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Abstract

We consider the task of discriminating speech and non-$pieec
noisy environments. Previously, Mesgarani et. al [1] ackde
state-of-the-art performance using a cortical represienteof
sound in conjunction with a feature reduction algorithm amn-
linear support vector machine classifier. In the presenkywe

show that we can achieve the same or better accuracy by usingg

a linear regularized least squares classifier directly enhiigh-
dimensional cortical representation; the new system istanb
tially simpler conceptually and computationally. We sétbe reg-
ularization constant automatically, yielding a paramétee learn-

ing system. Intriguingly, we find that optimal classifiers fmisy
data can be trained on clean data using heavy regularization
Index Terms: speech detection, discriminative methods, regular-
ization.

1. Introduction

The task of categorizing sound is important in many appboat
including speech recognition, audio retrieval and rolsotiiloti-
vated by our interest in humanoid robots, we consider tHedés
discriminating speech from non-speech. The task is diffifosl
several reasons: the robot’s environment is frequentlgynand
reverberant, the sound source may be far from the robot, fend t
robot contains many motors and fans.

A key decision in any auditory application is the representa
tion of sound. Recently, there has been substantial actant
progress in understanding how sound is represented in mbamma
cortex. We consider a model by Shamma and colleagues, that i
inspired by neurophysiological knowledge of the early amaltial
stages of the mammalian auditory system [2]. In this modeaihe
short (8 ms) time-slice is represented as a three-dimeaisien-
sor in frequency, rate and scale space. The model genesaly u
128 frequencies, 12 rates and 5 scales, so each time-sli¢g88
dimensional.

This model was used by Mesgarani et al. to discrimi-
nate speech from non-speech [1]. In their application, flse d
crimination was done in two stages: dimensionality redurti
was performed using a higher-order singular value decoitipos
(HOSVD) [3], an analog of the SVD that respects the tensarreat
of the cortical representation, and classification was deitie a
Gaussian support vector machine. The resulting system axadp
favorably to other well-regarded systems [4, 5]. The sysieith
several tunable parameters: the number of components ponee
determined separately for the scale, rate, and frequerigpaaes,
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and the bandwidth of the SVM Gaussian kernel was chosen.

In the present work, we show that optimal performance can
be obtained by using a regularized linear classiiegctly in the
cortical space. We achieve the same accuracy as HOSVD/SVM,
but our new method is conceptually and computationally much
simpler, and has no tunable parameters — there is a single reg
ularization parametex, but this parameter is found automatically.
ecause the algorithm is so simple, we are able to test a aryg |
range of regularization parameters, and make an integeshiser-
vation about clean and noisy sound.

In Section 2, we briefly describe the cortical representatio
Section 3 presents the regularized least squares algorihioh
shows how to effectively determine the regularization tamis\
using leave-one-out cross-validation; we believe thesaddare
not widely disseminated in the acoustical machine learnmg-
munity. Section 4 presents experimental validation of th&SR
approach. Section 5 compares our algorithm to the HOSVD/SVM
from a computational standpoint. We discuss implicationSec-
tion 6.

2. Cortical Representation of Sound

Spectrotemporal modulation features are extracted fronaan
ditory model inspired by psychoacoustical and neuroplygio
cal findings in the early and central stages of the auditoti-pa
way. The early stage converts the sound waveform intawan
ditory spectrogram — a time-frequency distribution along a tono-
topic (logarithmic frequency) axis. The second (cortistdge per-
forms a two dimensional wavelet transform of the auditorgcsp

Strogram, providing an estimate of its spectral and temporad-

ulation content. It is computationally implemented by albah
two-dimensional (spectrotemporal) filters that are selecb dif-
ferent spectrotemporal modulation parameters ranging low

to fast rates temporally (in Hertz), and from narrow to broad
scales spectrally (in Cycles/Octave). The spectrotemporal im-
pulse responses (or “receptive fields”) of these filters argared

at different frequencies along the tonotopic axis. Thedasith-
ematical formulation of the model can be summarized as:

Yeochiea(t, [) = 8(t) * heochiea(t, f)

