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Abstract

data caused by data sparsity problem may lead to performance
degradation. Although the Bayesian LHUC proposed in the previous work [19] for gaining generalization has partially solved
the data sparsity problem, it still requires multiple decoding
passes and explicit parameter estimation in test time.
This paper proposes an efficient method of predicting and
compressing the LHUC scaling vectors from acoustic features
on the fly. A special designed feature prediction network is built
with a time-delay DNN (TDNN) [20] and an online averaging
layer, which can compute accumulated average of history hidden vectors for each speaker. The resulting LHUC feature vectors are then used as auxiliary features to adapt DNN acoustic
models, via feature concatenation similar to i-Vector adaptation,
or via the the previously proposed feature based LHUC [21] to
restore to the full dimension of standard LHUC scaling vector.
The main contribution of this proposed method is summarized below. LHUC features of test data can be directly predicted for decoding on the fly. Neither the multiple decoding passes
nor explicit parameter estimation is required. On the contrary,
the standard LHUC based adaptation requires both multiple decoding passes and sufficient amount of adaptation data for robust adaptation. Moreover, the proposed LHUC features are
found to be complementary to the standard LHUC based adaptation and used in combination for dealing with data sparsity.
In the experiments, conventional cross entropy (CE) trained
DNN and lattice-free maximum mutual information (LF-MMI)
trained TDNN acoustic models adapted by the proposed LHUC
features on the fly were built on a 300-hour Switchboard setup, and evaluated on the Hub5’ 00 data set. Consistent performance improvements up to about 9% relative reductions in
terms of word error rate (WER) over the baseline system were
obtained with the LHUC feature based adaptation. When applying i-Vector based speaker adaptive training (SAT) [3] together, the best LHUC feature adapted TDNN systems significantly
outperformed the baseline system and comparable i-Vector SAT
TDNN system on the CallHome data set by WER reduction of
1.8% and 0.6% absolute respectively.
In the next section, the standard LHUC method is reviewed.
Section 3 introduces the proposed fast LHUC feature prediction and acoustic model adaptation techniques. In section 4,
LHUC feature adapted DNN/TDNN systems are evaluated on
the Switchboard databases. Section 5 presents the conclusion.

Speaker adaptation techniques play a key role in reducing the
mismatch between automatic speech recognition (ASR) systems and target users. Deep neural network (DNN) acoustic
model adaptation by learning speaker-dependent hidden unit
contributions (LHUC) scaling vectors has been widely used.
The standard LHUC method not only requires multiple decoding passes in test time but also a substantial amount of adaptation data for robust parameter estimation. In order to address
the issues, an efficient method of predicting and compressing
the LHUC scaling vectors directly from acoustic features using a time-delay DNN (TDNN) and an online averaging layer
is proposed in this paper. The resulting LHUC vectors are then
used as auxiliary features to adapt DNN acoustic models. Experiments conducted on a 300-hour Switchboard corpus showed
that the DNN and TDNN systems using the proposed predicted LHUC features consistently outperformed the corresponding
baseline systems by up to about 9% relative reductions of word
error rate. Being combined with i-Vector based adaptation, the
LHUC feature adapted TDNN systems demonstrated consistent
improvement over comparable i-Vector adapted TDNN system.
Index Terms: LHUC, speaker adaptation, online, time-delay

