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Intrinsic Spectral Analysis

Aren Jansen, Member, IEEE, and Partha Niyogi

Abstract—It has long been posited that the space of speech
sounds is inherently low dimensional, the result of a relatively
small number of degrees of freedom involved in the human vocal
apparatus. We attempt to formalize this notion by analyzing a
simple physical model of the vocal tract and demonstrating that
it produces transfer functions whose spectra are restricted to low
dimensional manifolds embedded in an infinite dimensional space
of square integrable functions. While source convolution and
channel distortion precludes analytic recovery of the articulatory
configuration from the observed signal, we present a data-driven
unsupervised learning algorithm called Intrinsic Spectral Analysis
designed to recover from a stream of unannotated and unseg-
mented audio a set of nonlinear basis functions for the speech
manifold. Projecting a traditional spectrogram onto this nonlinear
basis defines a novel acoustic representation that is demonstrated
to have phonological significance, improved phonetic separability,
inherent speaker independence, and complementarity with stan-
dard acoustic front-ends.

Index Terms—Manifold learning, speech processing, speech
recognition, unsupervised learning.

I. INTRODUCTION

WIDE range of acoustic signals are generated via a

complex physical process with relatively few degrees of
freedom. The melody of a musical instrument is controlled via
a small number of mouth or finger positions; the hum of a CPU
fan is controlled via the electrical current passed though the
electric motor; and the message in one’s speech is controlled
via articulators such as the glottis, tongue, and lips. In each
case, the production mechanisms define maps from a discrete
or continuous low dimensional parameter or configuration
space to a high dimensional observation space, commonly
taken to be frequency spectra. Recovering the low dimensional
parametrization is often of substantial interest since it can
provide insight into the underlying state or intent of the system.
However, in most cases of interest, observations are corrupted
by noise and other channel distortions that may preclude the
application of analytic solutions towards this end. As such, we
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are interested in data-driven approaches to estimating from po-
tentially large amounts of unannotated and unsegmented audio
a set of nonlinear projection maps that recover the underlying
configuration space.

Manifold learning is a popular statistical framework for geo-
metric data analysis that attempts to address this problem and
has been well studied in the machine learning community over
the past decade. This class of techniques are united by a common
assumption that high-dimensional natural data sets with rela-
tively few underlying degrees of freedom may reside on (or
near, if noise is considered) low dimensional manifolds em-
bedded in the ambient observation space. A number of algo-
rithmic frameworks are based on this perspective, including lo-
cally linear embedding (LLE) [1]-[3], Laplacian eigenmaps [4],
manifold regularization [5], diffusion maps [6], ISOMAP [7],
and local tangent space alignment [8]. The success of this class
of algorithms rests on the validity of the manifold structural as-
sumption for each application area.

In this paper we focus on speech, where it has long been un-
derstood [9] that there exists a low-dimensional parametriza-
tion that both linguists and engineers have sought to accurately
characterize for scientific and technological purposes. The ar-
ticulatory parametrization of speech production developed by
Fant [10], Stevens [11], and others strongly point to the ex-
istence of the low-dimensional manifold structure required by
the above-mentioned manifold learning algorithms. In attempt
to formalize these long-maintained intuitions, we consider the
source-filter model of speech production [10], which involves
filtering a glottal or turbulent source by the vocal tract resonator.
The precise form of the vocal tract transfer function and, conse-
quently, the phonetic content of the acoustic signal produced, is
controlled by the spatial configuration of the vocal tract. The
map from the observation space to articulatory configuration
space, if smooth and bijective, is the coordinate chart necessary
to formally substantiate the existence of an underlying manifold
structure.

