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Abstract
In this paper, we present an improved vocal tract length perturbation (VTLP) algorithm as a data augmentation technique.
VTLP is usually accomplished by adjusting the center frequencies of mel filterbank in [1]. Compared to the conventional
approach, we re-synthesize waveforms from the frequencywarped spectra using overlap and addition (OLA). This approach had two advantages: First, we can apply an “acoustic
simulator” [2, 3] after performing the VTLP-based frequency
warping. Second, we may use a different window length for
frequency warping from that used in feature processing. We observe that the best performance was obtained when the warping
coefficient distribution is between 0.8 and 1.2, and the window
length is 50 ms. We obtained 3.66 % WER and 12.39 % WER
on the Librispeech test-clean and test-other using an attentionbased end-to-end speech recognition system without using any
Language Models (LMs). Using the shallow-fusion technique
with a Transformer LM, we achieved 2.44% WER and 8.29 %
WER on the Librispeech test-clean and test-other sets. To the
best of our knowledge, the 2.44 % WER on the test-clean is the
best result ever reported on this test set.
Index Terms: Data augmentation, vocal tract length perturbation, vocal tract length normalization, end-to-end speech recognition
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Figure 1: The entire structure used for data augmentation.
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1. Introduction

Output Audio Signal

Recently, deep learning technology has greatly enhanced
speech recognition accuracy [4, 5, 6, 7]. Thanks to these advances, voice assistant devices such as Google Home [2, 8]
or Amazon Alexa are actively used at many homes. To build
high performance speech recognition systems, we need to have
a large amount of data covering various domains. In [9], it
has been shown that we need sufficiently large training set to
achieve high speech recognition accuracy for difficult tasks like
video captioning.
For far-field speech recognition, the impact of noise and
reverberation is much larger than near-field cases. Traditional
approaches to far-field speech recognition include noise robust
feature extraction algorithms [10, 11], multi-microphone approaches [12, 13, 14], and approaches utilizing the “precedence
effect” [15, 16]. Another popular approach for enhancing the
robustness is using data augmentation [17, 3, 18]. We have been
using the “acoustic simulator” [2, 3] to generate simulated utterances in millions of different room dimensions, a wide distribution of reverberation time and signal-to-noise ratios.
In a similar spirit, to tackle the speaker variability issue, Vocal Tract Length Perturbation (VTLP) has been proposed [1].
The Vocal Tract Length Perturbation (VTLP) algorithm is motivated based on the Vocal Tract Length Normalization (VTLN)
algorithm. There are many factors which make speech from
different speakers have different acoustic characteristics. It has
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Figure 2: A pipeline for performing Vocal Tract Length
Perturbation (VTLP).
been agreed that one of such factors is the Vocal Tract Length
(VTL). The variations in VTL may be modeled as frequency
warping [19]. In VTLN, the objective is to find the best frequency warping factor α to maximize the likelihood of feature
given the model parameters. In the VTLN approach, frequency
warping is performed both in training and evaluation phases to
maximize the data likelihood. The objective of VTLN is to normalize the effect of spectral variation due to variations in VTL
of different speakers.
On the contrary, VTLP tries to add more data to the training
set by applying various frequency warping factors representing
different VTLs. Conventionally, VTLP and VTLN have been
usually performed by adjusting the center frequencies of mel
filterbank employed for feature extraction [20, 1]. This conventional approach has the advantage of not requiring an additional
step of resynthesizing speech waveform from the frequencywarped spectra. However, in the proposed system, we perform
the frequency warping on the spectrum and resynthesize speech
using Inverse Fast Fourier Transform (IFFT) and OverLap Add
(OLA). This approach had two advantages. First, it is the correct way of performing data augmentation using both the Room
Impulse Response (RIR) filter and VTLP.
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where m is the frame index, and φα (ωk ) is the frequency warping function, which will be explained in Sec. 2.2. Discreteand
time frequencies ωk and vko are defined by ωk = 2πk
K
o
, respectively where K is the FFT size, and U is the
vko = 2πk
UK
oversize FFT factor. As mentioned earlier, we use the U value
of 16. We obtain the frequency-warped spectrum Y (ejωk ) for
the lower half discrete frequency region of 0 ≤ k ≤ K
, since
2
the spectrum for the upper half frequency region may be obtained using the complex conjugate symmetry property [25].
In obtaining the warped spectrum YK [m, ejωk ] using (2),
one issue is that XU K [m, ejvk ] is defined only for discretevalues of k. Thus, φα (ωk ) in (2), should be able to be represented as vk0 where k0 is a certain integer. Since vk0 is defined
0
, we use the following equation to find ko :
to be 2πk
UK