1. Introduction
Speaker adaptation techniques play a vital role in speech recognition systems for reducing the mismatch against target users.
Current approaches to speaker adaptation for deep neural network (DNN) based speech recognition systems can be divided into three categories. Auxiliary input feature based DNN
adaptation techniques encode speaker-dependent (SD) characteristics in a compact vector to facilitate model adaptation, such
as i-Vectors [1, 2, 3], speaker codes [4, 5, 6], and bottleneck
features [7]. In model based DNN speaker adaptation techniques, SD parameters represented by, for example, hidden layers or input layer linear transforms of each speaker are either
separately learned from GMM-HMMs [8, 9, 10] or jointly estimated with the remaining DNN parameters [11, 12]. A set
of scaling vectors for learning hidden layer unit contributions
(LHUC) [13, 14, 15] among different speakers are also possible to be used. Interpolation based DNN adaptation with multiple basis of sub-network hidden outputs has also been proposed [16, 17], inspired by the speaker cluster based adaptation
techniques originally proposed for GMM-HMM systems [18].
Many state of the art speaker adaptation techniques, for example, the LHUC based adaptation, have to use words transcribed by decoding passes as supervision to explicitly and iteratively estimate the SD parameters. In addition, the parameter
estimation may be sensitive to supervision quality. When using limited amount of adaptation data, mismatch against later
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2. LHUC based adaptation
Learning hidden unit contribution (LHUC) [13] based speaker adaptation learns speaker-dependent (SD) scaling vectors to
modify the activation amplitude of DNN hidden units for each
speaker. In the lth hidden layer, let r l,s ∈ RD denote the parameter set of scaling vector for speaker s. The hidden layer
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output is computed as
hl,s = ξ(r l,s ) ⊗ ψ(W l> hl−1,s + bl )

(TDNN) [20] can be employed to realize the LHUC feature
prediction network. In this work TDNN is used because of its
relative high efficiency. The prediction network architecture is
shown in Figure 2. For each context splicing layer (red block),
the input is a splicing of the outputs from the preceding layer in
fixed context, and the output is activated by the sigmoid function. Between two context splicing layers, a bottleneck (purple
block) is employed to constrict the spliced vector size by linear
transformation.

(1)

where W l and bl were the DNN weight matrix and bias vector,
ψ denotes the hidden unit activation function, and ⊗ denotes
the Hadamard product. The scaling vectors are modeled by the
function ξ : RD→{R+}D on r l,s . In this work the element-wise
function ξ(·) = 2sigmoid(·) [13, 14] is utilized, while linearity,
ReLU [15], or EXP [13] functions can be used alternatively.
Figure 1 shows an example of applying LHUC adaptation in a
DNN acoustic model.
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Figure 1: Using LHUC adaptation in a DNN acoustic model.

Figure 2: Proposed LHUC feature prediction network.

To adapt DNNs, LHUC parameters r l,s for adaptation data
can be appended to the well trained speaker-independent (SI)
DNN acoustic model in the test stage. Then, a few fine-tuning
epochs based on the first-pass of decoding result is used to optimize the SD parameters for next decoding. Alternatively, the
LHUC parameters for training data can be fine-tuned together
with the SI DNN acoustic model via speaker adaptive training
(SAT), and the trained SI DNN part can then be used in test time
adaptation. The test time adaptation requires at least two passes
of decoding and iterative SD parameter estimation on the adaptation data. In practice, decoding results may be requested in a
few seconds after speaking, and the test time adaptation may be
inefficient enough for usage.

In this work, the LHUC feature prediction network consists
of 4 context splicing layers followed by 2 feed-forward layers.
Each of these hidden layers and bottlenecks has 500 nodes and
300 nodes respectively. The splicing indices of the context
splicing layers are [−2, 2], {−2, 0, 2}, {−3, 0, 3}, {−4, 0, 4}.
Since the LHUC parameter vector represents information over
all data for each speaker, considering a short context in the prediction network may not be enough. Therefore, an online averaging layer can be employed preceding the output layer.
3.2. Online averaging layer
In order to facilitate the efficient and online adaptation, an alternative online method computing the accumulated average of
hidden history vectors in the prediction network is employed.
This is shown as the green part in Figure 2. This special designed online averaging layer encodes memory of preceding
speech segments associated with the same speaker. This memory stores the accumulated history hidden vector and frame count
for each speaker, which can be calculated by

