whether the
target occurs, it outputs a probability that atuwiould use to decide more judiciously
which feedback to provide. For example, if th@tuhinks the student said the target but
is not very confident, it should hedge its replthex than praise an answer that may well
be wrong. Finally, logistic regression outperfothtlee alternatives we compared it to.

In cross-validation tests, it achieved higher mieci, recall, and AUC (described in
Section 4) than a Naive Bayes classifier or a &t8stbn tree.

We used Weka 3.5.7 (fromeka.sourceforge.neto train the logistic regression model
on the 9891 synthetic examples. As noted earherctass distribution on synthetic
training data is skewed, with 9547 negative exampld only 344 positive examples for
the 21 targets defined. In contrast, the 64 heldaathentic utterances are more
balanced, comprising 30 positive instances andegative instances. Differences in
class distribution between training data and tatt dan hurt classifier performance, for
instance by biasing the classifier against a dlassin the training set but common in the
test set. To address this problem, we used Wekasssensitive classification
mechanism to balance the training data, so thdistsbution of positive and negative
instances resembles the distribution on autheatia.dTable 2 shows the resultihg
parameter estimates for our five predictors.

Table2: Parameter estimates of the logistic regression model

Predictor | MaxConf | TargetSize WordLen HyplLen UttDur
B value 9.8659 0.5802 1.5780 2.7986 0.2606

As Table 2 shows, all predictors are positivelyrelated with the odds that the target
occurs, but acoustic confidence is the strongestiptor. Although one might expect
long responses to be likelier to contain the tatigeh short responses, the UttDur
predictor is very weak, probably because we medstitgy the size of the audio



recording. This recording includes the tutor ppbim the background, so its size
reflects the combined duration of the prompt ardsiudent’s utterance.

4 Evaluation

We tested our logistic regression model on bothrstic and authentic data. We used
10-fold cross validation on the synthetic traindega. We also evaluated the model on
the 64 authentically labeled utterances we usértlasout test data. We compared
against a majority class baseline model, which Bimppedicts the most common class for
all instances. Table 3 compares the model perfocenan both data sets.

We evaluate the classifiers on several metricser@bvaccuracy is the fraction of cases
classified correctly, i.e. (# TP (true positive# N (true negative)) / # total cases, so it
reflects the class distribution. The TP rate, alsited sensitivity or recall, is the fraction
# TP/ (# TP + # FN) of actual positive cases adlyeclassified as positive. The FP
(false positive) rate is the fraction # FP / (# ¥ FP) of actual negative cases
misclassified as positive. Its complement, calpdcificity, measures what fraction of
actual negative cases is classified correctly gatnee. All these metrics depend on the
probability threshold for classifying a case asifpas— namely 0.5 for our model.

Cross validation of the majority class baselinernshweery high accuracy and zero FP rate
because the synthetic data is highly skewed towagative examples; its accuracy is
much lower on the authentic data. More importarsilich a classifier is useless because
it cannot detect any mention of the target: itsRld®e is 0. In contrast, the logistic
regression model is much more sensitive to poséramples.

Table3: Model performance under different testing options

Testing method Classifier Accuracy TP Rate FP Rate AUC
10-fold cross | Majority class 96.52 % 0 0 0.496
validation Logistic 80.15 % 0.765 0.197 0.867
Test on Majority class 54.67 % 0 0 0.5
authentic data| | qgistic 75.00 % 0.552 0.086 0.796

In practice, for the probabilistic output of logestegression model Rx¢cun to be

useful, we need to turn the probabilities into thse decisions so as to provide tutorial
feedback accordingly. For example, if the tutorasy sure that the target didn’t occur, it
should give corrective feedback; but if it's notesuthen a hedged reply is probably
preferable. With this intuition, we decide on alpnéary division of Préccur) into 3
disjoint regions, based on two threshold valiyemdt, (0 <t < t, <1):

Yes: confident that the target occurred in theratice (Pdccur) > ty);
No: confident that the target didn’t occur in thiteerance (Pdccun <t);
Unsure: neithert(< Pr(occun <ty).



