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Abstract— Especially for tasks like automatic meeting transcription, it would be useful to automatically recognize speech
also while multiple speakers are talking simultaneously. For this
purpose, speech separation can be performed, for example by
using maximum SNR beamforming. However, even when good
interferer suppression is attained, the interfering speech will still
be recognizable during those intervals, where the target speaker is
silent. In order to avoid the consequential insertion errors, a new
soft masking scheme is proposed, which works in the time domain
by inducing a large damping on those temporal periods, where
the observed direction of arrival does not correspond to that of
the target speaker. Even though the masking scheme is aggressive,
by means of missing feature recognition the recognition accuracy
can be improved signiﬁcantly, with relative error reductions in the
order of 60% compared to maximum SNR beamforming alone,
and it is successful also for three simultaneously active speakers.
Results are reported based on the SOLON speech recognizer,
NTT’s large vocabulary system [1], which is applied here for the
recognition of artiﬁcially mixed data using real-room impulse
responses and the entire clean test set of the Aurora 2 database.

I. I NTRODUCTION
Many source separation methods are optimized for situations, in which the number of speakers is ﬁxed, and known
beforehand. However, this assumption is unrealistic for many
potential real-world applications, such as automatic meeting
transcriptions. For such situations, in which the number and
position of active speakers often changes over time, more ﬂexible source separation architectures are needed. In this paper,
the use of maximum SNR beamforming [2] with adaptive
online clustering is investigated for application together with
automatic speech recognition and it is modiﬁed to also include
a time-masking which improves separation performance.
However, such quickly time-varying nonlinear masking is
generally detrimental for speech recognition, therefore, instead
of using a standard HMM speech recognition engine, the
SOLON large vocabulary speech recognizer has been modiﬁed
to be able to include additional uncertainty information in
the recognition process. This information is won from the
preprocessing module, and passed on to the recognizer, as
shown in the overview in Figure 1. Since the recognition
takes places on mel-cepstrum features Ỹ (c, τ ), rather than
the STFT-coefﬁcients ỹ(f, τ ) which are computed by the
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Fig. 1.

Overall Structure of the System

preprocessing stage, an additional module for transforming the
features ỹ(f, τ ) with associated uncertainties σỹ (f, τ ) from
the spectrum to the mel-cepstrum features Ỹ (c, τ ) with their
uncertainties σỸ (c, τ ) is necessary. This transformation is
achieved here by means of the unscented transform.
II. M IXING M ODEL
It is assumed here, that noisy, convolutive mixing of N
speech sources takes place. This means that the M observed
microphone signals xj (t), j = 1 . . . M are composed of
xj (t) =

N 

k=1

hjk (l)sk (t − l) + nj (t),

(1)

l

where hjk stands for the room impulse response from source k
to sensor j, and where nj is the sensor noise at sensor j. After
a T -point short time Fourier transform, the mixing model (1)
simpliﬁes to
xj (f, τ ) =

N


hjk (f )sk (f, τ ) + nj (f, τ ),

(2)

k=1



where f ∈ 0, . . . , T T−1 fs , fs is the sampling frequency and
τ denotes the frame index.
III. M AXIMUM SNR B EAMFORMING
Maximum SNR beamforming attempts to maximize the
Signal-to-Noise-Ratio (SNR) at the beamformer output. In
order to achieve this, it is necessary ﬁrst, to distinguish targetactive periods PTk from target-inactive-periods PIk for each
source k. As described in [2], this can be achieved by a threestage process.
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Fig. 2.

