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Abstract

In this paper, we describe active and semi-supervised learning methods for reducing the labeling effort for spoken

language understanding. In a goal-oriented call routing system, understanding the intent of the user can be framed

as a classification problem. State of the art statistical classification systems are trained using a large number of

human-labeled utterances, preparation of which is labor intensive and time consuming. Active learning aims to mini-

mize the number of labeled utterances by automatically selecting the utterances that are likely to be most informative

for labeling. The method for active learning we propose, inspired by certainty-based active learning, selects the exam-

ples that the classifier is the least confident about. The examples that are classified with higher confidence scores (hence

not selected by active learning) are exploited using two semi-supervised learning methods. The first method augments

the training data by using the machine-labeled classes for the unlabeled utterances. The second method instead aug-

ments the classification model trained using the human-labeled utterances with the machine-labeled ones in a weighted

manner. We then combine active and semi-supervised learning using selectively sampled and automatically labeled data.

This enables us to exploit all collected data and alleviates the data imbalance problem caused by employing only active

or semi-supervised learning. We have evaluated these active and semi-supervised learning methods with a call classifi-

cation system used for AT&T customer care. Our results indicate that it is possible to reduce human labeling effort

significantly.
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1. Introduction

Spoken dialog systems aim to identify the in-

tended meaning of human utterances, expressed in

natural language, and to take actions accordingly
to satisfy their request (Gorin et al., 2002). Typi-

cally, in a natural spoken dialog system, the speak-

er�s utterance is first recognized using an automatic

speech recognizer (ASR). Then, the intent of the

speaker is identified from the recognized sequence

using a spoken language understanding (SLU)

component. This step can be framed as a classifica-

tion problem for goal-oriented call routing systems
(Tur et al., 2002; Natarajan et al., 2002; Kuo et al.,

2002). In this study, we have used a Boosting-

style classification algorithm for call classification

(Schapire, 2001). As a call classification example,

consider the utterance I would like to know my ac-

count balance in a customer care application.

Assuming that the utterance is recognized correctly,

the corresponding intent or call-type would be
Request(Account_Balance), and the action would

be learning the account number and prompting

the balance to the user, or routing this call to the

Billing Department.

When statistical classifiers are used in such sys-

tems (e.g., Schapire and Singer, 2000; Haffner

et al., 2003), they are trained using large amounts

of task data which is usually transcribed and then
labeled by humans, a very expensive and laborious

process. By ‘‘labeling’’, we mean assigning one or

more of the predefined call-types to each utterance.

It is clear that the bottleneck in building an accu-

rate statistical system is the time spent for high

quality labeled data. Building better call classifica-

tion systems in a shorter time frame motivates us to

develop novel techniques. To this end, we employ
active and semi-supervised learning algorithms.

Typically, the examples to be labeled are chosen

randomly so that the training data matches the test

set. Thus, the motto of any statistical learning algo-

rithm is, ‘‘There�s no data like more data.’’ In the

machine learning literature, learning from ran-

domly selected examples is called passive learning.

Recently, a new set of learning algorithms in which
the learner actively selects the examples to be labe-

led has been proposed; this approach is called ac-

tive learning (Cohn et al., 1994). Active learning
aims at reducing the number of training examples

to be labeled by selectively sampling a subset of

the unlabeled data. This is done by inspecting the

unlabeled examples and selecting the most inform-

ative ones, with respect to a given cost function, for
a human to label (Cohn et al., 1994). In other

words, the goal of the active learning algorithm is

to select the examples which will have the largest

improvement on performance, hence reducing the

amount of human labeling effort.

If there are more candidate utterances than can

be labeled manually with the available human re-

sources, one can ask the labelers to label the selec-
tively sampled utterances. This is indeed the case

in a deployed natural dialog system where a con-

stant stream of raw data is collected from the field

to continuously improve the performance of the

system. The aim of active learning then is to come

up with a smaller subset of all utterances collected

from the field for human labeling. In our work, the

main criterion in selective sampling is the classifier
confidence scores attached to utterances. The intu-

ition is that there is a reverse correlation between

the confidence score given by the classifier and

the informativeness of that utterance. That is, the

higher the classifier�s confidence score for an utter-

ance, the less informative that utterance.

We also focus on the complementary problem:

how can we exploit the remaining set of utterances
which are not labeled by a human? This is another

crucial component of this study as part of our goal

of training classification models with higher per-

formance in a shorter time frame. Knowing that

the remaining utterances are classified with confi-

dence scores more than some threshold, we can

exploit the unlabeled examples by adding them to

the smaller set of labeled data in a weighted man-
ner to improve the performance of the classifier.

