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Abstract

Beamforming is a family of algorithms and performs a spatial filtering operation that makes it
possible to map the distribution of the sources at a certain distance from the microphones and
therefore locate the strongest source. The state-of-art methods for acoustic beamforming in
multi-channel ASR are based on a neural mask estimator that predicts the presence of speech
and noise, which in turn used to determine spatial filter coefficients value. These models are
trained using a paired corpus of clean and noisy recordings (teacher model). In this thesis, we
attempt to move away from the requirements of having supervised clean recordings for training
the mask estimator. The models based on signal enhancement and beamforming using multi-
channel linear prediction serve as the required mask estimate. In this way, the model training
can also be carried out on real recordings of noisy speech rather than simulated ones alone done
in a typical teacher model. We propose two model in this thesis, both based on Unsupervised
Mask estimation, and several experiments performed on noisy and reverberant environments
in the CHiIME-3 corpus as well as the REVERB challenge corpus highlight the effectiveness of
the proposed approaches. Both the method that we discuss are novel method, where the first
model only deals with the real data, the second model deals with complex data i,e complex

short time Fourier transform features to obtain the mask estimate.
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Chapter 1

Introduction

1.1 Acoustic Beamforming

Acoustic Beamforming as best described in the paper [1] is a signal processing technique based
on far-field microphone array measurements. Beamforming is a family of algorithms and per-
forms a spatial filtering operation that makes it possible to map the distribution of the sources
at a certain distance from the microphones and therefore locate the strongest source. The
beamforming approaches in general can be divided into two categories one is Time domain
algorithms, which perform beamforming as a delayed and weighted summation of the multiple

spatially separated microphones to provide an enhanced audio signal.

M
4
L{t,x0) = 57 > (o, t + to)|x — ol (1.1)

m=1
where p,, is the signal measured by each microphone, M is the number of microphone,xg is the
source position and x is the microphone location.
The second is Frequency domain algorithms, where the beamforming operation in fre-

quency domain determines the spatial filter coefficients w(m, k) to obtain the enhanced signal,

-1

z2(k,n) = Z w(m, k) y™(k,n) (1.2)

=0
where z(k,n) is the beamformed signal. In this thesis we explore the later family of algorithm
in which there is an approach to beamforming using a generalized eigen value(GEV) formula-
tion [2]. This involves a spatial filtering in the complex short-time Fourier transform (STFT)
domain. The filter is derived by solving an eigen value problem that maximizes the variance in

the ”signal” direction while minimizing the variance in the "noise” direction [2] or by keeping
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the variance in the target direction to be unity while minimizing the variance in the other

directions (minimum variance distortionless response (MVDR) beamforming) [3].

1.2 Application of Beamforming

The most common application of beamforming is in automatic speech recognition (ASR). The
automatic speech recognition (ASR) in noisy/reverberant multi-channel environments continue
to be a challenging task. The improvement of ASR solutions in such environments are key to
several applications like smart speakers, home automation and in meeting transcription systems.
Another application of beamforming can be to localise the target speaker in the presence of

multiple speaker in the cocktail party problem.

1.3 Outline of Contributions

In this thesis first we will propose a novel combination of multi-channel Linear Prediction
(MCLP) based beamforming method [4] with mask estimation based GEV beamforming for
addressing the problem of unsupervised mask estimation and beamforming. The MCLP based
algorithm generates a “clean” version of the audio that is bootstrapped to a DNN mask estima-
tion process. Using this simple approach, we show that the model can also be effectively trained
on real recordings where there are no parallel clean recordings. With several ASR experiments
on CHiME-3 and REVERB challenge dataset, we show that the proposed approach performs on
par with the oracle mask estimation methods. In addition, the approach significantly improves
over a DNN mask estimator trained on an out-of-domain supervised dataset.Also in this thesis
we will propose a complex architecture to estimate the speech and noise presence probability.
We also explore Gaussian-weighted Self-Attention, which is a type of relative attention used
in speech signal. The idea behind using relative attention is that in speech signals the current
frame is highly correlated with the context frames compare to far away frames, and therefore

attention should be based on neighboring frames.

1.4 Road Map for Rest of the Thesis

The rest of the thesis is organised as follows. In Chapter 2, we discuss some of the background
required to understand this thesis. First we will discuss the signal model that will be using
uniformly throughout the thesis. The signal model will represent the multi channel audio in a
reverberant condition. Then, in that chapter we talk about Weighted Prediction Error(WPE)
algorithm which is used to remove the convoluted reverberant component from the speech
signal We discuss about the commonly used acoustic beamforming approaches namely Beam-

formlIt,Generalized Eigen Value (GEV) Beamforming and Minimum Variance Distortionless
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Response(MVDR) Beamforming.

In the Chapter 3 we discuss the Unsupervised Mask Estimation Process. In that chapter first
we will going to talk about the state of the art Supervised DNN based Neural Mask Estimator.
The drawback with the DNN based mask estimator is that it is trained using a pair of clean
and multi channel noisy recordings and the DNN learns the SPP with binary targets. However
the requirement of parallel speech recordings in clean and multi-channel reverberant conditions
is a key limitation to these neural mask estimation methods.Recently, unsupervised approaches
to mask estimation using complex mixture Gaussian model have been attempted [5, 6]. How-
ever, they are either computationally expensive or suffer from a degradation in performance
compared to the DNN based mask estimation using oracle targets. In this section, we propose
a combination of multi-channel Linear Prediction (MCLP) based beamforming method [4] with
mask estimation based GEV beamforming for addressing the problem of unsupervised mask
estimation and beamforming. The MCLP based algorithm generates a “clean” version of the
audio that is bootstrapped to a DNN mask estimation process. Using this simple approach,
we show that the model can also be effectively trained on real recordings where there are no
parallel clean recordings. With several ASR experiments on CHiME-3 and REVERB challenge
dataset, we show that the proposed approach performs on par with the oracle mask estimation
methods. In addition, the approach significantly improves over a DNN mask estimator trained
on an out-of-domain supervised dataset.

In the Chapter 4, we talk about complex deep learning architecture to estimate the unsu-
pervised mask estimation. Deep Learning has seen a huge interest and change in past decade,
however major deep learning models rarely use complex numbers. This problem is especially
necessary for speech community because the audio data that we handle is naturally complex val-
ued, after we do spectral decomposition of audio. And this was our motivation for pursuing this
topic as consider complex data also for the mask estimation. In this chapter we will talk about
first the architecture of complex transformer used for the mask estimation process. We also
explore Gaussian-weighted Self-Attention, which is a type of relative attention used in speech
signal. The idea behind using relative attention is that in speech signals the current frame is
highly correlated with the context frames compare to far away frames, and therefore attention
should be based on neighboring frames. In the end of that chapter we discuss experiments that
were being performed on CHiME and REVERB data.

