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ABSTRACT

In this work, we address an acoustic beamforming applica-,

tion where two speakers are simultaneously active. We aarist
one subband domain beamformergieneralized sidelobe canceller
(GSC) configuration for each source. In contrast to normailgsr
tice, we then jointly adjust thactive weight vectoref both GSCs
to obtain two output signals witminimum mutual information
(MMI). In order to calculate the mutual information of therne
plex subband snapshots, we consider four probability dgfisnc-
tions (pdfs), namely the Gaussian, Laplace, ad ™ pdfs. The
latter three belong to the class sliper-Gaussiadensity functions
that are typically used inndependent component analysis op-
posed to conventional beamforming. The proposed algosithro-
vide effective nulling of the undesired source, but withbet sig-
nal cancellation problems seen in conventional beamfogmive
demonstrate the effectiveness of our proposed techniqoegin
a series of far-field automatic speech recognition expenisi@n
data from thePASCAL Speech Separation Challengethe exper-
iments, the delay-and-sum beamformer achieved a word eater

(WER) of 70.4%. The MMI beamformer under a Gaussian assumﬁ

tion achieved 55.2% WER which was further reduced to 52.0% wi
a Ko pdf, whereas the WER for data recorded with close-talking mi
crophone was 21.6%.

1. INTRODUCTION

One of the difficulties of recognizing speech in realistizieon-
ments is that multiple speakers talk simultaneously. It idasti-

fied that 50% of speech segments in a meeting or telephone co

versation contained overlapping speeth [1]. Current mwlstto
separate mixed speech can be classified into two technigcess-
tic beamforming and blind source separation (BSS). Gelyeial
BSS based techniques, the use of many microphones makes the
timation of an unmixing matrix difficult because many inlitialues
must be specified. Thus if many microphones are availabtisac
tic beamforming would seem to be the more promising approac

Hence, in this work we construct two subband domain beamform

ers, one for each active source.

In acoustic beamforming, it is typically assumed that the po
sition of the speaker is estimated by a speaker localizagien
tem. A conventional beamformer generalized sidelobe canceller
(GSC) configuration is structured such that the direct dioan
the speaker is undistortefl [26.7.3]. Subject to thiglistortion-
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less constraintthe total output power of the beamformer is mini-
mized through the appropriate adjustment ofaative weight vec-
tor, which effectively places a null on any source of interfeen
but can also lead to an undesirabignal cancellation To avoid the
latter, the adaptation of the active weight vectors is tgjtychalted
whenever the desired source is active.

In this work, we consider a situation where two speakers are
simultaneously active. We construct one subband domaimbea
former GSC configuration for each source. In contrast to abrm
practice, we then jointly adjust thective weight vectorsf both
GSCs to obtain two output signals withinimum mutual informa-
tion (MMI). Parra and Alvinol[3] proposed geometric source sep-
aration (GSS) algorithm with similarities to the algorithm propdse
here. Their algorithm attempts to decorrelate the outpfitsvo
beamformers. We discuss Parra and Alvino’s GSS algorithm in
SectiorZ.3R, and propose novel algorithms which assumerthap
bility density function (pdf) of subband snapshots are Geumsand
super-Gaussian.

We demonstrate the effectiveness of our proposed technique
hrough a series of far-field automatic speech recognitixgee
iments on data from th®ASCAL Speech Separation Challenge
(SSC). As this data was recorded from actual speakers inla rea
reverberant room, it provides the possibility of condugtsource
separation experiments under realistic conditions, wisicloteably
different from the vast majority of the experiments repdrie the
beamforming and blind source separation literature.

The balance of this work is organized as follows. In Sec-
tion, we review the definition of mutual information, andmn-
gtrate that, under a Gaussian assumption, the mutual iaf@mof
two complex random variables is a simple function of theassr
correlation coefficient. We discuss our MMI beamformingdemibn
in Sectior B, and compare it to the decorrelation approadPaafa
gnd Alvino [3]. Sectio}4 presents the framework needed filyap
minimum mutual information beamforming when the Gauss&n a
sumption is relaxed. In particular, we develop multivagiptfs for

rthe Laplacely andl” density functions, and then develop parameter

estimation formulae based on these for optimizing the actigight
vector of a GSC. In Sectidd 5, we present the results of féd-éie-
tomatic speech recognition experiments conducted on datathe
PASCAL Speech Separation Challenge; see Linevlal. [4] for a
description of the data collection apparatus. Finally, act®n[®,
we present our conclusions and plans for future work.

