Dialog Act Tagging with Support Vector Machines and Hidden Markov Models
Dinoj Surendran, Gina-Anne Levow

Computer Science Department, University of Chicago,
1100 E. 58th St., Chicago IL 60637, United States

di noj, | evow@s. uchi cago. edu

Abstract Table 1: Tags used by the HCRC MapTask Labellers, from the

We use a combination of linear support vector machines aihd hi Dialog Structure Coding Manual. Also shown is the perceatafy
den markov models for dialog act tagging in the HCRC MapTask dialog acts of each type.

corpus, and obtain better results than those previouslyrieg Tag %age | Description
Support vector machines allow easy integration of spargh-hi i nstruct 15.1 | commands partner to carry out actign
dimensional text features and dense low-dimensional sicdas- expl ain 7.5 | states information that partner did npt
tures, and produce posterior probabilities usable by segu&- elicit
belling algorithms. The relative contribution of text antbastic align 7.2 | checks attention & agreement of paft-
features for each class of dialog act is analyzed. ner, or their readiness for next DA
check 8.0 | requests partner to confirm informa-
; tion that checker is partially sure of
1. Introduction query-yn 6.0 | Yes/No question other than a check jor
There are several possible cues that humans and machinasecan align
to identify the meaning of an utterance, such as whetherat is query-w 3.0 | any other question
acknowledgement or clarification. Several approaches baea ack 21.0 | acknowledgement: minimal verbal
proposed to integrate such cues [1] [2] [3], using a comimnaif response showing that speaker heard
neural networks, decision trees, hidden markov models (FMM preceding DA
principal components analysis, and nearest neighboridigus. clarify 4.0 | repetition of information already
We use support vector machines (SVMs) [4] and HMMs to stated by speaker, often in response to
obtain dialog act classification accuracy on a standardusottpat a check DA
is better than previously published results. With SVMs, waken reply-y 12.6 | affirmative reply to any query
no special effort, other than scaling, to combine sparserep¢ reply-n 3.3 | negative reply
resentations and dense acoustic measurements of diffeneist reply-w 3.2 | any other reply
Posterior probability estimates from SVMs are input to aklit ready 7.9 | DA that occurs after end of a dialog
algorithm [5] to make use of sequential information. ThisNsV game and prepares conversation for a
HMM combination results in classification accuracies of54a. new game
and 59.1% respectively using acoustic and text featuresratgly uncodabl e 1.2 | None of the above

and 65.5% together.

In this document, we briefly describe the task and classifica-
tion algorithms used, followed by several measurementedbp
mance in experiments using text features only, acoustitifes
only, and a combination thereof.

eight parts, gl to g8. We used four splits, with theh split
(n = 1,2,3,4) having test data from{®n — 1} and ¢(2n} and
the training data from the other six parts. Text featurefedfl in
each split as they could only make use of the split’s traimiag.
2. Task Description In this way, each of the 14810 examples in the corpus was a
. . test example in exactly one split. The confusion matricesgmted

The HCRC MapTask corpus [6] is a collection of 128 2-speaker d - here are sums of all confusion matrices from all splits. Thalfi
alogs, of which we used the 64 ‘no-eye-contact’ dialogs.hitha- classification accuracy is the sum of all correctly clasditiest
log h.as a ‘giver’ giving directions on a §hared map to a ‘foko’, examples divided by 14810.
and is segmented into parts called ‘Dialog Acts’ (DAs). We as In the interests of result reproducibility, we have placke t
sume this segmentation has already bgen done manually. ®As d 4ata and data splits used in our experiments ohlirdsing the
not span speaker turns; turns can consist of multiple DAs. exact splits is important, as results varied widely acrpéitss For

DAs are labelled with one of a number of tags; the HCRC eyample, our final classification accuracy of 65.8% is a weigh
labellers used twelve tags, and a thirteenth for ‘uncodaBkethis sum of the accuracies for each split of 63.4%, 61.9% 69.4% and
study was explorational, we simply took the task to be a 83l 70.994. This wide variance is disconcerting but, as will bense
classification problem. The tags, and their relative fregies, are even 61.9% is better than previously reported results thata

described in Table 1. ) assume knowledge of the previous DA or higher level inforamat
The experiments reported here were done with four-foldssros

validation. The 64 dialogs considered here are organizéml in

Lhttp:/people.cs.uchicago.edudinoj/da



3. Classification Algorithms Suppose there a®¥ states. If we know the transition proba-
bilities P(g:+1|q:), the output symbol probabilities

P(z¢|g:), and the initial probability distributio#(q1), the Viterbi
forward-decoding algorithm [5] is a dynamic programmingaal
rithm that outputs the most likely state sequence . ., gr given
an output sequencey, . .., zr.

