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Abstract

Speech enhancement employing Deep Neural Networks
(DNNgs) is gaining strength as a data-driven alternative to clas-
sical Minimum Mean Square Error (MMSE) enhancement ap-
proaches. In the past, Observation Uncertainty approaches to
integrate MMSE speech enhancement with Automatic Speech
Recognition (ASR) have yielded good results as a lightweight
alternative for robust ASR. In this paper we thus explore the
integration of DNN-based speech enhancement with ASR by
employing Observation Uncertainty techniques. For this pur-
pose, we explore various techniques and approximations that
allow propagating the uncertainty of inference of the DNN into
feature domain. This uncertainty can then be used to dynami-
cally compensate the ASR model utilizing techniques like un-
certainty decoding. We test the proposed techniques on the AU-
RORAA4 corpus and show that notable improvements can be at-
tained over the already effective DNN enhancement.

Index Terms: ASR, Observation Uncertainty, Uncertainty
Propagation

1. Introduction

As many other fields, speech enhancement has been recently
struck by the newest wave of neural network based research.
Deep Learning techniques have shown outstanding ability to
learn the mapping from noisy speech to clean speech providing
an straightforward data-driven method for speech enhancement
when sufficient data is available.

Incorporating speech enhancement as a pre-processing
stage to an Automatic Speech Recognition (ASR) system is a
simple way to attain robustness. For clean speech trained ASR
systems, such pre-processing compensates the environmental
distortions present in real-world speech applications. For ASR
systems trained with real-world data, enhancement reduces the
variability of the acoustic space to be learnt. Another advan-
tage of pre-processing is the possibility of utilizing the expertise
of the active speech enhancement community. This is particu-
larly important in Short-Time Fourier Transform (STFT) do-
main speech enhancement, were source independence, spatial
filtering or signal sparsity can be exploited.

Conventional speech enhancement as e.g. Wiener [1] or
Ephraim-Malah [2] filters is based on Minimum Mean Square
Error (MMSE) estimation. MMSE methods are well understood
and allow easy incorporation of prior knowledge or additional
cues as e.g. spatial information in multi-channel settings [3].
On the negative side, they depend on proper estimation of the a
priori parameters i.e. sufficiently good voice activity detection.
An additional advantage of MMSE methods is the possibility
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of integrating them with the ASR system via Observation Un-
certainty techniques. Techniques like Uncertainty Decoding [4]
or Modified Imputation [5] can be used to dynamically com-
pensate the acoustic models for the residual uncertainty after
enhancement. Similar techniques are also applicable to deep
learning based acoustic models [6].

Speech enhancement using deep learning is a purely data-
based approach. It exploits the ability of neural networks to
learn complex mappings from observed speech features e.g.
noisy speech to clean speech features or ideal filter coefficients.
Many approaches utilize larger versions of the old Multi-Layer
Perceptron (MLP) model [7], often incorporating newly dis-
covered initialization and regularization techniques. The so
called Deep Neural Networks (DNN) [8] have been used to es-
timate Ideal Binary Mask (IBMs) or Ideal Ratio Masks (IRMs)
[9]. Denoising Auto-Encoders (DAE) are another related op-
tion. These estimate directly a mapping from noisy to clean
speech features. In [10], the log-amplitude of the clean STFT
of speech is estimated. Other DAE approaches account for the
time structure of speech through Recurrent Neural Networks
(RNNs), [11] or Long-Short Time Memory (LSTM) networks
[12]. These two last works estimate speech in the MFCC do-
main.

The objective of this work, is to attain integration of DNN-
based enhancement with ASR systems by means of Observation
Uncertainty techniques. This would provide this methods with
the same advantage as classical MMSE methods including dy-
namic compensation of both Statistical and DNN-based acous-
tic models. This work is therefore related to previous works
integrating MMSE estimators and ASR systems [13] as well as
recent investigations on the residual uncertainty in DNN/MLP
inference. We use the Gaussian Marginalization model devel-
oped in [14], to obtain a measure of estimate uncertainty in the
context of speech enhancement. Furthermore, since this esti-
mate concerns a matrix of binary random variables, we apply
the Sparsity-based Uncertainty model introduced in [15] to at-
tain uncertainty propagation into MFCC domain for IRM-based
DNN estimation.

