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ABSTRACT to multichannel signals recorded with a different microphone

. . . array since the number of neural network parameters depends
Beamforming approaches using time-frequency masks have .
the number of microphones.

. . - n
recently been investigated and have shown promising resulfs On the other hand, a mask-based beamforming approach

for noise robust automatic speech recognition (ASR) in many _, . . ) :
X . chieves a microphone array independent system by exploit-
tasks. The time-frequency masks are estimated to compuie " ° : .
ng time-frequency masks [4-8]. First, the single channel

the spatial statistics of target speech and noise signals, an .

- . me-frequency masks are estimated to allow us to com-
then the statistics are used to derive a beamformer. Althou : . . . .
. . : ute spatial statistics with the multichannel observed signals.
its effectiveness has been clearly shown in batch and blocK-

wise processing, it has not been well extended to frame-by—hen.’ _the statistics can be used to obtain the beamformgr
frame processin,g which is a very important procedure focoeffluen_ts_. Several approac_he_s can be _employed to obtain
many actual appli’cations In this paper, we derive a frameE-he coefficients from the statistics |ncIL_Jd|ng the m".’lX'SNR

) T . beamformer [4], and the minimum variance distortion-less
by-frame update rule for a mask-based minimum Vananc?esponse (MVDR) beamformer [5]
distortion-less response (MVDR) beamformer, which enables The effectiveness of the maék-based beamformer for

t tain enhan ignals without a lon | m- .
us 1o O.b an e .a.ced. signals without a long delay by co speech enhancement and noise robust ASR has been de-
bining it with uni-directional recurrent neural network-based

mask estimation. Based on the Woodbury matrix identity, ouFQ'C”beGl N many artlcles_, however, previous |nvest|_gat|ons
) . : mployed batch processing and block-wise processing. For

algorithm achieves a closed-form solution of the mask-base - o o - .

- . . “practical applications, it is very important to obtain enhanced

MVDR beamformer at every time frame without any matrix ". : : - . S

. . . signals with a short time delay, and so it is worth investigating

inversion. Experimental results show that our frame-by-fram . .

. . . _frame-by-frame processing with the mask-based beamformer.
beamformer outperforms baseline block-wise beamforming In this paper. we derive a frame-by-frame update rule for
on the CHIME-3 simulation dataset even with a shorter time Papetr, y- p :
dela mask-based MVDR beamformer coefficients, where the time-

Y frequency masks for statistic computation are also estimated

Index Terms— Speech enhancement, beamforming, onframe-by-frame with long short-term memories (LSTMs).

line processing, time-frequency masking Our proposed MVDR beamformer enables us to obtain the
enhanced signal frame-by-frame without a long delay. A
1. INTRODUCTION closed-form solution of the MVDR beamformer can be ob-

tained at every time frame with our algorithm based on the

Beamforming is a key technique for speech enhancement aryMoodbury matrix identity. This closed-form solution allows

noise robust automatic speech recognition (ASR). In a beantiS t0 obtain beamformer coefficients that achieve the global

forming scenario, beamformer coefficients are multiplied byminimum of an objective function of the MVDR beamformer

multichannel observed signals at each frequency to obtain et every time frame without any matrix inversion. Exper-

hanced signals. For effective beamforming, it is important tdmental results show that our frame-by-frame beamformer

estimate appropriate beamformer coefficients. yields a large ASR performance gain from unprocessed sig-
One approach that can be used to obtain the beamformB@ls and outperforms a baseline block-wise beamformer on

coefficients is to parameterize neural networks with the coth® CHIME-3 simulated evaluation set even with a shorter

efficients as in [1]. The coefficients are regarded as some ¢fme delay.

parameters of the neural networks, i.e., an acoustic model of

an ASR system, and are trained on multichannel training data. 2. MASK-BASED MVDR BEAMFORMING

Another approach is to estimate the coefficients with the neu-

ral networks [2, 3], where the neural networks estimate th&his section describes MVDR beamforming with batch pro-

real and imaginary parts of the coefficients from multichannetessing, where the spatial statistics are estimated based on

input features. However, these approaches cannot be appligthe-frequency masks. The mask-based MVDR beamformer
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will be extended for frame-by-frame processing in the next/vhereM;‘ft> denotes the time-frequency mask for the target
section. signal.

