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Abstract — This work proposes a Deep neural net-

work (DNN) based method for reconstructing speech mag-

nitude spectrum from Mel-frequency cepstral coefficients
(MFCCs). We train a DNN using MFCC vectors as in-

put and the corresponding speech magnitude spectrum
as desired output. Exploiting the strong inference power

of DNN, the proposed method has the capability to ac-

curately estimate the speech magnitude spectrum even
from truncated MFCC vectors. Experiments on TIMIT

corpus demonstrate that the proposed method achieves
significantly better performance compared with traditional

methods.
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I. Introduction

Mel-frequency cepstral coefficients (MFCCs) are
widely used in speech signal processing, such as speech
recognition[1,2] and speaker identification[3,4]. In some
practical systems, such as Distributed speech recognition
(DSR)[5,6], reconstructing the original speech signal from
a stream of MFCC vectors is required. In the reconstruc-
tion process, inverting the MFCCs to speech spectrum is
generally challenging, because a Mel-filter bank is applied
to the original spectrum in generating the MFCCs, which
makes the inversion problem under-determined.

In Refs.[7–9], the effect of the Mel-filter bank is equal-
ized by subtracting the cepstral representation of the Mel-
filter bank from the original speech MFCC vector, and
then a high resolution Inverse discrete cosine transform
(IDCT) is utilized to obtain an interpolated magnitude
spectrum. This method can reasonably reconstruct the en-
velope of the original magnitude spectrum, but the spec-
tral valleys may be distorted seriously. More recently, in
Ref.[10], a Moore-Penrose pseudo-inverse of the Mel-scale

weight function is used to get a least-squares solution.
This method is efficient for removing the effect of the
Mel-filter bank, but the reconstructed magnitude spec-
trum may be negative.

The emerging Deep neural network (DNN)[11,12] has
recently achieved a great success in speech recognition[1],
speech enhancement[13], etc. Theoretically, a DNN can be
seen as a complicated non-linear function that maps the
input data to the desired output data[14]. The inversion of
MFCCs to magnitude spectrum consists of IDCT, Expo-
nent (EXP), and the removal of Mel-filtering operations.
That procedure can be functionally regarded as a compli-
cated non-linear function, which motivates us to learn a
DNN for the MFCCs inversion task.

In this paper, we propose a DNN-based method to in-
verse MFCC vectors to speech magnitude spectrum. The
DNN is fed with MFCC vectors and optimized by min-
imizing the Minimum mean squared error (MMSE) be-
tween the DNNs output and desired speech magnitude
spectrum. The main advantage of the DNN-based method
over traditional methods is that, it learns a non-linear
function to effectively remove the effect of the Mel-filter
bank and has a strong inference power to accurately esti-
mate the magnitude spectrum. Experimental results show
that the proposed DNN-based method significantly out-
performs traditional reconstruction methods.

II. Mel-Frequency Cepstrum Coefficients

MFCCs are defined as special cepstrum that a set of
filters are applied to the power spectrum prior to the log
and Discrete cosine transform (DCT) operations. These
filters are designed based on human perception of pitch
and are most commonly implemented in the form of a
bank of triangular filters in Mel-scale[15]. The MFCCs,
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c, of the t-th frame speech, st = [st(0), st(1), · · · , st(L −
1)]T(L is the frame length), is computed as (the subscript
t is dropped to simplify notation)

c = DCT{log(y)} = DCT{log(Φx)} (1)

where y = Φx is the Mel-filtered spectrum, x =
|DFT(s)|2 is the power spectrum of s, and Φ ∈ R

J×L (J
is the number of Mel-filters) is a Mel-filter matrix in which
each row represents a triangular window. For MFCCs, the
recovery of x ∈ R

L×1 from y = Φx ∈ R
J×1 is generally

under-determined, since J < L.
In Eq.(1), the DCT and log operations are directly

invertible, whereas the operation of applying the Mel-
scale filter is not. A least-squares method has been used
in Ref.[10] to estimate x from y as

x̂ = Φ†y (2)

where
Φ† = (ΦTΦ)−1ΦT

is the Moore-Penrose pseudo inverse of Φ. In fact, Eq.(2)
is the solution of the optimization problem which mini-
mizes the Euclidean norm ‖x̃‖2 subject to y = Φx̃. The
main problem of this method is that the estimated x̂

might be negative. Moreover, the minimization objective
of this method is not as reasonable as the minimization
objective ‖x − x̃‖2 for the inversion task.

