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ABSTRACT

Here we propose online adaptive beamforming for automatic speech
recognition (ASR) in meetings in noisy, reverberant environments.
The proposed method is based on recently developed mask-based
beamforming, in which accurate mask estimation and diarization are
paramount. Real-world experiments have shown that mask-based
beamforming enables accurate ASR in meetings in small noise and
reverberation with a signal-to-noise ratio (SNR) of 15–25 dB and a
reverberation time (RT) of 120–350ms. In this paper, we deal with
a more adverse condition: meetings in large noise and reverberation
with an SNR of 3–15 dB and an RT of 500ms. To this end, we ex-
ploit a probabilistic spatial dictionary, a dictionary that consists of
a pre-trained probability distribution of source location features for
each potential speaker location. This dictionary enables us to per-
form mask estimation and diarization for beamforming accurately,
even in the above adverse condition. The proposed method reduced
the word error rate (WER) on real meeting data by 54.8% relative to
our previous beamforming method.

Index Terms— Automatic speech recognition, maximum like-
lihood estimation, microphone arrays, speech enhancement.

1. INTRODUCTION
When a desired speech is recorded by a distant microphone, the
recording contains not only the desired speech but also interferences
and background noise, which degrade the ASR performance. To
resolve this problem, speech enhancement has been studied exten-
sively, which aims to estimate the desired speech from the recording.

A promising speech enhancement technique as a front-end of
ASR is a minimum variance distortionless response (MVDR) beam-
former, which can reduce interferences and background noise with-
out distorting the target speech. The key to the effectiveness of
the MVDR beamformer is accurate estimation of a steering vector,
which represents the acoustic transfer characteristics from a sound
source to the microphone array. Conventionally, the steering vec-
tor is estimated based on the assumption of planewave propagation
and a known array geometry. However, these assumptions are often
violated in the real world, and the estimated steering vector is inac-
curate. This degrades the performance of the MVDR beamformer
and thus that of ASR.

To resolve this issue, we have recently proposed mask-based
MVDR beamforming [1]. In this approach, the steering vector is es-
timated based on masks, which indicate the dominant source signal
(or background noise) at each time-frequency point. The approach
does not make the above unrealistic assumptions, and therefore it is
more robust in the real world than the conventional MVDR beam-
former. The mask-based MVDR beamforming has been applied to
denoising in the NTT CHiME-3 system successfully [1]. It has also

been applied to meeting ASR, but an environment with small noise
and reverberation was considered with an SNR of 15–25 dB and an
RT of 120–350ms [2].

In this paper, we extend the mask-based MVDR beamforming
so that it can deal with meetings in noisy, reverberant environments.
For example, we consider an environment with an SNR of 3–15 dB
and an RT of 500ms in the experiment. To deal with such an ad-
verse condition, we exploit a probabilistic spatial dictionary as prior
knowledge about source location features. The probabilistic spa-
tial dictionary consists of a pre-trained probability distribution of the
source location features for each potential speaker location. This
pre-trained dictionary reduces the number of unknown parameters,
enabling accurate mask estimation and diarization from short ob-
servation and in adverse environments. Moreover, the pre-trained
dictionary takes into account the acoustic transfer characteristics of
the environment properly, which also makes the proposed method
robust against reverberation.

The proposed method is suitable for online processing because
of the following features. First, the reduced number of unknown
parameters results in reduced computational costs. Second, the dis-
tributions in the dictionary are labeled with the index of the potential
speaker location consistently in all frequency bins, which prevents
the permutation problem.

The rest of this paper is organized as follows. Section 2 de-
scribes background. Section 3 elaborates on probabilistic spatial dic-
tionary for mask estimation and diarization. Section 4 describes the
proposed method. Section 5 presents a meeting ASR experiment on
real meeting data. Section 6 concludes the paper.