Let us assume that a noisy speech signal is recorded with In our previous work [5, 7, 11], the covariance matrix of
M microphonesy;, = [y1.7.t, - ynm,r]T denotesad x1  the target signal is obtained by subtracting the covariance ma-
dimensional observation &f,t), where f andt¢ denote the trix of noise from that of the target plus noise signals. How-
frequency and time indices, respectively. An enhanced spee@ver, this subtraction sometimes means that the resultant ma-

signals¢; can be obtained by beamforming as trix is not positive definite and makes the algorithm unstable.
This often occurred especially with a frame-by-frame update

a _\wH . . . .
St =WrYrs, (1) in our preliminary experiments, therefore we simply use Eq.

. . ~(5) in this work.
wherew denotes ad/ x 1 dimensional beamformer coeffi-

cient at frequency .

The MVDR beamformer can be derived by minimizing 3. FRAME-BY-FRAME UPDATE RULE FOR MVDR

the total power of the beamformer outputs BEAMFORMER
) ) Let us assume we update the beamformer coefficients at ev-
- 8,12 = = 51 H ery time frame, and the coefficients and the covariance ma-
Sfptl2 = WiYreY W, . A .
T th el T Xt: PIT 1] trices have a time index One possible approach for adap-

) tive beamforming is to use an iterative algorithm such as the
gradient descent algorithm described in [9, 12]. Unlike the
with a constrainlwf}hf = Dy Yy =X, yf,ty?t/T iterative algorithm, we derive an update rule for the coeffi-

denotes the covariance matrix of the observed signals, arfi€nts frame-by-frame based on the Woodbury matrix iden-
hy = [h1.s, ..., har.s]T denotes the steering vector of the tar- tity, which allows us to obtain the closed-form solution of the

get signal.,,,,. . ; denotes the transfer gain between the refMVDR beamformer described in Eg. (4) at every time frame.
erence microphone and the target source. This linear coriS means that we achieve the global minimum value of the
straint keeps the beamformer coefficients distortionless in th@PJective function described in Eq. (2) at every time frame.

H
= Wf Yfo7

direction parameterized bly;. A closed-form solution to To obtain the MVDR beamformer at timigwe compute
minimize the objective function in Eq. (2) with the constraint € inverse matrix ofY s, based on the Woodbury matrix
can be derived as [9] identity. A recursive update rule for the covariance matrix
can be described as
—1
Yf hf * 3) Yre=Ygri1+ Yf,ty?,t' (6)

Wy = hay-1n hmmf,f' ) i . o
fry Note that we ignore the scalar scaling factor here since it is

Instead of using the steering vector, we can parameterize zxiztlrjr?gziiazﬂct?rlﬁ: ggalgeEgbt(;ﬁezhgaig\ézrzi cg the( g)oﬁrc'i'
the MVDR beamformer coefficients by using the covariancet S . q:
he Woodbury matrix identity as

matrix of the target signal as [10]
Y;,iflyf,ty?th:,%fl

—1R(s) Y l=v !l — £ . 7
Wy = Lf(i 4 P LYY Y )
—1 s)y ]
tr(Yf Rf ) By having the initial value of the inverse of the covariance

matrixYJT_}), we can compute the inverse matrix incrementally

at every time frame without any additional inverse operation.

i ) - . ' -
is one and the other components are zaRy”) denotes the The covariance matrix of the target signal at timean
covariance matrix of the target signal. Egs. (3) and (4) arg|so pe obtained recursively as

equivalent wherRSf) = hfh?. We use Eq. (4) for the MVDR

whered denotes a one-hot vector whasg. s-th component

I ; . . . (s) _ p(s) (s) H
beamformer to avoid steering vector extraction with eigenvec- Rf,f, = Rf,tq + Mf,f, YrtYfe (8)
tor decomposition as in [5, 7, 11]. where we ignore the scaling factor for the same reason.