In this paper, we present two semi-supervised

learning methods for combining labeled and

unlabeled utterances so as to speed up the building

of accurate call-type classification systems. The

first method simply adds the machine-labeled

utterances to the training data. The second method

is specific to the Boosting algorithms that we use,
and augments the classification model trained

using the human-labeled utterances with the ma-

chine-labeled ones in a weighted manner.
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In the following section, we present briefly the

active and semi-supervised learning literature, as

well as review some of the related work in language

processing. In Section 3, we briefly explain the

Boosting algorithm. In Sections 4 and 5, we de-
scribe our active and semi-supervised learning algo-

rithms, and Section 6 contains methods to combine

these two complementary learning algorithms.

Then in Section 7 we present our experiments,

results, and a discussion of possible future work.

2. Related work

The search for effective training data sampling

algorithms has been studied under the title of ac-

tive learning. In order to have better systems with

less annotated data, the learner is given some con-

trol over the inputs on which it trains.

Previous work in active learning has concen-

trated on two approaches: certainty-based methods
and committee-based methods. In certainty-based

methods, an initial system is trained using a small

set of annotated examples. Then, the system exam-

ines and labels the unannotated examples and

determines the ‘‘certainty’’ or ‘‘confidence’’ of each

of its predictions. The examples with the lowest cer-

tainty levels are then presented to the labelers for

annotation. Cohn et al. (1994) introduced cer-
tainty-based active learning for classification based

on earlier work on artificial membership queries

(Angluin, 1988). Lewis and Catlett (1994) used

selective sampling with decision trees for text cate-

gorization and obtained a 10-fold reduction in the

amount of labeled data needed. Active learning has

also been applied to support-vector machines

(Schohn and Cohn, 2000; Tong and Koller,
2001), as well as Boosting and Bagging (Abe and

Mamitsuka, 1998). In the language processing

framework, certainty-based methods have been

used for natural language parsing and information

extraction (Thompson et al., 1999; Tang et al.,

2002) and word segmentation (Sassano, 2002). In

our previous work, we presented certainty-based

active learning approaches for reducing the
amount of labeled data needed for spoken lan-

guage understanding (Tur et al., 2003); these tech-

niques were also applied to automatic speech

recognition by Hakkani-Tür et al. (2002).
In committee-based methods, a distinct set of

classifiers is created using the small set of annotated

examples. The unannotated instances whose classi-

fications differ most when presented to different

classifiers are given to the labelers for annotation.
Seung et al. (1992) introduced this approach calling

it query by committee. Freund et al. (1997) provided

an extensive analysis of this algorithm, especially

for learning of perceptrons. Liere and Tadepalli

(1997) employed committee-based active learning

for text categorization and obtained 2–30-fold

reductions in the amount of human-labeled data

required, depending on the size of labeled dataset.
Argamon-Engelson and Dagan (1999) formalized

this algorithm for probabilistic classifiers introduc-

ing a metric called vote entropy to compute the dis-

agreement of the committee members. They

demonstrated its use for the task of part-of-speech

tagging. One drawback with certainty-based meth-

ods is that it is hard to distinguish an informative

example from an outlier. On the other hand, in or-
der to train multiple classifiers required by commit-

tee-based active learning, one may need to divide

the training data or feature set into multiple parts,

and this may result in many weak classifiers instead

of a single strong one.

Recently, semi-supervised learning algorithms

that use both labeled and unlabeled data have been

used for text classification in order to reduce the
need for labeled training data. Blum and Mitchell

(1998) proposed an approach called co-training.

For using co-training, the features in the problem

domain should naturally divide into two sets. Then

the examples which are classified with high confi-

dence scores with one view can be used as the

training data of other views. For example, for

web page classification, one view can be the text
in them and another view can be the text in the

hyperlinks pointing to those web pages. For the

same task, Nigam et al. (2000) used an algorithm

for learning from labeled and unlabeled docu-

ments based on the combination of Expectation

Maximization (EM) and a Naive Bayes classifier.