In the Chapter 5 we talk about the summary and future work



Chapter 2

Relevant Prior Work

The conventional method of processing the multi-channel audio signal involves the spatial fil-
tering performed via beamforming [7, 8]. The method of beamforming performs a delayed and
weighted summation of the multiple spatially separated microphones to provide an enhanced
audio signal. The first document on acoustic beamforming was [ [9]]. Later with the advance-
ments to the basic beamforming using blind reference-channel selection, two-step time delay
of arrival (TDOA) estimation with Viterbi post processing has been proposed to improve the
beamforming algorithm [10].

An alternate approach to beamforming using a generalized eigen value(GEV) formulation [2]
involves a spatial filtering in the complex short-time Fourier transform (STFT) domain. The
filter is derived by solving an eigen value problem that maximizes the variance in the “signal”
direction while minimizing the variance in the “noise” direction [2] or by keeping the variance in
the target direction to be unity while minimizing the variance in the other directions (minimum
variance distortionless response (MVDR) beamforming) [3]. The estimate of speech and noise
in the given recording thus becomes the key to perform the beamforming in these approaches.

In the work on GEV [2], the speech and noise presence probability or the estimation of power
spectral density of speech and noise is done iteratively using Stochastic Gradient Decent(SGD)
which is computationally expensive and slow to converge. In the work [11] uses EM Algorithm
for localizing and separating sound sources in stereo recordings, but the problem with EM
algorithm is same as the previous algorithm i.e. it is slow to converge. Researchers in this
field has applied mathematical models and algorithm to efficiently capture the speech in multi
channel setting. In one of the work [12], the authors use Gaussian mixture model (GMM) with
a Dirichlet prior to localise and estimate the speech source and in the work [13],[14] the author’s

used clustering approach.



The most successful approach for noise estimation uses a supervised deep neural network
(DNN) based speech presence probability (SPP) estimator [15] at every time-frequency bin. The
DNN mask estimator is trained using a pair of clean and multi-channel noisy recordings and
the DNN learns the SPP with binary targets. The requirement of parallel speech recordings
in clean and multi-channel reverberant conditions is a key limitation to these neural mask
estimation methods. Recently, unsupervised approaches to mask estimation using complex
mixture Gaussian model have been attempted [5, 6]. However, they are either computationally
expensive or suffer from a degradation in performance compared to the DNN based mask
estimation using oracle targets. Still there is an active research going on in this field, using
different deep learning models and using more and more data to estimate better speech and

noise mask.

2.1 Signal Model

Let the observed speech signal in mt"

microphone be represented by y™(k,n) in the short time
Fourier transform (STFT) domain, where k£ denotes the frequency bin index and n denotes the

frame index. This observed signal is corrupted with reverberation and additive noise, v (k,n).

Lp—1

y"(k,n) = Z 9" (k,Dx(k,n—1) 4+ v™(k,n) (2.1)

where ¢"(k,n) is the STFT of the room response function, Ly is the length of room impulse
response and z(k,n) is the source signal STFT.

Now the eq.(2.1) can also be modified as

D-1 Lp—1
y"(k,n) =) g" (k. Dok — 1)+ ) g"(k Da(kn— 1) +0" (kn) (2:2)
1 7

where in eq.(2.2), A’ part models the direct component and early reflections and 'B’ part
models the late reverb component and 'D’ in the equation represents the ’delay’ and controls
the duration of the early reflection component to be retained. Equation2.2 can also be written

as

y"(k,n) =d"(k,n) + z_: 9" (k,Dx(k,n—1) 4+ 0™ (k,n) (2.3)

=D
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Figure 2.2: Spectrogram of an audio affected by reverberation

2.2 Weighted prediction error (WPE)

For removing the late reflection component or the reverberant component the algorithm that is
being used is Normalised Delayed Linear Prediction(NDLP) as mentioned in [16], where the de-
reverberation is implemented independently on each frequency domain. So the entire problem of
NDLP is nothing but a maximum likelihood problem defined separately in individual subbands.
With the Short Time Fourier Transform(STFT) decomposition the observation model is defined
separately in individual subbands, where the desired signal(mentioned in the previous section)

is assumed to be a time varying Gaussian process, i.e it is defined as

p(dng) = No(do 550, 97 ) (2.4)

where N (.) is the pdf of a complex Gaussian random process and variance p; = E(dy sd;; (),

hence pf% s 1s assumed to take different value over different time-frequency bins. The likelihood
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Figure 2.3: Spectrogram of an audio after being applied WPE

function can be represented as:

Ly(07) = logp(dns = wny — e Turp; by)
(2.5)

n
-y |20, — " Tl
= 2
n pn:f
where the parameter § = (¢, pf,” s where ¢; is a regression coefficient and as already men-
tioned p}, ;) is a variance. The eq(2.5) is solved iteratively in which value of these parameters

are determined and once we have the value of the parameters we can obtain our desired signal.

_ . + _ .
. T(n—D,p)Ty_p T T(n-D,f)Tn,f
. (Z ) (Z Pos 20

2
n pn,f n

Py = max(|du %, ¢) (2.7)

where €y is very small number and eq(2.6) and eq(2.7) is solved iteratively to obtain the value

of parameters, and than from these we solve the equation:

dAn’f = Xn,f — C?fn_pyf (28)



2.3 Beamformlt

The Beamformit algorithm as suggested in the paper[10] , is based on weighted-delay and sum
techniques where the aim is to create a single enhanced signal from an unknown number of

multiple microphone channels.

M
2] = Wan]ymn — TDOA™ ™/ [n]] (2.9)
m=1
where z[n| is the beam formed signal, W,,[n] is the relative weight for each microphone for
instant n(with the sum of all weights equal to 1), y,,[n] is the signal for each channel and
TDOA ) [n](Time Delay of Arrival) is the relative delay between each channel and the
reference channel, in order to obtain all signals aligned with each other at each instant n.

The main goal of this algorithm revolves around finding the value of TDOA™ /) where
there are some preprocessing steps and than some post processing steps. The preprocessing
steps involve individual channel signal enhancement which is generally achieved with the help
of Wiener filtering, and than to estimate the reference channel. Average of the cross correlation
between each channel ¢ and all of others j = 1...M, j # 4 is computed on segments of 1 seconds,

as

K M
1
Ycorr;, = ————— Z Z ycorr(i, j; k] (2.10)
KM =1) i3 J=1j#i

where M is the total number of microphone and K = 200 indicate the number of one second
blocks used in the average. The ycorr[i, 7; k| indicates a standard cross correlation measure
between channels 7 and j for each block k. The channel ¢ with the highest average cross
correlation is chosen as the reference channel. Steps that are involved are determining the
overall channels weighing factor and estimating the skewness in the dataset(in the paper [10]
they were using ICSI Meeting and in that slight skewness was present).

