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Abstract
An active learning approach is proposed to automatically an-
alyze speech recognition tasks and select particularly useful
adaptation data. In this approach, the distribution of task data
is first estimated, which is a combination of two distributions
based on N-best recognition results and low confidence data.
After that, a subset of adaptation data is selected in two stages
using a greedy algorithm according to the estimated distribu-
tion. Low confidence data are firstly selected and manually la-
beled. Then, the high confidence data are selected based on the
top-best recognition results, which are also used as labels for
the adaptation. The experimental results of the subsequent task
adaptation show that the proposed active learning approach can
effectively select the useful data to improve the overall perfor-
mance of the system. The word accuracy is close to, and even
exceed, the performance of supervised adaptation using all of
the data, when only 10%-20% of the total data need to be man-
ually labeled.
Index Terms: task adaptation, task analysis, data selection, ac-
tive learning, speech recognition

1. Introduction
The performance of task adaptation highly depends on the
amount of labeled task-specific adaptation data. It might be
easy to collect a mass of task-specific data for many practical
applications. However, data labeling is always difficult.

In [1][2][3][4], unsupervised adaptation approach was pro-
posed by using automatically recognized labels. However, no
significant performance improvements are derived in many re-
alistic applications due to lots of wrong labels. In [5], a subset
of training data was selected with high confidence score so that
the automatic labels of selected data were more reliable. But for
one certain task, the relevant speech data, which is of low con-
fidence and is transcribed manually afterwards, is usually more
useful. In [6][7], algorithms of selecting a set of adaptation
or training data according to the task-specific data distribution
were proposed. It was reasonable to actively select data with
a good representation to a specific task. However, it is always
difficult to estimate a good distribution of the task because of
the lack of true labels. In [8][9][10][11][12], the idea of active
learning, studied extensively in the field of machine learning,
was applied to several spoken language processing applications.
In their studies, a subset of training data with high uncertain-
ties was selected to be manually labeled, which was considered
most helpful for the learning purpose. However, the distribu-
tion of the data with low confidence could be different from the
one of the whole data and using these data cannot guarantee the
performance improvement.

This paper presents an automatic approach to analyze a
given task in order to obtain a distribution related to the task

and select adaptation data based on the obtained distribution,
concerning both uncertainties and representations. The rest of
the paper is organized as follows. Section 2 describes how to
estimate the task distribution. Section 3 describes a two-stage
greedy procedure of data selection. Experimental results are
presented in Section 4. Conclusions are given in Section 5.

2. Task Distribution
2.1. Overview

A voice search application is used as the ASR task for investi-
gation of the proposed active learning approach. In this applica-
tion, users can speak the tag-names within a certain inventory,
e.g. names/titles of singers/songs. All of the tag-names form the
task vocabulary. Table 1 shows a voice search corpus, which is
also used in our experiments. The corpus includes two sets of
acoustic data denoted S04 and S05. The corresponding vocabu-
lary in the corpus consists of 4282 different tag-names.

Table 1: Voice search speech corpus.
Corpus Recording Time Utterance Number

S04 April-2008 10114
S05 May-2008 8532

For many actual ASR systems, the application information
and conditions can be considered slowly time-variant. So we
can use the current data to perform adaptation, estimate the data
distribution, etc. In our experiments, data in set S04 are firstly
recognized by a task independent (TI) ASR system for obtain-
ing the N-best results which are then used for estimating the
distribution of the tag-names. Set S04 is also used for the sub-
sequent data selection. Set S05 is used as a test set.

2.2. Occurrence Distribution Estimation

Firstly, a simple distribution can be estimated according to N-
best recognition results. This distribution approximatively re-
flects the occurrence probabilities of the tag-names in the task.
Denote the set of candidate utterances by U = {ui; i =
1, · · · , |U |} and | · | refers to the size of a set, that is, |U | is
the number of candidate utterances in U . Denote by W =
{wj ; j = 1, 2, · · · , |W |} the set of tag-names in the task vo-
cabulary. Given an utterance ui, the posterior probability [13]
of tag-name wj , which is dependent on N-best results, is de-
noted by PP (wj |ui). For each tag-name wj ∈ W , the N-best
occurrence distribution is estimated as

PTD
Occ(wj) =

∑|U|
i=1 PP (wj |ui)

|U | (1)
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where TD denotes “task distribution”.

2.3. Confusability Distribution Estimation

In order to reflect and emphasize the existence of the tag-names
with higher confusability in the vocabulary, an N-best confus-
ability distribution is estimated by using only the utterances
with low confidence scores.

A confidence score depended on the posterior probability
of each utterance ui is defined as CM(ui) = PP (ŵ1(ui)|ui),
where ŵ1(ui) is the first one of the N-best recognition results
of utterance ui and ŵ1(ui) ∈ W . CM(·) lies in the [0, 1]
interval. For each tag-name wj ∈ W , the N-best confusability
distribution is computed as

PTD
Con(wj) =

∑|U|
i=1

(
PP (wj |ui)δ

(
CM(ui) ≤ THc

))∑|U|
i=1 δ

(
CM(ui) ≤ THc

) (2)

where δ(·) is the indicator function, that is, δ(π) is 1 when the
π is true and 0 otherwise. THc is a predefined threshold. Only
those utterances ui, the confidence score of which is less than
THc, are used in confusability distribution estimation.