In real speech applications, where we are without the pre-
cise analytic form of this coordinate chart, we can still resort to
data-driven means of approximating it. Toward this end, we de-
tail Intrinsic Spectral Analysis (ISA), a casting of a manifold
learning algorithm as a signal processing technique. First in-
troduced in [12] and [13], ISA is designed to approximate a
set of nonlinear projection maps onto an intrinsic coordinate
system using the machinery of graph Laplacian spectral clus-
tering [5]. For a d-dimensional manifold, an intrinsic coordinate
system provides a more fundamental embedding in R¢, where
Euclidean distance becomes a proxy for geodesic distance on
the manifold (the length of the shortest path restricted to the
manifold). For the above-described vocal tract model, the intu-
ition is that this intrinsic space would explicitly encode a useful
parametrization of the articulatory configuration space.
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Unlike the related Laplacian eigenmaps dimensionality re-
duction algorithm [4], ISA admits out-of-sample extension and
thus may be applied online for large scale speech technologies.
Like cepstral analysis and linear prediction, ISA is applied on
top of traditional short time Fourier analysis, using the data it-
self to recover an transformation of the spectrogram into alter-
native basis. While we evaluate the usefulness of the embed-
ding produced by ISA in a range of downstream applications,
we are also interested in interpreting its behavior in linguistic
terms, given the acoustic phonetic motivations from which we
begin. The phonological theory of distinctive features [14]-[16]
is a natural point of contact given its explicit articulatory moti-
vations and their explanatory power for the confusion patterns
observed in both human [17] and machine [18] recognition of
speech sounds. We will demonstrate that many ISA dimensions
are correlates to individual distinctive features, a set of binary
production characteristics that are independent of the phoneme
they are expressed in or the vocal characteristics of the speaker.

The following sections present an interdisciplinary investi-
gation into the rich structure underlying natural speech signals
in an effort to engage interrelated but rarely connected concepts
from linguistics (acoustic phonetics and phonology), machine
learning (unsupervised and manifold learning), signal pro-
cessing (short time Fourier analysis), and speech recognition
(zero resource speech recognition, speaker independence, and
phone recognition). In Section II, we provide detailed moti-
vation for the existence a low dimensional manifold structure
for speech sounds using a simple parametric model of the
vocal tract. In Section III we briefly review manifold learning
techniques as a prerequisite for the ensuing presentation of
the ISA algorithm in Section IV. Finally, we evaluate ISA on
both synthetic and natural speech audio, and demonstrate the
proposed technique recovers a set of nonlinear projection maps
that have both linguistic and technological significance. Note
that while our treatment focuses squarely on the application to
speech audio, it is important to note that the proposed analysis
technique is applicable as defined to any signal (audio or
otherwise) where short time Fourier analysis is employed.

II. THE GEOMETRIC STRUCTURE OF SPEECH SOUNDS

The laws governing acoustic physics determine a map ¢ :
A — M from the space of possible articulatory configurations,
A, to the space of vocal tract transfer functions, M C L2,
where, £2 is the space of square integrable functions. Each
speech utterance, evolving as a function of time ¢, is produced
according to a path a, in A that is mapped under ¢ to a cor-
responding path g = ¢(a+) in the space of vocal tract transfer
functions M (see Fig. 1). The observed speech waveform is pro-
duced by (i) modulating the filter transfer function at time ¢ by
the corresponding source spectrum and (ii) applying the inverse
Fourier transform to recover the signal.

The analysis presented in this section centers around a brief
derivation of sounds generated by series of concatenated tubes
with a configuration space .4 defined by the lengths and cross
sectional areas of the tube segments. This system serves as a
simple model for the vocal tract proven useful in the tradition
of acoustic phonetics for capturing the percept of certain vowel
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Fig. 1. A path a; in articulatory configuration space .4 is mapped to a corre-
sponding path g, in the space vocal tract transfer functions M. If ¢ is a diffeo-
morphism, .M is a manifold with dimension dim(.A4).

sounds. We argue that if the resulting map ¢ is a diffeomor-
phism, which we motivate without formal proof, it follows
that the set of transfer functions for these finitely-parametrized
acoustic tube filters forms a low-dimensional manifold that is
diffeomorphic to A. Using the derived coordinate chart, we
generate and visualize selected synthetic data manifolds, which
provide a compelling alternative to the canonical examples
(e.g., the swiss roll) for toy experimentation in Section III.

A. The Physics of Acoustic Tubes

The acoustic analysis of the vocal tract resonator can be re-
duced to the tractable problem of concatenated uniform acoustic
tubes with the introduction of several approximations, valid for
human speech up to 5 kHz [11]: (i) rigid vocal tract walls, (ii)
small transverse vocal tract dimensions, (iii) small pressure,
density, and velocity perturbations, and (iv) transient perturba-
tions. Under these approximations the one-dimensional equa-
tions of compressible fluid flow continuity and conservation of
momentum reduce to the acoustic equations for the uniform tube
filter,

dp _ ypo OU dp _ poOU
o, = T 5. an .= i o (1)
ot A Oz dr A Ot
where pg and pg are the equilibrium air pressure and density,
p and U are the wave pressure and volume velocity deviations
from equilibrium, v = 5/3, and A is the cross-sectional area of
the tube. The independent variable 2 is the position along the
tube axis.

