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ABSTRACT
Spectral masking is a promising method for noise suppres-
sion in which regions of the spectrogram that are dominated
by noise are attenuated while regions dominated by speech
are preserved. It is not clear, however, how best to combine
spectral masking with the non-linear processing necessary to
compute automatic speech recognition features. We propose
an analysis-by-synthesis approach to automatic speech recog-
nition, which, given a spectral mask, poses the estimation
of mel frequency cepstral coefficients (MFCCs) of the clean
speech as an optimization problem. MFCCs are found that
minimize a combination of the distance from the resynthesized
clean power spectrum to the regions of the noisy spectrum
selected by the mask and the negative log likelihood under
an unmodified large vocabulary continuous speech recognizer.
In evaluations on the Aurora4 noisy speech recognition task
with both ideal and estimated masks, analysis-by-synthesis
decreases both word error rates and distances to clean speech
as compared to traditional approaches.
Index Terms: analysis-by-synthesis, time-frequency masking,
large vocabulary automatic speech recognition, missing data

1. INTRODUCTION

Spectral masking is a technique for suppressing unwanted
sound sources in a mixture by applying different attenuations
to different time-frequency points in a spectrogram. The ideal
binary mask is computed from the original signals before they
are mixed and is defined as 1 for all time frequency points
where the signal to noise ratio is greater than some threshold
and 0 otherwise [1]. Masks can be estimated from observed
noisy speech by modeling the speech and/or noise, e.g., [2].
Recent work has shown that both ideal and estimated binary
masks can increase intelligibility [1,3–5] and automatic speech
recognition accuracy [4, 6, 7].

While spectral masking is performed on short-time Fourier
transforms of observations or filterbank outputs, speech recog-
nition typically employs non-linear mappings of these repre-
sentations such as mel frequency cepstral coefficients (MFCCs)
[8]. Because of the non-linearity of this processing, it is diffi-
cult to compute features from masked noisy speech that match
the features of the original clean speech.

The best performing approaches for recognizing speech
from masked representations are spectral imputation [9] and
direct masking [10]. Spectral imputation reconstructs missing
spectral regions and then extracts standard ASR features using
the reconstructed spectrum [9]. While this can work well in
some situations, the reconstruction is performed in the spec-
tral domain, so distances between spectra and models are not
computed in the domain that is useful to ASR. Direct masking
is the direct point-wise multiplication of a spectral mask with
the observed spectrum, followed by cepstral feature computa-
tion and, most importantly, mean- and variance-normalization
of each feature dimension across each utterance. It under-
estimates the energy of the clean speech in regions of high
noise energy, a problem our approach is able to overcome. It
was shown in [10] to perform comparably or better than other
missing data speech recognition techniques [9, 11].

We pose automatic speech recognition using a time-
frequency (TF) mask as an optimization problem over the
set of MFCCs that represent an utterance. These MFCCs are
optimized both to fit the noisy observation where the mask’s
spectral gains are high, and to have a high likelihood under
a large vocabulary continuous speech recognizer (LVCSR).
The weighted Itakura-Saito divergence [12] defines the quality
of the fit between a spectrum resynthesized from the MFCCs
and the observed spectrum. This divergence has been shown
to be a good distortion measure for speech [13, 14] and is
related to a number of approaches for estimating cepstra from
partial frequency-domain observations [15–17]. Increasing
the likelihood under the LVCSR ensures that the resynthesis
of hidden spectral regions is speech-like. We show that for
both ideal and estimated masks, this approach to estimating
MFCCs reduces both the word error rates of transcripts and the
distance between the estimate and the original clean speech.

This framework provides a number of benefits. Firstly, it
provides a coherent means of combining reliability estimates
from spectral masking with the speech knowledge contained in
an LVCSR. This LVCSR is in fact the same recognizer used in
the final experiments; there is no need to use a different or mod-
ified recognizer. As shown in the next section, it is possible
to perform the comparison at any stage of analysis/synthesis,
so many different mask estimates can be accommodated. And
the framework is quite flexible, so additional terms can easily



Fig. 1. Flowchart showing the computation of the cost of a particular optimization state (MFCC matrix, shown with a bold
outline). The cost combines the distance between synthesis and analysis paths at (a), (b), or (c) using the mask-weighted
Itakura-Saito divergence, with the likelihood under a large vocabulary continuous speech recognizer (LVCSR).

be added to the cost function being optimized.
Our approach is similar to spectral imputation [9], except

that we reconstruct ASR features directly. It is similar to
missing data recognition [18], but allows much more flexibility
in the cost function. It is similar to uncertainty propagation
[19], but uses an exactly-solved point estimate of the ASR
features instead of an approximate distribution over them.

