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End-to-End Dereverberation, Beamforming, and
Speech Recognition 1in a Cocktail Party

Wangyou Zhang

Shinji Watanabe

Abstract—Far-field multi-speaker automatic speech recognition
(ASR) has drawn increasing attention in recent years. Most existing
methods feature a signal processing frontend and an ASR backend.
In realistic scenarios, these modules are usually trained separately
or progressively, which suffers from either inter-module mismatch
or a complicated training process. In this paper, we propose an
end-to-end multi-channel model that jointly optimizes the speech
enhancement (including speech dereverberation, denoising, and
separation) frontend and the ASR backend as a single system. To
the best of our knowledge, this is the first work that proposes to
optimize dereverberation, beamforming, and multi-speaker ASR
in a fully end-to-end manner. The frontend module consists of
a weighted prediction error (WPE) based submodule for dere-
verberation and a neural beamformer for denoising and speech
separation. For the backend, we adopt a widely used end-to-end
(E2E) ASR architecture. It is worth noting that the entire model is
differentiable and can be optimized in a fully end-to-end manner us-
ing only the ASR criterion, without the need of parallel signal-level
labels. We evaluate the proposed model on several multi-speaker
benchmark datasets, and experimental results show that the fully
E2E ASR model can achieve competitive performance on both noisy
and reverberant conditions, with over 30 % relative word error rate
(WER) reduction over the single-channel baseline systems.

Index Terms—End-to-end, dereverberation,
speech separation, multi-talker speech recognition.

beamforming,

1. INTRODUCTION

N RECENT years, with the rapid development of deep
learning, much progress has been achieved in single-speaker
automatic speech recognition (ASR), even with performance
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on a par with humans [1], [2]. However, there still remains
a large performance gap between single-speaker and multi-
speaker conditions [3], [4]. Recently, more and more researchers
have drawn their interest in tackling the multi-speaker speech
recognition problem in the so-called cocktail party scenario [5],
where multiple sound sources coexist with the presence of
noise and reverberation. It is much more challenging than in
clean and anechoic conditions, and the ASR performance on the
multi-speaker overlapped speech is still far from satisfactory.

While existing multi-speaker ASR methods can be catego-
rized into single-channel and multi-channel, we focus on the
latter one in this paper because additional spatial information
can be leveraged to boost the performance. One straightforward
way is to directly extend the single-channel approaches [3], [6],
[7], [8] by incorporating the spatial feature into the original
architecture [9], [10]. Another widely adopted method is known
as the neural beamformer [11], [12], which integrates deep
learning based approaches into the conventional beamform-
ing [13] module. The neural beamformer is often favored for
its good compatibility with the downstream ASR task, as it
explicitly constrains the distortion of the desired signal and thus
enjoys better generalizability in unseen conditions. The neural
beamformer and ASR models are usually trained with separate
losses [14] or in a progressive manner [15] with warm-start.

More recently, there has been increasing interest in end-to-end
(E2E) training of neural beamformer based frontend and ASR
backend modules, which solely uses the final ASR loss to
optimize the entire system. This type of training scheme can
naturally work around the limitations of the aforementioned
separate or progressive training schemes, where parallel clean
reference signals are required in the training stage. However,
existing research on E2E training of frontend and backend
modules either only focuses on single-speaker scenarios [16],
[17],[18], [19], [20] or mainly considers anechoic and noise-free
conditions [21], [22]. Thus, it is still unclear whether the fully
E2E training is feasible in more realistic environments such as
the cocktail party scenario where background noise, reverbera-
tion, and interference speakers are present.

In this paper, we aim to fill this gap and provide more insights
into the practical issues when applying E2E training in noisy
and reverberant multi-speaker conditions. We extend the prior
study on this problem and investigate the effectiveness of the
proposed methods in various conditions. The main novelties of
this paper are summarized below:

1) Thisis the first work that proposes an E2E dereverberation,
beamforming, and multi-speaker ASR model, which can
be trained in a fully E2E manner, with only the ASR
criterion.
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See https://www.ieee.org/publications/rights/index.html for more information.
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2) We analyze the numerical instability issue in the frontend,
which often impedes the success of E2E training of the
proposed model. We propose to apply several techniques
to greatly improve the numerical stability and system
performance.

3) We investigate the frequency permutation problem under
the E2E framework, and propose a 1-D mask approach
and a frequency permutation adjustment strategy to sig-
nificantly mitigate this problem.

4) We present an extensive evaluation of the proposed model
on several multi-speaker benchmark datasets, includ-
ing spatialized WSJO-2mix [23], SMS-WSIJ [24], and
WHAMR! [25].

5) We propose several strategies to facilitate E2E training:
multi-condition training, channel sampling, and approxi-
mated truncated back-propagation through time.

6) We compare three different training schemes of the pro-
posed model, i.e., fully E2E training, multi-task learning,
and independent training of different modules.

This paper is an extension of our previous work [26], [27],
which proposes and improves the E2E model for joint dere-
verberation, beamforming, and speech recognition in the multi-
speaker scenario. In this paper, we first summarize the above
efforts in a unified model with a tight and consistent formu-
lation. Then several new training strategies are proposed to
facilitate E2E training of the proposed model. In addition, more
detailed experimental results and analyses are given. We extend
the evaluation in the previous work [26], [27] from noise-free
conditions to more realistic scenarios with background noise,
and conduct extensive experiments on several multi-speaker
benchmark datasets. Furthermore, thanks to the flexibility of
the proposed model that allows using different training schemes,
we compare the proposed fully E2E training scheme with other
commonly adopted training schemes. The results on several
multi-speaker benchmark datasets show that our proposed model
can be easily adapted to different scenarios with a competitive
performance.

II. SIGNAL MODEL AND PROBLEM DEFINITION

In this paper, we focus on the speech recognition problem in
the multi-channel multi-speaker scenario. In noisy conditions,
we assume the observed signal y € R is composed of speech
signals x’ from J different speakers and the background noise
n. C is the number of channels, and the superscript j denotes
the j-th speaker. In the short-time Fourier transform (STFT)
domain, the signal model is written as:

J J
Yo =YX+ N =Y (x .3 +X<f)J)+fo, (1)
j=1

Jj=1

where the subscripts ¢ and f denote the indices of time frames
and frequency bins, respectively. Y& CT*FxC X e CT*FxC|
and Ne CT*F*C represent the spectrum of the observed signal,
speech signal, and background noise, respectively. Inreverberant
conditions, the speech component X’ € CC is further decom-

posed into an “early” part X(d)’] and a “late” part Xir)};],

shown in (1). The “early” 51gnal X(d) 7 includes the direct path
signal and early-arriving reflection of the j-th speaker, and the
“late” signal X )f] denotes the late reverberation. Assume the
room 1mpulse response (RIR) is longer than the STFT analysis
window, the “early” and “late” signals are often defined as
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follows [28]:

A—1

X =S"al 57 ~visi ec?, @
=0

X7 = Z al ;5] ece,

where a’, € CF«*¢ is the convolutional acoustic transfer func-
tion (ATF) from the j-th speaker to all microphones, and the
subscript 7 denotes taking the 7-th frame from each ATF whose
total length is L,. A > 0 is the frame index in ATF from which
on it is regarded to contribute to the late reverberation. S]
denotes the clean source signal of the j-th speaker. In (i) the

“early” signal is often simplified as the product of the source
signal SJ and the corresponding steering vector v/, € C,
based on the multiplicative transfer function approximation [29].
In the following discussion, we normalize the steering vector
w.r.t. the reference channel, and refer to it as the relative transfer
function (RTF).

Given the above signal model, the goal of multi-talker derever-

beration and separation is to estimate the “early” signal X(d) I

of each speaker j, while eliminating the late reverberation Xir)fj ,

interference speakers Zi# y Xi’ 7> and background noise Nz
Finally, the goal of multi-talker speech recognition is to generate
the transcript corresponding to each speaker from the frontend
output.

III. E2E DEREVERBERATION, BEAMFORMING, AND
MULTI-TALKER ASR

In this section, we first introduce the proposed differentiable
E2E multi-channel model for joint speech enhancement (in-
cluding speech dereverberation, denoising, and separation) and
multi-speaker speech recognition. Then, we analyze the well-
known numerical instability issue in the frontend processing
and propose several techniques to alleviate this issue. Moreover,
we revisit the frequency permutation problem under the E2E
framework and propose a 1-D voice activity detection (VAD)-
like mask as well as a frequency permutation adjustment strategy
as aremedy. Moreover, we propose several strategies to facilitate
E2E training. Finally, the relationship between different training
schemes is discussed.