2. BACKGROUND

2.1. Mask-based Microphone Array Signal Processing
We employ mask-based approach to microphone array signal pro-
cessing. This approach has been applied to various tasks, such as
source separation [2, 7–14], denoising [1, 2, 15], source localiza-
tion [11, 16], and source counting [10, 17]. The approach has been
employed in the best system in many evaluation campaign [1, 18,
19], which demonstrates its effectiveness and robustness in the real
world. The approach employs source location features, such as time
and level differences between microphones.

2.2. Feature Vector: Directional Statistics [8, 13]

Here we employ directional statistics [8,12–15,17,20] as the source
location features, which are known to be effective and robust in the
real world [15], instead of the better-known time and level differ-
ences between microphones. In this paper, the directional statistics
refer to a normalized vector ztf in (1), where ytf denotes the vector
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Fig. 1. Illustration of directional statistics for two sources. Here,
C

M has been simplified to R3 for illustration.

composed of the observed signals at M microphones in the short-
time Fourier transform (STFT) domain as in (2).

ztf � ytf

‖ytf‖2 . (1)

ytf �
[
y
(1)
tf y

(2)
tf . . . y

(M)
tf

]T
. (2)

As illustrated in Fig. 1, the directional statistics (1) lie on the unit
hypersphere centered at the origin, and form cluster for each source
signal. In the above, t denotes the frame index; f the frequency bin
index; T transposition;

‖ytf‖2 �

√√√√ M∑
m=1

∣∣y(m)
tf

∣∣2. (3)

3. PROBABILISTIC SPATIAL DICTIONARY FORMASK
ESTIMATION AND DIARIZATION

3.1. Basic Idea of Probabilistic Spatial Dictionary

A real meeting involves reverberation and background noise, as well
as speaker overlap and turn-taking, which make mask estimation and
diarization challenging. To deal with such a challenging task, here
we exploit prior knowledge about the feature vector (1). Specifically,
we exploit a probabilistic spatial dictionary [21], a dictionary that
consists of a pre-trained probability distribution of the feature vector
for each potential speaker location. For example, when the speakers
are seated around a table as in Fig. 2, we can choose the potential
speaker locations as indicated by the dots. We pre-train the distribu-
tions in the dictionary on training data composed of single-channel
reverberant speech signals for each potential speaker location. The
single-channel reverberant speech signals can be obtained, e.g., by
recording a speech signal played by a loudspeaker at each potential
speaker location, or by convolving a dry source signal and measured
room impulse responses for each potential speaker location.

3.2. Modeling Observed Signals using Probabilistic Spatial Dic-
tionary

Here we describe our modeling of the feature vector ztf in (1) based
on the probabilistic spatial dictionary.

Based on speech sparseness [7], we assume that, at each time-
frequency point, ztf is dominated by a speech signal from one of
the potential speaker locations, or by the background noise. Let us
define a speaker location indicator gtf , which takes k ∈ {1, . . . ,K}
if ztf is dominated by a speech signal from the kth potential speaker
location, and takes 0 if ztf is dominated by the background noise.

We model ztf by a complex Watson mixture model (cWMM)
in (4), where the mixture components correspond to the cases gtf =

array
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Fig. 2. Discrete index k indicating a potential speaker location.
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Fig. 3. Processing flow of the proposed method.

0, . . . ,K.

p(ztf ) =

K∑
k=0

α
(k)
t W(

ztf ;a
(k)
f , κ

(k)
f

)
. (4)

In (4),W denotes a complexWatson distribution defined by (5); a(k)
f

a centroid satisfying
∥∥a(k)

f

∥∥
2
= 1; κ(k)

f a concentration parameter;
α
(k)
t a mixture weight satisfying

∑K
k=0 α

(k)
t = 1.

W(z;a, κ) � (M − 1)!

2πMK(1,M, κ)
exp

(
κ|aHz|2). (5)

In (5), K denotes the confluent hypergeometric function of the first
kind, and H Hermitian transposition.

