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Abstract some of these recent advances in addition to more

AutoTutor is a fully automated tutoring system that attempts to
comprehend learner contributions and formulate appropriate
dialogue moves. This paper reports the mechanisms and
performance of one of AutoTutor’s language modules, the word
tagging module. AutoTutor's word tagging module determines
the part of speech tag for every word in the learner's
contributions. It uses a two part procedure: it first consults a
lexicon to identify the set of possible tags for each word, then it

uses a neural network to select a single tag for each word.

established computational procedures.

AutoTutor was developed to tutor high school
students and college students on the fundamentals of
computer literacy, such as hardware, the operating system,
and the Internet (Graesser, Franklin, Wiemer-Hastings, &
the Tutoring Research Group, 1998; Wiemer-Hastings,
Graesser, Harter, & the Tutoring Research Group, 1998).
AutoTutor follows a curriculum script that asks questions

Performance assessments were made on a corpus of oral tutoriaBnd presents problems that involve lengthy answers. That
dialogue, as opposed to well-formed printed text. The lexicon is, the answers and solutions require an interactive
provided the correct tag, as one member of a set, for 97% of the dia|ogue between computer and tutor that involves many
words and 91.6% of the neural network's first-choice tags yrns. At each step of the exchange, AutoTutor attempts to
matched assignments by humans. “comprehend” the speech acts within the turn of the learner
(typed into the keyboard) and to formulate one or more
dialogue moves that are sensitive to the quality of the
learner's contributions.  AutoTutor's dialogue moves
include short feedback (positive, negative, neutral),
assertions, prompts for learner information, hints,
corrections, and other categories of speech acts. These
o ! > dialogue moves are delivered by a talking head with
an auxiliary agent (i.e., human or software) to interpret the appropriate facial expressions and synthesized speech.
learner's contributions. There are a number of fully However, this paper focuses on the comprehension

automated systems on topics such as mathematics, mechanisms of AutoTutor rather than the production of
medicine, and technical equipment (Anderson et all. 1995; dialog moves.

Hume et all. 1996; Lesgold et all. 1992; Van Lehn, 1990). AutoTutor attempts to comprehend what the

_ Three serious barriers have limited the extent 10 pyman learner types into the keyboard by using several
which learners can use an ITS by holding a conversation |3nguage modules. Each language module analyzes some
with the system. These barriers '“Clufje: (1) the |rlherent aspect of the content of the message that the learner types
difficulty of getting the computer to "comprehend” the jnig the keyboard during a particular conversational turn.
language of users, including utterances that are not well- st the sequence of words and punctuation marks in a
formed syntactically and sem_antlcally, (2) the difficulty of {,rn are segmented into a sequence of word units:
getting computers to effectively use a large body of ,,nctyation marks are regarded as a special class of words.
potentially relevant world k_nowlgdge, and (3) the lack of Second, a part of speech (POS) tag is assigned to each
research on human tutorial dialog. However, recent g ynit. This is accomplished by accessing words in a
advances in computational linguistics, cognitive science, |axicon and computing the best tag (i.e., syntactic class)

artificial intelligencg, and disc_ourse process!ng have through a neural networkThird, the sequence of words
reduced these barriers substantially. The tutoring system .o segmented into speech act units and classified into
that we have developed, called AutoTutor, incorporates speech act categories by another neural network.

Examples of speech act categories are wh-questions,
yes/no-question, short responses, directives, and
contributions. Fourth, the meaning of each speech act is

I ntroduction

An intelligent tutoring system (ITS) is fully automated if
the learner can use the system without extensive training
on the human-computer interface and if there is no need for
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interpreted by latent semantic analysis (Landauer & no POS taggers for oral communication that have reached
Dumais, 1997) and other semantic analyses. However, the a high accuracy (i.e., over 90%).