A. The Proposed E2E Multi-Channel Multi-Talker Model

Fig. 1 shows the overview of the proposed model. It is mainly
composed of two cascaded modules: (1) the speech enhancement
frontend for dereverberation, denoising, and speech separation;
(2) the speech recognition backend for multi-talker ASR. The
multi-channel input signal Y is first processed by the frontend
module to generate separated signals {XJ ; for all speakers
je€{1,2,...,J}. Each separated stream 1s then fed into the
multi-talker ASR backend separately to obtain the respective
transcript. The feature extraction block bridges the two modules
and makes the entire model fully differentiable, which enables
E2E training of the whole system.

B. Speech Enhancement Frontend

The speech enhancement (SE) frontend consists of two main
submodules: dereverberation and separation. Both submodules
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while non-learnable modules are depicted as . The annotated variables in the figure are: (1) estimated masks {Mﬂ;,pe } 3.]:1

masks {Mgf_S } 3’: 1 and noise masks {Mﬁf_N } 3]:1
{Xj }J 1 after beamforming. (5) extracted features {07 }‘7
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Proposed E2E multi-channel model for joint dereverberation, beamforming, and multi-talker speech recognition. Learnable modules are depicted as [,

for WPE. (2) estimated target speech
, with respect to each speaker j. @ separated signals

1- @ CTC losses{L! for all

Cle 1

possible permutations of the separated streams and labels. (8) encoder representations { HY }J , rearranged according to the be@t permutation obtained from the

permutation solver. (9) attention-decoder losses { £ tt} G=1-

are based on the conventional signal processing approaches [13],
[28], [30], which have been shown to yield low-distortion out-
puts [31] that are beneficial to both perceptual listening qual-
ity [32], [33] and the downstream speech recognition task [11],
[12], [33], [34], [35], [36], [37]. More specifically, the dere-
verberation submodule is based on the weighted prediction
error (WPE) algorithm [30], and the separation submodule is
based on the beamforming technique [11], [12], [13], including
minimum variance distortionless response (MVDR) [38], min-
imum power distortionless response (MPDR) [39] beamformer
and the recently proposed convolutional beamformers (WMPDR
and WPD) [40], [41], [42], [43], [44]. Both submodules rely on
a neural network, MaskNet, to estimate masks for calculating
the required statistics, e.g., the correlation matrix and vector for
WPE and the cross-channel power spectral density (PSD) matri-
ces for beamforming. The former is previously known as DNN-
WPE [45] in the context of single-speaker speech enhancement,
and the latter is usually called a neural beamformer [11], [12].
For the cascade order of the two submodules, we opt to perform
WPE-based dereverberation before beamforming, which has
proven to be effective in various prior works [41], [46].

The detailed speech enhancement procedure (left part in
Fig. 1) is described as follows. The input signal Y is first fed
into MaskNet to obtain the masks for frontend processing:!

“)

wpe?

J
{™my beS,beN}H — MaskNet(Y),

where M@pe € RT*FxC denotes the corresponding mask of the

j-thspeaker for WPE. M/ ¢ € RT*F*Cand M, € RT*F*C
denote the target speech and noise masks w.r.t. the j-th speaker
respectively for beamforming. Note that all masks used in
this paper are magnitude-only masks, and the investigation of
complex-valued masks is left for future work. F' is the total
number of frequency bins. It is worth noting that in the imple-
mentation of MaskNet, the masks are estimated for each input
channel independently, which naturally allows processing a
varying number of input channels with different array ge-
ometries. After mask estimation, the single-target WPE filter

)€ COKXC s estimated separately for each speaker j fol-

lowing (6)—(8) in [47], while the time-varying variance for each

! Another possible design is using two separate DNNs for WPE and beam-
forming mask estimation, respectively, which has been discussed in our previous
work [27]. Here, we followed the single MaskNet design to simplify the
discussion.

speaker j is replaced with

C
j 1 waet fc

A
tf =
C(’ 127’ 1

where subscripts ¢, f, ¢ denote taking the element of the ¢-th
frame, f-th frequency bin, and c-th channel in a variable. The
summation in the denominator normalizes the WPE mask along
the time frame dimension. Note that different from the iterative
process usually used in conventional WPE, the mask-based
DNN-WPE can be applied with a single pass given the accurate
mask estimation from MaskNet. The dereverberated signal

Yid}’j for each speaker j is then obtained:

Yirel> €R, (5

Wpe T, f,c

. : 2 \H .
YO —y, ;- (W;) Yea; €C°, 6)
where (N) denotes the stacked representations of a variable,
eg, YAy = [Y;I——A,f7Y;r—(A+1),f’ R YI—(K-&-A—l),f]T €
CCK,

Meanwhile, the beamforming filter of various beamformer
types can be also estimated for each speaker j based on the
following unified formulas:

(19) ®0} W% [wioRTE]  (7)
WX’j . Trace[(@ly’;) P’ }]
T (2(7) v} /RTF] (8
ey v R
where P f. and P fl are different covariance matrices de-

fined by the specific beamformer type X € {MVDR, MPDR,
wMPDR, WPD?}. (-)* denotes complex conjugate. u” is a

one-hot reference channel selection vector. vjf’] is the RTF

vector. The beamformer filter w'} ¥ for a specific beamformer
type X’ can be formulated either dependent on the RTF [(8)] or
based on the reference channel selection [(7)]. The definition of
the beamformer-specific variables in (7)—(8) is summarized in
Table I.

More specifically, $7 € CE*C and ®{, ,€ C* in Table I
are the speech and noise PSD matnces ‘of the j-th source,

2Note that the WPE submodule in Fig. 1 is unused for the WPD beamformer,
as it is implicitly included inside the beamformer design.
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TABLE I
DEFINITION OF VARIABLES IN (7)—(19) FOR DIFFERENT BEAMFORMER TYPES

Beamformer Type X' ‘ @f}ﬂ @;‘; u® v;(’j Yf f7
MVDR ®{ ;: Eq. (10) _ v o
MPDR B0 =(1/T) %, [Yei Y] @4, Eq. 9) u v}: Egs. (13)~(16) Y'}: Eq. (6)
WwMPDR ®} ,: Eq. (11)
R/ I = T T iT T3 T T i
WPD ‘ R: Eq. (17) ®] Eq. (18) u= {u 0, ‘0] vi = [(vf) [0, 70] Yo, = Yt‘f,Yt_A,f]
respectively: 5 _ (I)é,f 0 ¢ OO )
T (5O @i (g@i)" ST 1o o '
@j Zt:l Ec:l bf-S,t, f,c t,f t,f (9)
CR I T C i ) . S . )
thl 20:1 Méhs’t’ﬁc The final enhanced signal th is obtained as follows:
, . A\ H . NH
T c YAONNEVIOR J X,j X,j
; Dot (et Mienape ) Yo7 (Yo Xir= (Wf ) Y,; eC. (19)
J o= . (10)

N,f — T C j
Zt:l Zc:l Mgf—N,t,f,c

@g_ 7 in the wWMPDR beamformer is the power-normalized PSD
matrix, which can be estimated based on (5)—(6):

. A\ H
(). (7 (D)
j 1 Yeg (Yt,f )
=7 >
t=1

Mg
To estimate the RTF vector v , we adopt the covariance whiten-
ing based RTF estimation approach [48]:

€ CoxC . (11)

. . . -1 .
\Afjl:@{\wMaingVec{(@f\l,f) @;74 ec, (12

where MaxEigVec[] calculates the principal eigenvector of a
complex matrix. Based on our preliminary experiments [26],
[27], we resort to the power iteration method [49], which has
proven to have high convergence speed while providing ac-
curate RTF estimation [50], for approximating the eigenvalue

decomposition result. Letting Dgc = (®% ;) '@ ;- the detailed
procedure can be formulated as follows:
Step 1) initialize: Vi u, (13)
Step 2) iterate for p times: \Afjc — D?c{r} , (14)
Step 3) estimate ATF:* V) BV (15)
Step 4) calculate RTF: \7? “— \7; / @3}’“ , (16)

where Steps 1), 2) correspond to the power iteration algorithm
for approximating the MaxEigVec|[-] operation in (12). The RTF
\7; is initialized in Step 1) as a one-hot vector u € R with the
b-th element being 1. p is the number of iterations.

For the weighted power minimization distortionless response
(WPD) beamformer [26], [40], Ri‘ and ®s ; in Table I are
respectively the stacked power-normalized PSD matrix and
zero-padded speech PSD matrix:

1 T
Rj==>

t=1

YerYi

€ COK+DxC(K+1)
A ’
tf

A7)

3The estimated ATF in this step has the scale ambiguity problem, which is
later solved in Step 4) by normalizing w.r.t. the reference channel.

The above process in the frontend is fully differentiable while
only involving elementary operations such as matrix multipli-
cation and inverse. It can be thus easily implemented in various
deep learning frameworks as long as the gradient support for
these elementary operations is available.