Another efficient inversion method is to use equaliza-
tion and interpolation operations[7,8]. In this procedure,
firstly, a cepstral representation of the Mel-filters is cal-
culated as

cw = DCT{log(w)} (3)

where w is a vector consisted of the areas of the Mel-
spaced triangular windows. Then, an equalized MFCC
vector, c′, is computed by

c′ = c − cw (4)

Finally, a high resolution (3933 dimensional) IDCT is ap-
plied to c′ to get an interpolated magnitude spectrum.
This method can reasonably reconstruct the envelope of
the original magnitude spectrum, but it is still not suffi-
ciently accurate in recovering the spectral valleys.

III. DNN Based Speech Magnitude
Spectrum Reconstruction from MFCCs

In this section, we introduce the framework of the pro-
posed DNN-based spectrum reconstruction method, and
describe the training procedure of the DNN.

1. Framework of the proposed method
The framework of the proposed DNN-based spectrum

reconstruction method is illustrated in Fig.1. x is the
power spectrum of a speech frame, and c is the corre-
sponding MFCC vector calculated by a series of MEL

(i.e., applying the Mel-filtering), log, and DCT opera-
tions. The corresponding inversion operations should in-
clude IDCT, EXP, and MEL−1 (i.e., removing the effect
of Mel-filtering). As discussed in Section II, the recovery
of the original spectrum from the Mel-filtered spectrum is
an under-determined problem. Thus, it is generally diffi-
cult to obtain the original spectrum x. In an attempt to
accurately reconstruct x, we can learn a DNN that min-
imizes the square error between the desired spectrum x

and the DNNs output x̃.

Fig. 1. Framework of the proposed DNN-based spectrum re-

construction

As shown in Fig.1, the input of the DNN is the
MFCCs, c, and the desired output is x. In such a manner,
we expect the DNN to learn a compositional functional-
ity of the MEL−1, IDCT and EXP functions, which well
exploits specific features of speech signals.

2. Training procedure

We use Restricted Boltzmann machine (RBM)[16] to
learn initial parameters of each layer of the DNN. Firstly,
a Gaussian-Bernoulli RBM that has one visible layer of
linear variables and one hidden layer of binary latent vari-
ables is trained by using patches of MFCC vectors as its
training data. Then, a stack of Bernoulli-Bernoulli RBMs
are trained by using the hidden activations of the pre-
vious RBM as its training data. Each of these RBMs is
trained in an unsupervised greedy layer-wise fashion[14].
In the training, the weights and biases of each RBM are
updated using the Contrastive divergence (CD) method.
The learning procedure is illustrated in the left side of
Fig.2.

Fig. 2. (a) Illustration of unsupervised pre-training proce-

dure. (b) Description of the fine-tuning procedure of
DNN for spectrum reconstruction from MFCCs

Using these learned parameters as initialization, the
DNN model is fine-tuned using the back-propagation
algorithm[17], which is illustrated in the right side of Fig.2.
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The parameters of this model are optimized by minimiz-
ing the average error over the training set

E =
1
N

N∑

n=1

d(x(n), x̃(n)) =
1
N

N∑

n=1

K∑

k=1

(x(n)
k − x̃

(n)
k )

2
(5)

where N is the size of the training set, x(n) and x̃(n) de-
note the desired spectrum (i.e., the training data) and the
DNNs output of the n-th training sample, respectively,
d(·) is a loss function that measured by square error.