Of the model parameters in (4), a(k)
f and κ

(k)
f are pre-trained

from the single-speaker reverberant speech signals, and stored as
the probabilistic spatial dictionary. On the other hand, α(k)

t is esti-
mated from a meeting recording, which can be regarded as speaker
presence probability at the kth potential speaker location in the
tth frame. Once α(k)

t has been estimated, the posterior probability
γ
(k)
tf � P (gtf = k|ztf ) of gtf = k can be estimated by

γ
(k)
tf =

α
(k)
t W(

ztf ;a
(k)
f , κ

(k)
f

)
∑K

l=0 α
(l)
t W(

ztf ;a
(l)
f , κ

(l)
f

) . (6)

The masks are obtained based on γ(k)
tf as detailed later. Diarization

can be performed based on peak picking of α(k)
t , 1 ≤ k ≤ K.

4. PROPOSED METHOD
This section describes the processing of the proposed method, which
consists of training and test phases (Fig. 3).

4.1. Training Phase

In the training phase, a(k)
f and κ

(k)
f of the cWMM (4) are pre-

trained from the single-speaker reverberant speech (dictionary train-
ing), and stored as the probabilistic spatial dictionary.
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4.1.1. Dictionary Training

In dictionary training, the feature vector (1) is first extracted from the
single-speaker reverberant speech for each potential speaker location
k = 1, . . . ,K, which is denoted by z

(k)
tf . a

(k)
f and κ

(k)
f are then

estimated for k = 1, . . . ,K by the maximization of the following
likelihood function:

T∏
t=1

F∏
f=1

W(
z
(k)
tf ;a

(k)
f , κ

(k)
f

)
. (7)

Here, T denotes the number of frames, and F the number of fre-
quency bins up to the Nyquist frequency. The resulting update rules
are similar to those in [22] and omitted here.

Under the assumption that the background noise is isotropic,
κ
(0)
f is fixed to 0, in which case the Watson distribution (5) reduces
to the uniform distribution on the unit hypersphere. Since the dis-
tribution is independent of a(0)

f in this case, a(0)
f can be set to an

arbitrary unit vector.
a
(k)
f and κ(k)

f for k = 0, . . . ,K are stored as the probabilistic
spatial dictionary.

4.2. Test Phase

In the test phase, beamforming is performed based on the proba-
bilistic spatial dictionary. To estimate the steering vector for MVDR
beamforming accurately from a mixture of multiple speech signals
and background noise, we propose to exploit masks and diariza-
tion. The masks allow for estimation of the steering vector for each
speaker from the mixture. Diarization indicates which speakers are
active in each frame [3–6], and prevents the beamformer from de-
grading gradually while the corresponding speaker remains silent.

4.2.1. Weight Estimation

In weight estimation, the feature vector ztf in (1) is first extracted
from the observed signals. α(k)

t is then estimated by the maximiza-
tion of the following likelihood function:

T∏
t=1

F∏
f=1

K∑
k=0

α
(k)
t W(

ztf ;a
(k)
f , κ

(k)
f

)
. (8)

The maximization can be performed by a gradient ascent-based al-
gorithm that iterates the following update rules alternately:

αt ← αt + λ

F∑
f=1

1

αT
twtf

wtf , (9)

αt ← 1

1Tαt
αt. (10)

Here, λ > 0 denotes a learning rate; αt �
[
α
(0)
t . . . α

(K)
t

]T
;

wtf �
[
w

(0)
tf . . . w

(K)
tf

]T
; w(k)

tf � W(
ztf ;a

(k)
f , κ

(k)
f

)
; 1 �[

1 . . . 1
]T. αt can be initialized by, e.g., αt ← 1

K+1
1.

4.2.2. Diarization

In diarization, a binary variable d(n)
t indicating the diarization result

is estimated based on α(k)
t , where n = 1, . . . , N denote the indexes

of the seats, andN the number of seats. d(n)
t takes 1 if there is voice

activity from the nth seat in the tth frame, and 0 otherwise.

