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Abstract

regularization would help [8]. Nonetheless, current studies on
fine-tuning for unsupervised adaptation mostly focus on the systems with relatively good initial error rate. If the error is high,
fine-tuning may become more difficult. For adaptation using
I-vectors, while it works on unsupervised data [9, 10], adaptation is restricted to the type that the training data supports. If
one would like to perform channel adaptation with I-vectors,
the training data should cover many different channels. Such
diversity may not be available for the training data of some applications. Compared to the adaptation techniques available to
GMM, DNN adaptation seems to have more restrictions.
In this work, we propose a versatile DNN adaptation algorithm which is comparable to the GMM adaptation techniques.
Our goal is to design an algorithm which supports unsupervised
adaptation even if the auto transcripts have high word error rate
(WER) of 60-70%, At the same time, the type of adaptation is
not limited by the diversity of the training data. Our approach is
based on a linear least square method (LLS) originally proposed
in [16] for single layer perceptron training with invertible activation functions. This approach is further explored in [17] with
different regularization and extensions. In this paper, we extend
the basic LLS algorithm for DNN and we also support commonly used activation functions. We evaluate the performance
under the IARPA BABEL program, and we show the improvement to speech recognition and keyword search systems. In this
paper, we also explore unsupervised environment, dialect and
speaker adaptation using the proposed algorithm.
This paper is organized as follows: In section 2, we describe the original linear least square method and our extension
to the algorithm. Section 3 contains experimental results and
we conclude our work in section 4.

In this paper, we propose a novel model based adaptation for
deep neural networks based on a linear least square method. Our
proposed algorithm can perform unsupervised adaptation even
if the auto transcripts may have 60-70% of word error rate. We
evaluate our algorithm on low resource languages, from the the
IARPA BABEL program, such as Assamese, Bengali, Haitian
Creole, Lao and Zulu. Our experiments focus on unsupervised
speaker, dialect and environment adaptation and we show that it
can improve both speech recognition and keyword search performance.
Index Terms: deep neural network, unsupervised adaptation,
keyword search

1. Introduction
Deep neural network (DNN) is widely used for acoustic modeling in automatic speech recognition [1, 2]. Technologies
originally developed for Gaussian mixture model (GMM), like
bottle-neck features, discriminative training have shown to be
effective in improving DNN performance [3, 4, 5]. However,
the application of model adaptation remains limited for DNN
and it has been a popular research area recently [6, 7, 8, 9, 10].
In a broad term, adaptation aims to improve system performance by using a small amount of target data. The target data
can be supervised, say enrollment data for a speech recognition
system; or unsupervised, say an output from a preliminary system. The amount of data for adaptation is usually insufficient
for full training. Instead, the data is used for adjusting the model
parameters. For GMM, maximum likelihood linear regression
(MLLR) [11] and maximum-a-posteriori (MAP) [12] are two
widely used adaptation techniques, and they have been applied
to speaker adaptation [11], environment adaptation [13], or language adaptation [14].
Adaptation for DNN is more challenging than GMM. One
of the reasons is the sheer amount of parameters in a DNN. Estimating the DNN parameters with little data is a difficult task.
Current popular approaches to DNN adaptation includes finetuning and I-vector based adaptation. Fine-tuning means adjusting the DNN parameters using some adaptation data [6, 7, 8]. In
contrast, I-vector based adaptation seeks not to adjust the DNN
parameters but using I-vectors as supplementary features to the
DNN [9]. The work in [9, 10, 15] shows that speaker adaptation
can be done by extracting I-vectors which contain rich speaker
information.
There are advantages and disadvantages for these two approaches. For fine-tuning, [6, 7] have shown that it is effective for supervised adaptation. Unsupervised adaptation can
be challenging for large DNN [7] and careful smoothing and
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2. Linear Least Square Method for DNN
Training
To facilitate discussion, we define the DNN using the following
notions: a DNN may contain N + 2 layers where the first layer
(indexed with 0) is the input layer and the last layer (indexed
with N + 1) is the output layer. Layer 1 to N are the hidden
layers and each layer contains Ki units. Each unit has an activation function. Mathematically, each layer of the DNN can be
evaluated by the following equations,
zti =
yti
xit

