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Abstract—In this paper, we present an initial study on data
restoration for acoustic modeling in automatic speech recognition
(ASR). In the ASR field, the speech log data collected during
practical services include customers’ personal information, so
the log data must often be preserved in segregated storage areas.
Our motivation is to permanently and flexibly utilize the log data
for acoustic modeling even though the log data cannot be moved
from the segregated storage areas. Our key idea is to construct
portable models that can simulate the generative process of
acoustic modeling data so as to artificially restore the acoustic
modeling data. Therefore, this paper proposes novel generative
models called acoustic modeling data restorers (AMDRs), that
can randomly sample triplets of a phonetic state sequence, an
acoustic feature sequence, and utterance attribute information,
even if original data is not directly accessible. In order to precisely
model the generative process of the acoustic modeling data, we
introduce neural language modeling to generate the phonetic state
sequences and neural speech synthesis to generate the acoustic
feature sequences. Experiments using Japanese speech data sets
reveal how close the restored acoustic data is to the original data
in terms of ASR performance.
Index Terms: data restoration, acoustic models, automatic
speech recognition, acoustic modeling data restorers, gener-
ative models

I. INTRODUCTION

Automatic speech recognition (ASR) technologies have
accomplished remarkable progress in the last few years. Deep
learning technologies have improved ASR performance, and
ASR-based applications such as voice search have become
familiar to customers. As practical ASR systems are being
used in more various applications, log data of speech samples
and their transcripts are rapidly accumulating. One concern is
that the log data often includes customer’s personal privacy
information. Therefore, when ASR developers use such log
data to improve ASR performance, special handling restric-
tions must be followed.

It is known that log data is extremely beneficial in construct-
ing acoustic models because it is recorded in real environments
[1], [2]. However, the log data often must be split and
preserved in secured storage areas that are segregated from
the online network for privacy protection. A key issue is that
it is impossible to use certain company’s log data sets together
with other company’s log data because the log data sets are
often preserved in different company’s secure repositories. In
other words, we cannot jointly leverage various company’s log

data sets for improving ASR performance.
Our motivation is to flexibly utilize the log data for con-

structing acoustic models without accessing the original data in
the secured sets. In speech processing fields, although several
techniques have been examined for privacy protection, they are
not suitable for use in acoustic modeling because they change
the original contents [3]–[5]. Our key idea is to construct a
portable model that can artificially generate acoustic modeling
data similar to the original data. This enables us to train acous-
tic models permanently even if the original data is deleted. One
concern is whether we can precisely simulate the generative
process of acoustic modeling data or not because the quality
of data generation directly affects the ASR performance of the
acoustic models.

In this paper, we present an initial study of acoustic model-
ing data restoration based on generative modeling of acoustic
modeling data. To this end, we propose novel generative
models of acoustic modeling data, which we call acoustic
modeling data restorers (AMDRs). AMDRs can simulate the
generative process of the acoustic modeling data that can
be used for constructing context-dependent phone-based deep
neural network (DNN) acoustic models [6]–[8]. The AMDRs
trained from acoustic modeling data sets can randomly gen-
erate triplets of a phonetic state sequence, an acoustic feature
sequence, and utterance attribute information without using the
original data sets.

In order to construct precise generative models, the AMDRs
adopt neural network based modeling. We introduce long
short-term memory recurrent neural network (LSTM-RNN)
based language models that can take long-range context into
consideration to model the generative process of phonetic state
sequences [9], [10]. In addition, we introduce bidirectional
LSTM-RNN (BLSTM-RNN) based neural speech synthesizers
to model the generative process of acoustic feature sequences
[11]–[13]. In fact, general neural speech synthesizers are com-
posed by regression networks that produce acoustic features
of speech on the basis of a minimum mean error criterion
because speech synthesis applications aim to generate high-
quality speech [12], [14]. Our aim, on the other hand, is
to produce acoustic features that are effective for acoustic
modeling in ASR. To generate the acoustic features needed to
simulate real environments, the features must exhibit sufficient
variation. Therefore, this paper examines not only regression

Proceedings of APSIPA Annual Summit and Conference 2019 18-21 November 2019, Lanzhou, China 

655978-988-14768-7-6©2019 APSIPA APSIPA ASC 2019



networks but also density networks [15] as they can randomly
produce a variety of acoustic features.