The first boundary condition specifies the volume velocity
input into the system at # = (. The second condition exploits
the fact that a sound wave faces the acoustic impedance of the
surrounding environment at the open end of the tube (z = L).
These constraints are formulated by the relations

L)
Z.(w)’

U0,w) =4w) and U(L,w) )
where U and p are the Fourier transforms of U and p, § is the
Fourier transform of the volume velocity source, and w is the
angular frequency. Here,

pock? K (w) n Ackpa
i
dn 54 7

Z,(w) = 3)
is the approximate form of the radiation impedance given by
Stevens [11] (valid up to 6 kHz), based on a model of a circular
piston of air (the mouth) on the surface of a sphere with radius
9 cm (the head). Here ¢ = /7po/po is the speed of sound
in air, A = wa? is the cross sectional area of the piston, and
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k = w/c is the wave number. The term K is a real-valued
frequency-dependent factor (see [11] for details).

Now consider the generalized filter composed of a series
of N tubes with lengths {L;} and cross-sectional areas {A4,}.
Relying on continuity of pressure and volume velocity at
inter-tube boundaries, the solution for N concatenated tubes
is equivalent to determining /N single tube solutions. Given
this filter geometry, the output pressure spectrum that satis-
fies (1) with the boundary conditions of (2) takes the form

p(w) = '§(w)g(wv {Li}a {Ai})’ where
Z(w)
2 — Zr(w)]\/le )

{ Li s 44i = 4
oo L) (A) = 47 o)
is the transfer function for the entire /N -tube filter. Here, M is
the product of 2 x 2 transformation matrices of the form M =
Hl\:1 C;, where the transformation matrix C; for the ¢th tube is
given by

cos kL;

Oy sin kL;

o, = L/% sin kL;

coskL;
We have made available [19] a software package that generates
speech sounds for an arbitrary /V-tube filter and source function
and is capable of real-time synthesis as model parameters are
continuously varied.

B. The Speech Manifold

Consider the single tube acoustic tube filter with length L and
cross-sectional area A, a simple model for the production of the
neutral vowel /o/. The transfer function g is given by (4) with
N =1,L; = L,and A; = A. Let M, be the subset of £2
defined by

MU, 1) ={g(w, L, A)|L € I, A € 14},

where I, is an open interval of parameter z. Let I} = (10, 30)
cm be the range of human vocal tract lengths and 7% ~ (0, 20)
cm? be the range of human vocal tract cross sectional areas
during production of /o/. If the map ¢ : (L, A) € R? — M;
defined by g is a diffeomorphism (bijective and infinitely dif-
ferentiable, along with the inverse) for L & I,]-j and A € I};, it
follows that ¢! is a coordinate chart on the set M1 and M is
formally a two-dimensional smooth manifold embedded in the
observed ambient space £2. Note that most of the diffeomor-
phism prerequisites are clear upon inspection of the denomi-
nator in (4), provided Re(Z,.) # 0 and A > 0. Further details
can be found in [12].

To visualize these acoustic tube filter transfer function man-
ifolds, which are embedded in the function space £2, we can
begin by approximating each vocal tract transfer function g as
the equivalent infinite sequence in ¢* € #2. In particular, given
a frequency sampling interval Aw, we define ¢;; = g(nAw).
Moreover, if we assume bounded support such that g(w) = 0
for w > w,, g* becomes finite and we approximate each func-
tion g € £2? with an element in R, where d = w,./Aw. Note
that under this approximation, the £? inner product between two
functions is replaced with a scalar product between the two cor-
responding vectors in R,
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Fig. 2. Three-dimensional principal component projection of the manifold
M (I, 14). Color is used to distinguish (a) length L and (b) cross-sectional
area A parameter values.