2. MUTUAL INFORMATION

Here we derive the mutual information of two zero-mean Ganss
random variables (r.v.s).
Consider two r.v.&; andY,. By definition, themutual infor-
ion[B] of Y; andY, can be expressed as
p(Y1,Yz) }
p(Y1)p(Y2)

where&{} indicates the ensemble expectation.
The univariate Gaussian pdf for complex r.Yjscan be ex-
pressed as

|(Y1,Y2) =& {|Og (2.1)

pY) = — 5 exp(~ M ?/?) 22)
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Fig. 1. A beamformer in GSC configuration.

whereag? = £{Y,Y;*} is the variance o¥;. Let us define the zero-

mean complex random vectdf = [Y1 YZ}T and thecovariance
matrix.
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The bivariate Gaussian pdf for complex r.v.s is given by
_ 1 Te-1
p(Y1,Y2) = Wexp<fY 5, Y) (2.4)

It follows that the mutual informatiod{2.1) for jointly Gasian
complex r.v.s can be expressed|ds [6]

1(Y1,Y2) = — 3 log (1*|P12\2> (2.5)

From [ZB), it is clear that minimizing the mutual infornwatibe-

tween two zero-mean Gaussian r.v.s is equivalent to mimgiz
the magnitude of theicross correlation coefficienp;,, and that

1(Y1,Y2) = 0if and only if|p12| = 0.

3. BEAMFORMING

wai capable of canceling interference that leaks through the- si
lobes without the signal cancellation problems encoudtereon-
ventional beamforming.

The subband analysis and resynthesis can be performed with a

perfect reconstruction filterbanguch as the populazosine mod-
ulated filterbank7, §8]. Beamforming in the subband domain has
the considerable advantage that the active sensor weigtsecop-
timized for each subband independently, which saves a trdouws
computation. In addition, the GSC constraint solves thélpros
with source permutation and scaling ambiguity typicallz@m-
tered in conventional blind source separation algorittighs [

The details of the estimation of the optimal active weights
under the MMI criterion[[Z15) as well as the application akgu-
larization termare described in McDonougtt al [6].

3.2 Geometric Source Separation

Parra and Alvinol[3] proposedgeometric source separatig®SS)
algorithm which has many similarities to the algorithm preed.
Instead of minimizing the mutual information between twgrsils,
Parra and Alvino sought to diagonalize the cross-powertspen-
der geometric constraints which are equivalent to the distdess
constraint inherent in the GSC. In the case of a Gaussiantipelf,
principal difference between GSS and the algorithm propbsee,

is that GSS seeks to minimize |2 instead of p;2/. Although the

difference between minimizinges,|? instead of|p122 may seem
very slight, it can in fact lead to radically different bef@v To

achieve the desired optimum, both criteria will seek to @ldeep
nulls on the unwanted source; this characteristic is agsatiwith
|€12]?, which also comprises theumeratorof |p15/2. Such null
steering is also observed in conventional adaptive beangfie [2,
§6.3]. The difference between the two optimization critésiaue

to the presence of the ternog in the denominator ofp2|2, which
indicate that, in addition to nulling out the unwanted sigra-
provements are possible liycreasingthe strength of the desired
signal. In acoustic beamforming in realistic environmernkere
are typically strong reflections from hard surfaces suchahtes
and walls. A conventional beamformer would attempt to null o
all such strong reflections. The GSS algorithm would attetopt
null out those reflections from the unwanted signal. But idiad
tion to nulling out reflections from the unwanted signal, M|
beamforming algorithm would attempt strengthenthose reflec-
tions from the desired source; assuming statistically pedeent
sources, strengthening a reflection from the desired souvocegd

have little or no effect on the numerator fgf1,|, but would in-
crease the denominator, thereby leading to an overall tieuof
optimization criterion. Of course, any reflected signal ledae de-
layed with respect to the direct path signal. Such a delayldyou
however, manifest itself as a phase shift in the subband thpauad
could thus be removed through a suitable choicergf Hence, the
MMI beamformer offers the possibility of steering both sdind
sidelobes; the former towards the undesired signal andefltscr
tions, the latter towards reflections of the desired sigié. worth

Here we formulate the MMI beamformer and compare it to the GSSnentioning that the proposed criteria are completely dbffié from

algorithm of Parra and Alvind]3].