2. ANALYSIS-BY-SYNTHESIS

The analysis-by-synthesis system optimizes the cost function

L(x;M) = (1− α)LI(x;M) + αLH(y(x)) (1)

where LI(x;M) is the Itakura-Saito cost function, LH(y(x))
the HMM negative log likelihood, x is the matrix of MFCCs,
y(x) is the matrix of ASR features for the utterance derived
from the MFCCs, and M is the time-frequency mask. The
parameter α controls the trade-off between matching the ob-
servation and the prior model. We found that α = 1

3 worked
well, but that the optimization wasn’t particularly sensitive
to it. This cost function can be optimized using any uncon-
strained non-linear method. The two terms in (1) are defined
in the following sections along with the closed form gradient
calculations used to optimize the HMM log likelihood.

Figure 1 illustrates the computation of the cost function
for a given optimization state (MFCC matrix). The top row
shows the analysis of audio into various perceptually moti-
vated representations. The middle row shows the synthesis of
MFCCs into the same representations, and their comparison
to the analysis path. The bottom row shows the conversion
of the MFCCs used as the optimization state to the features
used in the speech recognizer. Some of these computations are
nonlinear and not all are invertible, but all are differentiable.

2.1. Speech recognition features

MFCCs are the standard features for automatic speech recogni-
tion. To compute them from audio, the audio is analyzed with
a short time Fourier transform, the frequency axis is warped

into the more perceptually relevant mel scale, the magnitude
is compressed using the log function, and the discrete cosine
transform (DCT) is computed across frequency. This process
can also be inverted to produce a “filter” corresponding to any
MFCC vector. The Itakura-Saito divergence is designed to
compare such a smooth synthesis with a less smooth observed
spectrum. The analysis path is computed once per utterance.
The synthesis path is computed once per optimization iteration
using the code from [20]. In order to run the MFCCs through
the speech recognizer, they are transformed into full ASR fea-
tures. After liftering, the delta and double-delta coefficients
are computed and each dimension is normalized across each
utterance to be zero-mean and unit-variance.

2.2. Masked Itakura-Saito divergence

The analysis path of Figure 1 cannot easily incorporate a spec-
tral mask in such a way that it produces features close to those
extracted from the clean speech. We propose instead synthe-
sizing features from MFCCs through the synthesis path so that
they match the analysis-path processing up to the comparison
point. Depending on the representation for which the mask
was computed, synthesized representations can be compared
at the points labeled (a), (b), or (c) in the figure, which cor-
respond to measuring the Itakura-Saito divergence between
power spectra, between uncompressed auditory spectra, or be-
tween compressed auditory spectra (as long as the compressed
values are non-negative). We utilize both linear frequency
and mel frequency masks in the experiments in Section 3,
comparing at points (a) and (b).

Mathematically, for a given MFCC matrix, x, we syn-
thesize a power spectrum matrix, S̃ωt(x), and compare it to
the noisy observed power spectrum matrix, Sωt, in regions
selected by a mask, Mωt, creating the Itakura-Saito cost:

LI(x;Mωt) = DW

(
Sωt‖S̃ωt(x)

)
(2)

=
∑
ω,t

Wωt

(
Sωt

S̃ωt(x)
− log

Sωt

S̃ωt(x)
− 1

)
(3)

The gradient of this quantity with respect to x is difficult to



derive in closed form, but is relatively inexpensive to estimate
numerically because the gradients are independent across time
frames. The ability to weight frequencies independently allows
us to easily incorporate a spectral mask into this procedure.
Specifically, for the experiments in Section 3, we compare
ideal binary masks and continuous-valued masks estimated in
the mel spectral domain using deep neural networks [2].