Block diagram of maximum SNR beamformer

First, noise only periods are determined by statistical,
model-based voice activity detection according to [3].
This results in a distinction between speech frames PS
and noise frames PN .
• Secondly, the generalized cross correlation method with
phase transform (GCC-PHAT) [4] is applied for determining time-differences of arrival (TDOAs) q in each of
the frames.
• Finally, all speech frames PS are clustered according to
their TDOA by means of an online clustering method,
which does not require advance knowledge about the
number of active sources [5].
This ﬁnal clustering yields the target-active periods PTk for
each of the sources k. Interference periods are assumed for
each source, whenever the source is not deemed active, thus
PIk = P − PTk and the set of all frames P is therefore
partitioned into two disjoint sets for each of the sources. Using
target-active-periods PTk and source-inactive periods PIk for
source k, the beamformer weights are obtained by optimizing
the ratio between the output energy in target-active periods
and the energy in interference periods for each of the sources
k = 1 . . . N according to
•

wk,opt (f ) = arg max

wk (f )

E(|yk (f, τ )|2 )PTk

E(|yk (f, τ )|2 )PIk

wH (f )RkT (f )wk (f )
= arg max kH
.
wk (f ) wk (f )Rk
I (f )wk (f )

(3)

τ ∈PT

(5)

τ ∈PI

Finally, the optimum beamformer weights wk,opt (f ) are obtained by differentiating (3) with respect to wk . This results
in the eigenvector problem
RkT (f )wk (f ) = λ(f )RkI (f )wk (f ),

where wk,opt (f ) is the eigenvector associated with the largest
eigenvalue λmax (f ). This generalized eigenvector problem
can also be simpliﬁed to an eigenvalue problem by leftmultiplying both sides with RkI (f )−1 . Finally, the output
signal for source k is obtained by
yk (f, τ ) = wk,opt (f )H x(f, τ ).

(6)

(7)

Here, the signal vector x(f, τ ) is composed of all microphone
signals [x1 (f, τ ) . . . xM (f, τ )]T .
IV. T IME M ASKING
Maximum SNR beamforming by itself already leads to a
signiﬁcant suppression of the interfering speaker, for example,
in [2], a signal to interference ratio (SIR) of 12dB was attained
for a reverberation time of 350ms. However, for the task of
robust speech recognition, greater SIR values are needed in
order to avoid insertion errors during those periods, where
the target speaker is inactive. Therefore, in order to improve
recognition results, a time-varying damping was applied to
the beamformer output, which introduces additional damping
according to
ỹk (f, τ ) = Dk (τ ) · yk (f, τ ).

The correlation matrix for target-active periods RkT is calculated by


RkT = E x(f, τ )x(f, τ )H P k
T
1 
= k
x(f, τ )x(f, τ )H
(4)
|PT |
k
and RkI is obtained in the same manner via


RkI = E x(f, τ )x(f, τ )H P k
I
1 
= k
x(f, τ )x(f, τ )H .
|PI |
k

Fig. 3. Histogram of estimated DOAs and approximation with Gaussian
distribution.

(8)

The damping factor Dk is obtained by comparing the direction
of arrival (DOA) for each time frame, θ(τ ), with a source DOA
model P (θ(τ )|sk ) for source sk . For this purpose, the TDOA
which is already available for each time frame τ , is converted
to a DOA value with the help of the known array geometry
[6]. Then, a statistical model of source DOAs can be learned
for each source k by ﬁtting a model to the observed DOAs in
those frames where source k is active, i.e. in which τ ∈ PTk .
As Figure 3 shows, even a simple Gaussian model may be
sufﬁcient. Such a model can be learned online, and it gives
the probability P (θ(τ )|sk ) for each frame τ and each source
k. This probability was ﬁrst used, to obtain a mask according
to D1k (τ ) = P (θ(τ )|sk ). However, the probability is very
quickly time-varying, so that low-energy frames within words
might be corrupted by application of the mask. Therefore, a
simple smoothing ﬁlter was applied to the intermediate mask
D1 by
L

1
D1k (τ − i),
(9)
D2k (τ ) =
2L + 1
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i=−L

Fig. 4.