3.1 Minimum Mutual Information Beamfor mer

Consider two subband beamformers in GSC configuration agrsho
in Figure[d. The output of thieth beamformer for a given subband

can be expressed as,

Y = (wqi —Biwai)" X (3.1)
wherew is thequiescent weight vectdor thei-th source B; is
the blocking matrix w4 is theactive weight vectorand X is the
input subbandsnapshot vector In keeping with the GSC formal-
ism, wyq; is chosen to preserve a signal from tbek directionand,
at the same time, to suppress an interferencéq3]. The block-
ing matrixB; is chosen such th:lii}4 wgq,i = 0. The active weight

GSS algothim if a super-Gaussian assumption is used.

In order to verify the behavior of the MMI beamformer de-
scribed above, we plotted beam patterns for a simulatedsticou
environment. As shown in FiguE& 2, we considered a simplégon
uration in which there are two sound sources, a reflectiviasey
and an eight-channel linear microphone array that caphottsthe
direct and reflected waves from each source. Denoting timalsig
from each source in Figuf# 2 ag(t) ands,(t), the signak; (t) im-
pinging on the-th microphone can be expressed as

Xi(t) = Agsi(t—i-dsinby)+Ar s(t—i-dsinby)
+ A351<t7i-dsin937(\/§fl)D/c)
+ A452(t—i.dsine4—(ﬁ—1)o/c)

vectorwa,; is typically chosen to maximize the signal-to-noise ra- wherec is the speed of soundy, is an attenuation factod is the

tio (SNR). Here, however, we develop an optimization proced
to find thatwa; which minimizeshe mutual information (Y1, Y>).
Minimizing a mutual information criterion yields a weighéetor

distance between the adjacent microphoiiizss the distance be-
tween each souce and the center of the microphone arraygrand
represents the direction of arrival for each wave.
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Fig. 2. Configuration of sources, sensors, and reflective surface
simulation comparing GSS and MMI beamformer.
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(target) Fig. 4. Plot of the log-likelihood of the super-Gaussian and Gaus-
sian pdfs.

pendent r.v.s will approach the Gaussian in the limit as raace
more components are addedgardlessof the pdfs of the indi-
vidual components. This implies that the sum of severas.r.v.
will be closer to Gaussian than any of the components. Thus,
if the original independent components comprising the sten a
sought, one must look for components with pdfs that aréethst
Gaussian.
2. Entropyis the basic measure of informationiimformation the-
Fig. 3. Beam patterns produced by GSS and MMI beamformer. ~ ory [9]. It is well known that a Gaussian r.v. has the highest
entropy of all r.v.s with a given variancgl [9, Thm. 7.4.1],igh
holds also for complex Gaussian r.\[s][10, Thm. 2]. Hence, a
o . . Gaussian r.v. is, in some sense, the Igastlictableof all r.v.s.,
Speech data were used as sound sources in this simulatn. Fi - \yhich is why the Gaussian pdf is most often associated with
uref3 shows beam patterns at 3000 Hz obtained with the MMl beam  ppjse Interesting signals contain structure that makes thenemor
former and the GSS algorithm. The beam patterns formed Hy bot predictable than Gaussian r.v.s. Hence, if an interestigngsis

techniques were such that source2 in Fidilre 2 was enhandéd wh sought, one must once more look for a signal thatdsGaus-
the direct wave from sourcel was suppressed. Itis cleabtihial- sian.

gorithms have unity gain in the look direction, and placepdeslls

on the direct path of the unwanted source. The reflected Isigna of speech recorded with a close-talking microphone (CTMjas

however, are treated very differently by the two algorithnihe : i :
MMI beamformer places a deep null on the reflectionl from theCulated with the Gaussian and three super-Gaussian pdfgiya

unwantedsource and positions a sidelobe on reflection2 from théh? Laalﬁctet,ﬁo and rl pdfs.bg is dclear fTom tfhese '?'"ke.'ti]he%)(z
desiredsource, exactly as we would expect based on the argumefff'U€s that the compiex subband sampies of speech are inaac
above. The GSS algorithm, on the other hand, does the exaot op ter modelled by the super-Gaussian pdfs considered hemettilea

site, namely, it emphasizes the undesired reflection1 guutesses Gaussian. Hence, the abstract arguments on which the fié@iof
the desired reflection?. are founded correspond well to the actual characteristispeech.