When comparing auditory spectra, we use the mask, Mωt,
directly as the weights, Wωt in (2), because the representation
is perceptually meaningful. When comparing linear-frequency
spectra, however, we multiply Mωt by a frequency-dependent
weighting to better approximate this perceptual importance.
To approximate this, we apply a frequency weighting equal to
the importance of each linear frequency channel to all warped
frequency channels. Mathematically, if a linear-frequency
spectrum, Sω is transformed to a warped frequency spectrum,
Sb =

∑
ω BbωSω , then the additional weighting that goes into

W is (setting DC and Nyquist to 0, which we found to be
empirically unreliable)

Wωt(Mωt) =

{
Mωt

∑
b

Bbω∑
ω′ Bbω′

0 < ω < fs
2

0 otherwise.
(4)

2.3. Hidden Markov model likelihood

In order to make the estimated features more speech-like, we
add to the cost function the negative log likelihood of the candi-
date features for the entire utterance under the hidden Markov
model (HMM) from an LVCSR trained on clean speech from
the Aurora4 corpus [21]. Let y1:T be the matrix of ASR fea-
tures (mean- and variance-normalized MFCCs, deltas, and
double-deltas) derived from x1:T , zt the hidden states of the
HMM, bi,t ≡ p(yt | zt = i) the probability of the observation
at time t under state i, and aij ≡ p(zt+1 = j | zt = i) the
transition probability from state i to state j. Then the forward
and backward recursions are

αi,t ≡ p(y1:t, zt = i) = bi,t
∑
j

ajiαj,t−1 (5)

βi,t ≡ p(yt+1:T | zt = i) =
∑
j

aijbj,t+1βj,t+1 (6)

where αi,1 ≡ p(z1 = i)bi,t and βi,T ≡ 1. The log-likelihood
of the data under the HMM is:

LH(y1:T ) ≡ log p(y1:T ) = log
∑
∀z1:T

aijbj,t (7)

= log
∑
i

αi,tβi,t ∀t ∈ {1, . . . , T} (8)

The gradient of LH with respect to a particular yt is

∂LH(y1:T )

∂yt
=

∂

∂yt
log
∑
i

αi,tβi,t (9)

= p(y1:T )−1
∑
i

αi,tβi,t
bi,t

∂bi,t
∂yt

(10)

Because we are using Gaussian mixture model emissions,

bi,t =
∑
k

πikN (yt |µik,Σik) (11)

∂bi,t
∂yt

=
∑
k

πikN (yt |µik,Σik)Σ−1ik (µik − yt) (12)

Note that we also compute the gradient of y1:T with respect to
x1:T . The liftering is preserved in the gradient, the delta and
double-delta computations give sums of convolutions across
time, the mean normalization goes away, and the variance
normalization is preserved. The one approximation we make
is to use the variance of the direct-masked features so that the
gradient can be computed efficiently.

2.4. Optimization

We optimize the combined cost function (1) using the quasi-
Newton BFGS method [22, Section 2-6], where the gradients
of LH are computed analytically using (10) and (12) and the
gradients of LI are estimated numerically. The output of
this optimization is both the optimal features and the LVCSR
recognition result, including the most likely word sequence(s)
and state alignments.

Note that additional terms involving any of the interme-
diate representations of the analysis or synthesis paths can
easily be added to the optimization. For example, because the
true speech cannot be much louder than the observed mixture,
a (soft) hinge loss could be added penalizing a synthesized
spectrum that goes too far above the observation.

Computation was performed in a combination of HTK [23]
and MATLAB. Instead of computing the HMM gradient over
all possible states of the LVCSR model, which would be pro-
hibitive, we approximate this by computing the HMM gradient
over the lattice of highest likelihood paths. Specifically, a beam
search with a width of 250 nats was used to prune unlikely
paths from consideration in constructing the lattice. Addi-
tionally, to save computation, this lattice was kept fixed for
six iterations of gradient descent and only updated after the
sixth. In this way, the recognition and lattice generation could
be performed in HTK, with the results loaded into MATLAB
for the gradient computation and for reconstructing the ASR
features. The alternation between lattice generation and gra-
dient descent was initialized by recognizing the ASR features
computed from the direct-masked observation. We found that
four iterations of lattice generation (18 iterations of gradient
descent) were sufficient to reach the performance ceiling. The
full optimization process runs 100 times slower than real time
on a single core of an Intel Xeon E5620, 2.40 GHz CPU.