The covariance matrix of the target signal is often un-  From Egs. (7) and (8), the beamformer coefficients can
known, therefore we estimate the covariance matrix by ushe updated at every time frame by

ing time-frequency masks as in [4-8]. When we assume the e (s)
sparsity of the target signal and interference, the covariance - Y;.Rpd

. ) ) Wy = —, ©)
matrix of the target speech &grﬁjr can be obtained by ’ tr(Y;%Rﬁfj)

) 1 ) . This update rule achieves the global minimum of the objective
Ry ==—0& Z MY eYie (5)  function described in Eq. (2) with the entire observed signals
2 fitot obtained up to the current time frame.
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4. MASK ESTIMATOR FOR FRAME-BY-FRAME is the number of frequency bins. We performed a short-time
BEAMFORMER Fourier transform with a 25 ms window length, an 10 ms
window shift and a hanning window. As input features, we
There are several ways to obtain time-frequency masks. Onged log-magnitude spectra, which were averaged over the 6
approach is to use a generative model, e.g., a complex Gaushannels. Optionally, we concatenated the input features at
sian mixture model (CGMM) as in [5,7,11,13]. However, thisthe 5 previous and following frames, which introduced a
generative model-based approach relies on us using the statigne delay of50 ms for feature extraction. The input features
tics of the observed signals to estimate the model parametefgere normalized by using a cumulative moving average com-
and so this approach needs to aggregate a sufficient amounited at every time frame. The LSTMs were trained on the
of observations for precise mask estimation. Hence, it is difsimulated training dataset by minimizing the mean squared
ficult to perform mask estimation frame-by-frame without aerror between the log-magnitude spectra of clean signals and
time delay. enhanced signals obtained by masking. The rmsprop algo-
On the other hand, neural network-based mask estimatiaithm [19] was used for model training, where the learning
has been investigated [4, 6, 8, 14-16], where time-frequenaytes were set dt = 0.00001 for the model with no frame
masks can be obtained as outputs of neural networks. Aktoncatenation and @t = 0.0001 for that with an11-frame
though BLSTMs have typically been used for mask esti-concatenation, respectively. The learning rates were tuned
mation in many studies [4, 6, 14-16], we can also use uniby using the development set. The mini-batch size was set at
directional LSTMs instead of the BLSTMs to perform mask128, and the number of maximum epochs was sébatfter
estimation frame-by-frame as in [8]. the iteration, the best models were picked based on the loss
on the development set. The initial value of the inverse of the

. . 71 . . .
5. EXPERIMENTAL EVALUATION covariance mathf,O was set at an identity matrix.

We evaluated our frame-by-frame beamformer update on the For comparison, we used the CGMM-based beamformer
CHIME-3 dataset [17]. We investigated ASR performanceWith batch and block-wise processing [7]. The block size was
in terms of word error rates (WERs) with online and batchset at250 ms as in [7], which means we experienced a time
processing for both mask and beamformer estimation. Theelay 0f250 ms before obtaining enhanced signals. Note that
performance was also compared with that obtained with ththe MVDR beamformer used for the CGMM-based system
baseline CGMM-based beamformer [7]. was slightly different from the one we used for our neural
network-based systems since it used subtraction to obtain the
covariance matrix of the target signals as described in [7]. We
used a subtraction-based covariance estimation for the base-

We used the CHIME-3 dataset [17] for evaluation. Audio sig-ine CGMM-based system so that we followed our previous
nals were recorded in four noisy public areas with six mi-work exactly. For additional investigation, we performed a
crophones attached to a tablet device. The noisy areas iReamformer estimation with an entire utterance (batch pro-
cluded a bus (BUS), caf(CAF), pedestrian area (PED), and cessing), block-wise processing and frame-by-frame process-
street junction (STR). The training data consisted of 713@1g. Moreover, we compared the result with BLSTM-based
simulated noisy recordings and 1600 real noisy recordinggNask estimation to investigate the performance degradation
The simulated noisy data were generated by convolving imcaused by the frame-by-frame mask estimation based on the
pulse responses and clean speech signals from the WSJO cb TMs. The BLSTMs were realized with the same number
pus [18]. The development set consisted of 1640 simulate@f parameters as the LSTMs.