Nigam and Ghani (2000) then combined co-train-

ing and EM, coming up with the Co-EM
algorithm which is the probabilistic version of

co-training. Ghani (2002) later combined the Co-

EM algorithm with error correcting output coding
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(ECOC) to exploit the unlabeled data, in addition

to the labeled data. For natural language call rout-

ing, Iyer et al. (2002) proposed using speech recog-

nizer output instead of transcribing the utterances

during training, without losing accuracy. How-
ever, hand-labeling of the utterances with the cor-

rect call-type is not mentioned. For spoken

language understanding, Tur and Hakkani-Tür

(2003) presented semi-supervised learning ap-

proaches for exploiting unlabeled data.

The idea of combining active and semi-super-

vised learning was first introduced by McCallum

and Nigam (1998). They combined the commit-
tee-based active learning algorithm with EM-style

semi-supervised learning to assign class labels to

those examples that remain unlabeled. For the

task of text categorization, using a Bayesian classi-

fier, they employed EM for each of the committee

members. Muslea et al. (2002) extended this idea

to use Co-EM as the semi-supervised learning

algorithm. They called this new algorithm Co-
EMT. Exploiting multiple views for both active

and semi-supervised learning has been shown to

be very effective. Once the committee members

are formed for active learning, it is straightforward

to employ co-training or its variant Co-EM for

semi-supervised learning. Riccardi and Hakkani-

Tür (2003) used a combination of active and

semi-supervised learning for automatic speech rec-
ognition and have shown improvements for statis-

tical language modeling. In that work, they mainly

exploited confidence scores for words and utter-

ances computed from ASR word lattices.

Combining the data with prior task knowledge

(e.g., rules) is also considered in the literature for

building natural language dialog systems in a short-

er time frame. Schapire et al. (2002) have extended
Boosting so as to handle initial hand-written rules

during classification. When there is little labeled

data, this approach is shown to be very effective.
3. Boosting

We begin with a review of Boosting-style algo-
rithms. Boosting aims to combine ‘‘weak’’ base

classifiers to come up with a ‘‘strong’’ classifier

(Freund and Schapire, 1997, 2001). Boosting is
an iterative procedure; on each iteration, a weak

classifier is trained on a weighted training set,

and at the end, the weak classifiers are combined

into a single, combined classifier.

The algorithm generalized for multi-class and
multi-label classification is given in Fig. 1. This is

a variant of Freund and Schapire (1997)�s Ada-

Boost algorithm called AdaBoost.MH, and is

due to Schapire and Singer (2000). Let X denote

the domain of possible training examples and let

Y be a finite set of classes of size j Y j¼ k. For
Y � Y, let Y[l] for l 2 Y be

Y ½l� ¼
þ1 if l 2 Y ;

�1 otherwise:

�

The algorithm begins by initializing a uniform dis-

tributionD1(i, l) over training examples i and labels

l. After each round this distribution is updated so
that the example-class combinations which are eas-

ier to classify get lower weights and vice versa. The

intended effect is to force the weak learning algo-

rithm to concentrate on the examples and labels

that will be the most beneficial to the overall goal

of finding a highly accurate classification rule.

Instead of just a raw real-valued classification

score, it is possible to estimate the probability of
a particular class using a logistic function (Fried-

man et al., 2000):

PrðY ½l� ¼ þ1 j xÞ ¼ 1

1þ e�2f ðx;lÞ :

This algorithm can be seen as a procedure for find-
ing a linear combination of base classifiers which

attempts to minimize an exponential loss function

(Schapire and Singer, 1999), which in this case isX
i

X
l

e�Y i½l�f ðxi ;lÞ:

An alternative would be to minimize a logistic loss

function as suggested by Friedman et al. (2000),
namelyX
i

X
l

lnð1þ e�Y i½l�f ðxi ;lÞÞ:

A modified version of AdaBoost for this loss func-

tion is given by Collins et al. (2002). In this case,

the logistic function used to obtain probability

estimates can be computed as:
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PrðY ½l� ¼ þ1 j xÞ ¼ 1

1þ e�f ðx;lÞ :

A more detailed explanation and analysis of this

algorithm can be found in (Schapire, 2001). In

our experiments, we used the BoosTexter tool,

which is an implementation of the Boosting algo-

rithm (Schapire and Singer, 2000). For text catego-
rization, BoosTexter uses word n-grams as

features, and each weak classifier (or ‘‘decision

stump’’) checks the absence or presence of a

feature.
4. Active learning: Selection of data to label

Inspired by the certainty-based active learning

methods, we select the examples that we predict

the classifier is the least confident about for labe-

ling, leaving out the ones that have been classified

with high confidence scores.