We can estimate the transition probabilities from the trajn
set. However, we do not knoW(z:|q: ), but do know the posterior
SVMs are binary classifiers. Given set of training exampdesh probability P(q:|z:) for eachz; in the test set [11]. Bayes Rule
a D-dimensional vector, with labels -1 or 1, a linear SVM learns and some other assumptions can be employed to give thelglight
weightsw € R” and a threshold € R to produce a final de-  modified Viterbi algorithm below [14].
cision function f(z) = sigfw”z + b). The value off(z) is

Our strategy is to use linear SVMs on individual data poiats]
then Viterbi decoding to make use of some contextual inféiona
The Viterbi decoding procedure is a bit non-standard as we ha
posterior probabilities instead of output symbol prolities.

3.1. Support Vector Machines

between—oo and oo but can (and should) be Platt-scaled [7] to 50 = max P(T1,..., % q1, .. Q1,4 =)
produce a value between 0 and 1 that is a good estimate of the 1500t —1
probability that example is in class 1.

There are several ways to reduce multiclass problems toybina Yje = argmax, &

problems [8]. A fast method is to split the problem imto»— 1) /2 o o
binary classification problems and combine the results {8].] ~ We useP(q:|z1) for the initial state distribution, and then com-

The probability estimates from each binary classificatimbfem puted and record) recursively:
can be combined to produce an estimate of the posterior piteba
ity for = over then classes [11]. 0j1 = P(q1 = jlz1)

Label bias was handled by associating a weigh% @b each

class with empirical training set probabilipy N
0, = P(q: = jlz P(qt = jlgt—1 = n)0n t—

3.2. HMM Decoding swzz = Pla =] t); (% = 3lde-2 = M)ons-s

Previous work in this domain [12] [3] [13] reports improveztog-

i = argm P(q: = jlgt—1 = n)On¢—
nition rates when knowledge of the previous dialog act ismes. Yji2 gmax, | P(g = jlge—1 = n)dni—1

This is because the distribution of DAs differs greatly vihik pre- The equation fob; :>» is probabilistically incorrect; it should be
vious dialog act — Table 2 shows these distributions for pitie P(z¢|q:). As we only want to find the most likely state sequence,
MapTask corpus. For example, the probability of an affiroeate- and not its probability as well, we can use P(z|q:) instead
ply is about 0.5 after a binary question or check or alignmieut of P(z¢|q:), as long as is a positive real number independent

under 0.05 after other types of DAs. And while checks andnalig  of ¢,. Bayes Rule says thd®(x:|q:) = P(qi|x:)P(z:)/P(qt).
ments are also questions, the probability of a negativey refiér Since we reweighted the probabilities in SVM training sa thilh
an alignment is about 0.01, after a check 0.08 and after aybina classes were equally likely?(¢:) = + is independent of;;, as
question 0.27. is P(x+). Thus we can substitut®(g:|z:) for P(x¢|g:) in our
modified Viterbi procedurey; , remains the same.

Finally, backtracking obtains the most likely state seqeen

Table 2: Transition matrix showing which dialog acts followed - T
R A

which dialog acts. Théi, j)th entry is the percentage of DAs after
one of clasg that are of clasg. For example, of the dialog acts
immediately following a binary questiony), 45% were affirma-

tive replies  y) and 27% negative replies ().

Tp = argmaxdqr

Tt<T = wntﬁ ;41

_ ex al ch qy qw [ ac cl ry m w rd un . . i

a|e w0 5|7 7 3@ 1|z 2 ol|n 2 4. Classification Experiments

al 12 4 3 7 4 2 6 2 51 1 2 5 1

o133 512 3 ili Dln % oil: o 4.1. Classification with acoustic features

qw 4 2 4 3 4 2 5 11 3 2 48 10 2

a9 10 peo e Ao ez 11w 1 We used the acoustic features mentioned by Stolcke et.]ahdtl
I A R R made use of duration (but not pauses), intensity, pitchaldpg
w |7 6 4|8 3 5 |4 2|2 1 6|1 2 rate [15], and speaker identity. Pitch was measured witfe®eS
rd 46 11 8 7 12 3 3 2 1 0 2 3 2 . . . .

w |15 10 4|6 7 4|18 3|10 3 4|9 6 algorithm implemented in the Snack Toolkit [16]. Each featu

were scaled to between -1 and 1 based on the minimum and maxi-
If the computer is a participant in the dialog, knowledge of Mmum values of the feature among training examples.
previous DAs on one conversation side can be assumed, ag-in Ta This resulted in a classification accuracy of 41.4% with a lin
lor et. al.[12]. In general, knowledge of the preceding DAmat ear SVM, which was increased to 42.5% after Viterbi decoding
be assumed. Of course, it can be estimated, and Stolcke ] al  However, as the corresponding confusion matrix in TabledBvsh

found that a HMM improved perfomance. nearly half the classes were rarely recognized, and ovértieal
The HMM assumption is that the sequence of observations examples were classified as the most common classes.

x1,...,x7 IS generated by an underlying first-order Markov se- This indicates that our acoustic features simply did noasep

quence of stateg, . . . , gr with each observation; generated by rate the data and need to be improved. However, previous evork

the corresponding statg only. Note that we are using the DA this dataset using only acoustic features (and no contestused
classes as states. similar recognition rates, such as 42% in [12].