The reminder of the paper is as follows. Section 2 briefly
reviews speech enhancement with DNNs. Section 3 deals with
the modeling of uncertainty when using DNNs for speech en-
hancement with IRMs and how to propagate this into MFCC
domain. Section 4 presents the experimental setup used to val-
idate the presented approaches and finally Section 5 introduces
the conclusions.

2. Speech Enhancement with DNNs

This work focuses on DNN speech enhancement based on mask
estimation in STFT domain. In practice, for the purpose of
ASR, mask estimation can be done in other domains as e.g. in
Mel-domain [9]. The STFT domain is chosen for various rea-
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sons. In the STFT-domain, properties like signal sparsity are
known to hold well. STFT it is also the domain utilized for
speech enhancement for human use e.g. hearing aids. Work-
ing in the STFT domain allows thus to benefit from progress in
DNN speech enhancement techniques aimed for this purpose.
The choice of STFT domain is also consistent with paralell
works integrating MMSE speech enhancement with ASR [13].

Let X € C¥*F and Y € CX*% denote the clean and
noisy STFTs of a signal respectively. L is the number of anal-
ysis frames and K the number of frequency bins under half the
Nyquist frequency. Under the assumption of signal sparsity,
each Time-Frequency (T-F) element of Y is going to hold either
speech or noise. We can thus find an IBM that that separates
both signals [16]. In practice, rather than a binary decission,
estimating mask of ratios between 0 and 1 yields often better
results [9]. An IRM can also be intepreted as a probabilistic or
uncertain estimate of an IBM. In other words, an estimate of the
probability that a given T-F bin is occupied by speech. Under
this view, an estimate of the amplitude of each clean T-F bin can
be attained through

X[y =E {1 XY} = p(Ar|Y) - [Yia| = Gra - [Yaa| (1)

were (k, [) index frequency bins and frames respectively
and Ay, is a Bernoulli variable indicating speech presence.

When used for enhancement, a DNN must be trained to map
features of Y to G. The DNN model can be described as

£ (log (| Y 1))

where absolute and logarithm non-linearities act here
element-wise. In practice, other features of Y are often ap-
pended and only a context of frames is used to estimate each
Gpi. This is however ommited for notation simplicity. Each
function in (2) corresponds to the operations involved in a layer
and can be expressed as

Gu=flof¥ "o )

1
i

where W™ ! are the weigths of layer n — 1. The context
of frames at the input is usually stacked into a single vector.

Given a set of L' example frames of noisy speech Y; and
coresponding target gains G, training is performed employ-
ing Stochastic Gradient Descent (SGD) [7] or any of it variants.
Additional pre-training or regularization is also sometimes ap-
plied. The typical cost functions used for learning are either
cross-entropy (CE)
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ij zl

1+ exp(—

LY K
1 R
FOF = Th ZZGM -log(Gri)
=1 k=1
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or Mean Square Error (MSE)
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Strictly speaking, the probabilistic intepretation of the esti-
mated gain can only be employed when using the CE training
criterion. In this case we have that
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GyE = p(An]Y). (0)
In practice, MSE training also produces a estimates in the

same domain. Values close to 0.5 can also interpreted as uncer-

tain although not in the same probabilistic sense.

3. Accounting for DNN Enhancement
Uncertainty

3.1. The Bernoulli Observation Uncertainty Model

For conventional MMSE enhancement methods, it is easy to see
that an uncertain description of the signal after enhancement is
already available. Any estimate performed with a Wiener filter
has an associated variance equal to the residual Bayesian MSE
[13]. This uncertainty is can be ignored during training and used
at testing time for dynamic compensation with e.g. Uncertainty
Decoding [4].

Similarly, the speech enhancement estimate coming from
the DNN, when interpreted probabilistically, has an associated
variance

/\kl = Var {|Xkl‘|Y}
= p(AxtY) - (1 = p(Axt|Y)) - [Yiu|*.