Fig. 2 uses this visualization strategy to display a 3-dimen-
sional principal component projection of the single tube mani-
fold M (Iz, I4) for the length and cross-sectional area ranges
I, = (10,22) cm and T4 = (12, 18) cm?, respectively. Here,
we use the frequency cutoff w, = 27 x 5 kHz and sampling in-
terval Aw = 27 x 50 Hz, resulting in a manifold embedded
in 100-dimensional Euclidean space (one dimension per fre-
quency channel for w,./Aw = 100 total bins) and projected onto
its three principal axes. This 2-manifold may be interpreted as
the space of transfer functions for the neutral vowel /a/ corre-
sponding to the full range of human vocal tract sizes. The man-
ifold takes on a ribbon-like structure with clear extrinsic cur-
vature (i.e., curvature evident when embedded in the ambient
observation space). Figs. 2(a) and (b) use color to differentiate
tube length and cross-sectional area, respectively.

We saw in (4) that the V-tube transfer function solutions in-
volve one matrix multiplication per tube segment. It follows that
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Fig. 3. Three-dimensional principal component projection of the manifold
Ma(Ip, I, ). Coloris used to distinguish (a) length L and (b) cross-sectional
area ratio R 4 parameter values.

solution complexity monotonically increases with N, making
analysis even more cumbersome than is evident for the single
tube case. However, if the /N -tube transfer function is also a
diffeomorphism, then it too would assume a formal manifold
structure with dimension equal to the number of configuration
parameters independently varied (at most 2N). For N suffi-
ciently large, the acoustic tube filter can simulate the vocal tract
to an accuracy that is limited only by the approximations used
by the physical model. It would thus follow that a low-dimen-
sional manifold structure exists for the space of speech sounds,
assuming of course that the source spectrum is also bijective and
infinitely differentiable.

The N-tube model is capable of capturing detailed ap-
proximations to true vocal tract profiles, which can now be
safely measured in humans during production using magnetic
resonance imaging [20]. However, there is a rich literature
in acoustic phonetics, dating back to Fant in 1960 [10] and
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further developed by Stevens [11], demonstrating that two con-
catenated tubes are sufficient to capture the dominant formant
structure variation present within the class of vowel sounds.
With this motivation, we next consider a synthetic speech
manifold designed to represent variation across both speaker
(vocal tract length) and phonetic class (cross sectional area
ratio between the two tubes).

Fig. 3 displays the 3-dimensional principal component pro-
jection of the 2-tube manifold

/MQ(IL:IRA) = {g(w,Ll,LQ,AhAQML S IL,RA S IRA}

as the total tract length . = L1+ Ly and arearatio R4 = A; /4>
are varied in the human ranges Iy = [10,22] cm and g, =
[1/8, 8], respectively. We fix L1 /Ly = 1 and max(Ay, A2) =
15 cm?, leaving two degrees of freedom. We again use the fre-
quency cutoff w. = 27 x 5 kHz and sampling interval Aw =
27 x 50 Hz, resulting in a 100-dimensional Euclidean space ap-
proximation. Note that the apparent degeneracy is simply an ar-
tifact of the principal component projection (the map is one-to-
one). This is another 2-manifold that may be roughly interpreted
as the space of transfer functions across the full range of vowel
height (R4 = 1/8 for the low vowel /a/ and R4 = 8 for the
high vowel /i/) and speaker vocal tract length. Figs. 3(a) and
(b) use color to differentiate tract length and log, R4 coordi-
nates, respectively. Extrinsic curvature of this two-dimensional
manifold is again evident.

We have presented our discussion of the manifold properties
in terms of the filter transfer function. However, any work with
actual speech data will be in the form of a product of the transfer
function with an independent source spectrum. In the case of
sonorants, the vocal tract filter is driven by a combination of
periodic glottal vibration and stochastic, but statistically reg-
ular, processes. For these sounds we can analytically model the
source spectrum, allowing the set of output pressure spectra to
inherit the manifold properties of the transfer function. For tur-
bulence-driven obstruents, the manifold interpretation cannot be
formally developed. However, noise source modulation by the
filter transfer function will cause individual obstruent phonemes
to cluster naturally, and the algorithms that we develop in the
following sections can still apply under a clustering interpreta-
tion.

III. GRAPH LAPLACIAN MANIFOLD LEARNING

Now that we have explored the underlying manifold struc-
ture in the speech domain, it remains to develop techniques
that might exploit it for practical applications. The geometric
signal processing approach we develop below relies on the
graph Laplacian operator. In this section, we provide a brief
discussion of the operator theory and the existing manifold
learning frameworks derived from it.