The entire structure for our data augmentation is depicted
in Fig. 1. Assuming that there are I sound sources and J microphones, the received signal at microphone j is given by:
yj [n] = F (x0 [n]| α) ∗ h0j [n] + g

I−1
X

xi [n] ∗ hij [n],

(1)

i=1

where x0 [n] is the target speech signal, and xi [n], 1 ≤ i ≤ I −1
are the noise signals. hij [n] is the room impulse response related to the locations of the i-th sound source and j-th microphone. g is the gain factor adjusting the relative intensity of
noise signals with respect to that of the target speech signal
x0 [n]. F (·|α) is the frequency warping transform and α is the
warping factor which will be described in Sec. 2. Since the frequency warping is a non-linear operation, the order of applying
frequency warping and RIR filters affects the final resynthesized
speech. Since the objective of VTLP is simulating the speaker
variability due to the difference in vocal tract length, the RIR
filter should be applied after the frequency warping. If warping
is performed during feature extraction, then the net effect on
the first term on the right hand becomes F (x0 [n] ∗ h0j [n]|α) ,
which is different from the original intention of the system.
Second, it has been frequently observed that there is timefrequency resolution trade-off in speech processing [21, 22, 23].
Longer-windows usually provide a better frequency resolution
and have been shown to be more effective in power distribution
normalization [21] and noise suppression [24]. As will be described in Sec. 4, for the VTLP processing described in this
paper, we observe that better performance is achieved when the
window length is 50 ms, which is longer than the 25 ms window
length we used for feature processing.
The rest of the paper is organized as follows: We describe
the VTLP processing in detail in Sec. 2. The end-to-end speech
recognition system with data augmentation is described in Sec.
3. Experimental results that demonstrates the effectiveness of
the VTLP processing is presented in Sec. 4. We conclude in
Sec. 5.

2πko
≈ φα (ωk ).
UK
Thus, we obtain:
ko ≈

YK [m, ejωk ] = XU K [ejvko ]
"
jv
= XU K m, e

U Kφα (ωk )
+0.5
2π

0≤k≤



#

K
,
2

,
(6)

where discrete-time frequencies ωk and vk are defined by ωk =
2πk
and vk = 2πk
as mentioned before.
K
UK
2.2. Frequency warping based on bilinear transformation
In this section, we discuss the frequency warping function denoted by φα (ωk ) in (2) and (6). Several different warping equations have been proposed for VTLN [19]. The piecewise linear
rule and the bilinear rule might be one of the widely used warping methods. The piecewise linear rule is the simplest way of
performing frequency warping and this rule is represented by
the following equation:
(
ωα,
ω ≤ ωhi min(α,1)
α
′
ωk =
π − π−ωhi min(α,1)
otherwise
min(α,1) (π − ω) ,

2.1. Oversized FFT and frequency warping
The first step of the VTLP processing is to segment speech into
successive frames by applying a 50-ms Hanning window. The
choice of this rather long window length is based on our experimental results in Sec. 4. At 16-kHz, even though the minimum
required FFT size that is power of two is K = 1024, we use a
FFT size of U = 16 times of this value to have a better resolution while performing frequency warping. Note that when preforming a DFT of size K, K discrete frequencies are uniformly
sampled between 0 and 2π. Thus the frequency resolution be.
comes 2π
K
For a specific frame index m, we obtain the frequencywarped short-time spectrum YK [m, ejωk ] whose FFT size is K
from the original spectrum XU K [m, ejvk ] whose FFT size is
U K using the following relation:

π−ωhi

α

(7)
where ωk = 2πk
is the input discrete-time frequency and
K
′
ωk′ = 2πk
is
the
output
discrete-time frequency. In the biK
linear transformation, the relation between the input and output
discrete-time frequencies is given by:


(1 − α) sin(ωk )
ωk′ = ωk + 2 tan−1
.
(8)
1 − (1 − α) cos(ωk )

YK [m, ejωk ] =XU K [m, ejvk0 ]
K
,
2

(4)

where ⌊·⌋ is the floor operator, and 0.5 is added for the rounding
purpose. From (3) and , we observe that the
Using (2) and (5) we obtain:

In this section, we will explain each component of the VTLP
processing in detail. The entire structure of the VTLP algorithm
is shown in Fig. 2.