Calculation of Mask from Source Probability

with L = 7 and a ﬁnal compansion
Dk (τ ) = L(D2k (τ ), α, ϑ)

(10)

with the logistic function
L(D, α, ϑ) = α +

1−α
1 + exp(10(ϑ − D))

−∞

(11)

ensures that the mask Dk (τ ) remains between a small constant
α > 0, and 1 as an upper limit. The lower bound α and the
threshold ϑ of L were set to α = 0.03 and ϑ = 0.5.
V. M ISSING F EATURE R ECOGNITION
A. Uncertainty Calculation
To estimate uncertainty values, it was assumed that the
maximum SNR beamformer leaves residual interference in the
signal, which is damped with a damping factor d. Thus, the
remaining uncertainties are estimated by taking a summation
over all estimated non-target outputs, each damped with the
factor d, according to
σỹk (f, τ ) =

N


d|ỹi (f, τ )|.

which gives the best match to the feature vector sequence
[Y(1), . . . , Y(E)] when each HMM state has an associated
output probability distribution p(Y|q). Y(i) denotes the ith
feature vector deﬁned as Y(i) = [Y (1, i), ..., Y (F, i)]T , where
i = 1, ..., E and F and E are the number of features and the
number of frames, respectively.
1) HMM Variance Compensation: In HMM variance compensation, the computation of state output probabilities is
modiﬁed to incorporate frame-by-frame and feature by feature
uncertainties [9]. The formulation
 ∞
p(Ỹ(τ )|S(τ ))p(S(τ )|q)dS(τ )
(13)
p(Ỹ(τ )|q) =
leads to
p(Ỹ(τ )|q) = N (Ỹ(τ ); μq , σq 2 + σỸ (τ )2 ),

where q denotes the HMM state, with the parameters μq and
σq , Ỹ(τ ) is the feature vector at frame τ with the associated
feature uncertainty σỸ (τ ), and S stands for the clean speech
feature vector.
2) Modiﬁed Imputation: In modiﬁed imputation, the idea
is replacing the imputation equation, originally proposed for
completely missing features in [10], by an alternative formulation, which also allows for real-valued degrees of uncertainty.
Thus, whereas missing parts of feature vectors are replaced by
the corresponding components of the HMM model mean μq in
classical imputation, modiﬁed imputation ﬁnds the maximum
likelihood estimate

(12)

Ŷ(τ ) = arg max p(Y(τ )|q, x(τ )).

i=1,i=k

Y(τ )

The damping factor was set to d = 0.1 for all experiments.
B. Uncertainty Transformation
After the preprocessing stage, processed features ỹk (f, τ )
and associated uncertainty values σỹk (f, τ ) are available in
the time-frequency domain. However, since speech recognition
can be performed far more robustly in other domains, using
features such as the mel-cepstrum or RASTA-PLPs, a transformation of these uncertain features to the domain of speech
recognition is necessary. This transformation can be calculated
analytically for speciﬁc transformations, or it can be obtained
in a general fashion by means of the unscented transform
[7], which is the way chosen for all subsequent experiments.
Then, after the unscented transform, features Ỹk (c, τ ) and
associated uncertainty values σỸk (c, τ ) are available in the
mel-cepstrum domain. This is the basis for missing-feature
speech recognition.
C. Uncertain Recognition
Speech recognition was performed with the SOLON recognizer, NTT’s large vocabulary recognition system. Two
missing feature approaches, modiﬁed imputation [8] and
HMM variance compensation [9], have been implemented for
SOLON and were used in the tests. Both methods are developed for HMM based systems, where recognition takes place
by ﬁnding the optimum HMM state sequence [q1 , . . . , qE ],

(14)

(15)

For a single Gaussian, and assuming a ﬂat prior for Y(τ ),
Equation (15) leads to
−1 

μq σq −1 + Ỹ(τ )σỸ (τ )−1 ,
Ŷ(τ ) = σỸ (τ )−1 + σq −1
as shown in [8], but better results are achieved with an
additional uncertainty weight w according to
−1 