deeper levels of comprehension are not under focus in this

paper. Our immediate concern is in the language module

that assigns POS tags to word units. Our POS Tagging Method

A The part of speech tagging system consists of two separate
TheRoleof Part of Speech Taggingin components. The first component is a lexicon developed
AutoTutor by Francis and Kucera (1982) and by the MRC
Psycholinguistic Database. Each word is matched to its
Each word unit in the learner’s turn is assigned to a POS entries in the computer lexicon. The computer pulls out the
tag, such as noun, main verb, adjective, determiner, set of possible POS tags and associated frequencies listed
punctuation mark, and so on. The input is the sequence ofjn the lexical entry for the word. The second component of
words and punctuation marks handed up by the the POS tagging system is a neural network. It uses local
segmentation module. The output of the POS tagger is the context (the words preceding and following the target word
first-choice tag for each word unit; these sequence of tags and its position in the sentence) and base rate frequency
are passed on to the speech act classification system. Thenformation to select the most likely POS tag from the set
POS tags play a crucial role in speech act classification. of candidate tags handed up by the lexicon.
For example, the network learns that when the first word is The lexicon assigns each word or punctuation unit
a main verb, the speech act is often a directive. to one or more POS categories. We used a set of 17 parts
Existing POS tagging systems can function at of speech, including major syntactic categories (such noun,
high levels of accuracy when applied to a corpus of printed adjective, and main verb) and less frequent categories that
texts. Allen (1995) states, for example, that most POS are particularly diagnostic for speech act classification
taggers can achieve an accuracy rating of 90%. This raises(e.g., wh-words). Commas, periods, question marks, etc.
the question of why we attempted to create our own POS yere assigned to the category "punctuation mark". The
tagger. The language of many learners who use AutoTutor major syntactic categories included verb, preposition,
is more akin to oral conversation than to printed text. noun, adverb, pronoun, interjection, adjective, conjunction,
Much of the language is ungrammatical, vague, auxiliary/modal, and determiner/article. The minor
semantically ill-formed, incoherent, and replete with Syntactic Categories included rep|y (WOFdS such as "yes"
repairs and metacommunication markers (e.g., uh-huh, Uh).and "OK" that are often used as responses to questions),
Naturalistic tutorial dialogues, such as those collected by mathematical operators (e.g., plus and minus signs), digits,
Graesser and Person (1994) are more “noisy” than question words (e.g., what, who, how, etc.), be/have/do
concisely worded, preprocessed text. Redington, Chater, (since these verbs can be both main verbs and auxiliaries),
and Fich (1998) analyzed an oral corpus and reported angnd "other" (for words that do not have an entry in our
accuracy of only 72% when considering distributional |exicon).
analyses of syntactic categories. Our attempt to analyze an In our second set of simulations, an additional set
oral corpus of tutorial dialogues is a good match to the of contextual cues indicating the position of the target
keyboard input of learners of AutoTutor. It will also help  word was added. We used a set of 4 position tags, the first
facilitate the eventual transition from keystroke word in a sentence, the second word in a sentence, the third
contributions to speech recognition as the primary input for word in a sentence, and a last word in a sentence.
AutoTutor. The computation of frequency had a number of
Another reason to create our own POS tagger is steps. The Kucera and Francis (KF) was first examined
that it is more flexible in inducing patterns of word tag pecause it contains frequency information for each separate
sequences in the corpus. The neural network can induceword tag (for a particular word) and we use this
unexpected patterns in the words that surround any giveninformation to calculate activation in the neural network. If
word, at least compared to alternative symbolic POS the word is found, the set of word classes and associated
taggers. The first stage of AutoTutor's POS tagger is to frequencies are considered candidates. The frequency data
have the computer lexicon generate a list of candidate POSyere normalized as percentage scores by taking the total
tags. Once this is done, the second stage uses a neurahumber of frequencies for that word and dividing the
network to incorporate surrounding contextual cues to frequency for each class by this total frequency. Next, the
determine the single most likely POS tag. As has been words in the special categories had only one assigned word
noted, we tested AutoTutor's POS tagger on a corpus of tag so the activation for that tag was assigned 100%.
oral tutorial dialogues, namely the corpus collected by \when a word was not found in the KF corpus, the word
Graesser and Person (1994) To our knowledge, there aryas assessed by the MRC corpus. This was used as a
backup since the individual tag frequencies of a given



word in the MRC all had the same frequency, and hence
would al have the same caculated percentage. In
summary, the word, its classes, its position in the sentence,
and the activation calculated from the class frequencies
were passed on to the neural network.

The first neura network is a feed-forward
network with 51 input units, 16 hidden units, and 17 output
units (corresponding to the 17 POS categories). The second
neural network is a feed-forward network with 55 input
units, 16 hidden units, and 17 output units. The network is
trained with the backpropagation algorithm.

55 Input nodes: Before (17) Target word (17) Target word
position (4) After (17)

. Noun (N)

. Pronoun (U)

Verb (V)

. Auxiliary (X)

. Specid Auxiliary (S)

. Adjective (J)

. Adverb (A)

. Preposition (R)

. Conjunction (C)

10. Article Determiner (L)

11. Interjection (1)

12. Question words (Q)

13. Reply (Y)

14. Mathematical Operators (M)
15. Digits (D)

16. Punctuation (T)

17. Not found in Database (Z)

1. First word in a sentence

2. Second word in a sentence
3. Third word in a sentence
4, Last word in a sentence

Hidden nodes: 16
Output nodes: 17 (NUV X SJARCLIQYMDT2)

The corpus in these analyses consisted of 420
randomly sampled learner turns in the naturalistic tutoring
transcripts collected by Graesser and Person (1994). The
Graesser & Person tutoring sessions consisted of
transcribed records of videotaped college undergraduates
who were tutored by graduate students on the topic of
scientific research methods. Our random sample of learner
turns had 3,170 words. These words were rated by humans
on first-choice POS tags. The computer's POS tags were
compared to the human’s in order to assess the accuracy of
AutoTutor’s tagging procedure.

Results of L ook-up Procedure

First-choice tags. When the human's POS tag was
compared to the computer's first choice (i.e., highest
frequency) POS tag, there was a .8@7rate. The hit rate

is the proportion of computer’s first-choice tags that were
also the human'’s first-choice tags. Table 1 shows hit rates
for each separate word class. Other measures include the
incidence in the sample (proportion of time a tag occurred
in the sample, according to human ratefiase alarm rate
(proportion of time the lexicon assigned a first-choice tag
which was not assigned by a human as first choice), and a
d’ score (apure measure of how discriminating AutoT utor

isin assigning tags).