=
=

fi (yti )
Ai xit +
zti−1

(1)

bi
if i > 0

(2)
(3)

where zti is the output of the i-th layer; fi is the activation function of the i-th layer, say a sigmoid function for the hidden lay-
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so yti can be optimized by back-propagation which is similar
to using back-propagation to optimize the weights in standard
DNN training. The target internal representation ŷti is then approximated by,

ers and a softmax function for the output layer; Ai and bi are
the weights of the i-th layer; xit is the input to the i-th layer and
zti−1 is the output of the (i − 1)-th layer which serves as an
input to the i-th layer.
For acoustic modeling, the DNN input often concatenates
speech features with a context window of length L. Suppose ot
is the observation at time t, so x0t = [ot−L , . . . , ot , . . . , ot+L ]0
is the input to the DNN. The output layer of the DNN is the
state clustering output and ztN +1 is the classification output of
the DNN for x0t .
To train a DNN, cross entropy function is often used as an
objective function, which computes the cross entropy between
the probability distribution derived from the reference and the
posterior probability distribution of the DNN output,
E

=

XX
t

N +1
,
γt (j) log ztj

Wi∗

=
≡

W

=
=

f −1 (γt )

(4)

ŶTi (XTi )+

(13)

Algorithm 1 Our proposed LLS algorithm for DNN adaptation
for i = 0, . . . , N (for each layer) do
for t = 1, . . . , T (for each frame) do
compute xit , yti , zti
for m = 1, . . . , M do
compute xjt , ytj , ztj (∀j > i) # partial forward
∂E
compute ∂y
i # partial backward
t

∂E
yti ← yti − λ ∂y
i
t

zti ← fi (yti )
end for
0
ŶTi ← ŶTi + ŷti xit # accumulate statistics
0
XTi ← XTi + x̃it x̃it
end for
Wi∗ ← ŶTi (XTi )+ # update the DNN weights
end for

(5)

1X ∗
||yt − W 0 x̃t ||2
arg min
2
W
t
X ∗ 0 X
(
yt xt )(
x̃t x̃0t )+
t

≡

(12)

t

j

When a neural network contains no hidden layer, [16] proposes a training algorithm based on a linear least square (LLS)
method. Assuming the activation function is invertible, one
can derive the optimal y in the neural network, and optimize
W ≡ [A; b] by,

∗

(11)

For DNN with multiple hidden layers, one can first train the first
layer. Then re-apply the procedure to train the next layer until
it finishes training the entire DNN. Algorithm 1 describes the
procedure for this optimization algorithm.

2.1. Linear Least Square Optimization for Neural Network

=

1X i
||ŷt − W 0 x̃it ||2
2 t
Wi
X i i0 X i i0 +
(
ŷt xt )(
x̃t x̃t )

arg min

t

where γt (j) is the probability of being at state j at time t acN +1
cording to the reference (say, Viterbi alignment); ztj
is the
posterior probability of being at state j at time t according to
the DNN. The weights of the DNN (Ai and bi ) are often optimized by back-propagation which we differentiate the objective
function with respect to Ai and bi and perform gradient descent.
Minimizing the cross entropy between γ and z means that the
DNN matches the references better.

yt∗

=

Compared to the original LLS algorithm in [16], this proposed algorithm supports the use of hidden layers and it does
not require the activation function to be invertible. This flexibility is at the expense of giving up the guarantee that the solution
is optimal. Compared to the standard back-propagation algorithm for DNN training, this LLS method requires O(N 2 ) of
matrix operations which can be slow. However, as shown in our
experiment in section 3, we found that it is often sufficient to
train only the last layer of the DNN. Considering that this algorithm also processes data as a batch, it can be easily parallelized.
Hence, the proposed algorithm is practical and efficient.

(6)
(7)

t

YT XT+

(8)

where x̃t = [x0t , 1]0 and XT+ is the pseudo-inverse of XT . It is
important to note that XT is not full rank since x̃ is augmented
by a constant 1.0. Using pseudo-inverse to solve this LLS problem means we are looking for a sparse solution, W ∗ , where its
Frobenius norm is also minimum.
This LLS approach is optimal but it is limited to a neural
network without hidden layer and the activation function of the
output layer is invertible. To extend this approach for DNN with
multiple hidden layers and non-invertible activation functions,
say rectified linear units, we propose the DNN training can be
decomposed into two steps. In the first step, we use gradient
descent to optimize the internal representation of a DNN, i.e.
yti . Once the internal representation is optimized, we use LLS
to optimize the DNN weights, i.e. Wi ≡ [Ai , bi ], so that it is
closest to the optimized internal representation. Using the cross
entropy function as an example, we can compute
∂E
∂yti

=

ŷti

=

∂E ∂zti
∂zti ∂yti
∂E
yti − λ i
∂yt

3. Experimental Results
3.1. System description and evaluation method
The IARPA BABEL program is a research program for
rapid development of keyword spotting systems for low resource languages. In this work, we evaluate our proposed
DNN adaptation algorithm using the BABEL development
languages in year two, which include Assamese(babel102bv0.5a), Bengali(babel103b-v0.4b), Haitian Creole(babel201bv0.2b), Lao(IARPA-babel203b-v3.1a) and Zulu(babel206bv0.1e). 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 development set for each language consists of roughly 10 hours of

(9)
(10)
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3.2. Comparing Linear Least Square Adaptation and Finetuning

conversational telephone speech. The evaluation set, given by
IARPA, contains 15 hours of speech for each language. The
training and development data are labeled with environment
types including public place, street, vehicle, car kit, home/office
landline and home/office mobile phone. In which, Haitian and
Zulu do not contain data for home/office landline. Dialect information for each audio is also provided. Table 1 is a summary
of the dialects available for each language in the BABEL data.