2.4. Combination

The equation (1) and equation (2) above depict the statistical
distribution of the tag-names in the task from different perspec-
tive. The former one reflects the probabilities of whole data,
while the latter one focuses on the low confidence data which
is more useful for improving the performance. A weighted sum
strategy can be adopted to combine the two probabilities calcu-
lated in section 2.2 and section 2.3. For each tag-name wj , the
final distribution is calculated as

PTD(wj) = αPTD
Occ(wj) + (1− α)PTD

Con(wj) (3)

where 0 < α < 1 is the weight to balance the effects be-
tween PTD

Occ and PTD
Con. Therefore, the probabilities of almost

all tag-names contribute to the task data distribution and the task
data distribution is then used to form the objective functions for
adaptation utterance selection.

3. Two-Stage Data Selection
3.1. Overview of the Data Selection

The Kullback-Leibler(KL) measure[14], which is also known as
the cross-entropy, is widely-used when the “closeness” between
two probability distributions need to be calculated. The value
of KL measure is greater than or equal to 0 and only when one
distribution is equivalent to the other one, can the value 0 be
reached. So selecting a data set, the distribution of which is
“closest” to a given distribution, is generally formulated as a
discrete optimization problem [15][16].In this paper, a greedy
algorithm[6] based on KL measure is used. In our task, the KL
measure in discrete case is defined as:

I(P
S

||P
TD

) =

|W |∑
j=1

P (wj ;S) log
P (wj ;S)

P TD (wj)
(4)

where S = {ûk; 1 ≤ k ≤ |S|} denotes the sets of selected
utterances and ûk ∈ U , P (wj ;S) denotes the probability of
wj in S and P

S

= {P (wj ;S);wj ∈ W, j = 1, 2, . . . , |W |},
P

TD

is the estimated task distribution and is calculated using
the equation (3).
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Figure 1: Outline of Task Analysis and Data Selection.

Fig.1 illustrates the procedure of task analysis and data se-
lection. Data selection will be conducted after obtaining the
distribution of the task. In our experiments, the utterances in
data set S04 are used as candidates on the two-stage utterance
selection. All of the utterances selected in the two stages are
used for the model adaptation to improve the performance of
the ASR system. The detail of the data selection procedure is
illustrated in the next two sections.

3.2. Data Selection from Low Confidence Candidates

On the first stage, an N-best data selection strategy is used to
select the utterances from the candidates with low confidence
score until a certain condition is met.

Let’s denote by U
LC

= {u
LC

i ; 1 ≤ i ≤ |U
LC

|} a set of
candidate utterances with low confidence score. Suppose we
need to select N

LC

utterances from U
LC

. The procedure of the
first stage utterance selection is shown in Fig.2.
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Figure 2: First stage data selection algorithm.

Once the first stage data selection is finished, the selected
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utterances set denoted by S
LC

are transcribed manually and
the real count of each tag-name is derived, so P (wj ;S

LC

) is
changed based on the true occurrence. Then S

LC

will be used
as initial set for the next stage of data selection.

3.3. Data Selection from High Confidence Candidates

The process of the second stage data selection is similar to the
first stage, except selecting data from the candidates with high
confidence score and using the top-best recognition results. The
primary purpose of data selection on this stage is to add data to
S

LC

so that the distribution of final selected data set is further
close to the distribution P

TD

.
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Figure 3: Second stage data selection algorithm.

We denote by N(wj) the number of selected utterances be-
longing to tag-name wj on the first stage. The utterance selec-
tion of second stage is then processed as shown in Fig.3. The
final selected data set is denoted by SLHC , which is used for
the subsequent task adaptation.

4. Experiments and Results
4.1. System Setups and Evaluation

The basic speech units of our ASR system are right context
dependent initial and toned-final (RCI/TF). There are 253 ba-
sic units in total. Each right-context-initial basic unit is mod-
eled by a three-emitting-state left to right continuous density
hidden Markov model (LR-CDHMM) without state skipping
and the toned-final unit is modeled by a five-emitting-state LR-
CDHMM without state skipping. Each state has 12 Gaussian
mixture components with each component having a diagonal
covariance matrix. A special three-state CDHMM is also em-
ployed for silence modeling. The 43-dimensional feature vec-
tor used in the system includes 12-dimension MFCC, log-scaled
energy normalized by the average energy of the individual sen-
tence, and their first and second order derivatives. Sentence-
based cepstral mean subtraction is applied for acoustic nor-
malization both in training and test. Moreover there are 4-
dimensional tone features. HTK toolkit [17] is used to train

a set of speaker-independent RCI/TF model with 1065 states in
total. The training data consists of about 142-hours speech data
including 1,106k Chinese syllables. Given the above set of TI
CDHMMs, a baseline word accuracy of 69.9% can be achieved
on set S05.