4.2. Classification with text features

We represented text features of each DA using a sparse bag-of
grams model. Our features included all unigrams, bigramd, a
trigrams that appeared at least twice in the training set.alde
had a feature for a unigram that was the only word in a DA.
SupposeF’ of these features occurred at least twidé.was

4.2.1. Preprocessing Text with PCA

Serafin and di Eugenio [3] suggest using Principal Companent
Analysis on the sparse text features before applying a seare
neighbors classifier. We therefore ran a linear SVM on the firs
100 principal components of the sparse text features arainaat
classification accuracy of 55.7%, compared to 58.1% witlusut

between 9000 and 10000, depending on the data split. Thenjng PCA. We thus performed no further experiments with PCA.

each DAz in the training and test set was represented by a
(F + 1)-dimensional features = [vivs2---vri1]” wherew;,

j = 1,...,F was the number of times generated feature;
while vr41 was the number of times generated a unigram fea-
ture that was not among the features. This dealt, albeit crudely,
with the out-of-vocabulary problem.

Applying a linear SVM to this resulted in 58.1% classificatio
accuracy, and in 59.1% once Viterbi decoding was appliece Th
corresponding confusion matrix is in Table 4. This is muctidre
than the 42.8% when using 1-nearest neighbors i.e. clasgify
each test DA with the label of the training DA with the highest
cosine similarity [3]. While itis less than the 62.1% regartusing
Transformational Based Learning by Lager and Zinovjevd,[13
their algorithm assumed knowledge of the previous DA.

Table 3: Confusion matrix using acoustic features with a linear
SVM and Viterbi decoding. Classification accuracy was 42.5%

inst ex al ch qy’ qw’ ac cl ry m w rd un
in 1932 7 72 4 29 0 25 14 44 3 4 107 0
ex 308 211 25 245 11 17 178 4 52 3 7 43 0
al 441 15 171 43 29 1 83 5 90 4 3 184 1
ch 89 135 12 516 11 17 315 2 65 2 6 15 0
qy 368 37 89 154 89 11 81 5 28 2 6 19 0
qw 57 51 12 92 8 13 165 1 20 3 3 13 0
ac 59 55 21 159 6 6 2067 8 354 7 6 358 3
cl 448 12 18 7 1 12 8 48 2 7 37 0
ry 130 19 21 56 3 3 780 8 597 1! 10 218 0
m 27 5 5 23 0 1 173 1 146 1 4 85 0
w 165 39 12 79 8 0 55 13 63 0 11 24 0
rd 63 5 29 9 4 0 246 1 137 7 3 662 3
un 10 0 12 5 3 0 60 1 46 1 0 43 1

Table 4: Confusion matrix using text features with a linear SVM

and Viterbi decoding. Classification accuracy was 59.1%

4.3. Classification with both features

Recall that we have so far for each DAGadimensional dense vec-
tor representing its acoustic properties arfd-dimensional sparse
vector representing its textual featurés~ 10000 is much larger
thanG =~ 50. The easiest way of integrating them is to concate-
nate the two vectors to form(@’ + G)-dimensional sparse vector
and feed this to the SVM.

With vector concatenation, classification accuracy wa8%..
using a linear SVM and 65.5% after Viterbi decoding. The cenf
sion matrix in Table 5 has more details. This compares with%9
and 42.5% using text and acoustic features separately.

This is better than previously reported results for thisadat.
Higher accuracy, such as 73.9% in [3], has only been achieyed
assuming knowledge of higher level discourse informatisrhsas
game segmentation and game type for each DA.

A better sense of how different features helped can be found
in Table 6. It has precision, recall and F-scores for thecadeen
acoustic and text features were used separately and togethe

Unsurprisingly, all classes were better recognized with be
ter precision using text than acoustic features. Bear irdrtfiat
we are using manually, not automatically, transcribedfeeadures.
ConsideringF'-scores, acoustic features did not aid text features in
recognizing binary questions, possibly because mastr y- yn
DAs have helpful bigrams like “have you” or “do you” or “am i".
They help a little with recognizing complex queries, sinteugh
over 75% of mostuer y- wDAs have the word “where”, “how”
or “what”, so do other DAs. Acoustic features also help with
recognizing questions that weedeck or al i gn, but not with