We compare our proposed LLS adaptation and fine-tuning for
unsupervised speaker adaptation using the Bengali system. For
adaptation, each speaker has around five minutes of audio and
a GMM system is used to generate auto transcripts. For LLS
adaptation, we compare adapting the entire DNN and just the
output layer. For fine-tuning, we experiment different learning
weights and we also apply silence weighting to improve adaptation performance.

Table 1: Dialects annotated for each language.
Language
Assamese
Bengali
Haitian
Lao
Zulu

Dialects
Central Assam, Western Assam, Eastern Assam
Varendra, Kamrupa, Radha
Southern, Northern, Western
Vientiane
Durban

Table 2: WER(%) of unsupervised speaker adaptation using
LLS and fine-tuning on the Bengali system.
Adaptation
Baseline
Fine-tuning
Fine-tuning
Fine-tuning
Fine-tuning
Fine-tuning
Fine-tuning
Fine-tuning
LLS
LLS
LLS
LLS

For keyword search, 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 they may or may not
be in the training vocabulary. The performance of a keyword
search system is measured by the Actual Term Weighted Value
(ATWV) and WER is also measured for the underlying STT
system. ATWV is computed by,
AT W V = 1 −

«
K „
#f a(w)
1 X #miss(w)
+β
(14)
K w=1 #ref (w)
T − #ref (w)

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 [18].
The BBN keyword search system is divided into several
components. At a high level, the speech recognition system( [19, 20]) 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. In-vocabulary keywords are extracted using whole-word
extraction and out-of-vocabulary keywords are extracted using
phonetic extraction The scores are normalized so that they are
consistent across keywords. Details of score normalization are
available in [21].
Our DNN acoustic model consists of four hidden layers
and each layer contains 2048 sigmoid units. We perform semisupervised training as described in [22], in which, confidence
weights are used for both cross entropy and sequence training.
The features for the DNN acoustic model combine the regular PLP features with the semi-supervised MLP features provided by Brno University of Technology [23]. We use region
dependent feature transformation [20] to project the combined
features into 46 dimension and these features are further transformed by feature MLLR estimated using a GMM system. Finally, we concatenate the rotated features with a window size of
11 frames to produce the 506 dimension feature vectors as the
DNN input.

Setting
λ=0.001
λ=0.0005
λ=0.000125
λ=0.000125, sil weight=0
λ=0.000125, sil weight=0.1
λ=0.000125, sil weight=0.25
λ=0.000125, sil weight=0.5
λ=1.0, M=1, output layer
λ=1.0, M=1, entire DNN
λ=1.0, M=5, output layer
λ=1.0, M=5, entire DNN

WER
62.1
62.4
61.9
61.9
63.6
62.0
61.7
61.7
61.4
61.2
60.4
60.4

Table 2 shows that by tuning the learning rate and applying
a different weight to the silence frames, it is possible to achieve
moderate improvement in WER from 62.1% to 61.7%. In contrast, LLS adaptation can improve the baseline system further
(62.1% to 60.4%) and requires little tuning. As shown in this
experiment, adapting the output layer gives about the same improvement compared to adapting the entire network. Computationally, performing five partial forward and backward operations (M = 5) costs roughly the same as the performing the
full forward and backward computation once.
3.3. Unsupervised Environment, Dialect and Speaker
Adaptation
Using the best configuration from the previous experiment, we
test our algorithm for environment adaptation, dialect adaptation and speaker adaptation. For environment and dialect adaptation, the audio files are annotated with environment and dialect labels in the BABEL data, therefore, we randomly choose
five minutes of the auto transcripts from the same environment
or the same dialect from other audio files in the dev set to perform adaptation. The adaptation data for environment and dialect adaptation excludes the data from the same speaker in order to evaluate the effectiveness of such adaptation. For Lao and
Zulu, the dialect adaptation results are omitted because there is
only one dialect available in the BABEL data.
Table 3 shows the overall WER(%) for each language after performing unsupervised environment, dialect and speaker
adaptation. In general, speaker adaptation achieves the best performance while environment and dialect adaptation still manages to outperform the baseline moderately. This is expected
since the amount of adaptation data is roughly the same, speaker
adaptation has the advantage of exploiting the information of
the target speaker and channel. Figure 1 shows the improvement
of LLS adaptation for each environment. We observe most en-
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ATWV may degrade even if WER improves. For Bengali, LLS
adaptation improves the WER from 62.1% to 60.4% but ATWV
degrades from 38.4% to 37.1%. In our analysis, we find that
many lattices become very shallow after LLS adaptation which
suggests this adaptation basically reinforces the words in the
auto transcripts and removes the less likely words in the lattices. This may hurt keyword search because some keywords
may have low posterior probabilities in the lattices but later process in the pipeline may still be able to retrieve them. To handle
this issue, we try to reduce the learning rate and decrease the
number of iterations. In addition, instead of using the auto transcripts for adaptation, we also use the lattices produced by the
GMM system to perform lattice based adaptation. The idea is
instead of using the Viterbi alignment of the auto transcripts as
references, we use the posterior probabilities in the lattices to
represent the references. By doing so, LLS would not focus too
much on a particular cluster target for each frame.