The adaptation algorithm in all experiments uses a two-
pass strategy. In the first pass, a standard MLLR adaptation[1]
with global transformation is adopted and the adapted model
is used as the seed model in the next pass. In the second
adaptation step, the MLLR adaptation with multiple regression
classes and the MAP adaptation[18] are combined to improve
the performance[17]. In all experiments, the regression class
tree of MLLR has 149 leaf nodes and is built from the TI
CDHMMs. The weighting of the a priori knowledge in MAP
adaptation is 12.0.

In the experiments, we use 3-best recognition results of
each utterance in set S04 during the task analysis and the data
selection. We choose 0.9 as the threshold(THc) for splitting the
set S04 into two parts, high confidence data and low confidence
data. The weight α for combination two distributions in section
2.4 is set to 0.2.

Four different data selection approaches below are con-
ducted for comparing with our approach. The data selected
in each approach is used for model adaptation based on TI
CDHMMs.

Supervised Approach: Total 10114 utterances in set S04
are used as adaptation data and the manual labels are used.

High Confidence Unsupervised Approach: Only the ut-
terances with confidence score higher than THc = 0.9 in S04
are used as adaptation data and the 1-best recognition results are
used as the corresponding labels[5]. In our experiments, totally
3594 utterances are selected for subsequent adaptation.

Random Approach: A certain amount of utterances with
low confidence scores less than THc = 0.9 in S04 are randomly
selected and labeled manually. Then, all of the utterances with
high confidence score (3594 utterances) in set S04 are added
into the selected data set, and the 1-best recognition results are
used as their labels.

Lowest Confidence Active Approach: A certain amount
of utterances with the lowest confidence scores in S04 are se-
lected and labeled manually[11]. All of the utterances with high
confidence score are then added into the selected data set as well
as the random approach.

4.2. Experimental Results

Fig.4 shows the experimental results of the four aforementioned
approaches in section 4.1 and our proposed approach. The su-
pervised adaptation system with 79.8% word accuracy is ob-
tained in our experiment, while performance of the high confi-
dence unsupervised adaptation is 73.4%. Three numbers, 500,
1000 and 2000, are chosen as the upper bound to control the
amount of the manually labeled data in the random approach,
lowest confidence active approach and our approach. For the
random approach, three groups of experiments corresponding
to the numbers of the manually transcribed data were con-
ducted. For each experimental group, we repeated the experi-
ment five times because of the random selection. Table 2 shows
the performances and Fig.4 gives the average accuracies.

The performance of the lowest confidence active approach
is similar to the random approach’s. For the lowest confidence
active approach, the word accuracies of adaptation systems
with different size of manually labeled data are 75.8%(500),
77.7%(1000), 78.9%(2000). The corresponding performance of
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Table 2: Performance of the Random Approach.

manually word accuracy(%) average
labeled 1 2 3 4 5 (%)
500 75.71 75.62 75.57 75.53 75.71 75.63
1000 77.47 77.14 77.30 77.56 77.11 77.32
2000 79.31 79.14 79.11 79.19 79.38 79.23

our approach are 79.0%, 79.6%, 80.4%, which are 10% better
on average than the random approach and the lowest confidence
active approach. It can be observed as well that, the perfor-
mance of the proposed approach with 500 utterances labeled
manually exceeds the lowest confidence active approach’s, in
which 2000 utterances are labeled manually. When 1000(about
10% of all) utterances are labeled in our approach, the per-
formance is close to the supervised approach using the whole
data set. Moreover, when the number of manually labeled data
reaches 2000(about 20% of all), the performance exceeds the
one of the supervised approach.
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Figure 4: Experimental results of the five approach.

Experimental results demonstrate that, for a speech recog-
nition task, the distribution of the low confidence data which
is always not correctly recognized is more important, not only
for estimating the distribution of the task but also for the data
selection. Selecting a small amount of these data according to
the estimated distribution and transcribing them manually are
greatly helpful to performance improving. Meanwhile, the dis-
tribution of the total data, containing the high confidence data,
is also necessary to be taken into account. Because only using
the data with low confidence, even when the data are transcribed
manually, may cause a big difference between the distribution
of selected data and the one of the whole task. It is necessary to
add the data with high confidence into the selected data set, so
as to make the distribution more consistent with the task distri-
bution. Therefore, during the estimation of the task distribution
and the data selection, it is reasonable to utilize the information
of both the low and high confidence data.

5. Conclusions
This paper presents an active approach to effectively select
adaptation data according to the estimated task distribution.

Both the uncertainties of the low confidence data and the repre-
sentations of the whole data are considered in all of the pro-
cedures. Experimental results show that the proposed active
learning approach performs well when only labeling a fraction
of total data.

We are currently investigating an extension of this work to
more recognition tasks, such as LVCSR. We are also looking
into the more quantitative relationship between low confidence
data and the performance for future work.
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