C. Speech Recognition Backend

Since the frontend output {XJ 3’:1 is the time-frequency

spectrum, we can directly calculate ASR features based on it:

0/ = MVN-LMF (\Xi \) e RT*D (20)
where MVN-LMF (-) denotes calculating the log Mel-filterbank
coefficients with mean and variance normalization. D is the
feature dimension.

We adopt the joint connectionist temporal classifica-
tion (CTC)/attention-based encoder-decoder [51] as the ASR
backend. As shown in Fig. 1, it consists of three main sub-
modules: encoder, CTC, and decoder. All submodules are
shared when processing different separated streams. Firstly,
the encoder transforms the speech feature O = [o07, ..., 07"
of each speaker j into a high-level representation H’ =
[hi,...,h},|T € RT*P (T’ < T) with subsampling along the
time frame dimension. Then, each representation is fed into
the CTC submodule individually to calculate the pair-wise
loss between the CTC predictions and labels. Note that when
multiple speakers are present (J > 2), the well-known label
ambiguity problem [52], [53] arises. Here, we adopt the widely
used permutation invariant training (PIT) [53], [54] approach
as the permutation solver. That is, the final permutation 7 of
the separated streams is determined by enumerating all possible
permutations and finding the optimal permutation that leads to
the smallest CTC loss of all speakers:

T = arg minzj: Lossc (CTC (H’T(j)> 7Rj) , 21)
=1

TEP

where P is the set of all possible permutations on {1,...,J},

and 7(j) is the permutation for the j-th separated stream.
R/ = [r!,...,r}]7 is the reference token sequence for the j-th
speaker, and L is the sequence length. The encoder represen-
tations are then rearranged into HY = H*() based on the best
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permutation 7, and fed into the decoder:

¢/ = Attention ( e 1, Hj) (22)
e), = Update(e], 1, ¢}, 1,8, 1), (23)
it~ Decoder( n,f’i 1) , (24)

where #7 is the generated output token at the n-th decoding step,
with R7 = [rl, ..., 1717 the final decoding output. ¢/, denotes
the context vector obtained from the attention mechanism. e/, is
the decoder hidden state. During training, we adopt the teacher-
forcing strategy by replacing the history 1nf0rmat10n‘f'ﬁk
(23) and (24) with the corresponding reference label r?,
The final loss function L. for optimizing the entire system
is defined as the combination of two ASR objective functions:

1 in

LeZe - CV»Cctc + (]- - a)»calt 5 (25)
J
Loe = Z Ll = ZLossctC (CTC (ﬂ]) ,Rj) , (20)
j=1
J A
Lut = Z Lh =Y Lossa (RY,R) | @7)
j=1

where 0 < o < 1is the interpolation factor. While both frontend
and ASR backend are optimized solely based on the above ASR
loss, it can be shown later in Section V that this fully E2E training
scheme can effectively achieve both decent SE performance and
strong ASR performance.

D. Attacking the Numerical Instability Issue

In the frontend module, the numerical instability issue [55]
has been a well-known problem, which often leads to degraded
performance or even failure in speech enhancement. This prob-
lem is especially important in the proposed fully E2E approach.
Since no explicit signal-level supervision is provided to guide
the training of the frontend module, the numerical instability
issue would be a major obstacle that prevents the entire system
from being well-trained.

The numerical problem in WPE and beamforming gener-
ally originates from the complex operations involved in both
algorithms, which can be sensitive to the data involved in the
operation. For example, the complex matrix inverse is a typical
cause of instability, which is prone to large numerical errors
when the processed matrix is ill-conditioned or even singular.
Such behaviors are particularly undesirable in the joint training
with ASR [19], [56], because they can easily cause not-a-number
(NaN) gradients in the backward process, which fail to back-
propagate correctly and even lead to poor convergence of the
entire model [26]. Therefore, in order to improve the numerical
stability, we propose to apply the following four complementary
approaches to both WPE and beamforming submodules:

1) Diagonal loading: Diagonal loading [57], [58] is one of
the most widely used regularization techniques in conventional
beamforming for improving the robustness and numerical sta-
bility. It is proven in Chapter 6.6.4 of [39] that diagonally
loading the PSD matrix can be regarded as enforcing a quadratic
constraint on the MVDR/MPDR beamformer that the norm of
the beamformer filter ||W J Hz is bounded by a constant, which
improves the robustness against array perturbations. While there
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exist various approaches to determining the diagonal loading for
specific beamformers [59], [60], we found the following simple
strategy is sufficiently working:

&' = P + ¢ Trace(®)I, (28)

where ® is any Hermitian matrix to be diagonally loaded. I is
an identity matrix with the same dimension as ®. ¢ is a tiny
constant that controls the relative loading level. Note that too
large € will diminish the ability of beamforming to null the weak
interference with power less than the loading level. The trace of
@ is multiplied in the loading term to make it adaptive to the
signal level for better stabilization.

2) Mask flooring: As described in Section III-B, in our
proposed frontend, the matrix inverse operation is applied to
a cross-channel PSD matrix such as (7)—(8), which is often
obtained based on the estimated masks as in (9)—(10). Therefore,
the masks play an important role in improving the numerical
stability in the frontend. In our preliminary experiments, it is
noticed that the MaskNet can sometimes generate sparse or
spiky mask values along certain frequency bins, especially in
the early training stage. That means, the MaskNet assigns large
weights (close to 1) to only a few most relevant time-frequency
bins, and tiny weights (close to 0) to the remaining ones. Taking
(10) as an example, the resulting PSD matrix @] , which can be
approximated as the weighted sum of d rank- 1 matnces with d
being a small digit, is likely to be ill-conditioned. Consequently,
the WPE/beamforming operation in those frequency bins be-
comes unstable and may fail frequently. In order to alleviate this
problem, we propose to apply a mask flooring operation to the
estimated masks from (4):

M = Maximum(M, ¢),, (29)
where M € {Mpe, Mg, M7, }, and M is the floored mask.
¢ is a constant flooring factor. The operator Maximum(-, -)
finds the element-wise maximum between two inputs. As a
result, more snapshots of the observation are used (with nonzero
weights) in the PSD matrix estimation. The intuition behind this
operation is that enough mask values have to be nonzero to
overwrite the effect of the constant flooring value. Therefore,
MaskNet is prevented from learning very sparse or spiky
masks, and the stability is potentially improved.

3) More stable complex matrix operation: There is a rich
literature [61], [62], [63] in approximating the complex ma-
trix inverse using only basic matrix operations. In our initial
work [26], we adopted the algorithm in Section 4.3 of [62], which
tries to find a factor to construct an invertible real matrix based
on the original complex matrix, thus converting the complex
matrix inversion into some real matrix operations. However, the
success of this algorithm highly depends on the selection of
the factor, which can fail in a limited number of trials. Here,
a more stable matrix inverse algorithm [61] is implemented,
which converts the complex matrix inverse ® ' € C™*™ into
the inverse of a real matrix Z € R?>™*2™_ By replacing each
complex matrix with the sum of its real and imaginary parts, the
following equation

o' =1 (30)
becomes

(R{®} +iZ{®}) (R{® '} +iZ{® '})=I+i0, (3D

where R{-} and Z{-} denote the real and imaginary parts of
a complex matrix. Thus, the solution to the above equation is
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Fig. 2. Frequency permutation problem in the output of the E2E trained
frontend. This sample is randomly selected from the evaluation set of spatialized
WSJ1-2mix [21], where the energy ratio between speaker 1 and speaker 2 is
-4 dB. (a) and (b) correspond to the separated signals of T-F mask-based beam-
forming. (c) and (d) correspond to VAD-like 1-D mask-based beamforming. (e)
and (f) are the clean speech.

equivalent to that of the following system
R{®} -I{®}]| [R{®&7'}] [I 32)
Z{®} R{®} | |[Z{®'}] |0]~

Z

Consequently, we can easily derive ® ! as follows:

& =Z10:m,0:m|+4iZ ' m:2m,0:m], (33)
where 0 : m and m : 2m in each square bracket denote taking
the first m rows/columns and the last m rows/columns respec-
tively from the 2 m x 2 m matrix. ¢ is the imaginary unit. While
we can directly calculate each complex matrix inverse term in
equations in Section III-B using (33), it is often unnecessary
to perform such explicit computation when it is immediately
multiplied with another matrix or vector. That is, when we have
the form ® 1A, where A is either a vector or a matrix, its
result B can be viewed as the solution to the system(s) of linear
equations with complex coefficients:

PB=A. (34)

It can be similarly converted into a linear equation system with
real coefficients:

{R{‘I’} —I{‘I’}] [R{B}] _ {R{A}

(8} R{®}| |I(B) I{A}]' 39

IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 30, 2022

Speaker

Speaker 2
BB T

~

o

= e —
S

Mel freq [kHz]

Beamforming (T-F mask)

Beamforming (1-D mask)
Mel freq [kHz]

(d)
=] g -40
S &
=2 8
O =
T
=
ol il Tl Ty -0
250 500 750 1000 1250 O 250 500 750 1000 1250
time [frame] time [frame]
(© ®
Fig. 3. The log Mel-filterbank features of the separated signals in Fig. 2.