A plot of the log-likelihood of the Gaussian and three super-
Gaussiarreal univariate pdfs considered here is provided in Fig-
4 SUPER'GAUSSF'S“g.ﬁ%%AéBl LITY DENSITY ure[d. From the figure, it is clear that the Laplaiksg,andl” densi-
ties exhibit the “spikey” and “heavy-tailed” characteidstthat are
In the field ofindependent component analyéigA), itis common  typical of super-Gaussian pdfs. This implies that they rasgarp
practice to use mutual information as a measure of the imigsee ~ concentration of probability mass at the mean, relativietlg lprob-
of two or more signals as in the prior sections. The entirelfigl  ability mass as compared with the Gaussian at intermedéates
ICA, however, is founded on the assumption that all signfteal  of the argument, and a relatively large amount of probabitiass
interest arenot Gaussian-distributed. A concise and very readabldn the tail; i.e., far from the mean.
argument for the validity of this assumption is given by ldgimén Thekurtosisof ar.v.Y, defined as
and Ojall5]. Briefly, their reasoning is grounded on two psiint

1. Thecentral limit theorenstates that the pdf of the sum of inde- kurt(Y) = £{Y*} —3(&£{Y?})?

Table[1 shows the average log-likelihood of subband samples



is a measure of howon-Gaussiarit is [5]. The Gaussian pdf
has zero kurtosis; pdfs with positive kurtosis atger-Gaussian
those with negative kurtosis aseib-GaussianOf the three super-
Gaussian pdfs considered here, thpdf has the highest kurtosis,
followed by theKg, then by the Laplace pdf. This fact manifests
itself in Figure[®, where it is clear that as the kurtosis éases,
the pdf becomes more and more spikey and heavy-tailed. Isds a
clear from Tabldll that the average log-likelihood of thebsutn
samples of speech improves significantly as the kurtosikeoptf
used to measure the log-likelihood increases. This is hdugiroof
of the validity of the assumptions on which ICA is based fazesgh
processing.

As explained in Brehm and Stammlér]11], Laplaég, and
I" density pdfs belong to the class gifherically invariant random
processe$SIRPSs), which is a very attractive feature for two reasons
Firstly, it implies that multivariate pdfs of all orders chge readily
derived from the theory dfleijer G-functiongI2] based solely on
the knowledge of the covariance matrix of the random vec®es-
ondly, such variates can be extended to the case of complex r.
which is essential for our current development.

For complex Laplace r.v¥§ € C, the univariate pdf can be ex-

pressed as
4 2V2)¥,
= 5 Ko
VoG oy

whereKq(z) is the modified Bessel function of the second kind [13,

§3.2.10] ando = &{|Y;|2}. ForY € C?, the bivariate Laplace pdf
is given by

PLap(Yi) (4.2)

16

PLap(Y) = B 5y s

Ky (4/3) (4.2)

where
Ty =&{YY"} ands= Y5ty

Similarly, we can write the univarit&g pdf for complex r.v.s
Y, e Cas

1
Pr, (Yi) = N exp(—2|Yi|/oy) (4.3)
1
The bivariateKq pdf for Y € C? can be expressed as
V2+4y/3

Equations[[Z1=414) differ from the canonical form of thelneni-

variate Laplace anlp pdfs, because, unlike the Gaussian pdf, the

functional formof a super-Gaussian pdf changes as the order of th
variate is increased. Moreover, the complex univariatectaaly
derived from the real bivariate pdf. Similarly, the comphaxariate

is derived from the real four-variate. Derivations RE{#H) are
provided in [6]. For theé™ pdf, the complex univariate and bivariate
pdfs cannotbe expressed in closed form in terms of elementary o
even special functions. It is possible, however, to deragldr se-
ries expansions that enable the required variates to belatdd to
arbitrary accuracyf]6].

The mutual information can no longer be expressed in close
form as in [Zb) for the super-Gaussian pdfs. We can, howeve
replace the exact mutual information with tmpirical mutual in-
formation

N—-1

1(Y1,Y2) N
t=

Pwmw%ibwmﬁ] (4.5)

Such an empirical approximation was used for the experisnéert
scribed in the next section.