This corresponds to the scaled variance of the Bernoulli
variable implied in the DNN. A propagation approximation for
the Bernoulli uncertainty model was proposed at the second
CHIiME challenge [15]. This was used to propagate the un-
certainty of a Wiener estimate interpreted as a binary mask un-
der the sparsity assumption. Unlike in the approach presented
here, in this work and in [17] the sparsity uncertainty is ob-
tained from conventional MMSE methods. Here it is used to
directly account for the natural uncertainty of DNNs as proba-
bilistic model. This approximation, thus, allows to treat DNN
speech enhancement in the same way as in MMSE methods in
[13]. In other words, the uncertainty of enhancement is ignored
during training, and applied during recognition for compensa-
tion.

@)

3.2. Accounting for the internal Uncertainty of Inference

The output layer of a DNN for IRM-based enhancement is still
a sigmoid layer. It is thus not different from any intermediate
layer of the DNN. In the same way that the output of the DNN
is here considered as uncertain, any output of an internal layer
can be considered as such as well.

In fact, it is well known that a DNN with sigmoid layers
can be interpreted as a concatenation of multivariate Bernoulli
models [8]. Exact Inference for such a model would be attained
by marginalizing over all possible activations of each node of
each layer. Inference can thus be expressed as

> 2

hN—-1cHN-1 hleH!

p(A|Y) = (A, BN R YY), (8)

This is, however, computationally prohibitive, since for
each layer of the network we need to marginalize over the 2IH"|
possible states of the Bernoulli variables, where |H"| is the
number of nodes in that layer.

Conventional inference for a DNN, the so called forward
pass, can then be seen as a coarse approximation of inference for
this model, where the uncertainty at the output of each layer is



neglected. The marginalization can be then computed by prop-
agating only the mean through the network, yielding a proba-
bilistic interpretation for (3)
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Since we are choosing to consider the uncertainty at the
output of the DNN, for enhancement purposes, it is also worth
to consider the uncertainty in the intermediate layers. In [14]
a closed form solution was presented to take into account the
uncertainty in the intermediate layers.

The Gaussian Marginalization Multi-Layer Perceptron
(GM-MLP) [14] assumes the large weighted sum of condition-
ally independent Bernoulli variables at the input of each layer
to converge to a Gaussian distribution. It then utilizes the Plece-
wise Exponential (PIE) approximation [6] to attain a closed
form for the Marginalization. The resulting forward pass formu-
las propagate not only the mean, but also the variance through
the network. These correspond to
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where 77, X7 are the first and second order statistics after each
linear transformation of each layer, defined in [6, Egs. 8,17].
The frame index [ has also been removed for simplicity of no-
tation.

Finally the variance, is again that of a scaled Bernoulli vari-
able

n
J

(10)

Var{hj[Y} = (1 — E{rj[Y})E{h;|Y}. (D)

To obtain the mean and variance at the output of the network,
we just need to take into account the equivalence Ay, = A,

4. Propagation of DNN Uncertainty into
MFCC domain

4.1. Uncertainty Propagation for the Bernoulli Model

In the case of MMSE speech enhancement methods, the uncer-
tainty after enhancement is characterized by a circularly sym-
metric complex Gaussian distribution. In order to propagate
this uncertainty into MFCC domain, the log-normal assumption
can be used, leading to a closed form solution for a MMSE-
MEFCC estimator [13]. The log-normal assumption also guaran-
tees that the uncertain features in MFCC domain are Gaussian
distributed with a know variance. This allows the use of tech-
niques like Uncertainty Decoding [4].

As seen in previous sections, in the case of DNN-based
IRM enhancement, the uncertainty model is a scaled Bernoulli
distribution. For this observation uncertainty model, an ap-
proximate closed-form solution for propagation was derived
in [15]. This is based on assuming that the weighted sum of
Bernoulli random variables at the Mel-filterbank converges to a
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log-normal distribution. Upon this premise, the variance of the
uncertain features in MFCC domain can be obtained as

JoJ
MFCC Z ZTz T
j=1j4=1

log Zk 1Mej Melk +1 (12)
2 TR T

where 4 is the DCT index, Wy, T;; are the Mel-filterbank and
DCT coefficients respectively and

it ZWak P(Au[Y) - [Yir.

k=1

(13)