(a) and (b) correspond to the separated signals of T-F mask-based beamforming.
(c) and (d) correspond to VAD-like 1-D mask-based beamforming. (e) and (f)
are the features of the clean speech.

There have been well-established implementations for solving
the above real systems of linear equations in the mainstream
deep learning toolkits such as torch.linalg.solve in
PyTorch and tf.1linalg.solve in TensorFlow. Therefore,
we further replace operations of this form in all related equations
in Section III-B with the solve operation, which can further
improve the numerical accuracy and stability.

4) Double precision: Another major cause of the numerical
stability issue is the finite precision of the floating-point numbers
used in the frontend processing. Our proposed E2E system by
default operates with single-precision data/parameters, which is
prone to overflow and underflow in some complex operations. If
we increase the precision to double-precision in the frontend pro-
cessing, the potential numerical error can be reduced in complex
operations such as the inverse of a close-to-singular matrix. The
overall stability and performance in the frontend processing can
be thus improved. Similar effects are also observed in Section
4.4 in [35] when jointly optimizing WPE and acoustic models.

E. Frequency Permutation Problem

The neural beamformer has shown its capability of separat-
ing different speakers when trained with signal-level supervi-
sion [64], [65]. However, it is still vulnerable to the well-known
frequency permutation problem in the proposed E2E training
framework, as shown in Fig. 2. In the separated spectrograms (a)
and (b), we can observe several incongruous horizontal patterns
such as those around frequencies 4.7 kHz and 6 kHz. The sepa-
ration results in these frequency bins are apparently misassigned
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to the wrong speaker according to the clean spectrograms in (e)
and (f).

In conventional blind source separation approaches [66], [67],
the frequency permutation problem arises due to the separate
and independent estimation of the demixing/separation matrix at
each frequency bin. In our case, the beamformer filter for speech
separation is also estimated separately for each frequency bin,
and the separated spectra are converted into log Mel-filterbank
features before the ASR module. Since the frequency informa-
tion is averaged within each triangle window, which is relatively
longer in high frequency bins, the final ASR loss may not well
reflect the separation quality of individual frequency bins in the
window. To better illustrate this issue, we visualize the extracted
log Mel-filterbank features of the separated signals and clean
signals in Fig. 3. As we can see, the frequency permutation
problem that is clearly shown in Fig. 2(a) and (b) has been
greatly smoothed in the filterbank feature. This largely reduces
the impact of permutation errors in local frequency bins, and can
be suboptimal for speech enhancement in the frontend when it
is the only supervision for training.

In order to alleviate this problem, we propose to replace the
time-frequency 2-D masks in MaskNet with voice activity
detection (VAD) like 1-D masks [56], [68]. That is, only a single
mask value is estimated for each time frame, which is then
broadcast to all frequency bins in that frame. Since the same
mask value is now shared among all frequencies, the frequency
permutation problem can be naturally mitigated, as shown in
Fig. 2(c) and (d). Note that the frequency resolution of the
estimated masks is sacrificed, thus there is a tradeoff between
mitigating the frequency permutation problem and preserving
the fine-grained masks for suppressing frequency-specific noise.
The overall performance of applying the VAD-like 1-D masks
in different scenarios is evaluated in Section V-C.

On the other hand, in some practical scenarios, the micro-
phone array geometry may be known during inference, i.e., the
relative positions of all microphones are available. In such cases,
it is possible to mitigate the frequency permutation problem in
the T-F mask-based beamformer via direction-of-arrival (DOA)
estimation. Here, we propose a simple frequency permutation
adjustment strategy based on DOA consistency, which does not
rely on the ground-truth DOA information of each speaker. First,

a magnitude mask Mgoa is calculated based on each separated

signal X7 after beamforming:

o X

— e RTXF
doa |Yb‘ ’

(36)

where Y3, € CT*F denotes the input signal at the reference
channel b. Second, the DOA for each separated signal is
estimated, denoted as 07 Here, we adopt the widely used
steered response power phase transform (SRP-PHAT) [69]
method for DOA estimation, and enhance it with the estimated
time-frequency (T-F) mask M__ as in [70]:

doa

07 = SRP-PHAT(Y,MJ ).

doa

(37)

Finally, we repeat the DOA estimation process for each single
frequency bin f, and obtain the frequency-dependent DOA

estimate é; In each frequency bin f, we calculate the difference
between the frequency-dependent DOA estimates for all speak-

ers and the corresponding overall DOA estimates 6L,....67,
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which is similar to the PIT process in (21):
J .
Foons = argmin Y ‘AngDiff (9}““), ef)‘ S 38)
TEP s j=1

where 740, 18 the best permutation of separated signals at the
f-thfrequency bin that minimizes the overall angular difference.
The angular difference function is defined as AngDiff (a,b) =
(a — b+ 180°) mod 360° — 180°. We can then adjust the fre-
quency permutation according to Tqo, ¢ for each frequency bin.
Additionally, we can set a threshold /3 to restrict the condition
for frequency permutation adjustments. That is, the frequency
permutation will be adjusted only when

J
>~ | AngDiff (87D, 47)| < 5.

Jj=1

39)

This is based on the consideration that a very large angular dif-
ference usually indicates poor speech separation performance.
In this case, it might be better to stick to the default permutation
for the current frequency bin.

F. Strategies for E2E Training

In E2E training of the proposed model, there are two main
practical issues that need to be resolved. The first is the poor
convergence of the model due to lack of intermediate supervision
on the frontend module. The second is the massive memory
consumption when jointly optimizing both frontend and backend
modules. In this section, we propose to solve these problems
respectively with the strategies below.

1) Multi-condition training: In our prior work [21], [22], it
is empirically found difficult to perform straightforward E2E
training of frontend and backend modules from scratch. The
problem originates from the lack of regularization on individual
modules in E2E training. Since the ASR module only observes
the separated signals from the frontend, and the frontend is
optimized according to the final ASR loss, it is likely for the
frontend to learn feature-level enhancement (e.g., Fbank en-
hancement) instead of signal-level enhancement. Although it is
also acceptable if we only care about the ASR performance,
such “blind” optimization can easily run into the numerical
instability issues introduced in Section III-D and thus leads to
poor convergence. Therefore, it is important to regularize the
E2E optimization process.

In this paper, we adopt a multi-condition training scheme
as in [21], [22] to enforce regularization on the ASR backend.
More specifically, in addition to the multi-channel multi-talker
training data, we further include auxiliary single-speaker clean
data during training. The former is fed into both frontend and
backend modules, while the latter is only used to train the ASR
backend. As a result, the ASR module learns to obtain good
performance on clean data, which in turn rectifies the frontend
to generate cleaner signals even without explicit supervision.

2) Memory-efficient training strategies: Another challenge in
the fully E2E training is the large GPU memory consumption.
Speech enhancement models are generally trained with chunked
input, which can have much smaller length than the original
data to reduce the memory cost. On the other hand, E2E ASR
models need to be trained with full-length utterances to match
the corresponding transcript. Therefore, the training data for the
proposed E2E model also needs to be full-length utterances,
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Algorithm 1: Approximated Truncated Backpropagation
Through Time for E2E Training.

1 TBPTT (Y, Tip)
inputs : multi-channel input signal Y;

predefined chunk length for truncation T,p;
output: separated signals with a partially retained
backward graph {X7}7_;;
2 Feed Y into the frontend w/o backward graph:
{Xgo_gmd}le + StopGradient (Frontend(Y));
3 Randomly cut a chunk of length Ty, from Y:
Y chunk < Truncate(Y, Typ);
4 Feed Y chunk into the frontend w/ backward graph:
{thunk}jzl + Frontend (Y chunk )3
5 Obtain {X7 3-7:1 by overwriting the corresponding
part in {anofgrad}'jjzl with (X007

il -
6 | return {X7}7 ;;

which can cause enormous memory costs either when the input
utterance is long or the number of input channels is large. To
work around this problem, we propose two alternative training
strategies for the E2E model:
a) Channel sampling: If there are many input channels (C' >
2) in the training data, we will randomly select C’ channels
from the original input to construct a new C’-channel input
for training. Here, C” is a relative small number compared
to C, so that the memory consumption is largely reduced.
This strategy fits well with the MaskNet introduced in
Section III-B, which estimates masks for each channel
independently. Thus, it naturally allows us to use different
numbers of input channels during training and evaluation.
b) Approximated truncated back-propagation through
time (TBPTT): The approximated truncated back-
propagation through time strategy has shown its
effectiveness in the joint training of time-domain speech
enhancement and ASR models [8], [33]. In this paper, we
also verify its efficacy in the context of fully E2E training.
The detailed process of the approximated TBPTT strategy
is summarized in Algorithm 1. The resulting frontend
output only retains the backward graph for a small chunk
in the full-length utterance, thus greatly reducing the
memory consumption. The full-length output is then fed
into the backend module for calculating the ASR loss,
which still allows us to jointly optimize both modules
effectively. Since our experiments adopt the recurrent
neural network (RNN) based MaskNet in the frontend
module, it can naturally work with this strategy. In
addition, as mentioned in [8], the convolutional neural
network (CNN) based model is also compatible with this
strategy.
In Section V-D, we evaluate both training strategies to illus-
trate their effectiveness in different conditions.