The certainty-based active learning algorithm is

described in Fig. 2 and depicted in Fig. 3. We first

train a classifier using a small set of labeled data,
St. Using this classifier, we classify the utterances

that are candidates for labeling, Sp = {s1, . . ., sn}.
We then use the confidence score for the top
scoring call-type CS(si) for each utterance si2Sp

to predict which candidates are misclassified:

CSðsiÞ ¼ max
cj

CScjðsiÞ;

where CScjðsiÞ is the confidence score assigned by
the classifier to utterance si for the call-type cj:

CScjðsiÞ ¼ PrðY ½j� ¼ þ1 j SiÞ:

We then label the utterances which have the lowest

confidence scores:

Sk ¼ fsi : CSðsiÞ < thg:
This approach is independent of the classifier used.

The threshold th is mainly determined by the

capacity of the manual labeling effort or by the

performance of the current classifier. The other

parameter is the filtering criterion. One can come

up with a different criterion for selecting the utter-
ances for labeling other than the maximum confi-

dence scores, such as the difference of the top
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two call-type confidence scores, or by using other

or all the call-type scores.

One other parameter of the algorithm is the

characteristics of the pool used in the algorithm.
Instead of assuming a fixed pool, one can use a dy-

namic pool. Assuming a constant stream of incom-

ing data traffic better reflects an actual SLU

system. In such a case, the aim of active learning

is again to select the most informative utterances

from a given pool, as in the above algorithm.
The difference is that, at each iteration, a new pool

is provided to the algorithm. In the above algo-

rithm, Item [2.5] needs to be updated as follows:

2.5 Get new Sp

Note that the distribution of the call-types in

the selectively sampled training data has skewed

from its priors. That is, the distribution of call-

types has become different in training and test

data. The classes which have more examples in
the training data or which can be easy to classify

are underrepresented by selective sampling. In

other words, the classifier trained on selectively

sampled data can be biased to infrequent or hard

to classify classes. Divergence from the priors is

a problem that deteriorates the performance of

the classifier, and has already been noted in the lit-

erature (Lewis and Catlett, 1994). The solution of
Lewis and Catlett is to adjust the classifier para-

meters (in their case, decision trees) so that false

positives are more costly than false rejections.

Another solution is to adjust the priors by up-

sampling or down-sampling the data. In this work,

we propose a novel solution to this problem as

described in Section 6.
5. Semi-supervised learning: exploiting the unlabeled

data

The aim of semi-supervised learning is to ex-

ploit the unlabeled utterances in order to improve
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the performance of the classifier. To this end, we

propose two methods. Both methods assume that

there is some amount of training data available

for training an initial classifier. The basic idea is

to use this classifier to label the unlabeled data
automatically, and to then improve the classifier

performance using the machine-labeled call-types

as the labels of those unlabeled utterances, thus

reducing the amount of human-labeling effort nec-

essary to come up with better statistical classifiers.

5.1. Augmenting the data

This simpler semi-supervised learning method is

summarized in Fig. 4. First we train an initial

model using the human-labeled data, and then

classify the unlabeled ones. Then we add the

unlabeled utterances directly to the training data

using the machine-labeled call-types as seen in

Fig. 5. In order to reduce the noise added because

of classifier errors, we only add those utterances
which are classified with the call-types with confi-

dence scores higher than some threshold, th.

Sm ¼ fsi : CSðsiÞ P thg;
where

CSðsiÞ ¼ max
cj

CScjðsiÞ:

It is then straightforward to use the call-types

exceeding that threshold for each utterance during
re-training:

Y i½l� ¼
þ1 if CSclðsiÞ P th;

�1 otherwise:

�

The threshold th can be set using a separate held-

out set. Obviously, there is a trade-off in selecting

the threshold. If it is set to a lower value, that

means a larger amount of noisy data, and if it is

set to a higher value, that means less amount of

useful or informative data. Finally, all the data,

including both human- and machine-labeled utter-

ances, are used for training the classifier.

5.2. Augmenting the classification model

For the second method for semi-supervised

learning, we again train a classifier using some

amount of labeled data. This method is the same

as the previous one until the last step where we in-

stead augment the initial model by machine-labe-
led examples in a weighted manner as described

in Fig. 6. Fig. 7 depicts the process proposed for

this method.



Fig. 6. The second semi-supervised learning algorithm: augmenting the model.

Sp
UTTERANCES
UNLABELEDFINAL

MODEL

TRAIN
MACHINE

S

CLASSIFY

HUMAN
LABELED

UTTERANCES
t

m
UTTERANCES

LABELED

S

INITIALTRAIN
MODEL

Fig. 7. The second semi-supervised learning method: augment-

ing the model.