The fine-tuning of the DNN model is a supervised
training procedure that uses the MFCC vectors as input
and the corresponding spectra as expected output. The
adopted objective function is consistent with the ultimate
minimization objective, ‖x − x̃‖2. This makes the DNN
capable to learn the desired nonlinear mapping function.
Furthermore, using spectrum with full frequency bins as
training data, the DNN can capture the context informa-
tion between the frequency bins. In contrast, the methods
in Refs.[7,8,10] do not exploit such features of speech sig-
nals.

IV. Evaluation

In this section, firstly, we describe the setup of the
experiments. Then, the evaluation results of spectrum re-
construction are presented and discussed in detail. Finally,
we give the results of computational complexity.

1. Setup
In this paper, we use TIMIT corpus[16] for the evalua-

tion. There are totally 6300 utterances (about 5.4 hours)
in this corpus. We randomly pick 5300 utterances as train-
ing set, 500 utterances as validation set, and the remain-
der 500 utterances as test set. The datasets for DNN train-
ing are prepared as follows. Firstly, all these speech signals
are down-sampled to 8kHz and framed by a 25-ms win-
dow with 10-ms shift. Hence the length of each frame is
200 samples. Subsequently, a Discrete Fourier transform
(DFT) is used to compute power spectra of these framed
signals. Then, a series of Mel-filtering, log, and DCT op-
erations are applied to calculate MFCC vectors. Finally,
these MFCC vectors and power spectra are normalized
to have zero mean and unit variance, respectively. The
normalized MFCC vectors along with the corresponding

power spectra constitute a pair of datasets for the DNN
training. In the recovery stage, the outputs of the DNN
are de-normalized to get the final power spectra.

The settings for the DNN training are as follows:
the DNN architecture is 23(or 13)-256-512-256-121. The
datasets are divided into small “mini-batches” of 128 cases
to speed-up the training. In the pre-training of each RBM,
the momentum is set to 0.5, the learning rate is 0.001, and
the number of epoch is 20. In the fine-tuning, the momen-
tum is set to 0.9, and the initial learning rate is set to 0.1.
The learning rate is gradually reduced by a factor of 0.9
when the decrease of the validation error between two
consecutive epochs is less than 0.02%. The training pro-
cess is stopped when the validation error decrease is less
than 0.01%. We implement the DNN training algorithm
in Python with the help of “Theano”[19], and carry out
the training procedures on GTX Titan X GPU.

2. Qualitative evaluation of reconstruction per-
formance

We compare the proposed DNN-based MFCCs in-
version (DNN-INV) method with two popular meth-
ods, Moore-Penrose pseudo inverse (MP-INV)[10] and
Equalization-interpolation (EQU-INT)[7,8]. Fig.3 shows
the magnitude spectra reconstructed from a 23-D MFCC
vector by DNN-INV, MP-INV, and EQU-INT for voiced
frame and unvoiced frame. The original magnitude spec-
trum (REF) is also plotted for comparison. It can be
clearly seen that the spectrum reconstructed by DNN-
INV is more accurate than that reconstructed by MP-INV
and EQU-INT. More specifically, for the voiced frame,
both spectral peaks and spectral valleys of the original
spectrum are well recovered by DNN-INV. In contrast, for
MP-INV and EQU-INT, the resonant structure is nearly
lost. For unvoiced frame, DNN-INV also shows better per-
formance, but its advantage over MP-INV and EQU-INT
is not so significant as that for voiced frame.

In practical systems (e.g., Ref.[6]), the higher-order
cepectra are usually truncated. Specifically, the 10 ele-
ments, C13 through C22, in the 23-D MFCC vector are
discarded. In this case, we use the truncated 13-D MFCC
vectors as input data to train the DNN, and the expected
outputs are the original spectra. Using this strategy, the
trained DNN can “predict” or “estimate” the spectra from

Fig. 3. Magnitude spectra reconstructed from a 23-D MFCC vector by DNN-INV, MP-INV, and EQU-INT
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Fig. 4. Magnitude spectra reconstructed from a truncated 13-D MFCC vector by DNN-INV, MP-INV, and EQU-INT

Fig. 5. Spectrograms obtained from (a) Original utterance, estimated from the truncated 13-D MFCC vectors; (b) DNN-

INV; (c) MP-INV; (d) EQU-INT

the truncated 13-D MFCC vectors. In comparison, the
MP-INV and EQU-INT methods have to apply a zero-
padding strategy to get the 23-D MFCC vectors prior to
the inversion process. However, the zero-padding strategy
does not bring in any useful information.