Data restoration is closely related to data augmentation of
acoustic modeling data [16]–[22]. Data augmentation is often
conducted for low resource ASR fields. The main approach is
to manipulate the original data using vocal tract length pertur-
bation or elastic spectral distortion. In addition, model based
transformation of the original data has been examined [23],
[24]. These methods involve label-preserving transformation
of the original data, so the original data must be accessed.
To the best of our knowledge, this paper is the first study on
acoustic modeling data generation in which the original data
is not needed at all.

Our main contributions are summarized as follows.
• This paper is first work to describe data restoration

for acoustic modeling. In section II, we define data
restoration that is accomplished by constructing gener-
ative models of acoustic modeling data. In addition, we
elucidate its goal.

• This paper proposes novel generative models of acoustic
modeling data called AMDRs. AMDRs achieve acoustic
modeling data generation simply by preserving model
parameters. Section III details the modeling proposal and
its training procedure.

• This paper is an initial study that leverages neural speech
synthesis technologies for improving acoustic models al-
though the speech synthesis technologies recently utilized
for end-to-end ASR [25]–[28]. This paper introduces
regression network based and density network based
neural speech synthesis (see section III-D).

• Our experiments construct AMDRs from Japanese acous-
tic modeling data, and restore acoustic modeling data us-
ing trained AMDRs. For acoustic modeling, we introduce
context-dependent phone-based convolutional long short-
term memory fully-connected DNN (CLDNN) acoustic
models [29], [30]. We reveal whether acoustic models
constructed from restored data using AMDRs can yield
ASR performance close to that possible with the origi-
nal data. In addition, we demonstrate that AMDRs can
improve ASR performance by leveraging them for data
augmentation (see section IV).

II. DATA RESTORATION FOR ACOUSTIC MODELING

This section details data restoration for acoustic modeling
in ASR. In acoustic modeling, data restoration is necessary
to permanently and flexibly utilize acoustic modeling data
for constructing acoustic models even if the original acoustic
modeling data is not accessible.

Fig. 1 shows the relationships between data restoration and
acoustic modeling. In order to achieve data restoration, a
generative model that can artificially restore acoustic modeling
data similar to the original acoustic modeling data is con-
structed from original acoustic modeling data. The generative
model enables acoustic modeling data restoration by random
sampling on the basis of its generative process. Our goal is to
construct an acoustic model from the restored data that yields
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Fig. 1. Relationship between data restoration and acoustic modeling.

ASR performance comparable to that constructed from the
original data.

III. GENERATIVE MODELS OF ACOUSTIC MODELING DATA

This section describes novel generative models of acoustic
modeling data called acoustic modeling data restorers (AM-
DRs). This paper assumes ASR systems that use context-
dependent phone-based DNN acoustic models [6]–[8]. The
context-dependent phone-based DNNs that estimate phonetic
states from acoustic features in a frame-by-frame manner are
the most practical acoustic modeling approach used in recent
ASR services.

We first define acoustic modeling data that is represented
as sets of utterance-level data. The utterance-level acoustic
modeling data is defined as a triplet of a phonetic state
sequence, an acoustic feature sequence, and an attribute label.
We define a phonetic state sequence and its corresponding
acoustic feature sequence in an utterance as S = {s1, · · · , sT }
and X = {x1, · · · ,xT }，respectively. st ∈ S is the t-th
frame’s phonetic state index where S is a set of the phonetic
states, and xt is the t-th frame’s acoustic feature. In addition,
an utterance attribute label, which includes speech attributes
such as speaker information and linguistic attributes such
as topic information, is defined as a ∈ {ā1, · · · , āM}. The
attribute label is needed to restore the acoustic modeling data
but is unnecessary for acoustic modeling. In this case, an
acoustic modeling data set D is defined as:

D = {(S1,X1, a1), · · · , (SN ,XN , aN )}, (1)

where (Sn,Xn, an) denotes the n-th utterance-level acoustic
modeling data and N represents the number of utterances in
the acoustic modeling data set.

A. Generative Process of Acoustic Modeling Data

In AMDR, generative process of acoustic modeling data
is simulated as shown in Fig. 2. AMDRs assume that D is
generated according to the following generative process.