178 G. Tur et al. / Speech Communication 45 (2005) 171–186
This method is similar to incorporating prior

knowledge into Boosting (Schapire et al., 2002).

In that work, a model which fits both the training

data and the task knowledge is trained. In our case,

the aim is to train a model that fits both the human-

labeled and machine-labeled data. For this pur-

pose, we first train an initial model using the

human-labeled data. Then the Boosting algorithm
tries to fit both the machine-labeled data and the

prior model using the following loss function:X
i

X
l

ðlnð1þ e�Y i ½l�f ðxi;lÞÞ

þ gKLðPrðY i½l� ¼ þ1 j xiÞkqðf ðxi; lÞÞÞÞ;

where

KLðpkqÞ ¼ p ln
p
q

� �
þ ð1� pÞ ln 1� p

1� q

� �
is the Kullback–Leibler divergence (or binary rela-

tive entropy) between two probability distribu-

tions p and q. In our case, they correspond to

the distribution from the prior model

Pr(Yi[l] = +1jxi) and to the distribution from the

constructed model q(f(xi, l)), where q(x) is the

logistic function 1/(1 + e�x). This term is basically
the distance from the initial model built by human-

labeled data to the new model built with machine-

labeled data. In the marginal case, if these two

distributions are always the same, then the KL

term will be zero and the loss function will be

exactly the same as the first term, which is nothing

but the logistic loss. Here, g is used to control the

relative importance of these two terms. This
weight may be determined empirically on a held-

out set. In addition, similar to the first method,

in order to reduce the noise added because of clas-

sifier errors, we only exploit those utterances that

are classified with a confidence score higher than

some threshold.

Note that most classifiers support a way of

combining models or augmenting the existing
model, so although this implementation is classi-

fier (Boosting) dependent, the idea is more general.

For example, in a Naive Bayes classifier, this can

be implemented as linear model interpolation.

The challenge with semi-supervised learning is

that only the utterances which are classified with

a confidence score larger than some threshold

may be exploited in order to reduce the noise
introduced by the classifier errors. Intuitively, the

noise introduced would be less with better initial
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models, but in such a case, additional data will be

less useful. So one may expect such semi-super-

vised techniques to be less useful with very little

or very large amounts of data. We have also ob-

served this behavior in our experiments presented
in Section 7. Instead of using a threshold to select

machine-labeled data, an alternative approach

would be to modify the classifier so that at each

iteration the confidence scores of the call-types

contribute to the data distribution.
SEMI-SUPERVISED

LEARNINGLABELING

NO
YES

MANUAL

Fig. 9. Combining active and semi-supervised learning.
6. Combining active and semi-supervised learning

The examples which are not selected by active

learning can be exploited using semi-supervised

learning methods.

We propose the algorithm described in Fig. 8 to

combine active learning and semi-supervised learn-

ing. A simplified flowchart is depicted in Fig. 9.

This algorithm is a combination of the active
learning algorithm presented in Section 4 and the

second semi-supervised learning algorithm pre-

sented in Section 5. Instead of leaving out the

utterances classified with high confidence scores,

this algorithm exploits them.

Note that in this algorithm, instead of assuming

a fixed pool, we have assumed that there is a con-

stant stream of incoming data, which, we believe,
better reflects a real-life scenario. It is also straight-

forward to modify this algorithm to handle cases
Fig. 8. Algorithm for combining activ
with a fixed pool. Another variant of this ap-

proach would be to ignore Step [2.1] and use the

classifier built by augmenting the machine-labeled

data after the first iteration.

If the manual labeling resources are very scarce,

one can set a second threshold to eliminate noise
from unlabeled data. That means using one thresh-

old for active learning and another for semi-super-

vised learning. Otherwise combining active and

semi-supervised learning eliminates the need for

the second threshold. Since the utterances which
e and semi-supervised learning.
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are already classified with low confidence scores

are selected by active learning and sent to a human

for labeling, the noise is already reduced for semi-

supervised learning. So it may not be necessary to

find an optimal threshold to work with.
One other problem with the existing semi-super-

vised approaches is that, one particular call-type

may be poorly trained using the initial human-

labeled data, as there is very little or no data for

that call-type. The proposed approaches are not

supposed to improve the classification accuracy

for such call-types. Combining active learning with

semi-supervised learning may be a solution to this
problem, too.