3. ASR EXPERIMENTS

We measure the performance of our feature extraction proce-
dure on speech recognition in the Aurora4, 5000-word closed



Table 1. Word error rates (percentages) on the noisy, matched
microphone subset of the Aurora4 test set averaged across all
noise types. Direct masking (Direct) vs analysis-by-synthesis
(A-by-S). Bold entries are significantly better at a 95% confi-
dence level. A difference of approximately 0.6 is significant.

Mask Lattice Direct A-by-S

Clean 9.54
Oracle Clean 14.38 12.99
Estimated Clean 16.18 13.53
Oracle Estimated 14.38 13.62
Estimated Estimated 16.18 15.31
Noisy 30.94

vocabulary task [21]. This dataset consists of speech from the
Wall Street Journal (WSJ0) corpus with six different noises
added at SNRs randomly selected for each utterance between 5
and 15dB. We used the 7138 clean training utterances and the
996 noisy test utterances (16290 words) without any channel
distortion. The recognizer was implemented using HTK [23]
with the CMU dictionary for our baseline pronunciations. Tied-
state cross-word triphones each modeled as a 3-state HMM
with 16 Gaussians per state comprised the acoustic model. A
bigram language model is used while decoding.

We compare two masks in the experiments. The first was
the ideal binary mask (IBM) defined in the DFT domain using
an SNR threshold of 0 dB. The second was an estimated ratio
mask (ERM) computed directly in the mel spectral domain
using deep neural networks [2]. The recognizer was trained on
features extracted from the clean training set using the corre-
sponding feature extraction system. Because of the filtering of
the Aurora4 utterances, all versions of the system used masks
with frequencies above 7 kHz set to 0.

3.1. Results

The speech recognition results are shown in Figure 2 for each
of the six noise conditions and summarized in Table 1. They
show that the analysis-by-synthesis approach improves word
error rates for both ideal and estimated masks. The table also
includes results using lattices from the clean utterances in op-
timizations for the masked observations, an oracle experiment
that places an upper bound on the amount of information that
the recognizer could add to the estimation procedure. As can
be seen, the clean lattices add a significant amount of addi-
tional information, so further gains are possible using this
approach if more accurate lattices could be estimated.

A rough measure of reconstructed speech quality is shown
in Table 2. Specifically, it shows the Itakura-Saito divergence
between the smooth power spectra resynthesized from the
MFCC representations and the clean speech power spectrum,
averaged across all frames of all mixtures. As shown in [24],
the IS divergence is correlated with subjective evaluations of

Fig. 2. Word error rate by noise type for direct masking (Di-
rect) and analysis-by-synthesis (A-by-S) with ideal binary
masks (IBM) and estimated ratio masks (ERM) using esti-
mated lattices.

Table 2. Itakura-Saito divergence between reconstructed
power spectral envelopes and clean power spectra averaged
over all frames of all test utterances.

Mask Lattice Direct A-by-S ∆

Oracle Clean 273006 272457 −549
Estimated Clean 276497 275078 −1419
Oracle Estimated 273006 272506 −500
Estimated Estimated 276497 275224 −1273
Noisy 272301

speech quality, but not noise intrusiveness. As can be seen
in the ∆ column, analysis-by-synthesis reduces the IS diver-
gence, bringing the estimated power spectra closer to the clean
signals’. The use of the oracle clean lattice reduces this diver-
gence slightly more than using the estimated lattice, showing
that better recognition would improve quality further. Note
that the resynthesis from the noisy signal with no masking has
the lowest IS divergence with the clean signal, because unpro-
cessed speech has high quality, but high noise intrusiveness.

4. CONCLUSIONS

We have described a new optimization-based analysis-by-
synthesis algorithm for extracting automatic speech recog-
nition features from partial spectral observations. The masked
Itakura-Saito divergence takes advantage of reliable spectral
information while the LVCSR system takes advantage of high-
level speech structure. This approach is able to reduce both
the word error rates and the distance to the clean speech for
both ideal and estimated masks, while providing flexibility to
add new information to the optimization in the future.
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