Yan(t, ) = Geochica(OtYeochiea(ts [)) * thaircell

y(t, f) = max(0ryan(t, f),0) * tmidbrain

r+(t, fiw, Q)
y(t, f) *ef [STRF:(t, f;w,Q)]



wheres(t) is the soundycochiea(t, f) is the cochlear filter out-
put, yan (¢, f) are auditory nerve patterng(t, f) is the auditory
spectrogram and. (¢, f; w, ) is the cortical representation. The
sign of r specifies the direction of spectrotemporal modulatien:
for downward,+ for upward patterns. The modulation represen-
tation of sound is a 4-dimensional function of timg, frequency
(f), rate (v) and scale Q). One can think of each point in the
spectrogram as having a 2-dimensional rate-scale repedgen
r(te, fe,w, ) which indicates the modulation strength atat
and Q’'s for that channel and instant. If we average the time di-
mension on a given duration of sound, we obtain the averdge ra
scale-frequency representation in the given time window.

The cortical representation is summarized in Figure 1. For
more details of the representation see [2].
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Figure 1: The cortical representation of sound.

3. Regularized Least Squares

Given data point§z1,y1),..., (zn, yn), Wherex; € R? and
yi € {0,1}, and a kernel functiok : z x z — R, the regular-
ized least squares (RLS) algorithm solves the optimizapiai-
lem: [6, 7]:

o1 2 Ay
~||Kc— S Ke.
min o ||Ke—yllz + ¢ Ke

A is a regularization constant controlling the tradeoff besw fit-
ting the training set accurately and finding a function witia#i
norm, andK is the kernel matrix defined b¥;; = k(zi,z;).
Linear RLS arises wheh(z;, z;) = z! - z; is used as the kernel
function. In this case, the solutianto the optimization problem
defines a classifying hyperplamevia

n
w = E Ciy.
=1

Differentiation and simple algebra shows [7] that we can fhrel
coefficientsc by solving the linear system

(K+X)ec=y.

The constant must be determined somehow. Defining tiie

leave-one-out (LOO) error to be the error made onithéraining

point when it is removed from the data set, a classifier i< louil
the remaining:— 1 data points and tested af, the RLS algorithm
has the remarkable property [8, 7] that the vector of LOOrsri®
given by

C
diag(K + AI)~1"

One of the most computationally useful properties of RLSh&t t
finding bothc and the LOO vector for a large number &$ re-

quires almost no additional work compared to that requitedaf

single ), if we utilize the eigendecomposition of the kernel matrix
K:
K=VAVT,

whereA is diagonal and’VT = I. Once we have obtained this
eigendecomposition (i)(n?) time), we can find:, the LOO er-
rors andw for a given value of\ in O(n?) time by exploiting the
relation

(K+AD)7! VAVT a0~
V(A +AHVT™?

V(A X))V

— o~

The diagonal matriXA + AI) is trivially invertible inO(n) time,
and it is not difficult to show that we can comput& + \I) ™y
or the diagonal of K + AI)~' in O(n?) time (computing all of
(K + I~ explicitly would requireO(n?) time, but this is never
needed.)

The RLS algorithm makes it feasible to examine the behavior
of the system over a wide range of values of the regularizatio
parameten. In this work, we make use of 400 different values of
)\, logarithmically spaced betwea®~'? and 10"2. In practice,
using all 400)\’s increases the running time by less than a factor
of three compared to using a single

There exist specialized methods to perform linear RLS in
O(nd + d*) memory andO(nd?) time, and these methods are
invaluable whem >> d. Here,d > n, so itis more effective to
use the standard nonlinear kernel machinery described here

4. Experiments

We study the performance of RLS with an experiment. We mostly
follow the experimental setup of [1]. In that work, the autho
compared their system, which used a higher-order singaliev
decomposition (HOSVD) for dimensionality reduction folled

by a support vector machine with a Gaussian kernel, to offser s
tems, and found that the HOSVD/SVM system achieved state-of
the-art performance compared to well-regarded multifeafd]

and voicing-energy [5] based methods.

The data set consists of speech and non-speech examples; the
non-speech examples are drawn from several databasesad¥or e
sample, theaverage cortical representation over one second from
the center of the sound file is used to represent the soundasta p
in a 7,680 dimensional space. We considered both cleanatada,
data mixed with white noise at varying SNRs. For further ifeta
of the experimental setup and the databases, see [1].