G. Comparison of Training Schemes

Although this paper is focusing on the fully E2E training of
the proposed model, it can be still trained with various training
schemes, as the proposed model is explicitly modularized into
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frontend and backend modules, as shown in Fig. 1. Therefore, in
this section, we would like to discuss the relationship between
three training schemes of the proposed model,* i.e., (1) indepen-
dent training, (2) fully E2E training, and (3) multi-task learning
of different modules.

The training scheme (1) is the most straightforward since it
can directly combine pre-trained SE and ASR models without
additional efforts. Another advantage of this training scheme
is that each module can be designed and updated individually,
allowing fast development and reuse of different modules. In
many conditions, however, there could be a large mismatch
between the resulting frontend and backend modules, since they
are often trained on different data. This generally results in
severely degraded performance in the testing phase. We will
also demonstrate this issue in Section V-E.

The rest training schemes (2) and (3) are very similar, and we
can regard (2) as a special case of (3), where only one of the
multiple tasks are used. Both training schemes can counteract
the mismatch in (1) by jointly optimizing all involved modules
during training. The key difference is that (2) only requires
labeled data for the final ASR task, while (3) requires supervised
data for each involved module. The obvious benefit of (2) is the
loosened constraint on data collection, because parallel clean and
noisy speech signals are very difficult to collect. On the other
hand, it is thus sensitive to the local optima and vulnerable to the
frequency permutation problem and numerical instability issues,
as no direct constraint is enforced on the frontend module. The
training scheme (3) overcomes these problems via the explicit
regularization on all involved modules, and generally achieves
the best overall performance among the three training schemes.
Based on its close connection with (2), we can thus consider
multi-task learning as a potential direction to further improve
the proposed model when parallel signal-level references are
available. Meanwhile, it also provides a reference for the upper
bound of fully E2E training in simulation experiments.

IV. EXPERIMENTAL SETUP

In Table II, we summarize the four datasets used in our
experiments, which can be roughly divided into two differ-
ent categories: (1) reverberant clean mixtures of J = 2 speak-
ers, e.g. spatialized WSJ1-2mix [21] and spatialized WSJO-
2mix [23]; (2) reverberant noisy mixtures of J = 2 speakers,
e.g. SMS-WSJ [24] and WHAMR! [25].

The multi-condition training strategy in Section III-F is ap-
plied when training all E2E models, as it is proven essential for
good convergence in the prior work [21]. More specifically, the
single-speaker clean speech from the WSJ train_si284 dataset is
used for regularizing the ASR backend. In addition, for corpora
that contain both anechoic and reverberant versions of data (i.e.,
spatialized WSJ1-2mix, spatialized WSJO-2mix, WHAMR!),
we further include the anechoic data in the training process to
improve the performance. The number of sampled channels in
the channel sampling strategy is set to C’ = 2. The chunk length
in the TBPTT training strategy is set to T}, = 288 frames, which
is about 3 seconds for 16 kHz speech data.

4One can also perform multi-task learning only on simulated data, while
performing the fully E2E training on real data. This can be viewed as the
combination of training schemes (2) and (3) in a multi-condition style. For
simplicity, however, we only discuss each individual training scheme here.
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TABLE II
DETAILED INFORMATION OF THE CORPORA USED IN OUR EXPERIMENTS

Dataset Hours Sampling 4Ch Condition
Train Dev Test | Rate (Hz) T60 (ms) SIR (dB) SNR (dB) Noise
Spatialized WSJ1-2mix [21] | 98.5 1.3 08 16k 8 | [200, 600] [-10, 10] - -
Spatialized WSJ0-2mix [23] | 469 119 7.3 16k 8 | 1200, 600] [-10, 10] - -
SMS-WSJ [24] 87.4 2.5 3.4 8k 6 [200, 500] [-5, 5] [20, 30] White noise
WHAMR! [25] 58.0 147 9.0 16k 2 [100, 1000] [-10, 10] [-6, 3] Real recording

The “max” versions are used for the first four corpora. #Ch denotes the number of channels in the data. T60 denotes the reverberation time.
SIR and SNR represent the signal-to-interference ratio and signal-to-noise ratio, respectively.
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Architecture of the MaskNet in the frontend module.

Our experiments were conducted based on the ESPnet toolkit.
For all experiments in different corpora, we adopt the following
model architectures:

a) Frontend: For 16 kHz speech data, the window length
and hop length for STFT are 400 and 160, respectively, while the
number of discrete Fourier transformer points is 512.° For 8 kHz
speech data, these parameters are respectively 200, 80, and 256.
The frequency dimension in the resulting spectrum is thus F' =
257 and F' = 129, respectively. The MaskNet in Section III is
based on the bi-directional long short-term memory (BLSTM)
architecture. It consists of 3 BLSTM layers followed by linear
projection layers, as illustrated in Fig. 4. The number of hidden
units in each layer is also depicted in the figure. It takes as
input the magnitude spectrum of the observed signal |Y|, and
generates 3 x J estimated masks for WPE and beamforming.
As mentioned in Section III-B, each input channel is processed
independently, thus yielding 3 x J multi-channel masks. For
models based on the VAD-like 1-D masks in Section III-E, the
number of hidden units in the final linear projection layers is 1
instead of F', and the generated masks are then repeated F' times
along the frequency dimension. The number of parameters of
the frontend model is 21.99 M. The reference channel b is set
to 0 by default for all datasets. Following the setting in [19],
the number of filter taps and the delay factor for WPE/WPD
are respectively set to X' = 5 and A = 3 during training. The
number of iterations is 1 for performing mask-based WPE, and
3 for performing conventional iterative offline WPE (denoted
as Nara-WPE [47]). We empirically set the diagonal loading

SThis is a typical window configuration that has been widely used in the ASR
task.

constant € in (28) to 103 and 10~® for WPE and beamforming,
respectively. The mask flooring factor £ in (29) is empirically
set to 1075 and 10~2 for WPE and beamforming, respectively.
The number of power iterations for RTF estimation in (13)—(16)
is set to p = 2. We found this smaller number of iterations is
sufficiently working for the proposed model, which coincides
with the observation in [50].

b) Backend: Before the ASR module, we extract 80-
dimensional log Mel-filterbank features from each separated
stream in the frontend. The ASR module is based on the Trans-
former architecture, with 12 layers in the encoder and 6 layers
in the decoder as in [22]. Each Transformer layer consists of a
4-head self-attention layer with 64 dimensions in each head and
a subsequent feedforward layer with 2048 hidden units. Before
the Transformer encoder, the log Mel-filterbank features are
downsampled by 4 times in the time frame dimension by two
convolutional neural network (CNN) layers. Each CNN layer
consists of a 3 x 3 kernel, followed by the ReLU activation.
The number of feature maps in the first and second CNN layers
are 64 and 128, respectively. The number of parameters of the
ASR model is 27.14 M.

To compare with the proposed E2E model, we additionally
evaluate the performance of a single-channel multi-speaker ASR
baseline, denoted by “l-ch 2-spkr ASR”. It is also a joint
CTC/attention-based encoder-decoder network based on the
Transformer architecture [22], [71], whose encoder layers con-
sist of three parts: the mixture encoder, speaker-differentiating
(SD) encoder and recognition encoder. We refer the reader
to [22] for more detailed introduction of this baseline model.
To match the number of parameters in the proposed model, we
use 8 SD encoder layers and 14 recognition encoder layers in
the baseline model, while other configurations are the same.
When training/evaluating the single-channel baseline model,
an external Nara-WPE [47] module is used to preprocess the
reverberant data. During training, one of the input channels
is randomly selected for each sample, so that all channels are
likely to be used to train the single-channel baseline after some
iterations. In the testing phase, only the reference channel is used
for evaluation.