A. The Laplace-Beltrami and Graph Laplacian Operators

The Laplace-Beltrami operator on a Riemannian! manifold
M is the second order differential operator typically denoted

IRiemannian manifolds have inner products defined in each local tangent
space such that a notion of paths, curvature, and geodesic distance may be de-
fined.
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Apq. Tt is a positive semidefinite operator whose eigenfunc-
tions form an orthogonal basis for £2(AM) [4]. If {)\;} and {e; }
are the sorted eigenvalues and corresponding eigenfunctions of
the Laplace-Beltrami operator, respectively, then any function
f+ M — R may be written f = ). a;e¢; for some {a;}. In
addition to providing a potentially useful basis for square inte-
grable functions, the Laplace-Beltrami operator may be used to
quantify the smoothness of functions defined on the manifold.
Given a measure y on £2(M), the functional

SN = [ IS adlPdu= (Bsaf Dy )
increases as smoothness of f decreases [4]. Here, V o4 is the
gradient operator on M and (-, -) z2(a) is the L£? inner product
on M. It follows that the smoothness of an eigenfunction is
determined by the magnitude of the corresponding eigenvalue,
since S[e;] = ;. Therefore, if we limit an eigenbasis expan-
sion of a function f to finite terms, we can impose any desired
level of smoothness in the approximation. Thus, initial eigen-
functions ¢; : M — R vary most smoothly with geodesic dis-
tance on M and best preserve locality as defined on the mani-
fold regardless of the particular form of the original embedding
[4]. In this way, they define an optimal embedding and a natural
choice of coordinate system for the manifold. We refer to these
maps ¢; as intrinsic basis functions below.

In practice, we are not given an analytical form of the man-
ifold M, so the Laplace-Beltrami operator cannot be used di-
rectly. However, if we are presented with a collection of points
sampled from M, we can implement the graph theoretic ana-
logue as follows: Consider a manifold M embedded in R? and
a collection of n data points X = {z1,...2,} C M. We con-
struct a weighted, undirected adjacency graph G = (V| E) with
one vertex V; € V per data point z; € X. We connect vertices
Vi and V; with an edge of similarity weight W;; if x; is one
of the » nearest neighbors of z; or #; is one of the x nearest
neighbors of ;. From this, we can determine the so-called graph
Laplacian, L = D — W, where D is the diagonal vertex de-
gree matrix with elements D;; = 3 ; W;;:. One can also con-
sider a normalized variant, L,;, = D-Y2LD %2 = I —
D~ Y/2WD /2 whereIis the identity matrix. This normaliza-
tion reduces the effect of large variation in vertex degree arising
from sampling sparsity.

The graph Laplacian is a positive semidefinite n X n ma-
trix that satisfies, in discrete analogue, all the properties given
above for the continuous Laplace-Beltrami operator [4]. It fol-
lows that if we regard the graph as a mesh on the manifold, the
basis determined by the graph Laplacian serves as an approxi-
mation to an intrinsic basis for the manifold that the sample was
drawn from [4]. It is relevant to note two differences between
the continuous and discrete cases. First, the graph analogue is
limited to functions that are defined on the graph, not the en-
tire manifold. We denote such functions by the column vector
f = (f(z1)f(z2)... f(z,))T containing the function image
of X. Second, the £2 inner product is now replaced by an R™
inner product. It follows that the graph analogue of the smooth-
ness functional of (5) becomes

Solt] = £7LE = - 3" Wis(f(oo) — f(2,)"

2y

(6)
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From the rightmost form of this smoothness functional, the con-
nection of this framework to spectral clustering is highlighted.
Consider a logical partition of the graph into two parts V' =
V1 U Ve, Vi1 Vo = 0. If the graph is faithful to this partition,
with vanishing edge weights between V3 and V5, then the func-
tion that minimizes S¢ will reflect the minimum cut (after the
constant function, which is ignored).