We use the same training and testing sets as [1]. However,
the sound files in [1] were recorded at differing frequencigsile
we downsampled all sounds a priori to 8 kHz (the lowest record
ing frequency used). Additionally, in [1], the same pieceubite
noise was mixed repeatedly with different sound files. Weause
unique white noise sample for each sound sample (we usertte sa
white noise sample for each sound sample at differing SNR®).
numbers here are therefore not directly comparable to timgdé
(in informal experiments, reusing the same white noiseszcedl
sounds yielded approximately 50% fewer errors).

In addition to the RLS algorithm described here, we reran the
algorithms from [1] (the HOSVD/SVM, as well as [1]'s impleme
tations of the multifeature and voicing-energy methodsjhanre-
vised data. Table 1 summarizes the results. All the classifised
produce real-valued predictions, and by varying a thresheok



SN R (d B) Error Rate vs. Lambda at low SNRs, Clean Trained Predictors

Algorithm | -4 | -8 | -12 | -16 | -20 05 : ‘ ‘ : |

Multifeature, Noisy Trained| .13 | .25 | .40 | .46 | .48 0.45] 1
\oicing-Energy, Noisy Trained .12 | .16 | .26 | .47 | .53
HOSVD/SVM, Clean Trained .04 | .10 | .30 | .49 | .53 o4r )

HOSVD/SVM, Noisy Trained| .03 | .03 | .08 | .17 | .33
RLS, Clean Trained, LOO- | .02 | .05 | .16 | .38 | .48
RLS, Clean Trained, BesA-| .03 | .05 | .08 | .16 | .37 03f
RLS, Noisy Trained, LOOx | .02 | .03 | .08 | .19 | .34
RLS, Noisy Trained, Besk | .02 | .04 | .08 | .15 | .35

Error Rate

0.2

Table 1: Summary of Results. All numbers are equal errosrate \ |
“Best \” is for comparative purposes; as it assumes an ability to %15 “*y\ ;*/ )
select the right\ for each task. ! o

0.1 O SNR-4dB | |

SNR -8 dB
+ SNR-12dB| |
* SNR-16 dB
{ SNR-20dB

0.05

can produce an ROC (or DET) curve [9]. For easy comparability

of a range of algorithms across a range of SNRs, we repjoet e o7 0° " e o 0°
error rates (EERS), the point on the ROC (or DET) curve where Lambda

the rate of errors on each class is equille note that the testing

set contains only 651 points, and small jitters in the prtimtis Figure 2: EER of clean trained predictors across a rangespht

can have moderately large effects on the EERSs, so we canhot pudifferent SNRs.
too much stock in small differences in EERs. That said, weemak

the following observations: )
. - hand, on a slower 3.0 GHz Pentium IV system, the RLS system
e The m_ult|featu_re_ and voicing energy systems degrade very requires 31 seconds to form the eigendecomposition of tireeke
badly in the noisier conditions, relative to the corticated matrix, and about .15 seconds to train and compute the leae-
(sjy?tems, even when they were trained and tested on NOISYout error for a singlex: we compute 400 classifiers for a wide
ata. range of\ in 92 seconds.
e When trained on noisy data, the HOSVD/SVM and RLS At testing time, the HOSVD projects the 128 by 5 by 12 di-

systems both yield very good (and similar) performance.  mensional tensor down to a 140 dimensional vector, and the di

e The noisy RLS LOOX and noisy RLS besk-(best\ is the tance between this vector and the 81 (140 dimensional) stippo
performance we would achieve if we could magically pick Vectors generated by the SVM algorithm. In contrast, the RLS
the optimal\ for each SNR) are quite close over most SNRs method simply converts the input tensor to a vector and taldet

tested, indicating that the LOO procedure for pickings product, and is_ approximately 10 times faster. For _Iargeusiﬂs _
working well. or more complicated tasks, the advantage of the linear RIS wi

. i i be even greater — the number of support vectors for the neanlin

e The LOO-\ classifier trained on clean data is stronger than g\ will grow linearly in the number of data points (assuming

the HOSVD/SVM system trained on clean data, but not cannot totally separate the data, we will have a fractiomefdata

nearly as strong as the noisy trained systems. corresponding to the Bayes error rate as support vectotsje w
e On the other hand, the bestelassifier trained on the clean  the linear RLS will always output a single hyperplane.

data performs as well as the noisy trained systems. The HOSVD/SVM system requires choosing the number of
basis vectors in three different dimensions for the HOS\is(t
was done once for [1], and we reused those values in expeismen
for this paper), a regularization parametéfor the SVM (this was
always set to 1), and a Gaussian widtlfor the SVM kernel (this
is optimized by 10-fold cross-validation for each noiseditan).
On the other hand, the RLS system requires only a single regu-
larization parameteh, and this is chosen automatically by LOO
cross-validation as described in Section 3, so the systessisn-
tially parameter-free.