3. LHUC feature for fast adaptation
3.1. Proposed LHUC feature prediction network
The idea of fast LHUC adaptation is to directly predict LHUC
parameters for test data from acoustic features on the fly, without requiring pre-decoding and iterative parameter estimation.
First of all, LHUC parameters of training data have to be estimated on a DNN acoustic model via supervised manner. Subsequently, a feature prediction network is trained with the acoustic
features to predict the estimated LHUC parameters r s for each
frame of data. However, the size of LHUC parameter vector
may be large such that the training is slow and difficult to converge. Compression of the vector size can be first achieved using principle component analysis (PCA). When applying PCA
all speakers are assumed to have equal probability. The data
size for PCA becomes the number of speakers, as each speaker has only one set of LHUC parameters. This makes the PCA
compression much faster. Finally, the compressed LHUC parameter vector for each frame is utilized as training labels. The
mean squared error (MSE) between LHUC feature vector outputted from the prediction network and the compressed LHUC
parameter vector is utilized as objective function for training.
To capture the relationship among individual frames of
speech, recurrent neural network (RNN) or time-delay DNN

G(k)
=
s

Tk
X

(k)

ht

+ αG(k−1)
, Ns(k) = Tk + αNs(k−1)
s

(2)

t=1
(k)

where ht is the tth frame of hidden vector input in the kth seg(k)
ment, Tk denotes the number of frames in the segment, Gs
(k)
and Ns denote the accumulated history hidden vector and
frame count for speaker s when computing the memory of the
kth segment, and α ∈ [0, 1] is the history interpolation weight
for trade off between history memory of the previous and cur(0)
(0)
rent segments. Gs = 0 and Ns = 0 are utilized as initialization for all speakers. Subsequently, the online averaging
layer output is the accumulated average history memory of all
speech history up to the kth segment of the current speaker, and
(k)
(k)
(k)
computed as ms = Gs /Ns . Compared to using alternative methods, for example, RNN for use of history memory
over all history frames, the designed online averaging layer using accumulated average of history memory for segments is not
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only found to be efficient, but also allow additional flexibility
to balance the current and previous segments for adaptation by
a tunable weight α. The gradient for each frame is the copy of
that back-propagated from the following layer.

“egs/swbd/s5c/local/chain/tuning/run tdnn 7q.sh” in the Kaldi
tookit [22]. The TDNN consisted of 15 context splicing layers
with 1536 nodes and output layer with 4456 nodes. Each context splicing layer contained a 160 dimensional bottleneck and
was activated by ReLU function, followed by batch normalization, dropout, and scaled summation with the preceding context splicing layer output. The splicing indices were {−1, 0, 1}
for the first 4 context splicing layers, and {−3, 0, 3} for the
last 10 context splicing layers. For optimization, the lattice-free
MMI criterion using leaky HMM was employed together with
the CE regularization. Natural-gradient was utilized for SGD
update. In the experiments, 40 dimensional filter-bank features
were used as input. Because of the restriction on computing resource, 4 epochs of training were run with single thread without
using speed perturbation and high resolution features. About
280 hours of data were selected for training by removing overrepresented transcriptions. All systems were trained and evaluated with a modified version of Kaldi tookit and HTK [23].

3.3. LHUC feature based adaptation
After the LHUC feature prediction network trained, training data for acoustic modeling can be fed into the prediction network
and produce LHUC features. Then, LHUC features can be utilized as auxiliary features to be simply concatenated with acoustic features as input. Alternatively, without PCA compression,
the prediction network can produce standard form of parameters for standard LHUC adaptation. However, by applying PCA
compression this is no long feasible. Feature based LHUC (fLHUC) [21] approach can thus be employed to restore the compressed LHUC features to the standard form. These approaches
are shown in Figure 3. For fast adaptation in test time, LHUC
features can be directly computed by feeding acoustic features
of test speech segments on the fly into the LHUC feature prediction network and used for decoding.
speaker-independent
(SI) DNN

4.2. Performance on conventional DNN acoustic model
Performance of different conventional CE trained DNN-HMM
systems using or without using the predicted LHUC features for
adaptation were evaluated on the SWBD and CallHome test
sets. Both the standard LHUC (test time adaptation only) and
LHUC SAT systems were decoded by two passes of decoding,
where the first pass is to generate supervision for SD parameter
estimation. When using the predicted LHUC features proposed
in this paper, there were two choices: using them in test time
adaptation, or in SAT training framework. For either of this two
choice, the utilization of the predicted LHUC features can be
further implemented by using two methods, feature concatenation shown in left side of Figure 3, or the f-LHUC shown in
right side of Figure 3. These two level of choices led to four
systems in Table 1, which were denoted by Sys (4) and Sys (6).
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Figure 3: Left: feature concatenation; Right: f-LHUC.