Another advantage is that since semi-supervised

learning only chooses the utterances which are

classified with confidence scores higher than some

threshold, we expect the well represented or easy-

to-classify call-types to dominate the automati-

cally labeled data. This results in just the opposite

effect of active learning which mostly trims such
call-types, so the combination of these two learn-

ing methods may alleviate the data imbalance

problem due to each separately.

One problem with semi-supervised learning is

that it may introduce noise to the training data,

even though a thresholding mechanism is em-

ployed. An utterance might be classified errone-

ously with very high confidence. This is a
problem especially for combining certainty-based

active and semi-supervised learning methods, since

such examples will not be selected for manual labe-

ling by active learning. In order to alleviate this

problem, before using semi-supervised learning at

Step [2.6] we have found it useful to re-train the

classifier only with manually labeled examples

and re-classify the unselected utterances Su with
the new model.

(1) Re-train the classifier using St

(2) Classify the unselected utter-

ances Su using this classifier to

get machine-labels.

This is expected to decrease the noise in the ma-
chine-labeled data, but is still a partial solution.

Although this is a plausible problem, we did not

encounter such a case in our experiments. It is pos-
sible (but unlikely) that a random initial training

set will be highly non-representative of whatever

it is that we are trying to learn. More empirical

experimentation is needed to determine how seri-

ous a problem this may be.
7. Experiments and results

We have evaluated these active learning meth-

ods using the utterances from the database of the

How May I Help You?SM (HMIHYSM) system

for AT&T customer care (Tur et al., 2002; Gorin
et al., 2002). In this natural dialog system, users

are responding to the open-ended prompt ‘‘How

may I help you?’’ by asking questions about their

phone bills, calling plans, etc., and the system aims

to classify them into one or more of a total of 49

call-types, such as Request(Account_Balance), or

Explain(Bill). If the intent is not understood (i.e.

the confidence score is less than some rejection
threshold) or the intent is vague (e.g. ‘‘I have a

problem.’’), the user would be re-prompted. If

the system is not confident enough, a confirmation

prompt would be played.

There are about 65,000 utterances in this cor-

pus, including the responses of users to all of the

prompts. We performed our tests using the Boos-

Texter tool (Schapire and Singer, 2000). For all
experiments, we used word n-grams in transcrip-

tions as features and iterated BoosTexter 500

times. In order to evaluate the classifier perform-

ance we used ‘‘classification error rate’’ (or ‘‘top

class error rate’’) which is the fraction of utter-

ances in which the top scoring call-type is not

one of the true call-types assigned by a human-lab-

eler. In this study we assumed that all candidate
utterances are first recognized by the same auto-

matic speech recognizer (ASR), so we deal with

only text input of the same quality.

7.1. Confidence score evaluations

We began the experiments by checking the

informativeness of using the classifier score with
this data. We trained a classifier with BoosTexter

using all the data. We used word n-grams as fea-

tures for classification. For each classifier score
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bin, we computed the accuracy of its decision. As

seen in Fig. 10, we got an almost diagonal curve,

verifying that BoosTexter scores are indeed useful

for distinguishing misclassified utterances.
7.2. Active learning experiments

In order to see the actual improvement obtained

with active learning, we performed controlled

experiments comparing our methods with random

sampling. As a first experiment, we used 51,755

utterances from the HMIHY data set, excluding

some garbage or empty utterances. We used

40,000 randomly selected examples for training

(i.e., as potential candidates for labeling), and
the remaining 11,755 utterances for testing. We

incrementally trained the classifier every 2000

utterances sampled among all the unlabeled utter-

ances and generated learning curves for classifica-

tion error rate, one for random sampling and one

for selective sampling. Fig. 11 shows the results.

Also, the entire experiment was repeated ten times

with different training and test sets and the results
were averaged. It is evident that selective sampling

significantly reduces the need for labeled data. For

instance, achieving a test error of 26% requires

40,000 examples if they are randomly chosen, but

only around 11,000 selected examples, a savings

of 72.5%.
Note that because these are controlled experi-

ments and we select utterances from a fixed pool,

the performance using all available training data

has to be the same for both random sampling

and selective sampling.

The active learning curve also exhibits an inter-

esting phenomenon previously noted by Schohn
and Cohn (2000): better performance can actually

be achieved using fewer training examples. Appar-

ently, examples added toward the end are not only

uninformative, but actually disinformative. With

selective sampling, even though we add more

examples to the training data, the classifier per-

formance degrades and we achieve the best per-

formance using around 20,000 utterances as
training data, only half of all the data.