The TDOA™"/[n] is estimated via cross correlation techniques, calculated on the several
acoustic frames(in the paper [10], they have taken the window of 250msec). Rather than using
the conventional correlation the paper[10] suggest to use the GCC-PHAT(Generalized Cross
Correlation with Phase Transform). The reason for not using the conventional correlation is
that it is said to be sensitive to noise and reverberation. To compute the GCC-PHAT, given

two signal y;[n] and y,.f[n] is done as follows:

V() Woer ()] > (2.11)

i,ref — !
Rpiiar(d) = F (m( PWoer (F)] ]



where Y;(f) and Y,.¢(f) are the Fourier transform of the two signals, F~! indicated the inverse
Fourier transform, []* denoted the complex conjugate and |.| denotes the modulus. The resulting
RYel - is the correlation function between signals 7 and ref. The Time delay of arrival (TDOA)

for these two micro- phones (i and ref) is estimated as

TDOA, = arg max Ry (2.12)

However rather than calculating just the the max value, in this algorithm we select the N(in
the experiment N=4) max values. The idea behind selecting ‘N’ max value is that, a maximum
can occur not due to the source but some spurious noise or laughter from the background and
therefore not the select that TDOA value this step is taken. After the calculation of TDOA
values, in the post processing step a Viterbi algorithm is run to select the most appropriate

value of TDOA for each segment and than used in [2.9] to obtain the single enhanced signal.

2.4 Generalized Eigen Value (GEV) Beamforming

The Generalized Eigen Value based Beamforming can be formulated as follows, given that we
have an array of M microphones, the aim is to apply the beamforming operation in frequency
domain the spatial filter coefficients w(m, k) to obtain the enhanced signal. The problem can

be formulated mathematically as follows

—_

2(k,n) = w(m, k) y"(k,n) (2.13)

=0
where z(k,n) is the beamformed signal and y™(k,n) represent the observed signal at the m!"
microphone which consist of two components, one is desired speech signal z(k,n) and another
one is stationary noise component of signal represented by v (k, n).

Where the power spectral density(PSD) of the beamformed output can be written as

Cbzz(k') = WH(k)(i’YY(k)W(k) (2-14)

$z2(k) = WH(k)dxx W (k) + WH (k) vy W (k) (2.15)

And therefore the main goal of GEV beamforming is to determine the spatial filter co-
efficients w(k) = [w(0,k),..,w(M — 1,k)]" such that the SNR at the output of the filter is

maximized [2], i.e.,

W () x (R)w ()

(2.16)

w k) = arg max
o (K) = A o

—~

9



where ®yy and &y are power spectral density (PSD) estimates of the clean signal and
noise respectively, assuming the clean signal component and the noise signal component are
uncorrelated to each other. As in the equation 2.16, the value of filter coefficient wgpy (k) is
the eigenvector corresponding to the largest eigenvalue of ¢y, (k)dxx (k). This is the reason
that this method or the beamformer obtained by the Max-SNR criterion is known as GEV
beamformer(GEV:generalized eigenvalue) based beamformer.

Compared to MVDR(discussed in the next section), GEV beamformer can introduced the
speech distortions. In other words both beamformer differ only in a scalar constant r(k), that

tries to “normalise” the filter coefficient value wgpy (k). That single channel post filter is given

by:

A

VWi (B) By (1) @y (R wopy (k) K

Wiy (k) ®yvy (k) wapy (k)

BanN = (217)

where K is a normalising factor. This filter performs a Blind Analytic Normalisation(BAN)
to obtain the distortion less response in the direction of the speaker. As the name suggest
"BAN(Blind Analytic Normalisation)”, its closed form expression can be computed. In the
conventional paper on GEV i.e [2], the generalized eigenvalue problem is solved either by the
deterministic gradient descent method or Stochastic Gradient Ascent, by finding the value of
dxx (k) and ¢y (k) iteratively. But in the next chapter we discuss how the deep learning
framework is used to determine the value of ¢xx (k) and ¢y (k), which will provide us the

faster and efficient way to estimate these power spectral density (PSD) matrices.

2.5 Minimum Variance Distortionless Response(MVDR)

Beamforming

Minimum Variance Distortionless Respose(MVDR) Beamforming is the data adaptive algorithm
which is widely used in the acoustic beamforming with many variants that exist like Minimum
Power Distortionless Respose(MPDR) Beamforming. The idea of MVDR can be traced back
to 1969, which is proposed by Capon. Thus it is also known as Capon Beamformer. So the
idea of MVDR is it minimizes the residual noise with the constraint, that any signal arriving

from the source direction remain distortion less and hence it received the name ’'Distortionless

10



Response’, the objective equation is as follows:

A

wepy (k) = arg Hl(lkl)l wi (B)®yy (B)w(k) >wld=1 (2.18)

where d is the DOA vector, where vector d is principal component of the estimated power
spectral density matrix of speech i.e. d = P(®xx(k)).

Solving the equation 2.18 will give us the following objective function:

a1
warvpa(k) = —vvk)d (2.19)
d’®,, (k) d

where &y x and &y are power spectral density (PSD) estimates of the clean signal and noise

respectively, and similar to like the
The most successful approach to the estimation of clean and noise PSD is through the use
of a neural mask estimator (will be described in the next chapter). Once the PSD matrices are
estimated, we can easily solve the equations 2.16 and equation 2.19, and obtain the value of

spatial filter coefficient.
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Chapter 3

Unsupervised Mask Estimation

3.1 Neural Mask Estimator

As proposed in [15, 17], the neural mask estimators are deep feed-forward /recurrent networks
that are trained to predict the speech presence probability in each time-frequency bin. Figure
3.1 and 3.2 show the network architecture. In simulated settings (where y”(k,n) and z(k,n)
are available), the deep model is trained with magnitude STFT |y™(k,n)| coeflicients for patch
of frames n and all frequency bins to predict the ideal binary mask (IBM). The IBM is obtained

by thresholding the ratio of magnitude STFT llﬁ&’g‘)‘ with a threshold different for voiced and

unvoiced regions of the audio [15].

The output of the mask estimator performs a sigmoid non-linearity and these outputs are
interpreted as speech presence probability estimators s(k,n) and noise presence probability
estimators u(k,n). The masks for each channel are then condensed to a single speech and
single noise mask using a median operation. The median is preferred over a mean computation
because of its resilience to outliers. Once the mask estimator is trained, the PSD matrices
needed in Eq. (2.16) for y(k,n) = [y°(k,n), ..,y (k,n)|" is,

dyx(k) = S (o) (3.1)
By (k) = 2o B0y (k) (y (R )" (3.2)

2 ulk,n)

As mentioned in the paper [15] for the BLSTM layer, the weights are drawn from a uniform
distribution ranging from-0.04 to 0.04 and biases are initialized with zeros. RMSProp with

12
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Figure 3.2: Feed Forward network configuration for mask estimation

momentum of 0.9 is being employed for learning with the learning rate of 0.001. Also to
achieve the better generalization, dropout with the value of p = 0.5 is being used.0.5 is chosen
as empirically it has shown to give better word error rate. Batch normalisation is also used.
The loss function that is used to train the model is binary cross entropy i.e estimated speech
and noise mask are compared with the ideal speech and ideal noise mask.