4. Experiments

Table 1: Performance of LHUC feature adapted DNNs with or
without using SAT, via either feature concatenation in the left of
Figure 3, or f-LHUC in the right of Figure 3.

4.1. Experimental setup
The proposed LHUC feature is investigated for both conventional CE trained DNN-HMM acoustic model adaptation and
LF-MMI trained TDNN-HMM acoustic model adaptation on a
300-hour Switchboard setup. A four-gram language model with
30-thousand words was employed for evaluation on the Hub5’
00 data set with SWBD and CallHome test sets. In order to
obtain the LHUC parameters, feed-forward DNN consisting of
6 hidden layers and LHUC parameters in the first hidden layer
was trained by minimizing CE with the alignments of 8929 tied
tri-phone states. Each of the hidden layer contained 2000 hidden nodes and was activated by sigmoid function. 9 successive
frames of 80 dimensional filter-bank features with the first order
difference were used as the DNN input. Back propagation with
stochastic gradient descent (SGD) was employed to update the
800-frame mini-batches.
After the above DNN trained, the 2000 dimensional LHUC
parameter vectors was compress to 100 dimensional vectors by
PCA. Then, the LHUC feature prediction network with architecture mentioned in section 3.1 is trained on 40 dimensional
filter-bank features and updated by RMSProp. The history interpolation weight in online averaging layer was set as α = 0.9.
The LHUC feature adapted conventional DNN acoustic
model had the same architecture with the above DNN for LHUC
parameter estimation. For TDNN acoustic models, the baseline was trained following the default setup of example script

Sys

CE DNN adaptation

(1)
(2)
(3)

SI baseline

(4)

LHUC feat

(5)

LHUC feat + LHUC

(6)

LHUC feat

(7)

LHUC feat + LHUC

LHUC

Usage of
LHUC feat
feat concat
f-LHUC
f-LHUC
feat concat
f-LHUC
f-LHUC

SAT
×
√
×
×
√
√

WER (%)
SWBD CallHome
15.3
27.6
14.6
25.8
13.2
23.5
14.4
26.8
14.5
26.6
14.0
25.1
14.1
26.8
14.0
26.4
12.9
23.0

Figure 4 shows the performance of standard LHUC
and LHUC feature adaptation of DNN systems when the first
utterance only, the first 10%, 25%, 50% and up to 100% of all
test data were used as adaptation data, respectively. Two trends
can be found in Table 1 and Figure 4. First, fast adaptation by
LHUC features (purple solid line and purple dash line) outperformed the standard LHUC adaptation (blue solid line and blue
dash line) when limited amount of adaptation data, for example,
10% of test data is used. When using test time adaptation only,
LHUC feature based adaptation (purple solid line) consistently performed better than the standard LHUC adaptation (blue
solid line) on the SWBD test set, irrespective the amount of
adaptation data. On the more challenging and mismatch CallHome test set, LHUC features (purple solid line) outperformed
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the standard LHUC adaptation (blue solid line) up to 25% data
amount. This demonstrated that LHUC features could handle
the data sparsity problem. Second, LHUC feature based adaptation could be used in combination with standard LHUC adaptation for improvement, if fast adaptation is not necessary. In
this case, standard LHUC SD parameters were appended to the
LHUC feature adapted DNNs as description in section 2. As
expected, the standard LHUC adaptation got further improvement by combining LHUC features in test time only (Sys (5);
red solid line) over the standard LHUC adapted systems (Sys
(2); blue solid line). Consistent trend can be observed on the
SAT version of corresponding adaptation.
WER (%)

SWBD

17.5

ing f-LHUC in both the first and third hidden layers obtained
comparable performance to the i-Vector based SAT TDNN system (Sys (11)), and slightly outperformed it on the CallHome
test set. Third, when combining the i-Vector and LHUC feature based adaptation, the TDNN systems ((13) and (14)) outperformed both the baseline TDNN system and i-Vector SAT
TDNN system, especially on CallHome test set by WER reduction of 1.8% and 0.6% absolute respectively.
Table 2: Performance on LHUC feature adapted TDNNs. The
label α denotes the history interpolation weight in online averaging layer. α = “-” means no online averaging layer is used.
The label “l” denotes the hidden layer using f-LHUC.