1) For n = 1, · · · , N :
a) Sample an attribute label:

an ∼ P (an|θa), (2)

b) For t = 1 · · · , Tn:
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Fig. 2. Graphical models of AMDRs.

i) Sample a phonetic state:

snt ∼ P (snt |sn1 , · · · , snt−1, a
n,θs), (3)

c) For t = 1, · · · , Tn:
i) Sample an acoustic feature:

xn
t ∼ P (xnt |Sn, an, t,θx), (4)

where Tn is the length of the n-th utterance-level acoustic
feature sequence and phonetic state sequence, and Θ =
{θa,θs,θx} is a model parameter of the AMDR. Thus, the
phonetic state sequence is generated dependent on the attribute
label and the acoustic feature sequence is generated dependent
on the phonetic state sequence and the attribute label. In this
case, the generative probability of D is formulated as:

P (D|Θ) =
N∏

n=1

P (Xn, Sn, an|Θ)

=

N∏
n=1

P (Xn|Sn, an,θx)P (S
n|θs)P (an|θa)

=

N∏
n=1

P (an|θa){
Tn∏
t=1

P (xn
t |Sn, an, t,θx)}

{
Tn∏
t=1

P (snt |sn1 , · · · , snt−1, a
n,θs)}.

(5)

The AMDRs enable us to randomly produce acoustic modeling
data simply by preserving Θ. The model parameter can be
optimized from D using maximum likelihood estimation. The
optimized parameter Θ̂ is estimated by:

Θ̂ = argmax
Θ

P (D|Θ). (6)

In fact, the AMDRs have no latent variables and each com-
ponent parameter is independent, so the maximum likelihood
estimation can be split into:

θ̂a = argmax
θa

N∏
n=1

P (an|θa), (7)

θ̂s = argmax
θs

N∏
n=1

Tn∏
t=1

P (snt |sn1 , · · · , snt−1, a
n,θs), (8)

θ̂x = argmax
θx

N∏
n=1

Tn∏
t=1

P (xn
t |Sn, an, t,θx), (9)

where Θ̂ = {θ̂a, θ̂s, θ̂x} . Each optimization depends on
individual model structures used to compute generative prob-
abilities.

B. Generative Models of Attribute Labels

We model the generative probability of attribute labels using
a categorical distribution. The generative probability of a is
simply formulated as:

P (a|θa) = Categorical(a;θa), (10)

where Categorical() represents the categorical distribution
that is a discrete probability distribution. Therefore, the at-
tribute label can be randomly sampled from the categorical
distribution. In this case, θa means {q1, · · · , qM} where qm
is the generative probability of the m-th label. The maximum
likelihood estimation of qm is defined as:

q̂m =
c(ām,D)

N
, (11)

where c(ām,D) means the frequency of ām in D.

C. Generative Models of Phonetic State Sequences

We model the generative probability of phonetic state se-
quences using the categorical distribution with neural language
models. The neural language models can produce predicted
probabilities ot from {s1, · · · , st−1} and a. The predicted
probabilities correspond to the parameter of the categorical
distribution. The generative probability of st is formulated as:

P (st|s1, · · · , st−1, a,θs)

= Categorical(st;Φ(s1, · · · , st−1, a;θs)),

= Categorical(st;ot),
(12)

where Φ() is the function of the neural language models.
Therefore, the phonetic state sequences can be randomly
sampled from the categorical distribution in which the param-
eter is incrementally updated by the neural language models.
Fig. 3 shows the data generation procedure of phonetic state
sequences.

In order to produce ot using the neural language models,
individual phonetic state indices and an attribute label are
converted into continuous representations. The continuous
representations of st−1 and a are defined as:

st−1 = EMBED(st−1;λs), (13)

a = EMBED(a;λa), (14)

where EMBED() is a linear transformational function to embed a
symbol into a continuous vector. λs and λa are the trainable
parameters. Next, the continuous representation of phonetic
state and the continuous representation of attribute label are
merged as:

et−1 = [st−1
⊤,a⊤]⊤. (15)

The merged representation is converted into a hidden repre-
sentation that uses LSTM-RNN to summarize past context
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Fig. 3. Data generation procedure of phonetic state sequences.

information. The hidden representation for estimating the t-
th phonetic state is calculated as:

ht = LSTM(e1, · · · , et−1;λh)