All E2E models are trained using the Adam [72] optimizer
with 25000 warmup steps and an initial learning rate of 1.0.
We also apply the gradient clipping technique to ensure that the
norm of the gradient vector is at most 5. All models are trained
for at most 100 epochs, while an early stop will be triggered
if no improvement is observed on the development set for 10
epochs. The interpolation factor in the training objective in (25)
is set to a = 0.2 during training. The checkpoint at the epoch
where the best speech recognition accuracy is obtained on the
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TABLE IIT
EVALUATION OF THE PROPOSED TECHNIQUES WITH THE WPE + MVDR +
ASR MODEL OF DIFFERENT ARCHITECTURES ON THE SPATIALIZED
REVERBERANT WSJ1-2MIX EVALUATION SET. THE NUMBER OF FILTER TAPS
K AND CHANNELS C' ARE SET TO 5 AND 2 FOR EVALUATION (SAME AS
TRAINING), RESPECTIVELY
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TABLE IV
EVALUATION OF DIFFERENT BEAMFORMER VARIANTS ON THE SPATIALIZED
REVERBERANT WSJ1-2MI1X EVALUATION SET. THE BEST PERFORMANCE IS
PRESENTED FOR EACH PROPOSED MODEL BY TUNING THE NUMBER OF FILTER
TAPS K AND CHANNELS C' DURING EVALUATION

No. Model (+ASR) Formula ‘ WER (%) PESQ STOI SDR (dB)
Architecture ‘ WER (%) PESQ STOI SDR(dB) 1 WSJ eval92 [80] R 4.4 - -
Original mixture - 120 065  -1.45 2 MVDR 1166 146 080 648
Ich 2-spkr ASR 2486 i i i 3 WPE+MVDR Eq.(7) 9.50 156 0.83 7.73
. 4 WPE+wMPDR 9.44 1.63  0.82 8.49
+ Nara-WPE pre-processing 21.29 - - -
5 WPD 10.60 1.61 0.82 7.89
Proposed model 16.59 1.30 0.74 2.49 3 9.02 130 033 693
1) Diagonal loadin 1512 132 075  3.25 WPEFMVDR : : : 9
+( & vading : . . . 7 WPE+wMPDR  Egq.(8) 9.23 154 0.82 7.12
+ (2) Mask flooring 16.20 1.30 0.74 2.82 8 WPD 931 1.58 0.85 7.1
+ (3) Stable complex op. 15.77 132 0.75 3.13
+ (4) Double precision 16.43 1.31 0.74 2.87
+ Techs (1)—(4) 15.01 1.31 0.74 2.81

development set is selected for final evaluation. In the testing
phase, the CTC score is also used for joint decoding with a
weight of 0.3. Unless otherwise mentioned, an external word-
level recurrent neural network language model (RNNLM) [73]
trained on the corresponding corpus is used for rescoring.

V. EXPERIMENTAL RESULTS

We used the pb_bss_eval package® for calculating speech
enhancement metrics, including the signal-to-distortion ratio
(SDR) [74], short-time objective intelligibility (STOI) [75] and
perceptual evaluation of speech quality score (PESQ) [76]. Here,
we did not adopt the scale-invariant signal-to-distortion ratio
(SI-SDR) [77] as the evaluation metric, because it requires the
target signal to be aligned with the input [78], which is hard to
achieve in reverberant conditions.

A. Evaluation of Proposed Techniques for Improving the
Numerical Stability

We first evaluate the basic performance of the proposed
E2E model, where only the essential techniques are applied
to ensure a successful training. These techniques include the
multi-condition training strategy for good convergence and the
channel sampling strategy for fitting in the GPU memory?® as in-
troduced in Section III-F. The basic performance of the proposed
model is shown in the gray row in Table III, where the MVDR
beamformer without RTF estimation is used in the frontend.
Compared to the single-channel 2-speaker ASR baselines in
the second and third row, our proposed model can achieve
much better ASR performance, while also being able to provide
enhanced speech signals as a byproduct. Next, we evaluate the
proposed techniques in Section I1I-D. The last five rows show the
respective performance of applying each individual technique
and their combination to the proposed model. It is observed that
all techniques lead to better SE performance and thus better ASR
performance. This attributes to the improved numerical stability
by applying these techniques, as better convergence can be

%[Online]. Available: https://pypi.org/project/pb-bss-eval/0.0.2/

TThis is even harder when evaluating the E2E trained models, because there
is no explicit supervision on the frontend, whose output is thus unlikely to be
aligned with a pre-defined target signal.

8While either channel sampling or approximated TBPTT can be used here,
we opt for the former due to its simplicity. And the performance comparison of
these strategies is discussed later.

reached under the same model configuration. The combination
of all techniques further slightly boosts the ASR performance.
Although the final SE performance is slightly degraded com-
pared to that of applying some individual techniques, we would
like to emphasize that all four techniques work complementarily
to improve the numerical stability, as mentioned in Section ITI-D.
The combination of all techniques makes the E2E training much
easier and more stable across various conditions. In addition, it
is noticed that the SE performance does not necessarily improve
along with the ASR performance. This is also in line with the
observation in the previous study on the joint training of SE and
ASR models [79]. For the rest experiments below, we apply all
four techniques by default to the proposed E2E model.

B. Evaluation of Different Beamformer Variants

Thanks to the flexible design of the frontend module in
Section III-B, we can use different numbers of input chan-
nels C' and filter taps K (in WPE/WPD beamformer) in the
evaluation phase, even though the model is trained with a
fixed configuration of C' =2 and K = 5. In this section, we
compare the best performance of proposed models based on
different beamformer variants, by tuning the configurations of
C e{2,4,6}and K € {1,3,5,7,10} foreach individual model
in the evaluation phase. The best results for each model are
tabulated in Table I'V. Firstly, the importance of the mask-based
WPE component can be shown by comparing rows 2 and 3.
Both ASR and SE performances of the E2E model are sig-
nificantly improved after integrating the WPE module into the
beamformer frontend. Secondly, it is shown that the proposed
models based on convolutional beamformers (WPE+wMPDR
and WPD) achieve better SE performance than those based on
the conventional MVDR beamformer, with either (7) or (8).
This is consistent with the observation in [40], [41], as the
convolutional beamformer is designed to be optimal in terms
of joint dereverberation and beamforming. Thirdly, comparing
rows 3, 4,5 androws 6, 7, 8, the RTF-based beamformer formula,
i.e., (8), tends to yield better ASR results with the proposed E2E
model. On the other hand, the SE performance degrades to some
extent, which might be caused by the approximation error in the
power iteration method in (13)—(16). Lastly, since the spatialized
WSJ1-2mix evaluation dataset was generated based on the WSJ
eval92 subset, the first row in Table IV can be regarded as a
topline for our systems. The best WER of the proposed model
is only ~5% worse than this topline, which further illustrates the
capability of the proposed model.
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TABLE V
EVALUATION OF DIFFERENT MASK TYPES ON THE SPATIALIZED REVERBERANT
‘WSJ1-2MI1X EVALUATION SET. THE BEST PERFORMANCE IS PRESENTED FOR
EACH PROPOSED MODEL BY TUNING THE NUMBER OF FILTER TAPS K AND
CHANNELS C' DURING EVALUATION. THREE BEAMFORMER TYPES BASED ON
(7) ARE EVALUATED

No. Model (+ASR) Mask ‘ WER (%) PESQ STOI SDR(dB)
1 WPE+MVDR 9.50 1.56  0.83 7.73
2 WPE+wMPDR  T-F 9.44 1.63 0.82 8.49
3 WPD 10.60 1.61 0.82 7.89
4 WPE+MVDR 9.45 1.95 0.86 12.54
5 WPE+wMPDR  1-D 10.26 1.97 0.86 12.20
6 WPD 10.48 219 087 14.15

C. Evaluation of Different Mask Types

In this section, we evaluate the proposed VAD-like 1-D masks
for mitigating the frequency permutation problem. Similar to
the last section, in Table V, we compare the best performance
of the proposed models based on conventional T-F 2-D masks
and VAD-like 1-D masks. As we can see, the proposed models
trained with the VAD-like 1-D mask achieve significantly better
overall SE performance than the T-F mask based ones on the
spatialized WSJ1-2mix data, where no background noise is
involved. This result also coincides with the observation in
Fig. 2.

On the other hand, however, the ASR performance does not
always improve with the proposed VAD-like masks, even though
a better SE performance is obtained. This phenomenon has been
widely observed in the literature [33], [79], [81], while the cause
has not been clearly studied. Here, our conjecture is that the
ASR model might learn to ignore some unreliable features from
certain frequency bins (e.g., those affected by the frequency
permutation problem). This still allows the ASR model to obtain
a relatively good performance, while the SE performance is
much more sensitive to the frequency permutation problem. To
better illustrate this effect, we show the detailed performance
comparison of the proposed models with different configurations
of C' and K in Table VI. It can be observed that the ASR
performance with VAD-like 1-D masks is generally worse when
the number of input channels C' or filter taps K is small. This
may originate from the sacrificed frequency resolution due to the
VAD-like mask. As mentioned above, the SE and ASR models
do not always have consistent improvement, which indicates
that the two tasks may favor different optimization directions.
For the VAD-like mask based method, since all frequency bins
within a time frame share the same mask value, it is harder
for MaskNet to learn optimal masks for achieving better ASR
performance. As C' and K increase, the ASR performance
with both masks becomes close, because more spatio-temporal
information can be exploited to compensate the loss of frequency
resolution.