First, the peaks of α(k)
t , 1 ≤ k ≤ K, are picked to detect source

activity. Specifically, the set It(⊂ {1, . . . ,K}) that consists of all
values of k ∈ {1, . . . ,K} at which α(k)

t has a peak is estimated.
Then, the K potential speaker locations are grouped into N

classes corresponding to the N seats based on tracking of the
peaks. Specifically, disjoint sets J(n)

t , n = 1, . . . , N, satisfying
∪N

n=1J
(n)
t = {1, . . . ,K} are estimated. J (n)

t is the set of all values
of k that correspond to the nth seat. The initial value J(n)

0 of J(n)
t is

computed based on seat locations, which are assumed to be roughly
known.

Finally, d(n)
t is computed by

d
(n)
t ←

{
1, It ∩ J

(n)
t 	= ∅,

0, It ∩ J
(n)
t = ∅. (11)

4.2.3. Mask Estimation

In mask estimation, γ(k)
tf is first estimated for k = 0, . . . ,K by (6),

and the masksM(n)
tf , n = 0, . . . , N, are then estimated by

M(n)
tf ←

{∑
k∈J

(n)
t

γ
(k)
tf , if n ∈ {1, . . . , N},

γ
(0)
tf , if n = 0.

(12)

Here, M(n)
tf , n ∈ {1, . . . , N}, denotes the mask for the nth seat,

andM(0)
tf that for the background noise.

4.2.4. Beamforming

In beamforming, MVDR beamforming is performed based on d(n)
t

andM(n)
tf . d

(n)
t andM(n)

tf , which enable accurate estimation of the
steering vector. The steering vector represents the acoustic transfer
characteristics from a sound source to the microphones, and is the
key to the MVDR beamforming.

In each frame, the covariance matrix of the observed signals,
Φy

tf � E
[
ytfy

H
tf

]
, is updated by

Φy
tf ← (1− β)Φy

t−1,f + βytfy
H
tf , (13)

where β ∈ [0, 1] denotes a forgetting factor. A covariance matrix
corresponding to the background noise,Φ(0)

tf , is updated by

Φ
(0)
tf ← (1− β)Φ

(0)
t−1,f + βM(0)

tf ytfy
H
tf . (14)

A covariance matrix corresponding to the speech signal from the nth
seat,Φ(n)

tf , n ∈ {1, . . . , N}, is updated by

Φ
(n)
tf ←

{
(1− β)Φ

(n)
t−1,f + βM(n)

tf ytfy
H
tf , if d

(n)
t = 1,

Φ
(n)
t−1,f , if d

(n)
t = 0.

(15)

(15) implies thatΦ(n)
tf , n ∈ {1, . . . , N}, is updated only if d(n)

t = 1.
Such update control is crucial in meetings to prevent the beamformer
from degrading gradually while the corresponding speaker remains
silent.

Then, an eigenvector u(n)
tf corresponding to the largest eigen-

value of the generalized eigenvalue problem

Φ
(n)
tf u = μΦ

(0)
tf u (16)
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Table 1. Meeting data
office-exh. office sound-proof

reverberation time 500ms 350ms 120ms
SNR 3–15 dB 15–20 dB 20–25 dB

# of speakers 4–6 4 4
training data 40 sessions 14 sessions 30 sessions

development data 8 sessions 4 sessions 4 sessions
evaluation data 8 sessions 8 sessions 8 sessions
# of microphones 8 8 8

is computed for n = 1, . . . , N . The steering vector h(n)
tf for the nth

seat is estimated by

h
(n)
tf ← Φ

(0)
tf u

(n)
tf , (17)

h
(n)
tf ← h

(n)
tf

h
(1,n)
tf

, (18)

where h(1,n)
tf denotes the first entry of h(n)

tf . Finally, the speech sig-
nal from the nth seat, s(n)

tf , is estimated by using the MVDR beam-
former as

s
(n)
tf ← h

(n)H
tf (Φy

tf )
−1ytf

h
(n)H
tf (Φy

tf )
−1h

(n)
tf

. (19)

The steering vector estimation here enables noise-robust estima-
tion owing to the generalized eigenvalue problem. In [1], we have
also proposed steering vector estimation based on subtraction of co-
variance matrices. A main advantage of the method here over that
in [1] is that the former works well even if the noise component in
Φ

(n)
tf and that in Φ(0)

tf have different scales, which is the case in the
diarization-based approach here, becauseΦ(n)

tf andΦ(0)
tf are updated

in different frames.