= LSTM(et−1,ht−1;λh),
(16)

where LSTM() is a function of the unidirectional LSTM-RNN
layer, λh is the trainable parameter, s0 is a zero vector, and
s0 means an initial symbol. In the output layer, predicted
probabilities are produced by:

ot = SOFTMAX(ht;λo), (17)

where SOFTMAX() is a transformational function with softmax
activation and λo is the trainable parameter. In this process,
θs corresponds to {λs, λa, λh, λo}. The maximum likelihood
estimation of θs is redefined as:

θ̂s = argmin
θs

−
N∑

n=1

Tn∑
t=1

log Categorical(snt ;o
n
t ), (18)

where snt and ont are the t-th phonetic state index and the
t-th predicted probabilities for the n-th acoustic modeling
data, respectively. This optimization is followed by the back-
propagation through time algorithm.

D. Generative Models of Acoustic Feature Sequences

We use neural speech synthesizers to model the generative
probability of acoustic feature sequences. To this end, we
introduce regression networks and density networks. In AM-
DRs, acoustic feature sequences are produced depending on
S and a. In regression network based AMDRs, the generative
probability of xt is defined as:

P (xt|S, a, t,θx) = N (xt;ψr(S, a, t;θx), βI)

= N (xt;µt, βI),
(19)

where N () represents a normal distribution, ψr() is the regres-
sion network function, anµt is the output of the regression
networks and corresponds to a mean vector of the normal
distribution. I is the diagonal identity matrix, and β is a hyper
parameter. By limiting β to 0, xt sampled from the normal
distribution exactly matches µt.

On the other hand, in density network based AMDRs,
mean vector µt and diagonal variance vector σ2

t for the

Fig. 4. Data generation procedure of acoustic feature sequences.

normal distribution are produced using S and a. The generative
probability of xt is defined as:

P (xt|S, a, t,θx)
= N (xt;ψ

(µ)
d (S, a, t;θx), exp(ψ

(σ)
d (S, a, t;θx))

2)

= N (xt; z
(µ)
t , exp(z

(σ)
t )2)

= N (xt;µt,σ
2
t ),

(20)

where ψ(µ)
d () and ψ(σ)

d () are density network functions, and
z
(µ)
t and z(σ)

t are outputs of the density network. Therefore,
the acoustic feature sequences can be randomly sampled from
the normal distribution with the produced vectors. Fig. 4 shows
the data generation procedure of acoustic feature sequences on
the basis of the density networks.

In both networks, individual phonetic states and attribute la-
bel are converted into continuous representations, and merged
representations are composed as in the LSTM-RNN language
models. The merged representation of st−1 and a is defined
as:

st−1 = EMBED(st−1;πs), (21)

a = EMBED(a;πa), (22)

et−1 = [st−1
⊤,a⊤]⊤, (23)

where πs and πa are the trainable parameters. The merged
representation is converted into a hidden representation using
BLSTM-RNNs. The hidden representation for estimating the
t-th acoustic feature is calculated as:

vt = BLSTM(e1, · · · , eT , t;πv), (24)

where BLSTM() is a function of the BLSTM-RNN layer and
πv is the trainable parameter.

In the output layer of the regression network, µt is produced
by:

µt = LINEAR(vt;πr), (25)

where LINEAR() is the linear transformational function and
πr is the trainable parameter. In this case, θx corresponds to
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{πs,πa,πv,πr}. In the regression networks, the maximum
likelihood estimation of θx is redefined as:

θ̂x = argmin
θx

N∑
n=1

Tn∑
t=1

(xn
t − µn

t )
⊤(xn

t − µn
t ), (26)

where xn
t and µn

t are, respectively, the t-th acoustic feature
and the t-th predicted acoustic feature.

On the other hand, in the output layer of the density
network, z(µ)

t and z(σ)
t are produced by:

[z
(µ)
t

⊤
, z

(σ)
t

⊤
]⊤ = LINEAR(vt;πd), (27)

where πd is the trainable parameter. In this case, θx cor-
responds to {πs,πa,πv,πd}. In the density networks, the
maximum likelihood estimation of θx is redefined as:

θ̂x = argmin
θx

−
N∑

n=1

Tn∑
t=1

logN (xn
t ;µ

n
t ,σ

n
t
2), (28)

where xn
t , µn

t , and σn
t
2 are, respectively, the t-th acoustic

feature, the t-th predicted mean vector, and the t-th predicted
variance vector for the n-th utterance.