In order to validate the effectiveness of the proposed method
in different scenarios, we further trained and evaluated the
proposed models on three additional multi-speaker datasets,
i.e., spatialized WSJ0-2mix, SMS-WSJ, and WHAMR! In these
experiments, we only test the MVDR beamformer-based E2E
models to simplify the discussion. As shown in Table VII, the
proposed models clearly outperform the single-channel two-
speaker ASR baselines with Nara-WPE-based preprocessing
(2nd row), even when only two input channels are used for
evaluation (same as training). Both SE and ASR performances
are further improved when all available channels are used for
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TABLE VI
PERFORMANCE (AVG. WER [%]) OF THE PROPOSED MODELS WITH
DIFFERENT MASK TYPES AND CONFIGURATIONS OF FILTER TAPS K AND
INPUT CHANNELS C' ON THE SPATIALIZED REVERBERANT WSJ1-2MIX
EVALUATION SET. NUMBERS IN BRACKETS ARE BASED ON VAD-LIKE 1-D
MASKS, WHILE OTHERS ARE BASED ON T-F MASKS. THREE BEAMFORMER
TYPES (MVDR, WMPDR, AND WPD) BASED ON (7) ARE EVALUATED

PalY 2 4 6
1 16.43 (19.29) 11.03 (12.56) 14.86 (10.94)
3 15.49 (18.60) 10.57 (11.49) 10.10 (10.13)
5 15.01 (17.90)
7

a4

wn

4

+

a4

S

= 10.29 (11.04)  9.81 (9.87)

& 14.84 (17.63) 975 (10.50)  9.52 (9.45)

210 | 1473 (1739) 976 (10.28)  9.50 (9.51)

% ~C 2 4 6

z 1 17.51 (20.31) 1248 (13.02) 11.04 (11.64)
2 3 16.38 (19.49) 10.95 (12.08)  9.85 (10.65)
Z s 15.35 (18.86) 10.70 (11.76)  9.62 (10.43)
E”J: 7 15.48 (18.20) 10.36 (11.72)  9.44 (10.26)
=

10 | 15.11 (18.46) 10.11 (11.42) 10.03 (10.71)

Pl 2 4 6

1 18.22 (19.11) 11.95 (12.51) 10.86 (10.57)
3 16.87 (17.72) 11.42 (11.65) 10.60 (10.48)
5 1643 (17.12) 1127 (11.07) 11.06 (10.79)
7 16.03 (16.98) 1138 (11.04) 11.05 (11.56)
10 16.13 (17.00) 11.53 (11.37) 11.67 (13.25)

WPD+ASR

evaluation, which is in line with the observation on the spa-
tialized WSJ1-2mix dataset. Comparing models based on the
T-F mask and VAD-like 1-D masks, we can also observe a
similar trend that the SE performance improves when applying
the VAD-like 1-D masks, except for the WHAMR! corpus.
The noise in the WHAMR! corpus consists of real recordings
collected in various urban environments (restaurants, cafes, bars,
and parks), with a relatively low signal-to-noise ratio (SNR), as
shown in Table II. Therefore, the noise energy is usually high and
distributed unevenly among different frequency bins, especially
for the commonly observed music and babble noise. In such
conditions, it can be harmful to use the same mask value for all
frequency bins within each frame, as this will inevitably cause
noisier estimation of the PSD matrices for certain frequency
bins that are dominated by the noise. In addition, while we
can observe some relative SDR improvement compared to the
original mixture on the WHAMR! corpus, the absolute SE
performance is still very poor. Our conjecture is that the small
number of channels (C' = 2) limits the capability of the E2E
trained frontend, and the relatively low SNRs also increase the
difficulty in such conditions.

Finally, we evaluate the proposed DOA-estimation-based
strategy for alleviating the frequency permutation problem with
the T-F mask-based beamforming. Note that the strategy is only
applied during inference, and the same model as above is used
for evaluation. Since this method requires the microphone array
geometry to be known in advance, we select the 6-ch test data
from the SMS-WSJ corpus for evaluation,” where all data are

°In contrast, other corpora we used above randomly sampled the microphone
positions during simulation, thus the array geometry is not fixed.
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TABLE VII
EVALUATION OF THE PROPOSED MODEL (WPE+MVDR+ASR) ON THE EVALUATION SETS OF OTHER MULTI-SPEAKER CORPORA. THE NUMBER OF FILTER TAPS
K 1S SET TO 5 FOR ALL CORPORA IN THE EVALUATION PHASE

No. Model Mask  Formula spatialized WSJO-2mix SMS-WSJ WHAMR!
' WER (%) PESQ STOI SDR(dB) | WER(%) PESQ STOI SDR(dB) | WER(%) PESQ STOI SDR(dB)

I Original mixture 119 065  -141 - 150 066  -040 108 061  -516
1-ch 2-spkr ASR *

2  Norw WPE - - 34.73 34.95 - - - (68.82)

3 TF Eq(7) | 1153 130 074 323 2326 157 072 168 2880 110 066 227

4 Proposed model  1-D  Eq.(7) | 1468 136 075 433 2572 169 075 493 3757 111 068  -1.83

5 (2 channels) TF  Eq(8) | 1148 129 074 293 2206 156 071 1.64 27.64 109 067 309

6 1D Eq.(8) | 1231 135 076 393 2553 168 075 449 3145 109 067  -3.18

7 TF Eq(7) | 756 154 083 855 1723 169 078 393

8  Proposed model 1D Eq.(7) | 7.80 185 085 1185 1750 210 085 1118 ‘

9 (all channels) ~ TF  Eq.(8) | 7.22 150 083 814 1612 168 077 377 same as above

10 1D Eq.(8) | 659 184 086 1183 17.14 205 085 1036

" The single-channel ASR baseline suffered from overtraining severely on the WHAMR! corpus. Its speech recognition accuracy converges at ~91% on

the development set, while our proposed models can reach 95%.

TABLE VIII
EVALUATION OF THE PROPOSED DOA-CONSISTENCY-BASED FREQUENCY PERMUTATION ADJUSTMENT STRATEGY ON THE SMS-WSJ EVALUATION SET. THE T-F
MASK-BASED BEAMFORMING IS USED. WE SET K = 5 AND C' = 6 IN THE EVALUATION PHASE

Threshold 3 Formula: Eq. (7) Formula: Eq. (8)
WER (%) PESQ STOI SDR(dB) | WER(%) PESQ STOI SDR(dB)
<0° 17.23 1.69 0.78 3.93 16.12 1.68 0.77 3.77
30° 21.67 1.74 0.78 4.67 21.52 1.70 0.76 3.53
60° 25.85 1.74 0.77 4.80 24.86 1.70 0.76 3.63
90° 28.79 1.74 0.77 4.86 28.05 1.70 0.76 3.75
120° 31.95 1.75 0.77 5.00 30.43 1.71 0.76 3.93
150° 34.55 1.75 0.78 5.14 34.00 1.71 0.77 4.10
180° 38.04 1.76 0.78 5.31 37.87 1.73 0.77 4.32
210° 36.83 1.76 0.78 5.35 35.36 1.73 0.77 4.35
240° 34.66 1.76 0.78 5.35 33.03 1.73 0.77 4.36
270° 3191 1.76 0.78 5.35 29.90 1.73 0.77 4.37
300° 30.48 1.76 0.78 5.36 28.30 1.73 0.78 4.37
330° 29.18 1.76 0.78 5.36 27.08 1.73 0.78 4.38
360° 28.67 1.76 0.78 5.37 26.52 1.73 0.78 4.38
TABLE IX

simulated based on a 6-mic circular array with radius 10 cm. Ta-
ble VIII lists the performance when different thresholds 3 in (39)
are used. Note that when 8 < 0°, the results are equal to the pre-
vious ones we obtained (Nos. 7 and 9 in Table VII). We can see
that the proposed strategy can significantly improve the PESQ
and SDR scores in most threshold settings for beamforming
with different formulas, especially for the formula defined in (7).
When a larger threshold 3 is used, the PESQ and SDR scores tend
to be further improved, but gradually converge as (3 approaches
360°. The STOI score is also slightly improved as /3 becomes
larger. On the other hand, the ASR performance is severely
degraded for all settings with 5 > 0°. This is likely attributed to
the mismatch between training and inference, as the frequency
permutations are only adjusted during inference. In addition, the
improved SE performance still largely lags behind the VAD-like
1-D mask-based results in Table VII (Nos. 8 and 10). This
indicates that the estimated beamforming masks are not optimal
even if the frequency permutation is corrected. Therefore, it
might be better to directly constrain the estimated masks during
training to improve the consistency of frequency permutations,
and we would like to investigate it in our future work.