and 1640 real noisy recordings, which was used to tune hyper-

parameters. The evaluation set consisted of 1320 simulated For an ASR system, we used a deep convolutional neural
and 1320 real noisy recordings and was used for performanegtwork (CNN) acoustic model [20,21] and a class-based re-
evaluation. The sampling rate waé kHz. The CHIME-3  current neural network (RNN) language model [22, 23] as in
dataset is described in further detail in [17]. our previous work [11]. The CNN acoustic model consisted
of five convolution layers and two max-pooling layers, where
all the layers contained 180 feature maps. The last convolu-
tion layer was followed by three fully-connected layers with
For frame-by-frame mask estimation, we used one LSTM2048 units and a softmax layer with 5976 units. The units of
layer followed by 2 fully-connected layers with ReLU activa- the softmax layer corresponded to context-dependent HMM
tion functions and one fully-connected layer with a sigmoidstates. We used 10 classes for the RNN language model,
activation function. The LSTM layer and the 2 ReLU layerswhich consisted of 500 hidden recurrent units. The recog-
had 256, 513 and 513 units, respectively. The final fully- nizer was equivalent to the speaker-independent (Sl) system
connected layer projected dimensions froii to 201, which  in our CHIME-3 paper [11].

5.1. Data

5.2. Settings
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Table 1. WERs [%)] obtained for the CHIME-3 development set.

systems mask estimation | beamformer estimatiol simu real total avg
avg | BUS | CAF | PED| STR | avg | BUS | CAF | PED | STR

unprocessed - - 8.24| 6.42| 8.48 | 7.51| 10.56| 9.01| 6.03 | 14.00| 8.05| 7.94| 8.62
baseline CGMM MVDR b_atch b_atch 519| 515| 6.39| 445| 478 | 5.00| 7.82 | 3.85 | 3.92| 439| 5.09
block-wise (250 ms)| block-wise (250 ms) | 5.57 | 5.56 | 6.59 | 456 | 5.58 | 5.35| 8.28 | 4.44 | 419 | 450 5.46
BLSTM MVDR batch batch 5.37| 543 | 6.76 | 428 | 499 | 6.21| 9.74 | 5.10 | 453 | 5.49 5.79
frame-by-frame batch 5.74| 578 | 7.61 | 447 | 510 | 6.54 | 10.09| 559 | 4.71 | 5.77 6.14
proposed LSTM MVDR frame-by-frame block-wise (250 ms) | 6.14 | 6.12 | 7.76 | 4.82 | 5.86 | 6.94| 10.55| 5.90 | 4.82 | 6.47 6.54
frame-by-frame frame-by-frame 6.22] 6.14| 799 | 497 | 578 | 7.13| 10.89| 6.02 | 4.99 | 6.61 6.67
frame-by-frame batch 543| 553 | 7.01| 440 | 479 | 6.12| 9.35 | 518 | 459 | 5.35 5.77
frlolp?;f:e";z'famgti frame-by-frame | block-wise (250 ms) | 5.85 | 6.02 | 7.36 | 4.66 | 5.37 | 653 | 9.79 | 556 | 475 | 6.02| 6.19
frame-by-frame frame-by-frame 5.95| 6.14| 739 | 463 | 565 | 6.83| 10.33| 583 | 496 | 6.19| 6.39

Table 2. WERSs [%)] obtained for the CHIME-3 evaluation set.

systems mask estimation | beamformer estimatiol simu real total avg
avg | BUS| CAF | PED| STR | avg | BUS | CAF | PED | STR

unprocessed - - 10.17| 8.37 | 11.69| 9.86 | 10.78| 15.60 | 22.55| 16.21| 12.89| 10.74| 12.89
baseline CGMM MVDR patch patch 7.90 | 540 | 7.34 | 9.34| 953 | 837 | 11.44| 6.97 | 843 | 6.65 8.14
block-wise (250 ms)| block-wise (250 ms) | 8.47 | 6.85 | 8.39 | 8.39 | 10.25| 9.13 | 12.96| 8.27 | 7.85 | 7.43 8.80