However, unlike for the circularly symmetric complex
Gaussian model, the log-normal assumption is a coarse approx-
imation. This leads to inaccuracies in the computation of the
mean of the propagated variable. As in [15], it was empirically
observed that neglecting the uncertainty at the Mel-filterbank
stage, led to better results. The formula thus corresponds to

MFCC Z L - log (luly\/l[el)'

<

(14)

4.2. Dynamic Compensation of Acoustic Models

Once the mean and variance have been propagated into MFCC
domain, they can be used to compensate the acoustic models of
the ASR system. Both closed form solutions for compensation
of GMM-HMM [4] and DNN-HMM [6] acoustic models exist.
In this work we limit ourselves however to GMM models. To
evaluate the g-th mixture of a GMM model p(z™¥°€|q) when
the features are uncertain, we can replace the conventional like-
lihood by the expected likelihood obtaining

Elp(a MFCC‘ )} = ./\/( MFCC;uq’Eq+2MFCC)' (15)

5. Experimental Results

For reproducibility purposes, the AURORA4 [18] database was
used both for the training of the DNN enhancement front-end
and the ASR system. AURORAA4 is a noisy version of the
well known Wall-Street Journal medium vocabulary task of SK
words featuring read Journal news.

5.1. DNN Ehancement Training

In order to train a DNN enhancement system, parallel sets of
corrupted and clean utterances are needed. For this purpose, the
utterances corrupted only by additive noise in the multi-style
and multi-noise training sets were used, amounting to a total
of 5352 sentences. Compared to other DNN enhancement ex-
periments on AURORAA4, [9] only employed the multi-style set
noises while [19] utilized both additive and channel distortions.

The DNNs were trained with log amplitude features utiliz-
ing both the noisy spectrum Y and a noise estimate attained
through IMCRA [20]. The geometry was similar to that of
[19] employing 3 hidden layers of 2000 nodes. The DNN was
trained using SGD [7] with mini-batches of 400 examples and a
learning rate of 0.05. A simple random initialization following



Enhancement 01 | 02 03 04 05 06 07 av. 08 09 10 11 12 13 14 | av. || tav.
No Method 8.9 19.1 33.8 435 41.1 33.7 44.0(32.0(27.1[39.5 529 546 609 49.8 58.1|49.0 40.5
AFE 891|199 23.6 30.8 283 279 264 |23.7| 31.0|374 424 46.5 462 46.8 428|419 32.8
DNN (CE) 8.8 137 245 234 245 222 249|203 26.1|324 46.1 462 47.0 43.5 427 |40.6 | 30.4
GM-DNN 85(13.6 226 22.1 229 20.7 254|194 |25.6[32.6 423 422 453 41.6 41.8|38.8 29.1
DNN+UD 87124 206 21.6 223 195 21.9|18.1 | 244 |31.8 429 420 421 41.0 39.3(37.6 | 27.9
GM-DNN+UD | 8.1 | 12.5 222 2211 234 210 256(19.3(24.2|323 414 404 434 40.0 42.1|37.7| 28.5
DNN (MSE) 84154 25.1 234 245 21.7 252205 |28.0[35.6 458 455 447 439 43.8|41.0 30.8
DNN+UD 82140 219 20.7 21.5 18.8 22.6| 182|255 (32.7 429 40.0 41.2 39.1 38.9|37.2 | 27.7

Table 1: AURORA4 enhanced clean speech training results in terms

multi-condition and multi-noise datasets. Best results highlighted in bold.

of WER. DNN enhancement trained with additive noises of

Enhancement 01 02 03 04 05 06 07 av. 08 09 10 11 12 13 14 | av. || tav.
No Method 1371120 17.2 219 19.6 17.5 222|177 24.1 258 339 353 37.5 32.7 364|322 250
AFE 10.1 | 13.0 18.2 21.8 20.2 18.0 203 |17.4 1 23.1|26.6 323 348 36.1 329 340|314 244
DNN (CE) 106 | 114 158 192 174 155 163|152 22.3|24.0 357 40.0 383 352 351329 24.1
GM-DNN 11.8|11.0 13.3 16.6 16,5 146 163|143 229|249 322 338 34.5 31.8 33.0|30.5]| 224
DNN+UD 1041109 149 183 184 146 176|150 21.5|253 332 362 364 334 340|314 232
GM-DNN+UD | 11.5]10.9 13.3 16.2 16.5 14.5 17.1 143 22.0|25.6 314 33.6 345 32.1 335|304 ]| 223
DNN (MSE) 10.8 | 10.7 149 18.3 17.0 15.1 16.8|14.8 | 22.3|24.0 339 374 352 333 343|315 23.1
DNN+UD 1041108 143 179 16.8 147 164|145 21.3 252 324 351 343 30.5 33.1|303| 224