As a second set of experiments, we simulated a

more likely case where we assume that each day we

get 2000 utterances and select 500 of them for labe-

ling, forgetting about the remainder. So, instead of

using a fixed pool containing all unlabeled utter-

ances, we used a dynamic and smaller-sized pool.

We again used the HMIHY dataset, but in this
case, we used all the data since our aim is to sim-

ulate actual deployment behavior. We randomly

selected 7013 utterances for testing, and 58,000

utterances for training. We chronologically sorted

the training data to get more realistic results.
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Similar to the previous experiments, we re-trained

the classifier after each pseudo-day.

The results are shown in Fig. 12. The axes are
the same as before. But in this experiment, since

we ignore 75% of the data, the active learning curve

goes only until 14,500 utterances. Similar to the

previous experiments, we observe a significant

reduction in the amount of labeled data needed

to achieve a given performance level. For instance,

achieving a test error of 25% requires 23,500 exam-

ples if randomly chosen, but only 11,000 actively
selected examples, a savings of 53.2%.

7.3. Semi-supervised learning experiments

We evaluated the semi-supervised learning

methods using the same corpus. We used the same

7013 test utterances used for the second set of ac-

tive learning experiments. We divided it into two
and put 3500 utterances in the held-out set which

we used to optimize the parameters of the algo-

rithm (i.e., th and g), and 3513 utterances in the

real test set. As in the first set of experiments, we

did not consider active learning and evaluated

semi-supervised learning methods on top of ran-

domly selected base training data.

First, we selected the optimal threshold th of
confidence scores, using the held-out set. Fig. 13
shows the trade-off for selecting optimal threshold

th for the held-out set. We trained initial models

using 2000, 4000, and 8000 human-labeled utter-

ances and then augmented these as described in

the first method with the remaining training data
(only using machine-labeled call-types). The x-axis

gives the different thresholds used to select from

the unlabeled data, and the y-axis gives the classi-

fication error rate if that data is also exploited. A

threshold of 0 means using all the machine-labeled

data and 1 means using none. As can be seen from

the figure, there is consistently a 1–1.5% absolute

difference in classification error rates using various
thresholds for each data set size. When we use all

the data (i.e., th = 0), we do not achieve much

improvement due to the noise introduced.

Fig. 14 depicts the performance using the two

methods proposed by plotting the learning curves

for various initial models trained on human-labe-

led data. In the figure, the x-axis is the number of

human-labeled training utterances, and the y-axis
is the classification error rate of the corresponding

model on the full test set of 7013 utterances. The

baseline is the top curve with the highest error rate

where no machine-labeled data is used. The two

curves below the baseline are obtained by the two

proposed methods. In both methods, we selected

0.5 as the threshold for selecting machine-labeled

data, and 0.9 as the weight g for all data sizes in



0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
x 104

0.25

0.26

0.27

0.28

0.29

0.3

0.31

0.32

0.33

0.34

0.35

Number of Human-Labeled Utterances

C
la

ss
ifi

ca
tio

n 
E

rr
or

 R
at

e

Initial Baseline Model
Augmenting the Data
Augmenting the Model

Fig. 14. Results using semi-supervised learning. Topmost

learning curve is obtained using just human-labeled data as a

baseline. Below that lie the learning curves using the first and

second methods.

0 5 10 15 20 25 30 35 40 45 50 55 60
0.23

0.24

0.25

0.26

0.27

0.28

0.29

0.3

0.31

0.32

0.33

0.34

Number of utterances labeled (x1000)

C
la

ss
ifi

ca
tio

n 
E

rr
or

 R
at

e

Random
Active Learning
Active & Semi-supervised Learning

Fig. 15. Results using active and semi-supervised learning.

Topmost learning curve is obtained using just randomly

sampled human-labeled data as a baseline. Below that lie the

learning curves using the active and semi-supervised learning

methods.

G. Tur et al. / Speech Communication 45 (2005) 171–186 183
the second method. As in the case of the held-out

set, we consistently obtained 1–1.5% classifier error

rate reductions on the test set using both ap-

proaches when the labeled training data size is less
than 15,000 utterances. The reduction in the need

for human-labeled data to achieve the same classi-

fication performance is around 30%. For example

we got the same performance when we used 5000

human-labeled utterances instead of 8000 if we

augment the data with unlabeled utterances. This

improvement disappears when the amount of man-

ually labeled data exceeds 15,000 utterances, verify-
ing our intuition that semi-supervised learning is

expected to be less useful with better initial models.