IV. EXPERIMENTS

A. Setups

Our experiments used the Corpus of Spontaneous Japanese
(CSJ) [31], which we divided into a training data set (Train)
and three evaluation data sets (Eval 1–3). Train was used for
training AMDRs and context-dependent phone based DNN
acoustic models for ASR while the Eval 1–3 were used in
ASR evaluations. We used lecture IDs, which include topic
and gender information, as the attribute labels. Details of the
data sets are shown in Table I.

In the work reported in this paper, context-dependent phone
based CLDNN acoustic models were used. The acoustic
feature consisted of 40 dimensional log mel-filterbank coef-
ficients appended with delta and acceleration coefficients; the
frame shift was 10 ms. In CLDNN, each static and dynamic
component was spliced within 11 frames composed as 3
feature maps. We used 1 convolutional layer with 128 feature
maps that used 5x11 frequency-time filters. For pooling, 2x1
frequency-time max pooling was performed. In addition, CNN
output was fed into 2 LSTM layers, each of which had 512
cells. LSTM output was fed into a fully connected DNN
layer, which had 1,024 hidden units with rectified linear units.
The output of CLDNN was a softmax layer with 3072 nodes
that correspond to the number of phonetic states. For ASR
evaluations, we used a WFST-based decoder [32], [33] and 3-
gram approximated hierarchical latent word language models
constructed from the training data set [34].

Configurations of the AMDRs are as follows. In generative
models of phonetic states, we set phonetic state embedding
size and attribute embedding size to 650 and 128, respectively.
We employed a single LSTM-RNN layer with 650 units. The
LSTM-RNN language models we employed has 3072 output
nodes, which corresponds to the number of phonetic states

TABLE I
EXPERIMENTAL DATA SETS.

# of lectures # of words Hours
Train 3,214 7,532,365 506.0
Eval 1 10 26,028 2.3
Eval 2 10 26,661 2.4
Eval 3 10 17,189 1.7
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Fig. 5. Acoustic features of original data and restored data.

in acoustic models. Optimized was performed by the mini-
batch stochastic gradient method. In both regression network
based and density network based speech synthesizers, phonetic
state embedding size and attribute embedding size were set
to 512 and 128, respectively. Both networks employed three
LSTM layers with 1024 units. The regression network had
120 output nodes, which corresponds to the dimension of the
acoustic features. On the other hand, the density network had
240 output nodes. An Adam optimizer was used for both the
regression networks and the density networks.

B. Results

We first analyzed acoustic feature generation methods be-
cause they directly impact the quality of acoustic modeling
data. We generated acoustic feature sequences using original
attribute labels and original phonetic state sequences in train-
ing sets.

Fig. 5 shows examples of original acoustic features and
restored acoustic features. We rendered 10-th dimension values
of the static log mel-filterbank coefficients. In addition, Table
II shows root mean squared error (RMSE) between original
acoustic features and restored acoustic features in training
sets. These results show that acoustic features restored using
a regression network based AMDR with β = 0.0001 were
closer to original acoustic features than those yielded by a
density network based AMDR with β = 1.0. We can see that
restored acoustic features from the regression network based
AMDR with β = 0.0001 were over-smoothed compared with
original data. On the other hand, restored acoustic features
from the regression network based AMDR with β = 1.0 or
density network based AMDR exhibited random behavior, i.e.
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TABLE III
WER (%) RESULTS OF ACOUSTIC MODELS CONSTRUCTED FROM ORIGINAL DATA AND RESTORED DATA.

Attributes Phonetic states Acoustic features Hours Eval 1 Eval 2 Eval 3
(1). Original data Original Original Original 506.0 15.44 11.84 13.57
(2). Restored data AMDR AMDR Regression network based AMDR (β = 0.0001) 50.0 45.56 42.66 45.09
(3). Restored data AMDR AMDR Regression network based AMDR (β = 1.0) 50.0 46.44 46.25 46.62
(4). Restored data AMDR AMDR Density network based AMDR 50.0 46.57 43.32 46.58
(5). Restored data AMDR AMDR Regression network based AMDR (β = 0.0001) 500.0 46.14 42.44 45.24
(6). Restored data AMDR AMDR Regression network based AMDR (β = 1.0) 500.0 43.24 38.89 42.85
(7). Restored data AMDR AMDR Density network based AMDR 500.0 42.17 37.10 42.05
(8). Restored data AMDR AMDR Regression network based AMDR (β = 0.0001) 5,000.0 45.69 42.37 44.88
(9). Restored data AMDR AMDR Regression network based AMDR (β = 1.0) 5,000.0 42.61 38.08 42.24
(10). Restored data AMDR AMDR Density network based AMDR 5,000.0 41.28 36.28 41.40
(11). Restored data Original Original Regression network based AMDR (β = 0.0001) 506.0 35.06 33.49 36.08
(12). Restored data Original Original Regression network based AMDR (β = 1.0) 506.0 33.88 30.84 34.79
(13). Restored data Original Original Density network based AMDR 506.0 32.63 29.06 33.39