Fig.4 shows the magnitude spectra reconstructed from
a truncated 13-D MFCC vector by the compared meth-
ods. It again demonstrates that DNN-INV is more ac-
curate than MP-INV and EQU-INT. Moreover, the spec-
trum recovered from the truncated 13-D MFCC vector by
DNN-INV in Fig.4 is even closer to the original spectrum
than the spectra recovered from the 23-D MFCC vector by
MP-INV and EQU-INT in Fig.3. That is, compared with
MP-INV and EQU-INT using the un-truncated MFCC
vector, the DNN-INV can give a more accurate result even
using the truncated MFCC vector.

Fig.5 compares the spectrograms estimated from the
truncated 13-D MFCC vectors of a speech utterance.
Compared with MP-INV and EQU-INT, DNN-INV ob-
tains a more accurate spectrogram, especially for the har-
monics. It should be noticed that the reconstructed spec-
trum of MP-INV contains negative values, which are set
to absolute values in Fig.5. As a result, there are some
abnormal pixels in the spectrogram reconstructed by MP-
INV.

Similar results can be obtained from the un-truncated
23-D MFCC vectors, which also demonstrate the distinct
advantage of DNN-INV. In the next evaluation, we exam-
ine the accuracy of the compared methods quantitatively.

3. Quantitative evaluation of reconstruction
performance

We use Log-spectral distortion (LSD)[20] to measure
the reconstruction error of magnitude spectrum. In ad-

dition, we use the well-known Least-squares estimate
Inverse short-time Fourier transform magnitude (LSE-
ISTFTM) algorithm[10,21] to estimate the time-domain
speech signal from the reconstructed magnitude spec-
trum, in the absence of the phase spectrum. Perceptual
evaluation of speech quality (PESQ), which has a high
correlation with the subjective score[22], is used to evalu-
ate the quality of the estimated speech signal.

Table 1 shows the average LSD of the reconstructed
magnitude spectrum and the corresponding PESQ of the
estimated speech signal. In general, the results from the
un-truncated 23-D MFCC vectors are superior to that
from the truncated 13-D MFCC vectors using one recon-
struction method. An exception is the LSD of MP-INV.
This is because the abnormal negative magnitude values
make the LSD larger.

Table 1. Average LSD and PESQ results of the

compared methods on the test set

MFCC vectors
Method Criteria

C0–C23 C0–C12

LSD 5.25 6.02
DNN-INV

PESQ 3.30 2.51

LSD 8.41 8.05
MP-INV

PESQ 2.39 2.21

LSD 7.08 7.43
EQU-INT

PESQ 2.45 2.20

It can be clearly seen from Table 1 that, DNN-INV has
the lowest LSD, 5.26dB (about 37.5% lower than that of
MP-INV and 25.7% lower than that of EQU-INT) for 23-
D MFCC vectors, and 6.02dB (about 25.2% lower than
that of MP-INV and 19.0% lower than that of EQU-INT)
for truncated 13-D MFCC vectors. In terms of PESQ,
DNN-INV obtains the highest scores, 3.30 (about 38.1%
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higher than that of MP-INV and 34.7% higher than that
of EQU-INT) for 23-D MFCC vectors, and 2.51 (about
13.6% higher than that of MP-INV and 14.1% higher
than that of EQU-INT) for truncated 13-D MFCC vec-
tors. Furthermore, DNN-INV shows a better performance
even using truncated MFCC vectors when compared with
MP-INV and EQU-INT using un-truncated MFCC vec-
tors. The LSD of MP-INV and EQU-INT are 8.41dB and
7.08dB, respectively, for un-truncated MFCC vectors. In
contrast, the LSD of DNN-INV is 6.02dB for the trun-
cated MFCC vectors. Similar advantage of DNN-INV can
also be seen in Table 1 in terms of PESQ.