One of the limitations of the neural mask estimation described is the need for simulated
data with parallel clean and noisy multi-channel recordings to train the deep model. Hence,
the real multi-channel recordings cannot be used in the neural mask training. In this section,
we propose to move away from the requirement of having simulated settings by generating

unsupervised pseudo targets for the real (and simulated) multi-channel recordings.
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3.2 Joint Spatial Filtering and Multi Channel Linear
Prediction(MCLP)

We use the joint spatial filtering and multi-channel linear prediction (MCLP) approach with
Bayesian inference proposed in [4, 18] to derive the unsupervised targets for the neural mask
estimator. For a single reference signal characterized by STFT coefficients d;(k,n), the MCLP

h

model for a m'™ microphone signal [4] is given as,

y" (k,n) = a™(k)di(k,n) + (8" (k)" (K, n) (3-3)

where y™(k,n) is the STFT of the mth microphone signal, a™[k] is the relative gain of the
desired signal collected at the mth microphone. The late reflection components in the multi-
channel signal are modeled as a linear prediction with g (k) denoting a vector of LM prediction
coefficients and ¢(k,n) = [y (k,n—D—1), ...,y (k,n—D—L),....yM(k,n—D—1), .., yM(k,n—
D — L)]" is the LM dimensional vector containing the delayed STFT components from all the

M microphones for L previous lags. In vector form,
y(k,n) = a(k)ds (k, n) + G(k)" $(k, n) (3.4)

where G[k] is the LM x M MCLP filter coefficients, a[k] is the relative transfer function (RTF)
of each microphone with respect to the reference signal.
A spatial filter w(k) is constructed such that w# (k)a(k) = 1. This gives,

wi (k)y(k,n) = di(k,n) + w? (k)G (k)" ¢(k,n) (3.5)

By assuming a complex circular Gaussian prior on the desired source signal, p(d;(k,n)) ~
Ne(dm(k,n);0,9n), a maximum likelihood (ML) approach to parameter estimation can be
pursued [18]. This ML problem can be solved using a coordinate ascent method where the
parameters of the model (©) containing the MCLP prediction coefficients G(k), the RTF a(k),
the spatial filter w(k) and the unknown variance 7, are iteratively estimated.

The solution to the ML estimation problem [18] is given below. The ML problem can be

equivalently stated as,
N-1

maximize Z Vi |w[k’]H [y[k,n] — G[k]" @[k, n]] |2 ) (3.6)

n=0
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subject to wlk]"a[k] = 1. (3.7)

The prediction filter G[k|, spatial filter w[k] and the RTF a[k] are estimated sequentially

in an iterative scheme, using the equations given below

~

G(k) = Ry (k)Rgy (k) (3.8)

where
Roo() = 3 25l (k, )" (k, ) (3.9)
Ry (k) = z_: Vi Dk, n)y™ (k,n) (3.10)

Once the MCLP prediction coefficients G(k) are estimated, the RTF vector a(k) can esti-
mated as the first column of the prediction residual, i.e., y[k,n] — G[k]" ¢[k, n].
Let R;; denote the spatial correlation matrix of the predicted reverberation component

r = GH(k)¢(k, n). Then, the spatial filter can be estimated as,

R;'a
w(k) = ———. 3.11
M= gmon (.11)
Finally, the desired signal variance 7, is estimated using an AR modeling approach on the
estimate of the desired signal d;(k,n) [4]. More details on the ML estimation can be found
in [18, 4]
Using the iterative procedure outlined above, the estimation of the late reflection compo-

nents and beamforming of the desired source signal are jointly performed. The output estimate

of di(k,n) is used as the estimate of the clean signal in the GEV beamforming (Fig. 3.3).
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Figure 3.3: Block schematic of the unsupervised neural network based mask estimation.

3.3 Mask Estimation Procedure

1

The experimental setup is show in the fig(3.3), and the process is as follows. A multi-channel
audio signal is taken and its 512 point Short Time Fourier Transform(STFT) is computed with
the window(hann window) of 30 msec and and the overlap of 15 msec to form a 3 dimensional
(F'xTx M) tensor where length, height and width represents number of frequency bins F', time
frames T" and number of channels M respectively. By segregating voiced and unvoiced section
in each frequency bin, an ideal binary mask (IBM) is estimated for the 3D input using the
MCLP based beamformed audio as the target [15].

The model architecture for the mask estimation uses a Bi-directional Long Short-term mem-
ory (BLSTM) network followed by two fully connected layers. We use Rectified linear unit
(ReLU) activation function for the first two layers and Sigmoid for the last layer. A dropout
regularization is used with dropout parameter of 0.5 after every layer. For training the un-
supervised model, the targets are derived from the audio beamformed using the method of
multi-channel linear prediction as described in previous section. The speech and noise masks
are estimated using the model for all the channels jointly. A single speech mask and noise mask
(complimentary to the speech mask) are generated by taking the median of all the masks from
the multiple channels. The o xx and fiJVV are calculated and the beamformed STFT estimate
is then converted back to the audio signal using overlap synthesis. These audio signals are

converted to acoustic features for ASR training and testing.

PUNSUPERVISED NEURAL MASK ESTIMATOR FOR GENERALIZED EIGEN-VALUE BEAMFORM-
ING BASED ASR’,Rohit Kumar, Anirudh Sreeram, Anurenjan Purushothaman, Sriram Ganapathy,ICASSP
2020
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Table 3.1: CLSTM model architecture.

Layer Configuration
Conv 2D (ReLU) filters = 128, kernel (3,3)
Conv 2D (ReLU) filters = 128, kernel (3,3)
Maxpooling 2D size = (2,2)
Conv 2D (ReLU) filters = 64, kernel (3,3)
Conv 2D (ReLU) filters = 64, kernel (3,3)
LSTM (ReLU) | 1024 units (frequency recurrence)
DNN (ReLU) 1024 units
DNN (ReLU) 1024 units
DNN (Softmax) senone posteriors

3.4 Experiments and Results

3.4.1 ASR setup

The ASR system uses filter-bank (FBANK) features that are 40 log-mel spectrogram features
extracted every 25ms windows with a shift of 10ms on multi-channel audio signals that are
enhanced with WPE [19]. We use the Kaldi toolkit [20] for deriving the senone alignments used
in the PyTorch deep learning framework. A hidden Markov model - Gaussian mixture model
(HMM-GMM) system is initially trained to generate the alignments. The acoustic model used
in this work is a convolutional long short term memory (CLSTM) model where the LSTM recurs
over frequency. The configuration of the CLSTM model is given in Table 3.1. A dropout of 20%
and batch normalization is used after every layer for regularization. For the ASR decoding,
an initial tri-gram model is used to generate a lattice rescored with a recurrent neural network
(RNN) [21]. The proposed method of beamforming using the psuedo mask estimates from a
multi-channel linear prediction based beamformer is compared with the beamforming using
delay-sum and Viterbi algorithm (Beamformlt [10]), a 3-D CNN based neural acoustic model
which jointly performs beamforming and ASR, [22] and the generalized eigen-value (GEV) based

beamforming with supervised mask estimation on the simulated data [15].

3.4.2 CHiME-3 ASR

The CHiME-3 corpus for ASR contains multi-microphone tablet device recordings from every-
day environments, released as a part of 3rd CHiME challenge [23]. Four varied environments
are present, cafe (CAF), street junction (STR), public transport (BUS) and pedestrian area
(PED). For each environment, two types of noisy speech data are present, real and simulated.