TABLE II
RMSE BETWEEN ORIGINAL DATA AND RESTORED DATA.

Acoustic feature generation methods RMSE
Original acoustic features 0.00
Regression network based AMDR (β = 0.0001) 0.48
Regression network based AMDR (β = 1.0) 1.05
Density network based AMDR 0.73

quite different from the characteristics of the original data.
Next, we conducted an ASR evaluation to assess data

restoration methods. We constructed CLDNN acoustic models
using original data and various restored data and evaluated
them in each test set. Table III shows word error rate (WER)
results of each test set. Line 1 shows oracle ASR results
where original data was used. Lines 2-10 shows fully data
restoration based ASR results when varying the generated
data size. Lines 11-13 shows ASR results where acoustic
features were generated using only original attribute labels
and original phonetic state sequences. The ASR results show
that that the restored data did not match original data in
terms of ASR performance. Among lines 2-10, line 10 which
generated 5,000 hours of restored data using density network
based AMDR yielded the highest ASR performance, about
70 % of the ASR performance achieved by the original data.
Additionally, regression network based AMDR with β = 1.0
and density network based AMDR were more effective for
acoustic modeling than the regression network based AMDRs
with β = 0.0001. In particular, ASR performance was not
improved as the generated data size increased when using
the regression network based AMDR with β = 0.001. On
the other hand, restored data from the density network based
AMDR yielded ASR performance improvements as the re-
stored data size increased. These results confirmed that over-
smoothed acoustic features do not suit acoustic modeling for
ASR. In other words, a closeness to original data in terms of an
amplitude level is not completely related to effectiveness for
ASR performance. Lines 11-13 show that restored acoustic
features from neural speech synthesizers were insufficient
for accurately constructing acoustic models even if original
attribute labels and original phonetic state sequences were

TABLE IV
WER (%) RESULTS OF ACOUSTIC MODELS CONSTRUCTED FROM

ORIGINAL DATA AND RESTORED DATA, AND BOTH COMBINATIONS.

Eval 1 Eval 2 Eval 3
Original data 15.44 11.84 13.57
Restored data 41.28 36.28 41.40
Original and restored data 15.16 11.54 13.32

introduced for data restoration. This suggests that it is essential
to improve acoustic feature generation methods for further
improving ASR performance.

We also evaluated CLDNN acoustic models constructed
from both the original data and the restored data. Table IV
summarizes WER results of each test set where restored data
was 5,000 hours data generated from density network based
AMDR. The results show that ASR performance yielded by
the both the oridinal data and the restored data outperformed
that only using the original data. This indicates that the
data restoration was useful for data augmentation of acoustic
modeling.

V. CONCLUSIONS

In this paper, we presented the first study on data restora-
tion for acoustic modeling. For data restoration, this paper
proposed AMDRs that can model the generative process of
acoustic modeling data. By constructing AMDRs from the
original acoustic modeling data, we can randomly sample
artificial acoustic modeling data even if the original data is
unavailable. Experiments confirmed that our data restoration
method can yield up to 70 % of ideal ASR performance,
that achieved by acoustic models constructed from the full
original data. In addition, we revealed that a closeness to
original data in terms of an amplitude level is not completely
related to effectiveness for ASR performance. Furthermore,
we demonstrated the restored data could improve ASR per-
formance by leveraging it for data augmentation. We con-
firm that it is essential to develop improved acoustic feature
generation methods to achieve further improvements in ASR
performance. In future work, we will introduce generative
models of short-time Fourier transform spectrogram instead
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of directly generating acoustic features which should improve
acoustic feature generation.
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