0≤k≤

U Kφα (ωk )
.
2π

From the above equation, the ko value is given by rounding as
shown below:


U Kφα (ωk )
ko =
+ 0.5
(5)
2π

2. Data augmentation using Vocal Tract
Length Perturbation (VTLP)

=XU K [m, ejφα (ωk ) ],

(3)

where wk is the discrete-time frequency defined by wk = 2πk
,
K
and K is the DFT size. Fig. 4 shows the relationship between

(2)
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performed using the system described in Sec. 2 with a uniformly random warping coefficient α between αmin and αmax .
As will be explained in Tables 2 and 3, αmin = 0.8 and
αmax = 1.2 were the best choices in our experiments. The
warping coefficient is randomly generated for every training example. As a result, the acoustic model is trained using examples
that are never repeated. We observe that this on-the-fly data augmentation shows better performance than one-time batch data
augmentation [3]. cl is the attention context vector calculated
by applying softmax to the attention weights [27]. henc [m] and
hdec
l−1 are the encoder and the decoder hidden output vectors, respectively. β l [m] is the attention weight feedback [27]. In [27],
the peak value of the speech waveform is normalized to be one.
However, since finding the peak sample value is not possible
for on-line feature extraction, we did not perform this normalization. We modified the input pipeline so that the on-line feature generation can be performed. We disabled the clipping of
feature range between -3 and 3, which is the default setting for
Librispeech experiment in [27]. For better stability in LSTM
training, we used the gradient clipping by global norm [29],
which is implemented as tf.clip by global norm API
in Tensorflow [30]. We used six layers of bidirectional LSTM
as our encoder and one layer of unidirectional LSTM layer in
the decoder followed by a softmax layer.
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4. Experimental Results

Figure 3: The structure of the entire end-to-end speech
recognition system.

8000

Table 1: Word Error Rates (WERs) obtained using MFCC
implemented in [31] and power mel filterbank coefficients
on the Librispeech corpus [32]. For each WER number,
the same experiment was conducted twice and averaged.
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α = 0.8
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6000
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2000
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Figure 4: The relation between the input frequency and the
warped frequency using the bilinear transformation (8).
the input and output frequencies. In our work, we use the bilinear rule in (8), since this approach has shown better performance than the piecewise linear rule in speech recognition experiments using VTLN [19].

1536 cell

test-clean

5.32 %

5.25 %

test-other

16.82 %

16.40 %

average

11.07 %

10.83 %

test-clean

4.19 %

4.21 %

test-other

14.19 %

13.84 %

average

9.19 %

9.03 %

test-clean

4.06 %

3.94 %

test-other

13.97 %

13.56 %

average

9.02 %

8.75 %

Table 2: Word Error Rates (WERs) obtained with VTLP
processing with different window lengths and different warping
factor distribution range.

3. End-to-end speech recognition with
Vocal Tract Length Perturbation (VTLP)
We used the RETURNN speech recognition system [26, 27]
with various modifications [7]. x[m] and ŷl are the input power
mel filterbank vector and the hypothesis output label, respectively. m is the input frame index and l is the decoder output
step index. For the input feature, instead of the conventional
Mel Filterbank Cepstral Coefficients (MFCCs) or log-mel, we
use the power mel filterbank coefficients with the power non1
linearity of (·) 15 . This power law nonlinearty is motivated
by our previous research in [10, 28, 24]. VTLP processing is

Window Length
25 ms

50 ms
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0.7 ∼ 1.3

0.8 ∼ 1.2

0.9 ∼ 1.1

test-clean

4.03 %

3.80 %

3.80 %

test-other

12.61 %

12.54 %

12.63 %

average

8.32 %

8.17 %

8.22 %

test-clean

3.82 %

3.66 %

3.86 %

test-other

12.50 %

12.39 %

12.35 %

average

8.16 %

8.03 %

8.11 %

Table 3: Word Error Rates (WERs) obtained with VTLP
processing with different window lengths and different warping
factor distribution range with shallow-fusion using an RNN
LM.
0.7 ∼ 1.3