Then, we evaluate the quality of the reconstructed
speech with informal subjective preference evaluation. 100
speech utterances are random picked from the test set. 10
listeners (7 male and 3 female) are recruited for the evalu-
ation. Each tester is asked to select the one he/she prefers
for each utterance reconstructed by the compared meth-
ods. There are totally 100 × 3 × 10 = 3000 selection re-
sults. The final statistic results are shown in Table 2. The
preference ratio for DNN-INV, MP-INV and EQU-INT is
97.3%, 1.2%, and 1.5%, respectively. The subjective eval-
uation results in Table 2 accord well with the results in
Table 1 under the objective metric.

Table 2. Subjective preference evaluation

results of the compared methods on

100 speech utterances

Method Perference ratio(%)

DNN-INV 97.3%

MP-INV 1.2%

EQU-INT 1.5%

4. Evaluation for unseen cases
We consider two unseen conditions, 1) training using

clean speech, but test using noisy speech; 2) training us-
ing English corpus, but test using Chinese. In both con-
ditions, the DNN is trained using the TIMIT corpus, and
the training data is clean speech.

The evaluation results in the first condition using noisy
speech (Gaussian noise) for test are shown in Table 3. The
results show that DNN-INV distinctly outperforms MP-
INV and EQU-INT at moderate to high SNRs, and its
advantage is more significant at high SNRs. The evalua-
tion results in the second condition using Chinese corpus
for test are shown in Table 4. In this condition, DNN-
INV also outperforms the signal processing based meth-
ods MP-INV and EQU-INT. The results imply that the
DNN-based method has strong inference power in dealing
with the unseen cases.

Table 3. Testing results of the compared methods

on the test set corrupted by Gaussian noise

at different SNRs

Method 0dB 5dB 10dB 20dB

DNN-INV 1.29 1.49 1.74 2.23

MP-INV 1.28 1.47 1.67 1.98

EQU-INT 1.28 1.49 1.71 2.06

Table 4. Testing results using Chinese corpus

Method LSD PESQ

DNN-INV 6.26 2.62

MP-INV 9.36 1.82

EQU-INT 7.68 2.14

5. Computational complexity
Finally, we analyze the computational complexity

of the proposed method. For the proposed DNN-INV
algorithm, the forward-propagation involves a number
of matrix-vector multiplication and sigmoid operations.
The main computational complexity in the DNN part is
matrix-vector multiplication in each layer, and the over-
all computational load is

∑L−1
l=1 O(nlnl+1), where nl is the

size of lth layer, L is the total number of DNN’s layers.
We have benchmarked DNN-INV, MP-INV and EQU-

INT algorithms, which are all implemented in MAT-
LAB, on an Intel i7@3.6-GHz PC. 1000 speech utter-
ances (about 3000 seconds) are randomly picked from the
TIMIT corpus for this evaluation, and the MFCC vectors
are computed in advance. To inverse all these MFCC vec-
tors, DNN-INV, MP-INV, and EQU-INT take 5.3, 0.5,
and 3.1 seconds, respectively. The results indicate that
the proposed DNN-based method can be used for real-
time reconstruction in practical applications.

V. Conclusions

This paper proposed a novel DNN-based method for
inverting MFCC vectors to speech magnitude spectrum.
This method uses the MFCC vectors along with the
corresponding spectra as a pair of datasets to train a
DNN model. Evaluation results showed that the proposed
method has the capability to obtain a more accurate spec-
trum, compared with two popular methods, MP-INV and
EQU-INT. Moreover, due to the DNN’s strong inference
power, the proposed method shows a better performance
even using truncated MFCC vectors, in comparison with
MP-INV and EQU-INT using the un-truncated MFCC
vectors. The proposed method can be applied to many
MFCC-based speech reconstruction applications, such as
server-side speech reconstruction of DSR[6] and low bit-
rate speech coding[24,25].
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