Table 2: AURORA4 enhanced multi-style training results in terms of WER. DNN enhancement trained with additive noises of multi-
condition and multi-noise datasets. Best results highlighted in bold.

[21] was used. To prevent over-fitting, a 20% of all the train-
ing data was held out for validation and a fixed number of 100
iteration was used.

As baselines, a MFCC front-end with no enhancement us-
ing Cepstral Mean Subtraction (CMS) per sentence, the Ad-
vanced Front End (AFE) [22] and a DNN speech enhancement
front-end were provided. The DNNs were trained as previously
described, using the CS and MSE criteria. The baselines were
compared to the same models when propagating the uncertainty
and compensating with uncertainty decoding (UD). Addition-
ally for the CS-trained model, experiments accounting for the
internal uncertainty of inference described in Section 3.2 were
carried out. These are termed Gaussian Marginalization DNN
(GM-DNN).

The methods tested can thus be summarized as per-sentence
batch, due to the use of CMS and single pass. As mentioned by
other autors, the DNNs have in-domain knowledge, a unfair ad-
vantage over non data-driven methods, such as the AFE. Results
for these method are however provided for comparability pur-
poses with other works. The main objective of the tests is to
assess if the use of uncertainty can improve the already efficient
DNN enhancement.

5.2. GMM-HMM ASR Training

The ASR system training was carried out using the Hidden
Markov Toolkit (HTK) [23] and Vertannen’s recipe for WSJO
[24]. Both clean training and multi-style training sets of 7138
sentences were used. The sampling frequency was 16KHz and
speech enhancement was used during training. The test set
used is AURORA4’s sennheiser microphone 166x14 sentence
set. This includes 166 clean speech sentences and six corrupted
versions using different additive From this set of noises, the first
can be regarded as relatively stationary whereas the rest are non-
stationary. A second set recorded from a distant microphone is
also available. A version of the HTK toolkit modified to option-
ally perform uncertainty decoding was used.
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5.3. Analysis of the Results

Tables 1 and 2 contain the results for clean and mixed training,
respectively. Each table is divided into two vertical blocks con-
taining the baselines, No Method, AFE, DNN (CE) and DNN
(MSE) respectively and the proposed observation uncertainty
approaches. As it can be seen from the results, the use of UD
consistently improves the overall performance of the DNN by
around a 10% relative for the clean training case. This improve-
ment drops to around 3.5% in the case of the multi-condition
set. It has to be taken into account, however, that both the DNN
and the trained GMM-HMM system are noise-matched in this
case. In similar conditions, sources of uncertainty other than
DNN ones as e.g. [13, 15] perform worse or offer no improve-
ment at all.

One unexpected result is that the MSE-trained DNN, de-
spite performing worse than the CE-trained one, attains larger
performances when combined with UD in clean training condi-
tions. The opposite happens in multi-style conditions.

Another interesting result concerns the internal DNN un-
certainty approach (GM-DNN). The GM-DNN is consistently
better than the normal DNN. However, as in the MSE case, it
attains smaller improvements when combined with UD in the
clean training setup.

6. Conclusions

We have explored methods to account for the residual uncer-
tainty of inference when using IRM-based DNN enhancement.
Experiments show that consistent improvements can be attained
over the already efficient DNNs when accounting for this uncer-
tainty. Improvements are achieved both when Uncertainty De-
coding is used for dynamic compensation and when the Gaus-
sian Marginalization approximation is used for enhancement.
Future work could explore the extension of this approach to
auto-encoding neural network enhancement schemes as well as
situations of higher noise mismatch.
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