The real data consists of 6-channel recordings of sentences from the WSJO corpus spoken in
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Figure 3.5: Speech Presence Mask that is estimated by the model for CHIME Data

Table 3.2: Word Error Rate (%) for CHIME-3 dataset.

Traini ‘ Dev ‘ Eval
raining

‘ Real Sim Avg ‘ Real Sim Avg
BeamformlIt [10] 6.1 84 73 |13.0 127 129
3-D CNN [22] 72 72 72 |154 91 122
Sup. Out-of-dom. GEV | 7.1 88 7.9 | 11.2 10.7 10.9
Unsup. MVDR 49 62 55| 94 74 B84
Unsup. GEV 49 58 53|90 7.3 8.1
Sup. oracle MVDR [17] | 5.1 6.5 58 | 91 7.5 83
Sup. oracle GEV [15] 49 6.1 55| 94 72 83

the environments listed above. The simulated data was constructed by artificially mixing clean

utterances with environment noises. The training data has 1600 (real) noisy recordings and

7138 simulated noisy utterances. The development (dev) and evaluation (eval) data consists of

the 410 and 330 utterances respectively. For each set, the sentences are read by four different
talkers in the four CHIME-3 environments. This results in 1640 (410 x 4) and 1320 (330 x 4)

real development and evaluation utterances in total.

The results for the CHIME-3 ASR system with various beamforming methods are given in

18



Table 3.3: WER (%) for each noise condition in CHIME-3 dataset with supervised and unsu-
pervised GEV beamforming methods.
Dev Data Eval Data

Cond. Sim Real Sim Real
Sup | Unsup | Sup | Unsup || Sup | Unsup | Sup | Unsup

BUS | 4.9 4.9 6.0 6.0 5.9 6.1 12.8 | 11.9

CAF | 8.1 7.6 4.8 4.8 8.3 8.1 8.8 8.5

PED | 5.6 5.3 4.2 4.2 7.1 7.0 9.2 8.9

STR | 5.7 5.4 4.6 4.7 7.3 7.9 6.8 6.6

Table 3.2. The ASR results for the Beamformlt [10] are similar to the 3-D CNN model [22].
The GEV based on out-of-domain set consists of training the neural mask estimation on Reverb
Challenge dataset (described next) and using the mask estimator outputs for GEV beamforming
on CHiME-3 dataset. While there is a domain mis-match, this approach provides the best
baseline beamforming system, particularly on the evaluation data of CHiME-3.

The supervised GEV/MVDR using oracle mask estimates on the in-domain CHiME-3
dataset provides the upper bound in terms of the performance of the unsupervised methods.
The proposed unsupervised GEV beamforming using the MCLP based source signal targets
provides very similar results to the supervised oracle mask estimation based GEV. In terms
of relative improvements over the BeamformlIt method and the out-of-domain mask estimation
based GEV, the proposed approach yields about 27 % and 35 % respectively on the development
data and 37 % and 25 % respectively on the evaluation data.

The comparison of the supervised and unsupervised approaches on the different noise con-
ditions of the CHiME-3 dataset are shown in Table 3. As seen in this Table, for most of the
noise conditions, the unsupervised method compares well with the supervised mask estima-
tion approach. A degradation is seen in the unsupervised case for “Street” noise in simulated
conditions. However, a good improvement in ASR performance is seen for “Bus” noise in real

evaluation conditions for the unsupervised approach as well.

3.4.3 Reverb Challenge

The Reverb Challenge dataset [24] contains recordings with real and simulated reverberation
condition, recorded using 8 channels for the ASR task. The simulated data is comprised of rever-
berant utterances generated (from the WSJCAMO corpus) obtained by artificially convolving
clean WSJCAMO recordings with the measured room impulse responses (RIRs) and adding
noise at an SNR of 20 dB. The real data consists of utterances spoken by human speakers in

a noisy reverberant room, with utterances from the multi-channel Wall Street Journal audio-
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Figure 3.7: Speech Presence Mask estimated by the model for REVERB14 audio

Table 3.4: Word Error Rate (%) for REVERB Challenge dataset using various beamforming
methods.

Traini ‘ Dev ‘ Eval
raining

‘ Real Simu Avg ‘ Real Simu Avg
Beamformlt [10] 19.7 6.2 129 | 222 6.5 144
3-D CNN [22] 204 6.7 135 | 21.2 6.6 139
Unsup. MVDR 172 5.1 11.2 | 149 56 10.3
Unsup. GEV 156 56 10.6|13.5 5.3 94
Sup. oracle MVDR [17] | 175 5.2 11.3 | 13.0 53 9.2
Sup. oracle GEV [15] 170 56 11.3 | 13.0 53 9.2

visual (MC-WSJ-AV) corpus [3]. The training set consists of 7861 utterances (92 speakers) from
the clean WSJCAMO training data by convolving the clean utterances with 24 measured RIRs.
The development (Dev.) and evaluation (Eval.) datasets consists of 1663 (1484 simulated and
179 real) recordings and 2548 (2176 simulated and 372 real) recordings respectively. The Dev.
and Eval. datasets have 20 and 28 speakers respectively.

The ASR results for the various beamforming methods on the Reverb Challenge dataset

are shown in Table 3.4. The unsupervised beamforming method improves significantly over
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the Beamformlt method and the 3-D CNN approach. On the average, the unsupervised
mask estimation approach performs similar to the supervised mask estimation approach in the
GEV/MVDR beamforming. The unsupervised approach improves the Beamformlt approach
relatively by 18% on the development data and 35 % on the evaluation data. The ASR results
on the Reverb Challenge dataset are seen to be consistent with those for the CHiME-3 dataset.

3.4.4 CHIME v/s Reverb Challenge Data

The two dataset that we are dealing with, have subtle difference between them.

e The first difference is the corpus, in REVERB Challenge where simulated data utterances
are taken from the WSJCAMO and real data is taken from the MC-WSJ-AV corpus. In
CHiME, utterances are taken from the WSJO.

e The second and the most prominent difference between the two corpus is type of noise
that is there in both the dataset. In REVERB we have reverberant noise(with the RT60
of 0.25sec,0.50sec and 0.75sec) and along with that stationary background noise, which
is caused mainly by air conditioning systems in a room in real scenario, and in simulated
scenario we add a noise at an SNR of 20 dB. Whereas in CHiME dataset, there is no
reverberant noise that is present in data, only the four different type of environment

noises are present, as discussed in the previous section.

e The third difference that is present in both is dataset is the number of microphone we
have. In the REVERB dataset we have 8 channel audio file is there. Whereas in CHiME

we have 6 channel audio file is there.

e The fourth difference between both the dataset is arrangement or geometry of micro-
phones. In the REVERB dataset, circular array of omnidirectional microphone with
diameter of 20 c¢m is being used. Whereas in the CHiME dataset, all microphone face
forward (i.e. toward the speaker holding the tablet) apart form the top-center micro-

phone(mic 2) which is faces backwards.