This last point is quite intriguing. Figure 2 shows the EERh#f
clean trained classifiers across the rangagffor varying SNRs.
As the SNR decreases, the appropriate valug ofcreases, and
at very low SNRs, the bestis several orders of magnitude (note
the logarithmicz-axis) larger than the bestfor clean data. Our
ability to easily sweep\ as described in Section 3 is a key enabling
technique for making observations of this sort.

5. Algorithmic Comparison of HOSVD/SVM

and RLS 6. Discussion

The RLS system is substantially faster than the HOSVD/SV#4 sy
tem at both training and testing time. On a 3.4 GHz Pentium IV
system, the HOSVD takes 37 seconds (assuming fixed HOSVD
parameters) and the SVM takes 157 seconds (including tite&to
fold cross-validate the Gaussian kernel parameter). Orottner

We have shown how a simple linear classifier can be used to ob-
tain state-of-the-art performance on a speech detectsin té/e
achieve the same accuracy as the HOSVD/SVM system, but our
system is much simpler both conceptually and computatipnal
We showed that we can use clean training data to build ac-
Lin informal examination, the ROC curves rarely crossedr(# olassi- curate classifiers for very noisy sound signals. We find thigeq
fier gave a substantially lower EER than another, it had bptigformance intriguing, compared to the situation in speech recognijtishere
at all operating points), so we feel justified in using EERsclamparison. it is frequently necessary to directly train on noisy datacthieve




noise robustness. Compared to the optimal classifiers &mcl
sounds, the optimal clean-trained classifiers for noisyndethad
much larger values ok, and were thereforamoother functions.
Indeed, when we visually inspected the clean-trained ifiess
with large A (another advantage of using linear models is that we
can plot them in exactly the same way we plot the cortical rep-
resentations themselves), we find that they look like “ayeta
speech signals, and are representing the “coarse striiofuttee
cortical representation of speech. On the other hand, tesiel
fiers with smaller\ (which are optimal for clean speech) do not
have an immediately visible interpretation, and are clgisgj the
distinction between speech and non-speech at a much firer sca
We should not be too surprised that a linear classifier pegor
as well as a nonlinear classifier. All kernel learning altjoris,
of which SVM and RLS are examples, construct functions in a
linear feature space. When nonlinear kernels such as the Gaus-
sian are used, the feature space is implicit, and high oritefin
dimensional. However, the cortical representation itsedfready
an explicit nonlinear “lifting” of the auditory spectrograinto a
high-dimensional space: a linear function on the cortieptesen-
tation is a nonlinear function on the spectrogram. More adhe
we believe that explicitly choosing a nonlinear (but conapioin-
ally tractable) feature space, and explicitly working iattfeature
space, is frequently an excellent way to achieve statbeatt
tradeoffs between accuracy and computational demands.
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Figure 3: A woman says “...encourage 'em to ex...": borderli
speech.

Although these results are promising, there are many direc-
tions to explore. Figure 4 shows an example that is congigten

classified as speech by our systems. To human ears, the sound i

clearly not speech. Nevertheless, the visual representaems
indistinguishable from some speech signals (compare €igand
4). It seems plausible that by averaging the cortical reprgion
over a full second, we have thrown away valuatbfaamic infor-
mation; future work should attempt to incorporate it, altgb this
will lead to much more computationally challenging probsem

The detector seems good enough to be incorporated onto a hu-

manoid robot, which usually operates at an SNR of around 10 dB
(although SNR is itself a vague notion for nonstationaryrstsy
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Figure 4: A dog barks: borderline non-speech.

and the noise the robot is exposed to is certanaywhite). The
current implementation of the cortical model is written irmti&b,
and is several times slower than realtime, but we believalame
implementation is possible. We intend to incorporate trstesy
onto our robot in the near future.
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