0.8 ∼ 1.2

0.9 ∼ 1.1

test-clean

3.26 %

2.90 %

3.04 %

test-other

10.60 %

10.40 %

10.40 %

average

6.93 %

6.65 %

6.72 %

Window Length
25 ms

50 ms

test-clean

2.93 %

2.85 %

2.96 %

test-other

10.40 %

10.25 %

10.13 %

average

6.67 %

6.55 %

6.55 %

which is slightly different from [35], where we have an additional term λp log P (yl ) for subtracting the prior bias that the
model has learned from the training corpus. L is the length of
the output label hypothesis. λp and λlm are weights for the prior
probability and the LM prediction probability, respectively. In
(9), we represented sequences following the Python slice notation. For example, x[0 : M ] denotes the sequence of the input
acoustic features of length M , and y0:L is a sequence of output
labels of length L. When the beam size is 36, λp = 0.003, and
λlm = 0.48, we obtained 2.44 % WER on the test-clean set and
8.29 % WER on the test-other set.

5. Conclusions
In this paper, we presented an improved Vocal Tract Length Perturbation (VTLP) algorithm as a data augmentation technique.
We perform frequency warping using a oversized FFT and a
bilinear warping function. Time-domain waveform is resynthesized using OverLap Addition (OLA). This approach has two
advantages compared to conventional approach of adjusting the
center frequencies of mel filterbank during feature extraction.
First, additional data augmentation using “acoustic simulator”
[2, 3] is not affected by this frequency warping. Second, we
may use a different window length for frequency warping from
that used in feature processing. We observe that the best performance was obtained when the warping coefficient is uniformly distributed between 0.8 and 1.2, and the window length
is 50 ms. We obtained 3.66 % WER and 12.39 % WER on the
Librispeech test-clean and test-other using an attention-based
end-to-end speech recognition system without using any Language Models (LMs). Using the shallow-fusion technique with
a Transformer LM, we achieved 2.44 % WER and 8.29 % WER
on the Librispeech test-clean and test-other databases. To the
best of our knowledge, the 2.44 % WER on the test-clean is the
best result ever reported on this database.

Table 4: Word Error Rates (WERs) obtained with VTLP
processing using shallow-fusion with a Transformer LM with
different beam sizes. The window length is 50 ms, and the
warping factor distribution is 0.8 ∼ 1.2.
Beam Size

12

24

36

48

λp

0.005

0.004

0.003

0.002

λlm

0.45

0.46

0.48

0.48

test-clean

2.49 %

2.45 %

2.44 %

2.45 %

test-other

8.76 %

8.40 %

8.29 %

8.22 %

average

5.63 %

5.43 %

5.37 %

5.34 %

For speech recognition experiments, we used the Librispeech corpus [32] for training and evaluation. For training,
we used the entire 960 hours training set consisting of 281,241
utterances. For evaluation, we used the official 5.4 hours testclean and 5.1 hours test-other databases. In Table 1, we compared the performance between the baseline MFCC and the
1
power-law of (·) 15 features with different LSTM cell sizes. Especially for test-other, which is a more difficult task, the power
mel filterbank coefficients shows better performance than the
baseline MFCC. Thus, in all the following results in this section from Table 2 to Table 4, we use the power mel filter bank
coefficients and use the LSTM cell size of 1536.
In Table 2, we show Word Error Rates (WERs) using different window sizes and warping coefficient distributions. In
obtaining WERs in this table, we did not use any Language
Models (LMs). The best performance was achieved when the
window length is 50 ms and the warping coefficients are uniformly distributed between 0.8 and 1.2. We obtained 3.66 %
WER on the test-clean database and 12.39 % WER on the testother database. The results in Table 3 were obtained in the same
configuration as that in Table 2, but we used shallow-fusion
with an RNN LM. Using this shallow-fusion technique with an
RNN-LM, we achieved 2.85 % WER and 10.25 % WER on the
Librispeech test-clean and test-other sets.
Using the shallow-fusion with a Transformer LM [33, 34],
we obtained significantly better result compared to those in Table 3 as shown in Table 4. In performing the shallow LM fusion,
we used the following equation:
∗
y0:L
= arg max
y0:L

L−1
Xh
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