5. EXPERIMENTAL EVALUATION
5.1. Dataset

As in Table 1, we employed meeting datasets recorded in the follow-
ing three different environments:

• office-exh.: an office room next to an exhibition hall;
• office: a quiet office room;
• sound-proof: a sound-proof room.

Only the first dataset was used for evaluation, while the latter two
were used only to train the ASR system. The recordings in the
first dataset may contain babble noise from audience standing be-
hind meeting participants and from loudspeakers in the exhibition
hall, depending on sessions. Also, the door of the office room is
either open or close, depending on sessions.

We also employed a dataset composed of single-speaker rever-
berant speech signals to pre-train the probabilistic spatial dictionary.
This dataset was generated by convolving a dry speech signal with
room impulse responses measured in office-exh. for each ofK = 22
potential speaker locations around a table (see Fig. 2).

5.2. Back-end System

We employed a DNN-HMM acoustic model (AM) [24] with seven
hidden layers with 2048 units each. The input to the DNN was a
1320-dimensional feature vector that consisted of 40 log-mel filter-
bank coefficients and their delta and acceleration with five left and

Table 2. ASR performance in terms of WER (%).
microphone AM enhancement WER

(a) headset headset off 15.9
(b) headset multi-condition off 18.8
(c) table headset off 93.5
(d) table multi-condition off 40.5
(e) table multi-condition on [23] 53.3
(f) table multi-condition on (masking) 57.5
(g) table multi-condition on (MVDR) 24.1

five right context frames. The output was 4100 HMM states. The
DNN was first trained on the clean training set of Corpus of Sponta-
neous Japanese (CSJ) [25], then retrained on the headset recordings
in the training set of the three meeting datasets in Table 1 (head-
set AM in Table 2), and finally retrained on all channels of the ar-
ray recordings in the training set of the office-exh. dataset (multi-
condition AM in Table 2). In the training of the multi-condition
AM, we used HMM state alignments obtained by using the headset
recordings.

We employed a Kneser-Ney smoothed word trigram language
model [26], trained on the CSJ, the training set of the meeting data,
and topic-relatedWWWdata. The mixture weights were determined
based on the minimization of the perplexity on the development set
of the meeting data.

We used manual annotation for voice activity detection for ASR.
ASR was performed in an utterance batch instead of an online man-
ner, while the meeting speech enhancement was performed in an
online manner.

5.3. Results

Table 2 shows the meeting recognition result in terms of the word
error rate (WER). (a) and (b) show the results for headset record-
ings as the performance upper bound, and (c)–(g) those for the array
recordings. (c) and (d) are results without enhancement, where (c)
corresponds to the headset AM and (d) to the multi-condition AM.
(e), (f), and (g) are results with enhancement, where (e) corresponds
to our previous beamforming [23], (f) to masking with masks es-
timated based on the probabilistic spatial dictionary, and (g) to the
proposed method.

Although the WER for (d) was much lower than that for (c), it
was still as high as 40.5%. Our previous beamforming in (e) and
masking in (f) gave even high WERs than (d) without enhancement.
The proposed method (i.e., MVDR beamforming with masks esti-
mated based on the probablistic spatial dictionary) in (g) gave the
WER of 24.1%, reducing the WER by 54.8% relative to our previ-
ous beamforming in (e). The real-time factor was 0.6.

6. CONCLUSION

We proposed an online beamforming method for meeting recogni-
tion in noisy and reverberant environments based on the probabilistic
spatial dictionary.

The proposed method as it is requires the single-speaker rever-
berant speech signals for the same room as the meeting takes place.
Otherwise, the performance of meeting enhancement may degrade
due to environment mismatch between training and test data. We
plan to extend the proposed method so that it can adapt to a new
environment.
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