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Abstract

are used not only in the cross entropy training, but also in sequence training [11, 12]. We also investigate techniques that
may help semi-supervised sequence training. We show that
even though some methods may not have much impact in reducing the word error rate (WER), they improve the quality of
lattices and also the performance of keyword search. This work
is evaluated under the IARPA Babel program for the keyword
spotting tasks. We focus on the limited condition, for which
there are around 10 hours of transcribed audio data and 90 hours
of untranscribed audio for a low resource language.
This paper is organized as follows: In section 2, we describe our confidence model and the training procedure of our
semi-supervised system. In section 3, we propose our semisupervised DNN training and discuss issues in DNN sequence
training. Section 4 has experimental results and we conclude
our work in section 5.

In this work, we investigate how to improve semi-supervised
DNN for low resource languages where the initial systems may
have high error rate. We propose using semi-supervised MLP
features for DNN training, and we also explore using confidence
to improve semi-supervised cross entropy and sequence training. The work conducted in this paper was evaluated under the
IARPA Babel program for the keyword spotting tasks. We focus on the limited condition where there are around 10 hours of
supervised data for training.
Index Terms: semi-supervised training, deep neural network,
keyword search

1. Introduction
Deep neural network (DNN) has shown to be successful in
acoustic modeling [1, 2]. As shown in previous studies [1, 3],
DNN’s modeling capability can scale up as the amount of data
increases. Advances in hardware and optimization algorithms
also allow DNN to handle large data [4, 5]. While DNN is becoming the mainstream of large scale speech recognition systems [3], recent studies are also exploring the application of
DNN in low resource languages [6, 7].
In some low resource languages, only a small amount of
supervised data is available, say one to ten hours of audio data.
This limited amount of audio data may not be enough to build
an accurate acoustic model. One approach to tackle this issue is
semi-supervised training [3, 8, 9], which uses a bootstrap system to automatically transcribe some unsupervised data. The
unsupervised data is then pooled with the supervised data for
the final training. Semi-supervised techniques has been widely
used in Gaussian mixture model (GMM) based systems [8, 9].
In this paper, we investigate semi-supervised techniques that
may improve DNN performance in low resource languages.
Semi-supervised training of DNN is relatively new and
techniques based on confidence methods are showing positive
results [6, 7, 10]. In [6], a confidence measure is used to select a subset of unsupervised data for training. The confidence
model is frame based and the confidence score is the state posterior probability in the training lattices. In [7], DNN is used
as a feature extraction front-end. A confidence model is used
for data selection before semi-supervised training. Using multiple systems for confidence measure is proposed in [10]. Confidence scores from different systems are re-calibrated and the
final scores are used for data selection.
In this paper, we propose methods to integrate confidence
scores in semi-supervised DNN training. The confidence scores
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2. Semi-supervised training using
confidence based methods
Our confidence model is a generalized linear model (GLM) [13]
which computes a confidence score for each utterance. Using
a bootstrap system, we decode some held out data and extract
features such as acoustic score per word, pronunciation score
per word, duration, signal to noise ratio, language model perplexity, nbest posterior, word-level confidence, etc. Using these
features, we can train a GLM,
ci

=

xi β + i

(1)

where ci is the confidence of utterance i or the label during
training; xi is the feature vector containing the features we mentioned; β is a vector to be estimated using linear regression and
i are zero mean stochastic disturbances assuming to be normal
distributed with a constant variance. In our confidence model,
some features are word-level confidence scores so they are used
in another GLM trained with similar features.
Given this GLM, we can process the unsupervised data
and assign a confidence score to each utterance. Based on the
scores, we can perform data selection and weighted training.
For weighted training, the confidence scores are first scaled and
shifted by,
wi

=

s × ci + b

(2)

where wi is the weight for utterance i; s is the slope; ci is confidence score for utterance i and b is the bias. In this work,
s is 2.0 and the average of the utterance-level
weights is conP
strained to 1.0. Hence, b = 1 −
total number of utterances.
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N
i=1

s×ci
N

with N being the
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Scaling and shifting the confidence scores is important for
semi-supervised GMM systems. As mentioned in [8], it is to
ensure the thresholds commonly used in GMM training are still
meaningful. One example is the minimum number of frames required to build a codebook (a set of Gaussians shared by several
states). If the confidence scores are not adjusted, the number of
frames would be underestimated which may not be ideal for
acoustic model training.