Word Class Incidencein Hit False d
thesample  Rate Alarm
Noun .098 .806 .017 2.89
Pronoun .149 742 .000 2.96
Verb .093 .902 .008 3.60
Auxiliaries .021 .924 .000 3.72
Special .084 1.000 .000 4.64
Auxiliaries
Adjective .062 .687 .022 2.52
Adverb .062 .813 .014 3.10
Preposition .054 .959 .002 4.07
Conjunction .035 .919 .030 3.28
Article .053 .994 .032 4.20
Determiner
I nterjection .039 .696 .000 2.84
Question .012 1.000 .000 4.64
Words
Reply .033 .865 .004 3.38
Mathematical* | NA NA .000 NA
Digits .005 1.000 .000 4.64
Punctuation .200 1.000 .000 4.64
Not Found” NA NA .000 NA
Total .867 .001 3.43

Table 1: POS Tag Comparison Between the Humans’ First
Choice and the Lexicon's First Choice

Set of tags. The full set of tags generated for each word by
the lexicon was compared to the humans’ choices. A hit
was scored whenever the humans’ choice was isethef
candidates generated by the lexicon. In this case, the hit
rate was extremely high (.970). Thus, the lexicon is nearly
always providing the correct tag as one of its choices.

The mean number of tags in a set produced by the
computer was 1.70 (s.d. = 1.00). Thus, the high rate of
agreement between human and computer was not a result
of the computer generating a very large set of candidates.
Table 2 presents incidence scores and hit rates for each of
the 17 word classes.

" These categories were not present in our corpus.



important cue. For example, the human raters coded
“what” as a question word when it appeared in the first

Word Class Incidencein Hit position in the sentence. However, “what” can belong to
thesample  Rate several other POS categories when it is found in other
Noun .098 971 sentence positions. Therefore, an additional set of cues
Pronoun 149 970 were added to the network’s input. Four new input units
verb 093 1.000 coded for the position of the target word in the sentence
Auxiliaries .021 924 o . . .
Special 084 1,000 (indicating if the_target word was the first, second, third,
Auxiliaries and/or last word in the sentence).
Adjective .062 795 With these additional cues available to the
Adverb .062 919 network, the performance scores went up for nearly every
Preposition .054 1.000 POS category. The overall hit rate increased to .916, which
Conjunction 035 991 was significantly greater than the .867 hit rate achieved by
gg';'r‘;mer 053 1.000 using the lexicon alone (p < .01 in a chi-square test). Table
I nterjection 039 952 3 presents the breakdown of the network results as a
Question 012 1.000 function of the 17 categories.
Words
Reply .033 .981
M‘at_hematical* NA NA Word Class % Correct
Digits .005 1.000
Pu?u:tuation .200 1.000 Noun 83.9
Not Found* NA NA Pronoun 93.0
Verb 90.2
Total .970 Auxiliaries 100.0
Special 100.0
Table 2: POS Tag Comparison Between the Humans’ First Auxiliaries
Choice and the Lexicon’s Choices Adjective 75.9
Adverb 76.9
Preposition 93.8
Conjunction 88.9
Results of Neural Network Article 100.0
Deter miner
The network was trained on 80% of the oral corpus. The !nterjection 74.2
training resulted in .926 correct classification. The network \?V‘éﬁ's"” 100.0
was tested on the other 20% of the oral corpus. In the first Reply 038
test of the network there were three sources of information pathematical* | NA
available to the network, 1) the set of tags generated by pigits 100.0
the lexicon for each target word, 2) the immediate context, Punctuation 99.2
that is, the sets of tags generated for the word precedingNot Found* NA
and the word following the target word, and 3) the relative Total 91.6

frequencies for the tags in all three sets.
The network with the highest activation was
considered to be the network’s first choice. The network’s

choice agreed with the human rater’s choice 88.9 % of the
time. A chi-square was performed to assess whether the

lexicon's first choice POS tag rating, based on the
frequency of the tag for the word (.867), was significantly
different than the neural network test (.889). This
difference was not statistically significant, p > .05.

In an effort to improve performance we attempted
to fine-tune the system by varying the number of hidden
units, learning rate, and training time. Although these
efforts produced an increase in the correct classification
rating to 89.1%, this was also not significantly better than
the lexicon’s performance level.

An analysis of the network results revealed that
the network was performing poorly on word classes where
the position of the word in the sentence could be an

Table 3: Breakdown of the Network Results as a Function
of the 17 POS Categories.

Conclusion
The word tagging module was able to reach performance
of 91.6% correct on our test sample. The use of a two stage
procedure gives us great flexibility in improving word
tagging performance and in adapting the tagging module to
new tutoring environments. Use of the lexicon allows us to
easily add new words as we deal with the specialized
vocabularies found in tutoring different academic subjects.
The neural network has great flexibility as well, since we
can add new cues or additional context to enhance
performance whenever analyses indicate that these
additional constraints may be informative.
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