3.5 Summary

In summary, we have proposed an unsupervised mask estimation approach for the GEV beam-
forming. The mask estimation is based on the joint estimation of the late reverberation compo-
nent and a spatial filter that performs the beamforming to identify the clean source signal. This

estimation is based on a maximum likelihood framework in a multi-channel linear prediction
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setting. The estimate of the clean source signal is used in the neural mask estimator to generate
the speech presence probability which is in turn used in the generalized eigen value beamform-
ing. Several ASR experiments on the CHiME-3 and the Reverb Challenge datasets confirm
that the proposed approach of unsupervised mask estimation achieves performance similar to

the supervised oracle mask estimation using paired clean and noisy audio recordings.
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Chapter 4

Complex Mask Estimation

4.1 Introduction

Deep Learning has seen a huge interest and change in past decade, however major deep learning
models rarely use complex numbers. This problem is especially important for speech commu-
nity because the audio data that we handle is naturally complex valued after we do spectral
decomposition of audio. In the previous chapter, we have trained our NN mask estimator using
the real data. However recently the Transformer [25] was presented as new sequence learning
architecture with significant improvements over RNNs in machine translation and many other
natural language processing tasks. The transformer uses the attention mechanism to compute
the symbol-by-symbol correlations in parallel, over the entire input sequence such that we can
find the similarity or dependence of symbol over the other symbol over the time.

There are mainly two reason for using Transformer in this section as our architecture com-
pare to any sequential neural network. First the Transformer can process an input sequence
in parallel, which can significantly reduce training and inference times. And the second reason
is somewhat important i.e if we take any sequential network even LSTM or GRU which claim
to have long term dependencies, in practical scenario the history that they can look backward
is still limited and it is difficult to learn long-range dependencies between symbols. However
Transformer has resolved this issue with the self attention mechanism and can even model those

long term dependencies.
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4.2 Complex Transformer Based Architecture

The model architecture that we use is proposed in the paper [26] and shown in figure 4.1.
The complex transformer architecture for mask estimation unlike the previous section mask
estimation(Bi-LSTM based) takes two inputs that is one input represent the real part of the
input STFTs and other input represent the imaginary part of the input STFTs. The network
inputs, ¥,* and Y;*, are the real and imaginary parts of the input noisy spectrum. However unlike
the normal Transformer which has encoder and decoder architecture, in our mask estimation
process we consider only the encoder part to predict the speech and noise mask.

Also unlike the paper [26], where they will spit out two output, one output represent the real
part of speech and other output imaginary part of speech, in our architecture we concatenate
those real and imaginary mask and than pass it through a linear layer and sigmoid non linearity
to convert to a single speech presence probability mask and the same procedure is done for
getting the noise presence probability mask. After getting those estimated mask for training
we compare them with ideal speech and noise mask similar to what we have done in the

previous section. The loss function that is used for training the model is binary cross entropy
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Figure 4.2: Block Diagram of Gaussian weighted based self attention

and optimizer that is being used is Adam. Also unlike the NLP, the speech data that we deal
is highly correlated with the closer components. Keeping this thing in mind, as mentioned in
the paper [26] a positional encoding is required to penalize attention weights according to the
acoustic signal characteristics, such that less attention is provided to more distant symbols.
This is similar to idea of relative attention that is first used in paper [27] and will be described

in detail in the next section.
4.2.0.1 GSA: Gaussian-weighted Self-Attention

As mentioned in the previous paragraph to apply relative attention we have used the Gaussian
weighted mask with the learn-able variance as shown in the figure 4.2 where B,T and D are
the batch size,sequence length and input dimension. £ is the number of self attention units.
Since we are using a complex architecture there is little bit difference compare to conventional
transformer.

When we compute the query matrix Q = XWgq, the key matrix K = XWyg and the value
matrix V = XWy ,the Q,K, and V are complex values and the complex attention as mentioned

in paper [28] is given by:
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QKTV = (XWq)(XWgk)'(XWy)
= (AWq +iBWq)(WgAT +iWLBT)(AWy + iBWy)
= (AWQWEATBWy - AWQWEBTBWy,
~BWQWRATBWy - BWoWEBTAWY)
+ i(AWQWgAT BWy + AWQWEBTAWY,
+BWQWEATAWY - BWoWEBTBWY)
= A +iB

where A" and B’ represent the real and the imaginary part of the complex attention result
respectively. The tensors Wq,Wgk and Wy, are the learn-able parameters
Now to apply the relative multi head attention, the Gaussian Mask or Gaussian weighting
matrix is applied to the score matrix, which is computed from the key and query matrix
multiplication as follows:
Q' (K)*

where 1 represents the hidden layer output, where the Gaussian Matrix in a simple term
is nothing but a Hermitian matrix where the entries of vary like a Gaussian distribution with
mean zero and variance o, which is also the learn-able parameter, initialised randomly. Each

—(i—9)*
o2

entry of a Gaussian matrix is given by exp( ), where ¢ represent the target frame index
and and j represent the context frame index. The diagonal term will always be 1 and the value
of non diagonal elements vary depending upon the value of ¢ i.e. their values will vary inversely
proportional to the distance between the target and context frame therefore more importance
will be given to context compare to far away speech in the acoustic data. Also the absolute
value of the score matrix should be considers, as this imply that negative correlations are as
important as the positive correlation and we are looking at the both side of the target frame
with equal importance.

After applying with Gaussian weight matrix,as shown in the figure it is passed through the

softmax non linearity and than multiplied with the value matrix .
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4.3 Experiments and Results

4.3.1 Mask Estimation

The experimental setup for all the experiments are as follows. A 512 point Short Time Fourier
Transform (STFT) of the multi-channel audio signal is computed jointly to form a 3 dimensional
(T'x M xF) tensor where length, height and width represents number of frequency bins F,
time frames 7" and number of channels M respectively. And similar to like unsupervised mask
estimation the targets are obtained by segregating voiced and unvoiced section in each frequency
bin, an ideal ratio mask (IRM) is estimated for the 3D input using the MCLP based beamformed
target [15].

The network architecture is as follows, we are using 6 encoder layer Transformer with 8
multi-head attention. In each encoder layer we have a self attention unit and a feed forward
network. As mentioned in the previous paragraph we have two input tensors to our transformer
network each of dimension (7'x M x F'), where one input represent the real part of the input and
other input represent the imaginary part of the input. After passing through the transformer
we will obtain two outputs, we will going to concatenate those tensors along columns such
that the dimension of concatenating tensor is (T'x M x2 % F'). Now this tensors is passed
through two independent linear layer network with sigmoid non linearity that will convert
these concatenated tensors into a size of (T'x M x F') tensor and output represent the speech
and noise mask respectively. The model is trained for 25 epochs using Adam as our optimiser.
The loss function that is being used is same as that used in previous chapter and that is binary
cross entropy. A dropout regularization is used with dropout parameter of 0.5 after every layer.
For training the model, the targets are derived from the audio beamformed using the method
of multi-channel linear prediction described in section 3.2. The speech and noise masks are
estimated using the model for all the channels jointly. A single speech mask and noise mask
(complimentary to the speech mask) are generated by taking the median of all the masks from
the multiple channels. The s xx and ‘i’vv are estimated and from those the beamformed STFT
is obtained which is then converted back to the audio signal using overlap synthesis. These

audio signals are converted to acoustic features for ASR training and testing.