D. Evaluation of Different Memory-Efficient Training
Strategies

In this section, we validate the effectiveness of the
proposed memory-efficient training strategies with MVDR

PEAK ALLOCATED GPU MEMORY WHEN APPLYING DIFFERENT TRAINING
STRATEGIES WITH BATCH SIZE 1. THE TRAINING SAMPLES HERE ARE ALL

AROUND 24 s

Strategy Mask Formula Mem. (GB)
T-F Eq.(7) 4.484
. .. 1-D Eq.(7) 4.057
Plain training (full 6-ch) TF Eq. (8) 4889
1-D Eq. (8) 4.484
T-F Eq.(7) 2.538
. 1-D Eq.(7) 2.383
Channel sampling (2-ch) TF Eq. (8) 7366
1-D Eq. (8) 2.393
T-F Eq.(7) 2.019
1-D Eq.(7) 2.000
Approx. TBPTT TF  Eq@® 2013
1-D Eq. (8) 1.996

beamformer-based E2E models on the SMS-WSJ corpus.
Table IX shows the peak allocated GPU memory when different
strategies are used to train the proposed model on the longest
samples in SMS-WSJ (around 24 s). It can be clearly seen that
both proposed training strategies can effectively reduce the
GPU memory consumption by about half compared to the plain
training with full 6-channel data. Table X further presents the
performance of these training strategies, where the first four rows
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TABLE X
EVALUATION OF THE PROPOSED MEMORY-EFFICIENT TRAINING STRATEGIES
ON THE SMS-WSJ EVALUATION SET. WE SET K = 5 AND C' = 6 IN THE
EVALUATION PHASE

Strategy Mask Formula | WER (%) PESQ STOI SDR(dB)
TF  Eq.() | 1723 160 078 393
1D Eq() | 1750 210 085 1118
Channel sampling ¢ g (g) 16.12 168 077 377
1D Eq.®) | 17.14 205 085 1036
TF  Eq.() | 1836 171 076 430
1D Eq() | 1632 209 084 1061
Approx. TBPTT  pp gog) | 1594 179 078 430
I-D Eq.8) | 1858 204 083 9.5
TABLE XI

COMPARISON OF DIFFERENT TRAINING SCHEMES ON THE SMS-WSJ
EVALUATION SET. WE SET K = 5 AND C' = 6 IN THE EVALUATION PHASE

Training scheme Mask Formula | WER (%) PESQ STOI SDR (dB)
TF Eq() | 4230 208 083 1188
. 1D Eq() | 3730 203 085 1195
(1) Independent training — p g pog) | 3320 208 084 1138
1D Eq.8) | 4030 204 084  10.90
TF Eq.() | 1723 169 078 393
. I-D  Eq.(7) | 1750 210 085  1LI8
(@) Fully E2E training g gty | j612 168 077 377
1D Eq.®) | 1714 205 085 1036
TF Eq() | 1552 198 083 1086
N I-D  Eq.(7) | 1536 211 085 1214
() Multi-task learning g gy | j705 182 081 781
1D Eq.8) | 1569 207 085 1143

are copied from Table VII, as they used the same configuration.
The last four rows show the performance of another proposed
strategy in Section III-F, i.e., approximated TBPTT. It can be
seen that although only a small portion of the input signal is used
for backpropagation in the frontend module, the approximated
TBPTT strategy can still attain similar ASR and SE performance
to the channel sampling strategy. This indicates that we can
flexibly select the training strategy accordingly. For example, the
approximated TBPTT strategy is favorable when many training
samples are very long that cannot fit into the memory even with
only 2 channels. Otherwise, channel sampling can be adopted,
which is simpler and can be used with any network architectures.

E. Comparison of Training Schemes of the Proposed Model

In this section, we compare the aforementioned three training
schemes in Section IT1I-G. We follow a similar experimental setup
to Section V-D, while the proposed models are trained based
on different training schemes. For the independent training and
multi-task learning schemes, we additionally include the parallel
single-speaker clean speech as the signal-level label for training
the frontend module. The convolutive transfer function invariant
SDR (CI-SDR) [78] criterion is adopted as the frontend loss, and
the source signal of each speaker is used as the reference. The
ASR module in the independent training scheme is trained on
the clean WSJ train_si284 dataset. For the multi-task learning
scheme, the SE and ASR losses are linearly combined with equal
weights to obtain the final objective.

The experimental results are shown in Table XI. (1) We first
show the performance of the systems composed of indepen-
dently trained frontend and backend modules in the first four
rows. All systems achieve similarly strong SE performance,
which are close to the reported SDR performance (12.9 dB)
with oracle ideal binary masks (IBM) in [24]. However, the ASR
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performance is very poor, with very high WERs on the evalua-
tion set. This attributes to the mismatch between independently
trained SE and ASR modules. The ASR module only sees clean
speech without reverberation and noise during training, while the
beamformer-based SE module inevitably generates imperfect
outputs that contain residual noise. Such mismatch thus leads to
severe ASR performance degradation. (2) In comparison, our
proposed fully E2E training scheme yields reasonably good
performance for both speech enhancement and recognition.
Since both modules are jointly optimized based on the ASR
criterion, the mismatch is largely mitigated. The proposed mod-
els with VAD-like 1-D masks can even achieve very similar SE
performance to the independently trained frontend module. This
further illustrates the effectiveness of the proposed method. (3)
In the last four rows, the multi-task learning scheme shows that
the performance can be further improved by combining both
SE and ASR training criteria. The frontend module is trained
to optimize the ASR criterion, while also explicitly guided by
the signal-level supervision. It is thus much more stable than
the fully E2E training scheme, and achieves much better SE
performance for the models with T-F masks (\raise.17ex~7 dB
SDR improvement). Moreover, the ASR performance of all four
types of systems is also improved. Overall, we can see that both
proposed models trained with (2) and (3) can achieve strong
ASR performance, and multi-task learning can further improve
the overall performance when parallel signal-level references are
available. This observation validates the efficacy of the proposed
model and training schemes in the noisy and reverberant condi-
tion. In addition, it is also noted that the training scheme (3) is the
only one that achieves proportionate performance improvement
in both speech separation and ASR. This illustrates the benefit
of providing supervision to both frontend and backend modules,
and indicates that there is still room for improvement in the
proposed fully E2E training scheme.

Finally, in order to better illustrate the training process of
the proposed fully E2E model, we manually evaluate the SE
and ASR performance of all checkpoints after each epoch. The
resultant curve on the SMS-WSIJ corpus is shown in Fig. 5. Note
that we use the same configuration (e.g.,C' = 2and K = 5)asin
training, and unlike in Table VII, no external language model is
used when evaluating WERS to better demonstrate the evolution
of the acoustic modeling capability. While the ASR performance
is initially very poor due to the flat start, it is interesting to see
that the SE performance increases very fast and reaches the same
level as its final performance after only a few epochs. After
the first 8 epochs, the SE performance starts to fluctuate and
increases slowly. This phenomenon indicates that the speech
enhancement task has a much faster convergence speed than
the ASR task, and that the E2E training scheme tends to firstly
improve the frontend module so that it can provide relatively
stable outputs for the downstream ASR module. Fig. 5 provides
an intuitive view of how fully E2E training works in the multi-
speaker ASR task, and may inspire further application of this
training scheme such as fast adaption of the frontend module in
a new domain.

VI. CONCLUSION

In this work, we present an E2E multi-channel multi-speaker
ASR model in noisy and reverberant conditions. The proposed
model is composed of a neural beamformer-based frontend and
an E2E ASR backend, which is E2E optimized solely based
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on the final ASR criterion. Several techniques and training
strategies are proposed to improve the numerical stability and
convergence performance of the E2E model. Extensive experi-
ments on existing multi-channel benchmark datasets have been
conducted to validate the efficacy of the proposed method on
various conditions. The proposed model is shown to work well
with various beamformer types and can achieve competitive
performance even in noisy and reverberant conditions, with over
30% relative WER reduction over the single-channel baseline
systems. Detailed comparison and performance analyses are
also given to better understand the proposed method. Finally,
the relationship of the fully E2E training scheme with other
existing training schemes is also discussed. In future work, we
would like to investigate the E2E training scheme for sparsely
overlapped conditions such as conversational speech, which is
more realistic in daily communication. More advanced network
architectures in the frontend and backend modules will also be
explored.
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