To handle this problem, [15] suggests adding artificial silence arcs to the training lattices. However, this does not completely solve the problem as other speech outputs may also suffer from similar issues. Hence, [15] proposes frame smoothing
(f-smoothing). The idea is to fix the sparseness of the training
lattices by incorporating the cross entropy function in the optimization. Instead of optimizing the discriminative objective
function alone, the objective function becomes,
F = λF D + (1 − λ)F CE ,

3. Semi-supervised DNN training

(3)

where F D is the discriminative objective function; F CE is the
cross entropy function and λ is a tunable parameter to control
the weight.
In this combined function, although the training lattices
may not cover all the competitors, the cross entropy function
covers all states and discourages any increase in likelihood except for states that correspond to the references. As a result,
issues like “run-away” silence are prevented since the cross entropy function would discourage boosting the likelihood of the
silence frames. This characteristic could help semi-supervised
training when the auto transcript is wrong. Although the discriminative objective function may direct the model to a wrong
direction, the cross entropy function would try to deactivate
most of the state targets. As a result, it serves as a regularization
mechanism for semi-supervised DNN training.

Similar to the work in [8], we use confidence weights in DNN
training. These weights are used to scale the learning rates
of stochastic gradient descent in both cross entropy and sequence training [11, 12]. The purpose is to discourage excessive
changes to the DNN if the confidence of some unsupervised
data is low, which implies the data may contain more errors.
The weights are scaled and shifted to ensure that the expected
utterance weights of the unsupervised data is one. If the weights
are not scaled, it effectively decreases the learning rate and the
DNN training may require more epochs. For the supervised
data, we apply a fixed weight which needs to be tuned. This
fixed weight is often larger than one so the DNN training can
focus on the supervised data. In this work, we use the same
weights for both cross entropy and sequence training.
Our semi-supervised DNN training is similar to regular
DNN training. Our DNN initialization uses discriminative pretraining which starts with a shallow network. We randomly select around 20% of the training data and train the network for
one epoch. Then, we add a layer with randomized weights to
the DNN. This procedure repeats until the target number of layers is reached. Once the DNN is initialized, we perform cross
entropy training with a mini-batch size of 256 frames. The base
learning rate starts with 0.002 and if the improvement of frame
accuracy on an held out set falls below 0.25% absolute, the base
learning rate is reduced by half for each epoch. This scheme has
shown to be effective in DNN training [14]. The actual learning
rate used to update the DNN is derived by scaling the current
base learning rate with the frame weight. The frame weight
simply assumes all the frames in an utterance share the same
utterance weight.
After cross entropy training, we perform sequence training
on the semi-supervised data. Similar to the semi-supervised discriminative training described in [8], the numerator statistics of
the unsupervised data are collected from the 1-best instead of
the reference. Instead of using mini-batches, we perform one
stochastic update for each utterance with a fixed base learning
rate of 0.00001. Similarly, the actual learning rate is computed
by scaling the base learning rate with the utterance weight.