4.3.2 ASR Setup

The ASR system uses filter-bank (FBANK) features that are 40 log-mel spectrogram features
extracted every 25ms windows with a shift of 10ms on multi-channel audio signals that are
enhanced with WPE [19]. We use the Kaldi toolkit [20] for deriving the senone alignments used

in the PyTorch deep learning framework. A hidden Markov model - Gaussian mixture model

27



0 1 2 3 4
TIME [in s]
Figure 4.3: Waveform of an audio after being applied Complex Mask estimation GEV Beam-

forming

B R T e T e - . e . T A e i e '
i o o ! . " R a, L b T ¥ 4
L o - g T ik v | 1 . i Ak o+ 1
5 = s - - 5k i = = ] '_-: 3‘."' A
- wla " | !_ !, -_ £ | L
T - - g = ¥ H
- 1 i |
= 2 4 o
= TR : :
= 2O R e | | —
= 3 - =0
— 1’ E ¥ ' -
= oas ] ® . "'
= - H 3 —3
1o o — " \
- o " w Ll — =
—_— = = ok X Pt
D= o i . - R - - res _=a
. ] - ol R iy S — i W, B T
= e = = -4 — Lo

TIME [im s1

Figure 4.4: Spectrogram of an audio after being applied Complex Mask estimation GEV Beam-
forming

(HMM-GMM) system is initially trained to generate the alignments. The acoustic model used
in this work is a convolutional long short term memory (CLSTM) model where the LSTM recurs
over frequency. The configuration of the CLSTM model is given in Table 3.1. A dropout of 20%
and batch normalization is used after every layer for regularization. For the ASR decoding,
an initial tri-gram model is used to generate a lattice rescored with a recurrent neural network
(RNN) [21]. The proposed method of beamforming using the psuedo mask estimates from a
multi-channel linear prediction based beamformer is compared with the beamforming using
delay-sum and Viterbi algorithm (Beamformlt [10]), a 3-D CNN based neural acoustic model
which jointly performs beamforming and ASR [22] and the generalized eigen-value (GEV) based

beamforming with supervised mask estimation on the simulated data [15].

4.3.3 Chime-3 Data

The CHiME-3 corpus for ASR contains multi-microphone tablet device recordings from every-
day environments, released as a part of 3rd CHiME challenge [23]. Four varied environments
are present, cafe (CAF), street junction (STR), public transport (BUS) and pedestrian area
(PED). For each environment, two types of noisy speech data are present, real and simulated.
The real data consists of 6-channel recordings of sentences from the WSJO corpus spoken in
the environments listed above. The simulated data was constructed by artificially mixing clean

utterances with environment noises. The training data has 1600 (real) noisy recordings and
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Table 4.1: Word Error Rate (%) for CHIME-3 dataset.

Traini ‘ Dev ‘ Eval
raining

‘ Real Sim Avg ‘ Real Sim Avg
BeamformlIt [10] 6.1 84 7.3 | 13.0 127 129
3-D CNN [22] 72 72 72 | 154 91 122
Sup. Out-of-dom. GEV 71 88 79 | 11.2 10.7 109
Unsup. MVDR 49 6.2 5.5 9.4 7.4 8.4
Unsup. GEV 4.9 5.8 5.3 | 9.0 7.3 8.1
Sup. oracle MVDR [17] 51 6.5 58 | 9.1 7.5 8.3
Sup. oracle GEV [15] 49 6.1 55| 94 7.2 8.3
Complex Transf. Unsup MVDR | 6.39 8.65 7.52 | 14.94 16.66 15.8
Complex Transf. Unsup GEV 6.23 848 7.35|14.62 16.29 15.45

7138 simulated noisy utterances. The development (dev) and evaluation (eval) data consists of
the 410 and 330 utterances respectively. For each set, the sentences are read by four different
talkers in the four CHIME-3 environments. This results in 1640 (410 x 4) and 1320 (330 x 4)
real development and evaluation utterances in total.

The results for the CHIME-3 ASR system with various beamforming methods are given in
Table 4.1.In the Table 4.1 we can see that the ASR results for Complex Transformer based

beamforming were worse than the baseline model i.e. unsupervised based GEV beamforming.

4.3.4 Reverb Data

The Reverb Challenge dataset [24] contains recordings with real and simulated reverberation
condition, recorded using 8 channels for the ASR task. The simulated data is comprised of rever-
berant utterances generated (from the WSJCAMO corpus) obtained by artificially convolving
clean WSJCAMO recordings with the measured room impulse responses (RIRs) and adding
noise at an SNR of 20 dB. The real data consists of utterances spoken by human speakers in
a noisy reverberant room, with utterances from the multi-channel Wall Street Journal audio-
visual (MC-WSJ-AV) corpus [3]. The training set consists of 7861 utterances (92 speakers) from
the clean WSJCAMO training data by convolving the clean utterances with 24 measured RIRs.
The development (Dev.) and evaluation (Eval.) datasets consists of 1663 (1484 simulated and
179 real) recordings and 2548 (2176 simulated and 372 real) recordings respectively. The Dev.
and Eval. datasets have 20 and 28 speakers respectively.

The ASR results for the various beamforming methods on the Reverb Challenge dataset

are shown in Table 4.2. As consistent with the CHiIME data here also the complex transformer
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Table 4.2: Word Error Rate (%) for REVERB Challenge dataset using various beamforming

methods.
Training ‘ Dev ‘ Eval

‘ Real Simu Avg ‘ Real Simu Avg
Beamformlt [10] 19.7 62 129 | 222 65 144
3-D CNN [22] 20.4 6.7 13.5 | 21.2 6.6 13.9
Unsup. MVDR 172 5.1 11.2 | 149 5.6 10.3
Unsup. GEV 156 56 10.6 | 13.5 5.3 9.4
Sup. oracle MVDR [17] 17.5 5.2 11.3 | 13.0 5.3 9.2
Sup. oracle GEV [15] 170 56 113 | 13.0 53 9.2
Complex Transf. Unsup MVDR [17] | 19.79 6.5 13.14 | 17.83 6.1  11.96
Complex Transf. Unsup GEV [15] 186 6.1 1235] 162 6.2 11.2

based beamforming on the basis of WER is performing not as good as our baseline that is

unsupervised mask estimation based beamforming. But when we have listened those audio we

found to perceive the audio beamformered by Complex Transformer Based mask estimation

to be better and that’s why compared both the audio with some other parameters also like
PESQ(Perceptual Evaluation of Speech Quality), SRMR(Speech-to-Reverberation modulation
energy ratio ) and MUSHRA (MUltiple Stimuli with Hidden Reference and Anchor) AB Tests.
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Table 4.3: PESQ Score for REVERB Challenge dataset using various beamforming methods.