BLSTM MVDR batch batch 6.87 | 592 | 7.68 | 6.56 | 7.30 | 9.33 | 13.83| 8.76 | 6.88 | 7.87 8.10
frame-by-frame batch 751 | 6.07 | 9.00 | 7.40| 7.56 | 10.13| 14.08| 10.85| 7.40 | 8.19 8.82

proposed LSTM MVDR frame-by-frame block-wise (250 ms) | 8.03 | 6.28 | 8.98 | 8.14 | 8.72 | 10.90| 15.16| 11.36| 8.43 | 8.65 9.46
frame-by-frame frame-by-frame 822 | 650 | 9.15 | 850 | 8.72 | 10.91| 15.63| 11.19| 8.31 | 8.50 9.56

frame-by-frame batch 7.29 | 583 | 8.61 | 7.25| 7.47 | 9.59 | 13.03| 9.56 | 7.42 | 8.34 8.44

frlol')?rsaife"cso?cﬂa':@;;i frame-by-frame | block-wise (250 ms) | 7.61 | 5.75 | 8.60 | 7.73 | 8.26 | 10.42| 13.82| 1057 8.13 | 9.16 | 9.01
frame-by-frame frame-by-frame 7.83 | 6.07| 874 | 7.92| 859 | 10.54| 14.53| 10.68| 8.03 | 8.91 9.18

5.3. Results 6. CONCLUSION

Tables 1 and 2 show the WERs obtained for the developn this paper, we proposed a frame-by-frame update rule
ment and evaluation sets, respectively. With frame-by-frameor a mask-based MVDR beamformer. The update rule was
mask and beamformer estimation, our LSTM-based MVDR:ombined with frame-by-frame mask estimation based on the
beamformer achieved a large performance gain from untSTMs, which enabled us to perform MVDR beamforming
processed signals with a short time delay. Furthermoreyith frame-by-frame processing. The proposed algorithm
11-frame concatenation helped to improve ASR performancgchieved the global minimum of the objective function for
with the LSTM-based beamformer. Our LSTM-based framethe MVDR beamformer at every time frame without any
by-frame beamformer with and without frame concatenatioratrix inversion as a result of the Woodbury matrix identity.
outperformed a baseline CGMM-based block-wise beamgxperimental results showed that our frame-by-frame MVDR
former on the simulated evaluation set even with a shorteseamformer outperformed block-wise CGMM-based MVDR

time delay. Compared with batch processing, as expected, Wamforming on the CHIME-3 simulated dataset even with a
experienced a slight performance degradation when using thghorter time delay.

LSTM-based frame-by-frame mask estimator instead of the
BLSTM-based mask estimator.

5.4. Discussion and future work

One possible reason for the (B)LSTM-based beamformer
working better with the simulated dataset is that the (B)LSTMs
were trained on simulated parallel training data. This limita-
tion will be removed by performing end-to-end optimization
as in [8, 14-16] and/or recently-proposed adversarial training
for mask estimators [24]. These approaches allow us to train
a (B)LSTM-based mask estimator with real noisy recordings
without corresponding clean signals. Combining these ap-
proaches with our LSTM-based frame-by-frame beamformer
will constitute our future work.

534



7. REFERENCES [13]
[1] B. Li et al., “Acoustic modeling for google home|N-
TERSPEECH?2017. [14]

[2] X. Xiao et al., “Deep beamforming networks for multi-
channel speech recognition,” iEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP)IEEE, 2016, pp. 5745-5749. 18]
B. Li et al., “Neural network adaptive beamforming for
robust multichannel speech recognition.,” INTER-
SPEECH 2016, pp. 1976-1980.

(3]

[16]
J. Heymann et al., “Neural network based spectral mask
estimation for acoustic beamforming,” IBEEE Interna-
tional Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP)EEE, 2016, pp. 196-200.