4. Experimental Results
4.1. System description and evaluation method
We evaluate our proposed semi-supervised DNN training in
the Babel year two evaluation on development languages. The
IARPA Babel program is a research program for rapid development of keyword spotting systems for low resource languages.
In the second year of the program, Bengali, Assamese, Haitian
Creole, Lao and Zulu are used as the development languages.
The evaluation has different conditions and one of them is the
limited condition, in which the training consists of 10 hours of
transcribed audio and roughly 90 hours of unsupervised data.
The audio data is mainly conversational speech between two
persons over a telephone channel, but each language pack also
comes with a small amount of read speech. The telephone channels can be landlines, different kinds of cellphones, or phones
embedded in vehicles, and the sampling rate is 8000 Hz. The
development set for each language consists of roughly 10 hours
of conversational telephone speech. The evaluation set, given
by IARPA, contains 15 hours of speech for each language. In
this paper, we evaluate our approaches on the IARPA Babel Program Bengali language collection release (babel103b-v0.4b),
and we report our results on the development set.
For keyword spotting, each language has two set of keywords: a development keyword list and an evaluation keyword
list. The development keyword list contains around 2000 keywords which were selected by the performers for development.
The evaluation keyword lists consists of 3000 to 4000 keywords, and they were given during the evaluation. Each keyword may contain several words and it may or may not be in
the training vocabulary. The performance of a keyword spotting system is measured by the Actual Term Weighted Value
(ATWV) and WER is also measured for the underlying STT
system. ATWV is computed by,

3.1. Issues in semi-supervised sequence training
In practice, sequence training often requires a few heuristics to
prevent some unwanted behaviors such as “run-away” silence.
As discussed in [15], sequence training may continue to boost
the likelihood of silence frames and create high deletion error.
This corrupts the model even though the training continues to
improve the objective function. This problem is partially due to
the sparseness of the training lattices which fail to cover some
possible competitors. For “run-away” silence, since silence arcs
seldom appear in the training lattices as competitors, they do not
contribute to the denominator statistics. As a result, the likelihood of silence is boosted as a side effect of the optimization
trying to suppress other speech targets that occur in the lattices.

AT W V = 1 −
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«
K „
#f a(w)
1 X #miss(w)
+β
K w=1 #ref (w)
T − #ref (w)

(4)

System
10-hour baseline
semi-supervised
semi-supervised
semi-supervised
semi-supervised

where K is the number of keywords; #miss(w) is the number
of true keyword tokens that are not detected; #f a(w) is the
number of false alarms; #ref (w) is the number of words in
reference; T is the number of trials (e.g., seconds in the audio),
and β is a constant set at 999.9. The details and the design of
this metric are available in [16].
The BBN keyword spotting system is divided into several components. At a high level, the speech recognition system [8, 17] is run to produce a detailed lattice of word hypotheses. This lattice is used to extract keyword hits with nominal
posterior probability scores produced by various methods. Different extraction methods are necessary because, for example,
we can use whole-word extraction methods for the known keywords but we must use phonetic extraction for the keywords that
were not known when the recognizer was run. Also, multiple
extraction methods help the system to be more robust for different languages. The scores are normalized so that they are consistent across keywords and so that they are good estimates of
posteriors. Details of score normalization are available in [18].
For the semi-supervised system, we first built a system using the MLP features trained on the 10-hr supervised data. This
system, trained solely on supervised data, is used as the baseline
system and used to transcribe the unsupervised data. A confidence model is then built to select data with over 50% confidence. The selected data is then pooled with the supervised
data for final training. A GMM based system is then built on
the semi-supervised data set according to our previous work as
described in [8]. Figure 1 is an overview of our data selection
and confidence weighted training.

sup. : unsup.
unweighted
2:x
3:x
4:x

WER(%)
66.30
62.59
62.88
62.20
62.13

ATWV(%)
35.58
36.09
36.76
36.35

Table 1: WER and ATWV of the Bengali DNN systems using
confidence weighted cross entropy training

However, even though the improvement in WER is small, the
improvement in ATWV is over 1.0% absolute. Therefore, this
technique is still valuable to a keyword search system.
4.3. F-smoothing in semi-supervised sequence training
Based on the best DNN from cross entropy training, we perform sequence training and study the effect of f-smoothing on
semi-supervised training. Table 2 shows the results of performing sequence training on either supervised data only or semisupervised data, and with or without f-smoothing. When fsmoothing is enabled, we choose λ = 0.9 in equation 3 which
is the suggested setting in [15].
System
Xent.
seq. trn.
seq. trn.
seq. trn.
seq. trn.