5. EXPERIMENTS

We performed far-field automatic speech recognition expenis
on development data from tHRASCAL Speech Separation Chal-

'HMM training

taken from the 5,000 word vocabulary Wall Street Journal WS

task. The data were recorded with two circular, eight-clebnm-

crophone arrays. The diameter of each array was 20 cm, and the
sampling rate of the recordings was 16 kHz. The database also
contains speech recorded with close talking microphon&$w)C

This is a challenging task for source separation algoritigiaen

that the room is reverberant and some recordings includefisig

cant amounts of background noise. In addition, as the recoddta

is real and not artificially convoluted with measured roonpurtse

responses, the position of the speaker’s head as well apehkiag

volume varies.

Prior to beamforming, we first estimated the speaker’s joosit
with the speaker localization system described i [14]. ddition
to the speaker position, our source localization systentsis ea-
pable of determining when each source is active. This infoion
proved very useful to segment the utterance of each spegiken
that the utterance spoken by one speaker was often muchrlonge
than that spoken by the other. In the absence of perfectatapar
which we couldhotachieve with the algorithms described here, run-
ning the speech recognizer over the entire waveform frorhé¢laen-
former instead of only that portion where a given speakeraeas-
ally active would have resulted in significant insertioroest These
insertions would also have proven disastrous for spealaatation,
as the adaptation data from one speaker would have beemtenta
nated with speech of the other speaker.

The active weights for each subband were initialized to f@ro
estimation with the Gaussian pdf. For estimation with thpesu
Gaussian pdfs, the active weights were initialized to thenuogd
values under the Gaussian assumption.

After beamforming, the feature extraction of our ASR system
was based on cepstral features estimated with a warpeinum
variance distortionless respong&s] (MVDR) spectral envelope
of model order 30. We concatenated 15 cepstral features, eac
of length 20, then applied linear discriminant analysis /)16,
§10] and asemi-tied covarianc€STC) [11] transform to obtain fi-
nal features of length 42 for speech recognition. The fad-#SR
experiments reported here were conducted entirely withvitiie-
niumautomatic speech recognition system. Millenium is based on
the Enigmaweighted finite-state transducer (WFST) library, which
contains implementations of all standard WFST algorithimsud-
ing weighted composition, weighted determinization, iaéigush-
ing, and minimization. Thevord trace decodein Millenium is
implemented along the lines suggested by Setoal. [L8], and is
capable of generating word lattices, which can then be aptich
with WFST operations as ifi [19].

The training data used for the experiments were taken frem th
ICSI, NIST, and CMU meeting corpora, as well as the Transsing|
Database (TED) corpus, for a total of 100 hours of trainingemal.

addition to these corpora, approximately 12 hours of spé®m

e WSJCAMO corpud [20] was used for HMM training in order to
cover the British accents for the speakélis [4]. Acoustic efodsti-
mated with three different HMM training schemes were usedhie
several decoding passes: conventional maximum likeliHddld)

,812], speaker-adapted training under a ML cri-

terion (ML-SAT) [22]. Our baseline system was fully contous

with 3,500 codebooks and a total of 180,656 Gaussian conmp@ne

We performed four passes of decoding on the waveforms ob-

ined with each of the beamforming algorithms. Paramdters

peaker adaptation were estimated using the word lattiersrg
ated during the prior pass as [n]23]. A description of theviiadial
decoding passes follows:

1. Decode with the unadapted, conventional ML acoustic fnode
and bigram language model (LM).

. Estimate vocal tract length normalization (VTLN)[24]rpm-
eters and constrained maximum likelihood linear regrespa
rameters (CMLLR)[[Z5] for each speaker, then redecode \ith t
conventional ML acoustic model and bigram LM.

. Estimate VTLN, CMLLR, and maximum likelihood linear re-
gression (MLLR) [26] parameters for each speaker, then-rede
code with the ML-SAT model and bigram LM.

. Estimate VTLN, CMLLR, MLLR parameters, then redecode
with the ML-SAT model and bigram LM.

Tablel2 shows the word error rate (WER) for every beamform-

N

lenge(SSC) [4]. The data contain recordings of five pairs of speaking algorithm and speech recorded with the CTM after evecpde
ers and each pair of speakers reads approximately 30 seatendng pass on the SSC data. After the fourth pass, the delaysamd
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