Traini ‘ Dev ‘ Eval

raining S B
Beamformlt [10] 3.07 3.075
MCLP based Beamforming [4] | 3.32 3.3
Unsup. MVDR 3.05 3

Unsup. GEV 296 291
Complex Transf. Unsup MVDR | 3.12 3.1
Complex Transf. Unsup GEV 3.12 3.13

Table 4.4: SRMR Scores for REVERB Challenge dataset using various beamforming methods.

Traini ‘ Dev ‘ Eval
raining

‘ Real Simu Avg ‘ Real Simu Avg
Beamformlt [10] 5 377 438 | 5.07 273 3.90
MCLP based Beamforming [4] | 6.12 4.74 543 | 531 4.88 5.09
Unsup. MVDR 6.4 4.65 5525|541 49 515
Unsup. GEV 5.68 4.46 5.07 | 5.02 45 4.76
Complex Transf. Unsup MVDR | 6.6 4.83 5.71 | 5.6 4.94 5.27
Complex Transf. Unsup GEV 6.45 4.66 5.55 | 5.4 4.89 5.27

Where Perceptual Evaluation of Speech Quality (PESQ) is a family of standards comprising
a test methodology for automated assessment of the speech quality as experienced by a user
of a telephony system. It is standardized as ITU-T recommendation P.862 (02/01). In the
table 4.3, we have compared the audio beam formed by our proposed approach that is Complex
Transformer based beamforming to the unsupervised mask estimation based beamforming, and
other commonly used beam formed method. In the table 4.3, the MCLP based beamforming
[4] was the highest PESQ score. Also our proposed method improves the PESQ score over the
unsupervised neural mask estimation based beamforming.

To solidify our statement we have also performer SRMR evaluation on our data which have
been beamformed by the proposed method and there also we have seen consistency of results
as seen in PESQ evaluation. Compared to beamformit both our method gave better results in
terms of SRMR metric and if we compare results between the unsupervised mask estimation

based beamforming and Complex transformer based beamforming, the later performed better.
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Table 4.5: MUSHRA Scores for REVERB Challenge dataset(in percent)
‘ Dev ‘ Eval

| REAL SIMU | REAL SIMU
Complex Transf. Unsup GEV(A audio) | 67.18 93.75 81.25  79.68

Training

Unsup. GEV(B audio) 3281  6.25 18.75  20.31
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Figure 4.7: These are REVERB-14 MUSHRA AB test percentage graph where red bar indicate
audio A (Complex architecture beamformed audio) and blue bar indicate Audio B(Unsupervised
Baselin model) (a)topmost left-dev real,(b)topmost right-dev simu,(c)bottom most left-eval
real,(d)bottom right-eval simu

4.3.5 MUSHRA (MUltiple Stimuli with Hidden) AB Test

In this section we report the results of subjective evaluation done on our audios beam formed
by Unsupervised Mask Estimation method v/s Complex Mask Estimation Method. For that
we have employed/conducted the MUSHRA ((MUlItiple Stimuli with Hidden) AB Test that was
published by ITU-R Recommendations BS.1534-2 [29]. In the MUSHRA AB test, the test
subject is asked to listen two audios and he/she has to select that audio which he/she considers
to be comparatively cleaner than the other one. In setting up the experiment, we have hosted
the site using the google cloud platform.

1

Now if we talk about the analysis of the results in this experiments 8 people had participated,

and they were asked to perform a listening test of around 10 minutes where they were asked

Hor the link of the experiment : http://rohit-ab.el.r.appspot.com/
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Table 4.6: MUSHRA Scores for CHIME-3 Challenge dataset(in percent)

. ‘ Dev ‘ Eval
Training
| REAL SIMU | REAL SIMU
Complex Transf. Unsup GEV(A audio) | 40.62  4.68 26.56  10.93
Unsup. GEV(B audio) 29.37  95.31 73.43  89.06
100 p = difference
N Audio A 100 -
80 p = difference = audio B = Audio A
@ 80 - mmm Audio B
— Audio A Audioc B Audlo: - dlfferenizdlo B
p = difference N Audio A 100 T T )
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Figure 4.8: These are CHIME-3 MUSHRA AB test percentage graph where red bar indicate
audio A (Complex architecture beamformed audio) and blue bar indicate Audio B(Unsupervised
Baselin model)(a)topmost left-dev real,(b)topmost right-dev simu,(c)bottom most left-eval
real,(d)bottom right-eval simu

to listen to the audios from both CHiME-3 dataset and REVERB-14 dataset. The experiment
was designed such that a listener will be asked to listen every possible condition that exist in
both dataset. Also this point is kept in mind that in stimuli there will be no skewness/biasness
present towards one gender.

The results of REVERB-14 and CHiME-3 challenge result are given in the Table 4.5 and 4.6
respectively. And in the figure 4.3 and fig 4.4 we can see the percentage representation of the
results. In the REVERB-14 dataset, the audio which are beamformed by the mask estimated
through complex architecture (Audio A) gave far more better results compare to the mask that
has been estimated by the unsupervised mask estimation algorithm (Audio B). However in the
CHIME dataset, the result are totally different, in CHiME-3 unsupervised mask estimation is
performing far better than the complex mask estimation algorithm. And this actually agrees
with the ASR results where the the difference between the ASR results of both the results differ
by 8% to 9%.
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Chapter 5

Summary and Future Extension

5.0.1 Summary

The following are the novel contributions from the current work,

e The conventional state of the art neural mask estimator, as discussed require clean target
audio to train the model, In chapter 4 we have proposed an unsupervised mask estimation

approach for the GEV beamforming.

e The mask estimation is based on the joint estimation of the late reverberation component
and a spatial filter that performs the beamforming to identify the clean source signal.
This estimation is based on a maximum likelihood framework in a multi-channel linear

prediction setting.

e The estimate of the clean source signal is used in the neural mask estimator to gener-
ate the speech presence probability which is in turn used in the generalized eigen value

beamforming.

e For showing the effectiveness of our proposed approach, we have performed several ASR
experiments on the CHiME-3 and the Reverb Challenge datasets. . This confirms that
the proposed approach of unsupervised mask estimation achieves performance similar to

the supervised oracle mask estimation using paired clean and noisy audio recordings.

e In the chapter 5, we have proposed a novel method to generate the unsupervised mask by
considering the complex data. Several experiments are performed to show the effectiveness

of the proposed approach.
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e We have also conducted one listening test, to show that beamforming done by considering

the method propsed in chapter 5, will give is better quality audio.

5.0.2 Future Work

e Till now we have trained the beamforming model separately and ASR model separately,
the main our objective would be now to train both the model jointly, i.e now we will do

beamforming keeping the objective of ASR i,e to reduce the WER(word error rate).

e Train the complex mask estimation model with different loss function. Also to tune the
hyper parameter of the model like learning rate,or number of hidden layer or changing

the number of heads to see if we can get some better quality mask.

e The idea of using Gaussian Mask in Chapter 4 incorporates the relative attention idea in
the Transformer architecture. This idea was proposed in [27]. Therefore we can try other
relative attention ideas here or can use this same architecture but different distribution

like student’s t distribution.

e Also till now all the masks are being estimated independently of each other, in the future
work this can also be done that to estimate a single mask jointly by seeing all the multi-

channel data.
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