train set
sup.
sup.
semi
semi

F-smth.
no
yes
no
yes

WER(%)
62.20
61.67
62.18
63.16
61.51

ATWV(%)
36.76
37.36
37.18
34.37
37.97

Table 2: WER and ATWV of the Bengali DNN systems using
semi-supervised sequence training

The results show that sequence training could help when it
is trained on the supervised data alone. This observation is also
mentioned in [12]. When sequence training is applied to semisupervised data, f-smoothing becomes crucial. This supports
our argument in section 3.1 that f-smoothing would help semisupervised training. Using semi-supervised sequence training
with f-smoothing also gives better performance compared to using sequence training on supervised data alone.

Figure 1: Overview of the confidence weighted training
The BBN GMM system is trained on the semi-supervised
MLP features provided by Brno University of Technology [19].
We use region dependent feature transformation to combine
with regular PLP features and reduce the feature dimension to
46 [17]. These final features are also used to train our semisupervised DNN systems, and the forced alignment for DNN
training is computed by the GMM system.

4.4. Confidence weighted sequence training
Using the best DNN from cross entropy training, we investigate whether sequence training can also benefit from confidence
weights. In this experiment, we used the same weights as in the
cross entropy experiments, and f-smoothing was enabled. Table 3 shows the performance of confidence weighted sequence
training.

4.2. Confidence weighted cross entropy training
Similar to the work in [8], the utterance weights of the unsupervised data are computed by the methods in section 2. For supervised data, we assign a fixed weight larger than 1.0. Table 1
shows the performance of the baseline DNN using only the supervised data and different semi-supervised DNN systems after
cross entropy training. The keyword search results are based on
the development keyword list. It is important to note that even
though the baseline DNN is only trained on the supervised data,
it is still a semi-supervised system since the MLP features are
semi-supervised.
From the results in table 1, using confidence weights in
cross entropy training slightly reduces the WER. This observation is the similar to the experiments reported in [8], where using confidence weights would give small improvement in WER.

System
Xent.
seq. trn.
seq. trn.

sup. : unsup.
unweighted
3:x

WER(%)
62.20
61.51
61.88

ATWV(%)
36.76
37.97
38.53

Table 3: WER and ATWV of the Bengali DNN systems using
confidence weighted sequence training

The results show that although using confidence weights in
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semi-supervised sequence training may not reduce WER, they
can still improve the keyword search performance. In our work,
the relative improvement on WER is small for sequence training
but it is due to two factors. The first reason is that we are using
semi-supervised MLP features, so the baseline system is already
benefited by neural network training, and the second reason is
that our sequence training is semi-supervised. Nonetheless, the
improvement on keyword search is encouraging in that we improved from 35.58% to 38.53% ATWV.
Table 4 summarizes the improvement of our Bengali DNN
system using the techniques covered in this paper. Compared
to the semi-supervised GMM system developed using the procedure in [8], our semi-supervised DNN system is competitive.
System
10-hour baseline
semi-supervised baseline
+ conf. weighted Xent.
+ seq. training w/ f-smoothing
+ conf. weighted seq. training
semi-supervised GMM w/ MLP

WER(%)
66.30
62.59
62.20
61.51
61.88
61.64
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35.58
36.76
37.97
38.53
36.78
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Table 4: Performance of our Bengali semi-supervised GMM
and DNN systems
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5. Conclusions
In this paper, we explore techniques that improve semisupervised DNN training. We focus on confidence based methods and issues in sequence training. We show that, by using
confidence weights in cross entropy training and sequence training, and also with f-smoothing, we can improve the WER from
the baseline 66.30% to 61.88%. For keyword search performance, we improve from 35.58% ATWV for the baseline semisupervised system to 38.53% ATWV. These results also imply
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