These thresholds control the tradeoff between @mesand precision. The higher the
value ofty, the fewer Yes decisions the tutor will make, tat more confident it can be
of these decisions (assuming we have a reasonaiael)n On the other hand, the tutor
will hedge more of its feedback, presumably makingss helpful to students.

To describe this tradeoff, Table 4 shows model ye and precision on the set of 64
authentic responses for various threshold valuethd tablePr(Yes)andPr(No ) mean
the probability of outputting a Yes and a No damisirespectively. Precision is the
proportion of Yes (No) decisions that are in famtrect, i.e., positive (negative)
examples. For example, with high_threshold = BeStttor will decide only about 14%
of the time that Yes, the student mentioned thgetar but roughly 89% of these
decisions will be correct. By dropping this threlshim 0.5, it can decide Yes more than
twice as often — almost 30% of responses — ardstilight about 84% of them.

Table4: Model coverage and precision with different threshold values

Deciding Yes Deciding No
high_threshold Pr(Yes) Precision low_threshold Pr(No) Precision
0.5 0.2969 0.8421 0.5 0.7031 0.7111
0.6 0.2500 0.8750 0.4 0.5938 0.7105
0.7 0.1875 0.8333 0.3 0.4688 0.7667
0.8 0.1719 0.8182 0.2 0.2500 0.8125
0.9 0.1406 0.8889 0.1 0.1094 1.0000

Table 4 provides guidance both about where tohgethireshold values, and about how
definitively to phrase tutor feedback. For examplendicates that precision for Yes
decisions is roughly the same (81%-89%) for thrihfsom 0.5 to 0.9, so the tutor may
as well set high_threshold at 0.5 (possibly evevel) in order to decide Yes more often,
but its feedback must reflect that the studentarse probably contains the target but
may well not. For example, the tutor might reframm confirming the answer as
correct, but still treat it as correct in updatitggstudent model. In contrast, precision for
No decisions is much more sensitive, ranging frd®b 7o 100% as low_threshold varies
from 0.5 down to 0.1 — but with coverage rangirapfrover 70% to below 11%. So the
tradeoff between coverage and precision differgiferNo case. If our authentic training
data is representative, setting low_threshold toaill avoid any false rejections,
allowing definitively phrased corrective feedbadfowever, at this threshold value, the
tutor will decide No less than 11% of the time, e#eough the target will be absent
about half the time. On the other hand, a value.Bfwill let the tutor decide No for 70%
of student responses, but only 71% of these dexssidll be correct. In this case, tutor
feedback must be phrased to avoid characterizegtident response as wrong.

5 Contributions and futurework

This paper formulates the general problem of etitrgeeliable, tutorially useful
information from children’s free-form spoken respes despite imperfect speech
recognition, so as to assess their comprehensiselact appropriate tutor feedback.



We focus on the simpler but common and useful oasstimating the probability that an
utterance mentions a given target concept.

We describe efficient methods to collect authesticent data labeled by expert tutors,
and to expand it into a much larger set of synthgdi realistic data. We present a
logistical regression model to estimate the prdigtuf a target by combining features
of the target and utterance with the acoustic damite output by a speech recognizer.
We cross-validate the accuracy of the resultindp@bdity estimates on synthetic data,
and evaluate it on a smaller held-out set of adihelata.

Concept mention is just one useful feature forrsito detect. We need to extend it to
handle synonyms, but we have already extended wdrk omitted here to save space)
from the single-target problem addressed in thpep#o the multiple-target problem of
deciding whether an utterance mentions any, atooe ofN given targets. Another
useful feature is the distinction between confiderd tentative responses [6, 7]. Other
distinctions in our expert tutor’s annotations ud# correct vs. incorrect, vague vs.
detailed, and answered easily vs. with difficuliuture work includes using these
distinctions to update student models and guide tlgcisions.
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