Baseline
Sys

16.5
15.5

(1)
(1.1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)

LHUC
(solid)

14.5
13.5

LHUC feat
(solid)

12.5
1 utt
(4 sec.)

10%
(22 sec.)

25%
(51 sec.)

50%
(98 sec.)

100%
(185 sec.)

Adaptation data amount (time in average)
WER (%)

CallHome

30.0
29.0

LHUC feat +
LHUC
(solid)

LHUC feat +
SAT
(dash)

25.0
24.0
23.0
1 utt
(2 sec.)

10%
(15 sec.)

25%
(33 sec.)

50%
(70 sec.)

100%
(140 sec.)

Adaptation data amount (time in average)

α

feat concat
LHUC feat

i-Vector
LHUC feat
+ i-Vector

f-LHUC in l
f-LHUC in l
feat concat
f-LHUC in l
f-LHUC in l

= {1}
= {1, 3}

= {1}
= {1, 3}

0.0
0.5
0.7
0.8
0.9
1.0
0.9
0.9
0.9
0.9
0.9

WER (%)
SWBD CallHome
10.1
20.6
10.2
20.5
10.1
21.5
9.6
21.0
9.4
20.5
9.4
20.3
9.3
20.0
9.2
19.7
9.3
19.8
9.7
19.5
9.4
19.1
9.2
19.4
8.9
19.5
9.1
18.8
9.1
18.8

This paper proposed a fast adaptation approach using prediction of the compressed LHUC speaker-dependent parameters
directly from the acoustic features on the fly without additional
decoding passes being requaired. The prediction network consisting a time-delay DNN (TDNN) and an online averaging layer was also proposed. The predicted LHUC features were then
used as auxiliary features to adapt DNN acoustic models. Moreover, LHUC feature is found to be complementary to the standard LHUC adaptation for dealing with data sparsity problem,
and also complementary to the i-Vector adaptation as well. Experiments conducted on a 300-hour Switchboard corpus showed
that the DNN and TDNN systems adapted by the proposed predicted LHUC features obtained consistent improvements over
the corresponding baseline DNN and TDNN systems by relative reductions of word error rate up to about 9%. After being
used together with i-Vector based adaptation, the LHUC feature
adapted TDNN systems consistently outperformed the comparable i-Vector adapted TDNN system. Future works will focus on investigating different architectures of the LHUC feature
prediction network.

27.0
26.0

Usage of
LHUC feat
-

5. Conclusions

LHUC + SAT
(dash)

28.0

LF-MMI TDNN
adaptation
SI baseline
Povey et al [24]

LHUC feat +
LHUC + SAT
(dash)

Figure 4: Performance contrast of DNN systems adapted by
LHUC features and standard LHUC adaptation using various
amounts of adaptation data on SWBD and CallHome test sets.
LHUC features were all used in f-LHUC framework.
4.3. Performance on TDNN acoustic model
Performance of different LF-MMI trained TDNN-HMM systems using or without using the predicted LHUC features for
adaptation were further evaluated on the SWBD and CallHome
test sets and shown in Table 2. The baseline system (Sys (1))
obtained similar results to the LF-MMI trained TDNN system
in [24]. All TDNN systems here were adapted via SAT. Three
trends can be observed from Table 2. First, when online averaging layer was used in the prediction network with history interpolation weight α > 0, all LHUC feature adapted systems consistently outperformed the baseline TDNN system (Sys (1)). In
contrast, when online averaging layer was not used, the LHUC
feature based adaptation (Sys (2)) got no improvement over the
baseline TDNN system. The best performance was obtained by
setting the history interpolation weight as α = 0.9. Second,
the best LHUC feature adapted TDNN system (Sys (10)) by us-
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