7.4. Active and semi-supervised learning

experiments

In order to evaluate the performance of active

and semi-supervised learning, we only considered
the dynamic pool case, which is more realistic.

Similar to the second set of experiments done for

active learning, we simulated the more likely case

where we assume each day we get 2000 utterances

and select 500 of them for labeling, exploiting the

remaining using semi-supervised learning. We

again used the whole HMIHY dataset, with the

same 7013 utterances for testing, and 58,000 utter-
ances for training. Similar to the previous experi-

ments, we retrained the classifier after each

pseudo-day. In this experiment, we only used the

second semi-supervised learning method using a

variable threshold (since 500 utterances are se-
lected by active learning on each day) and 0.9 as

the weight g.
Fig. 15 shows the results using only active learn-

ing and also combining active learning with semi-

supervised learning. In this experiment, we only

used the second semi-supervised learning method.

One impressive result is that, all along the learning

curve, using semi-supervised learning improves the
performance of the classifier by around 0.5% abso-

lute. This is in contrast to using just semi-super-

vised learning where the improvement disappears

after exceeding some amount of human-labeled

data.

The following is a brief analysis of the effect of

combining active and semi-supervised learning on

call-type distribution: Fig. 16 shows the distribu-
tion of call-types after passive learning (i.e. ran-

dom sampling), after active learning, and after

combining active and semi-supervised learning. It

is clear that active learning has trimmed the most

frequent call-types giving more weight to infre-

quent ones. When we augment the automatically

labeled data with the selectively sampled data, we
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have approximated the original frequencies of the
call-types.

The effect of data imbalance caused by active or

semi-supervised learning is hard to measure. In-

stead we did the following experiment: We chose

5000 utterances randomly from a subset of train-

ing data containing 10,000 utterances. We trained

a classifier, and evaluated its performance on our

unseen test set. As seen in Table 1 the classification
error rate happened to be 29.12%. Then we se-

lected another 5000 utterances, in this case ignor-

ing the utterances whose call-types have

appeared more than some threshold. In other

words, we trimmed the distribution in a brute-

force way. This time, the error rate increased

significantly to 30.81%. This experiment is an empir-

ical proof of the problem caused by unbalanced
Table 1

Effect of the data imbalance in training data to classification

Classification error rate (%)

Random 29.12

Biased 30.81
data, hence by any selective sampling method that
does not consider prior distributions, and in a way

counterintuitive to the performance of a classifier

trained with the selectively sampled data. Our

opinion is that the performance we got with active

learning may improve if we can find a solution to

the data imbalance problem; this may explain in

part why automatically labeled data helps.
8. Conclusions and discussion

We have presented active and semi-supervised

learning algorithms for a spoken language under-

standing system, in this case a call classifier. The

aim is to reduce the number of labeled training

examples by selectively sampling a subset of the
unlabeled data and exploiting the unselected ones.

In other words, we have studied the questions:

which data to label? and what to do with the remain-

ing unlabeled data?

First, inspired by certainty-based active learn-

ing approaches, we have selectively sampled the
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candidate utterances with respect to the confidence

score of the call classifier. Then, using semi-super-

vised learning methods, we have exploited the

utterances, which are confidently classified by the

classifier, hence ignored by active learning.
We have shown that, for the task of call classi-

fication, by combining active and semi-supervised

learning, it is possible to speed up the learning rate

of the classifier with respect to the number of labe-

led utterances. Our results indicate that we have

achieved the same call classification accuracy using

less than half of the labeled data, and have re-

solved partly the performance deterioration caused
by the data imbalance problem introduced by

using just active or semi-supervised learning.

It is clear that the active and semi-supervised

learning methods presented in this paper can be

easily applied to other statistical SLU or classifica-

tion tasks such as named entity extraction, part-of-

speech tagging or text categorization.

Our future research includes selective sampling
for semi-supervised learning which aims to reduce

the noisy or uninformative examples in the ma-

chine-labeled data. Instead of using all the utter-

ances which are confidently classified, we would

like to explore ways to extract from the machine-

labeled examples only the ones which will help

the classification task.

Considering our domain of spoken dialog sys-
tems, it is also possible to use information other

than classification confidence scores for active

and semi-supervised learning. This may include

dialog level features such as the previous prompt

played or the previous call-type, or customer re-

lated features such as location or account features.
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