(4]

[17]
T. Higuchi et al., “Robust MVDR beamforming using
time-frequency masks for online/offline ASR in noise,”
in Proc. Int. Conf. Acoust., Speech, Signal Process.
IEEE, 2016, pp. 5210-5214.

(5]

[6] H. Erdogan et al., “Improved MVDR beamforming us- [18]
ing single-channel mask prediction networks,” I

TERSPEECIH?2016.

[7] T. Higuchi et al., “Online MVDR beamformer based on
complex Gaussian mixture model with spatial prior for[19]
noise robust ASR,TEEE/ACM Transactions on Audio,
Speech, and Language Processingl. 25, no. 4, pp.
780-793, 2017.

[8] X. Xiao et al., “On time-frequency mask estima- [20]
tion for MVDR beamforming with application in robust
speech recognition,” IfEEE International Conference

on Acoustics, Speech and Signal Processing (ICASSP)

IEEE, 2017, pp. 3246-3250.
[21]

O. L. Frost, “An algorithm for linearly constrained adap-
tive array processingProceedings of the IEERoI. 60,
no. 8, pp. 926-935, 1972.

0]

[22]
M. Souden et al., “A multichannel MMSE-based frame-
work for speech source separation and noise reduction
IEEE Trans. Audio, Speech, Language Process. 21,
no. 9, pp. 1913-1928, 2013.

(10]

”

(23]

[11] T. Yoshioka et al., “The NTT CHIME-3 system: Ad-
vances in speech enhancement and recognition for m(£24]
bile multi-microphone devices,” iutomatic Speech
Recognition and Understanding (ASRU), 2015 IEEE

Workshop onlEEE, 2015, pp. 436-443.

[12] R. Haeb-Umbach and E. Warsitz, “Adaptive filter-and-
sum beamforming in spatially correlated noise,Piroc.

IWAENG 2005, pp. 125-128.

535

J. Du et al., “The USTC-iFlytek system for CHIME-4
challenge,’Proc. CHIME, pp. 36-38, 2016.

J. Heymann et al., “BEAMNET: End-to-end train-
ing of a beamformer-supported multi-channel ASR sys-
tem,” in IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSBEE, 2017,
pp. 5325-5329.

T. Ochiai et al., “Multichannel end-to-end speech recog-
nition,” International Conference on Machine Learning
(ICML), 2017.

T. Ochiai et al., “Does speech enhancementwork with
end-to-end ASR objectives?: Experimental analysis of
multichannel end-to-end ASR,Machine Learning for
Signal Processing (MLSP2017.

J. Barker et al., “The third 'CHIME’ speech separa-
tion and recognition challenge: Dataset, task and base-
lines,” in Automatic Speech Recognition and Under-
standing (ASRU), 2015 IEEE Workshop tFEE, 2015,

pp. 504-511.

D. B. Paul and J. M. Baker, “The design for the Wall
Street Journal-based CSR corpus,” Hroceedings of
the workshop on Speech and Natural Languaggsoci-
ation for Computational Linguistics, 1992, pp. 357-362.

T. Tieleman and G. Hinton, “Lecture 6.5-rmsprop: Di-
vide the gradient by a running average of its recent mag-
nitude,” COURSERA: Neural networks for machine
learning, vol. 4, no. 2, 2012.

O. Abdel-Hamid et al., “Convolutional neural networks
for speech recognitionfEEE/ACM Transactions on au-
dio, speech, and language processingl. 22, no. 10,
pp. 1533-1545, 2014,

T. N. Sainath et al., “Deep convolutional neural net-
works for large-scale speech taskd\eural Networks
vol. 64, pp. 39-48, 2015.

T. Mikolov et al., “Recurrent neural network based lan-
guage model,” innterspeech2010, pp. 1045-1048.

T. Mikolov et al., “Empirical evaluation and combina-
tion of advanced language modeling techniques/thin
terspeech2011, pp. 605-608.

T. Higuchi et al., “Adversarial training for data-driven
speech enhancement without parallel corpus,”Tive
2017 IEEE Automatic Speech Recognition and Under-
standing Workshop (ASRU 201%) appear, 2017.