Table 3: WER(%) of unsupervised environment, dialect and
speaker adaptation for each language.
Language
Assamese
Bengali
Haitian
Lao
Zulu

Baseline
60.3
62.1
50.8
57.2
68.4

Environment
60.1
61.3
50.3
56.2
67.5

Dialect
60.0
61.4
50.3
-

Speaker
59.5
60.4
49.4
56.1
67.6

vironment types have moderate improvement which shows our
proposed algorithm is effective for environment adaptation. Table 4 shows the improvement for each dialect. While we observe improvement for Bengali, we do not see improvement for
Assamese and Haitian. We believe dialect adaptation is generally harder which [14] shows it needs more than an acoustic
model adaptation technique to achieve good performance.

Table 5: ATWV(%) and WER(%) of LLS adaptation
Assamese
Bengali
Haitian
Lao
Zulu
ATWV WER ATWV WER ATWV WER ATWV WER ATWV WER
Baseline
34.6 60.3 38.4 62.1 50.9 50.8 47.0 57.2 24.9 68.4
M=5,λ=1.0 33.0 59.5 37.1 60.4 51.2 49.4 48.4 54.7 24.1 67.6
M=1,λ=0.25 34.8 60.1 38.7 61.6 52.2 50.2 47.7 56.1 26.3 67.3
+lat adapt
35.8 59.9 39.1 61.4 52.5 50.3 48.0 55.6 26.1 67.4

Table 5 shows that although less aggressive adaptation and
lattice based adaptation may not give the best performance in
WER, it improves keyword search performance by 0.7% to
1.6% absolute in ATWV for every language. It also maintains
a moderate gain in WER (0.4% to 1.6% absolute) compared to
the baseline results without LLS adaptation.

4. Conclusions and Future Work

Figure 1: Absolute WER reduction of each environment with
LLS adaptation compared to the unadapted baseline

In this paper, we propose a versatile unsupervised adaptation
algorithm for DNN based on a linear least square method. We
evaluate our approach on IARPA BABEL evaluation and show
that this algorithm can improve both speech recognition and
keyword search performance. We show that our proposed algorithm works even when the system has high error rate of 6070%. Also, the type of adaptation is not constrained by the
training data, so it is immediately applicable to improve any
existing DNN acoustic model. In this paper, we investigate
speaker, environment and dialect adaptation and we believe this
algorithm also has the potential to adapt the DNN for unseen
data (say unseen channel). In the future, we will explore speaker
adaptive training for DNN and also rapid speaker adaptation
which only uses a few seconds of adaptation data.

Table 4: WER(%) of each dialect with and without LLS adaptation
Language
Assamese
Dialect
Central
Eastern
Western
Baseline
60.5
58.4
61.3
Adapted
60.3
58.4
61.0
Language
Bengali
Dialect
Varendra Kamrupa
Radha
Baseline
61.0
64.7
61.0
Adapted
59.9
64.0
60.6
Language
Haitian
Dialect
Northern Southern Western
Baseline
52.6
53.9
50.3
Adapted
52.6
53.7
50.2
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3.4. Unsupervised Speaker Adaptation for Keyword Search
In this experiment, we explore how we can use the LLS algorithm to improve keyword search performance. As shown in
our previous studies [22], improvement in WER does not necessarily improve keyword search performance. Our initial experiments on keyword search using LLS adaptation find that
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A. Alonso-Betanzos, “A Global Optimum Approach for Onelayer Neural Networks,” Neural Computation, vol. 14, no. 6, pp.
1429–1449, 2002.
[17] D. Yu and L. Deng, “Efficient and Effective Algorithms for Training Single-Hidden-Layer Neural Networks,” Pattern Recognition
Letters, vol. 3, no. 5, pp. 554–558, 2012.

2891