μq σq −1 + Ỹ(τ )(wσỸ (τ ))−1
Ŷ(τ ) = (wσỸ (τ ))−1 + σq −1
and with an empirically chosen w = 0.1.
VI. E XPERIMENTS AND R ESULTS
A. Simulations with Recorded Impulse Responses
Recordings of impulse responses, made in a meeting room
with the reverberation time trev ≈ 100ms and the layout
shown in Figure 5, have been used to generate artiﬁcial
mixtures of the clean test set of the Aurora 2 database. The
clean test set consists of 1081 utterances with 12147 words.
B. Recognizer Parameters
The sampling rate of the data is 8kHz. Before feature extraction, the signal is highpass ﬁltered with a cutoff frequency
of 64Hz and a ﬁrst order FIR preemphasis ﬁlter with the
coefﬁcient a0 =0.97 is applied. The STFT windowsize is 30ms
with 20ms overlap. The acoustic model consists of speaker
independent, word based HMMs trained on clean speech and
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TABLE II
R ESULTS FOR R ECOGNITION OF AURORA T ESTSET, USING MIXTURES OF
THREE SPEAKERS .

Clean
Mixtures
MaxSNR
MaxSNR + Mask
MaxSNR + Mask + MI
MaxSNR + Mask + VC

Fig. 5.

TABLE I
R ESULTS FOR R ECOGNITION OF AURORA T ESTSET, USING MIXTURES OF

Clean
Mixtures
MaxSNR
MaxSNR + Mask
MaxSNR + Mask + MI
MaxSNR + Mask + VC

210◦ AND 315◦ IN F IGURE 5.
S
0.9
20.9
5.2
8.0
6.9
6.9

D
0.6
2.3
0.8
2.2
3.0
2.9

I
1.1
48.2
39.4
27.5
8.5
9.7

D
0.6
3.6
2.0
2.9
4.7
4.4

I
1.1
71.5
60.4
48.8
28.2
28.7

Word Accuracy
97.4
-9.1
23.5
33.2
52.4
52.5

by means of subsequent uncertain recognition, where the
results of modiﬁed imputation and of variance compensation
are similar, with an overall accuracy of 52.4% respectively
52.5%.

Recording setup for obtaining room impulse responses

TWO SPEAKERS AT

S
0.9
33.9
14.2
15.5
14.7
14.4

Word Accuracy
97.4
28.5
54.4
62.3
81.6
80.5

each state uses a single Gaussian distribution to model the
39-dimensional feature vector consisting of 13 mel frequency
cepstral coefﬁcients, including the zero’th coefﬁcient, deltas
and acceleration features.
C. Recognition Results
Table I shows the results for clean data, artiﬁcial mixtures
and the results of the various intermediate stages of processing.
S stands for the percentage of substitution errors, D and I are
the deletions respectively insertions and the Word Accuracy is
obtained as 100−S −D−I. Using maximum SNR beamforming alone increases the word accuracy from 28.5%, measured
with the artiﬁcial mixtures of two speakers, to 54.4%. Most
of the remaining errors are due to insertions, which, at 39.4%,
make up 86% of the total error rate. Subsequent application of
the masking function reduces the insertion error rate to 27.5%.
Further use of the available uncertainty information leads
to signiﬁcant further improvements. By means of modiﬁed
imputation (MI), the ﬁnal word accuracy is 81.6%, whereas
variance compensation (VC) leads to 80.5% word accuracy.
The situation is similar in the second test setup, where artiﬁcial
mixtures of three speakers are used. The results for this setup
are shown in Table II. Here, again, insertion errors make up
the bulk of the error rate, with 71.5% insertion errors for the
mixtures and 60.4% for the beamformer output, and this main
cause of recognition errors can be signiﬁcantly reduced by
means of time-masking. The lowest rate of errors is achieved

VII. C ONCLUSIONS
Maximum SNR beamforming is a promising approach for
the separation of speech in meeting situations, since, unlike for
classical ICA, neither the number nor the location of the speakers is required to be known or constant over time. In order to
use this method for meeting transcription, however, greater
interference suppression is necessary especially during target
inactive periods. For this purpose, a time-varying damping has
shown good results, for two as well as for three mixed speech
signals. Further improvements can be obtained, and especially
the number of insertions can be reduced signiﬁcantly, when
this postprocessing is used in conjunction with missing feature
recognition, which has been applied here in the decoding stage
of the SOLON large vocabulary speech recognizer.
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