T T recognizing any replies. They did help with recognizirgady,
HEAE FI A AL i A i nstruct andack DAs.
ch 182 114 42 520 106 23 96 30 34 12 14 9 3
qy 66 27 39 129 550 15 30 8 8 5 11 1 0
qw 38 16 11 27 25 254 30 4 5 2 11 10 5
Tl 6 Bm o5 8| n m|in s & & Table 6: Precision, Recall, and F scores for each class using
EN I I - A o acoustic (A), text (T) or both (B) features. Values are petages.
T - T T B B Tag Precision Recal F-score
un 12 3 2 18 3 7 59 3 2 4 5 31 33 A T B A T B A T B
instruct | 47 61 68| 8 79 86|61 69 76
explain | 36 53 55|19 54 54|25 53 55
. . . . . align 34 55 67|16 36 55(22 43 60
Table 5: Confusion matrix using acoustic and text features with check 37 46 57| 44 44 58| 40 45 57
a linear SVM and Viterbi decoding. Classification accura@sw query-yn | 42 66 67| 10 62 60| 16 64 63
655%}mst ex al ch qy’ qw’ ac cl ry m w rd un query'W 19 69 72 3 58 64 5 63 68
o | 122 s 3| 120 s 12| e a| 22 2 |1 s ack 149 58 6966 68 74 56 62 71
al 126 24 587 34 49 7 | 71 15| 9 2 8 137 1 clarify 11 22 28 1 7 14 2 11 19
ch 50 118 27 683 102 38 93 17 22 7 13 13 2
o |3 5 54| s s 18l 6 193 s 8 |6 2 reply-y |35 72 76|32 66 69|34 69 72
I I o B R I B v reply-n 21 79 79| 3 87 84| 5 83 81
LA I S I N B S B repy-w | 16 50 52| 2 31 33| 4 38 40
m |8 s o |3 7 3|1 3|2 o s is ready |37 54 59|57 59 70|44 56 64
@32 7 89|65 1 417229 6 7 2 5 | 84 8 uncodable| 13 35 41| 1 18 23| 1 24 29
un 16 4 2 9 2 10 56 4 2 6 4 26 41




4.3.1. Online Classification Transactions on Information Theqryol. 13, no. 2, pp. 260—

The acoustic features we used were normalized by convensati 267, April 1967.

side, which requires that one needs to see the entire dialmyes [6] Jean Carletta, Amy Isard, Stephen Isard, Jacqueline C
classifying any dialog act. This makes online testing insjius. Kowtko, Gwyneth Doherty-Sneddon, and Anne H Anderson,
We thus investigated the possibility of not normalizing the “The reliability of a dialog structure coding scheméZom-

acoustic features. Scaling was still done as it can be appiie putational Linguisticsvol. 23, pp. 13-31, 1997.

line to individual test examples. The classification accyraas [7] John Platt, “Probabilistic outputs for support vectoa-m

then 42.4% and 65.3% using acoustic and acouséit features chines and comparison to regularized likelihood methods,”

respectively, an absolute drop of only 0.1% and 0.2% resméyt in Advances in Large Margin ClassifiersA.J. Smola,

from the non-normalized case. P. Bartlett, B. Schoelkopf, and D. Schuurmans, Eds., 2000,
Since all other parts of our algorithmic framework are oalin pp. 61-74.

in the test phase (including the Viterbi algorithm, sincis ibnly a

forward pass), this algorithm is suitable for online tegtin [8] Alina Beygelzimer, Varsha Dani, Tom Hayes, John Lang-

ford, and Bianca Zadrozny, “Reductions between classifica-
tion tasks,” inProceedings of the 22nd International Con-

5. Conclusion ference on Machine LearningdNew York, NY, USA, 2005,
In this paper, we showed that linear support vector machiaes ACM Press.
easily integrate text and acoustic features, and that plastgrior [9] Chih-Wei Hsu and Chih-Jen Lin, “A comparison of methods
probabilities estimated from their outputs can be input MNts for multi-class support vector machine$2EE Transactions
to produce a simple, fast dialog act classification algorith on Neural Networksvol. 13, pp. 415-425, 2002.

Our acoustic features improved the quality of recognition f

a few classes, namely instructions, acknowledgements,adnd b f . ‘ hi Soft lable at
queries other than binary ones. rary for support vector machines,Software available a

Future work will investigate the use of better prosodictiees, hitp:/fwww.csie.ntu.edu.twkjlin/libsvm, 2001.
Multiple Kernel Learning [17][18] to integrate differenedtures, [11] Ting-Fan Wu, Chih-Jin Lin, and Ruby C. Weng, “Probabil-

[10] Chih-Chung Chang and Chih-Jin Lin, “Libsvm : a li-

SVMs that directly incorporate sequential information J[1&nd ity estimates for multi-class classification for pairwismie
methods for DA segmentation. pling,” Journal of Machine Learning Researchol. 5, pp.
975-1005, 2004.
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