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Introduction Table 1: R-Precision with Synthetic Word Pairs
Feature LSA (FLSA) is the practice of creating non-word Exp No. Rel. Docs Retrieved R-Precision
features and adding them, as synthetic words, into the bags Control 867 0.12

of words that LSA models. Here we report the largely un- NP word pairs 879 0.14

successful results of two experiments to enhance LSA effec-

tiveness, one adding a syntactically-derived feature and on . e .
adding a semantic ogr,\e. ’ ’ Experlment 2: Artificial Semantic Tag

_ _ o (Serafin & Di Eugenio, 2004) achieved excellent results at di-
Experiment 1: Word Collocations Within Noun alogue act annotation of the CallHome Spanish corpus by en-
Chunks coding structural information as synthetic features along with

For our task we imitated part of the TREC-4 information re- Ithefannc;tatmn tt"’:gz . B{ ccan(jtrastt,hour taslt< ltj.sed a smpﬁ C.°||'
trieval task, applying full-sentence queries to retrieve wire €ctON ofannotated text, adding the annotation as an artincia

service articles word into LSAs bag. Using the hand-coded relevance judg-

Starting from a chunked corpus, we added synthetic worddent dfgr deach gtc;]cutim?nt tthrat chorrgeérwr'ﬂl' t\?ent'I'tRECr:]—4 (ﬁ:‘a’
representing collocations. Each collocation came from tw € added a syntnetic feature wo (relevant to one of the

words w1, ws, Not necessarily adjacent, that co—occurredqueries) or Si (irrelevant to any query) to 90% of our docu-

within the same noun group. We kept the synthetic word ents. All of th? $r—'gagged documents t.hen have a word-the
only for pairs that co-occur within a noun group more fre- eature annotation—in common, in addition to whatever se-

guently than chance would predict. These synthetic word antiq similarities e_xigted, making their LSA document vec-
thus recognize many word associations that are not phras rs slightly more similar to each other. The same holds for

nouns or frozen phrases. For exampeket, solid which e $i-tagged documents. _
occurs 174 times more likely than chance, is derived from 1N experiment injected $i and $r tags alternately into an

solid fuel booster rockeand solid rocket booster motoas ~ Untagged document, retrieved the most relevant documents

well as a number of other NPs including the shorthand forr’r{rom the entire collection under each condition, and com-
solid rocket pared the retrieval sets. We were unable to use these differ-

A 500-dimension LSA semantic space was constructe@nces to reliably annotate the query document, the differences
from the documents in the collection being searched. BotIJ1nduced by a single feature word in 440 words (average) of

recall and R-Precision, the precision at the moment of the lady/ire service text appeared to be too slight.
retrieved relevant document, show a very slightimprovementa ciknowledgments

shown in Table 1. Various versions of this experiment, ©-93essica Warnier provided software support and considerable
different cutoffs for selecting high-probability pairs, synthetic X ner p . X PP
technical assistance to this project.

c_ollpcations extracted from t_he verb groups, etc., _a!l yield This work was supported by the Cognitive Science Pro-
férggﬁalrly small, or even negative, changes in R-Precision an%ram, Office of Naval Rese_arch, under grant NO0014-03-1-
The failure of this method stems from the almdst ex- 0037 to \_/alpara|sq University. The content does not reflect
plosion in the vocabulary from 110,000 to 416,000 words.the position or policy .Of the government and no official en-
We can readily decrease performance by adding extra Vocagprsement should be inferred.
ulary words while holding the number of dimensions con- References
stant. That we saw a small performance increase could in- i ) ) i
dicate success of the word pairs, masked by the vocabularg€rafin, R.-and B. Di Eugenio (2004). FLSA: Extending
increase effect. There being no principled way to increase the Latent Semantic Analysis with Features for Dialogue Act
semantic space size as a function of vocabulary size, there Classification. Proceedings of the 42nd Annual Meeting
is no effective way to compare the two conditions using dif- of the Association for Computational Linguistics, ACL-04,
ferent numbers of dimensions. (Wiemer-Hastings & Zipitria, Barcelona
2001) achieved greater success in adding structural informaA/iemer-Hastings, P. & I. Zipitria (2001). Rules for Syntax,
tion to LSA comparisons of sentence-length texts without our Vectors for Semantics. IRroceedings of the 23nd Annual
problem of increasing the vocabulary. Conference of the Cognitive Science Society
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The Experiment

Analyzing  computer-mediated,  keyboard-to-keyboard
algebratutoring transcripts (Kim & Glass 2004, we studied
guantitative differences in tutoring behaviors between an
expert and a novicetutor. This should highlight the kinds of
behaviors expert tutors acquire that set them apart from
novices. The most pronounced dfferenceis that the expert
isfar morelikely to set procedural goals.

In this dudy the epert tutor is Dr. Kathy Cousins-
Cooper, a profeswor in the Mathematics Department at NC
A&T State University who has taught and tutored basic
algebra for many years. The novice is an upper-level
undergraduate mathematics dudent who prior to these
sesgons had the typical student tutoring experiences of a
mathematics major. Students were volunteas from an
undergraduate dementary algebra class The probems that
were addressd in a tutoring sesson were sdeded by
examining student performanceon a pre-test, soin all cases
we had reason to believe the student could not solve these
problems beforehand.

We focused on the two symbdic manipulation problems
shown in Figure 1. We have 9 examples of problem 1 taught
by the expert and 6 by the novice tutors. For probem 2 we
have 8 expert and 4 novice examples. Over all, we have 24
expert sesgons and 10 novice but not every probem was
tutored in every sesson.

Problem 1. subtract X 2

X2 —x-6 Xx?-7x+12
5x = 2x% +1

Problem 2; solve for
X

Figure 1. The two problems gudied in this paper.

Phenomenawe examined included: learning gains, timeto
tutor the problem, number of turns neeled, frequency of
goal-setting acts, and tutor responses to impasses.

Results and Discussion

The mean learning gains were 0.47 for the expert sessons
and 0.24 for the novice wherelearning gainiscalculated as:
(posttest — pretest) / (1 — pretest)
This differenceis only weakly significant, p<0.1.
The most marked differenceis that the expert engagesin
significantly more goal-setting episodes, seeTable 1.

Table 1. Goal-Setting Episodes

Expert Novice t-test
Avg./Prob | n | Avg./Prob | n
Coll ab. 3.88 66 | 1.00 10 | p<.001
Informed | 1.59 27 | 0.50 5 | p<.001
Tota 5.47 93| 1.50 15 | p<.001

This finding is consistent with teaching algebra & a
procedural skill. In this table, collaborative goal setting
episodes involved bath parties dedding the next procedura
step, while informed episodes consisted of the tutor telling
the next procedural step to the student. . Chi-squared shows
that despite the difference in numbers of episodes, there is
no significant difference between novicés and expert’'s
choiceof collaborative vs. informed goal -setting.

Average dialogue turns per problem was sgnificantly
(p<0.01) higher for the epert at 17.5 turns (divided
between bath parties) vs. the noviceat 12.4 turns. Combined
with the goal-setting results, this ows that the bulk of the
expert tutor’s nine turns were devoted to goal setting.

Consistent with the findings of VanLehn et a (2003, we
discovered that for the expert tutor most student impasses
(4.5 out of 4.7 per probem tutored) were recognized by
tutor intervention. The novice intervened in significantly
fewer instances, 1.7 out of 3.9 impasss. The two tutors did
not differ in their responses to the impasses.
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