We see the graph Laplacian approach has dual purpose. In the
case the data X provides a sufficiently dense mesh on a man-
ifold, this approach defines a set of basis functions that define
the (approximate) intrinsic coordinate system for the manifold.
Even when the manifold structure is not present, there still may
exist a logical partition of the data into clusters and the basis
can reflect this structure as well. In this case, the eigenfunc-
tions of the graph Laplacian with small corresponding eigen-
values each provide a projection map from data points to a real
value that permits isolation of one of the data clusters. Note that
there will be one zero eigenvalue for each cluster present in the
data that produces a distinct connected component in the nearest
neighbor graph. Near-zero eigenvalues will result from clusters
that are weakly connected.

B. Previous Graph Laplacian Frameworks

The graph Laplacian was first introduced to the field of ma-
chine learning as the theoretical centerpiece of the Laplacian
eigenmaps dimensionality reduction algorithm [21]. The reduc-
tion in dimension is accomplished by projecting points onto
a small set of graph Laplacian eigenfunctions. As above, let
X =u1,...,x, be a set of points sampled from the manifold
M C R? and let LL be the corresponding n x n graph Laplacian
matrix constructed according to Section IIL.A. Then, if {}; } and
{e;} are the sorted non-zero eigenvalues (A; 11 > A;and A; > 0
for all 7) and corresponding eigenvectors of L, respectively, the
d’-dimensional Laplacian eigenmaps projection Plfp for each
data point z; € X is defined by

PP () = (ers, eais . - . eari)s @)
where ¢;; is the ¢th component of e;.

Fig. 4 displays a two-dimensional Laplacian eigenmaps
projection (d’ = 2) of the 2-tube manifold My(Ir, Ik, )
from Section II.B (pictured in Fig. 3). Here, we constructed
a x = 200 nearest neighbor adjacency graph over 10,000
samples from the manifold using heat kernel graph weights
(W;; = e~ l#e-231°/2¢% yith ¢ = 1). Notice that the Laplacian
eigenmaps algorithm functions to recover the two-dimensional
intrinsic parameter space, unrolling the extrinsic curvature out
to a simple plane with orthogonal principle axes corresponding
to variation in L and R 4.

Now, the most significant shortcoming of Laplacian eigen-
maps is that it does not allow for out-of-sample extension, as
the eigenfunctions recovered are only defined on the nodes
of the graph. Therefore, any application to novel data would
require recomputation of the adjacency graph and Laplacian
matrix. However, the Laplacian eigenmaps algorithm was
extended to handle out-of-sample application with the devel-
opment of locality preserving projections (LPP) [22]. Here,
the eigenfunctions are restricted to linear functions defined on
the whole space. This results in a set of linear functions that
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Fig. 4. Two-dimensional Laplacian eigenmaps projection of the manifold
Mu(Ir,, Ir , ) defined in Section II.B (cf. Fig. 3). Color is used to distinguish
(a) length L and (b) cross-sectional area ratio 2 4 parameters values.

are most similar to the actual eigenbasis, providing the best
approximation on which to project novel data. This method
was extended to more exotic function classes with kernelized
locality preserving projections [23], which loosened the search
to arbitrary reproducing kernel Hilbert spaces.

These dimensionality reduction techniques were followed by
the development of a coherent framework for graph Laplacian-
based semi-supervised learning known as manifold regulariza-
tion [5]. Here, the graph Laplacian smoothness functional ((6))
is incorporated into a traditional optimization problem as a reg-
ularization term. In Section IV, we will use a special case of this
manifold regularization framework to define our algorithm for
ISA.

C. Other Manifold Learning Frameworks

As indicated in the introduction, there has been no shortage
of general purpose manifold learning algorithms developed by
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the machine learning community in the past decade [1]-[8],
though next-to-none have been seriously evaluated in the signal
processing domain in the manner described here (one excep-
tion is ISOMAP, which was recently applied to speech in [24]).

These algorithms could easily be used in place of graph Lapla-
cian-based techniques, provided a method for out-of-sample ex-
tension is available. A recent paper has presented a generic ap-
proach for out-of-sample extension [25] that requires only a lim-
ited re-optimization for novel data points and may pave the way
for future evaluation. However, the purpose of the present paper
is to formally consider the question of manifold structure under-
lying speech sounds, present a viable algorithm for exploiting it,
and demonstrate this point of view has practical merit. Given the
experimental success demonstrated in the following sections,
we invite others interested in manifold learning techniques to
translate other techniques into this domain, though this sort of
comprehensive evaluation falls outside the scope of this paper.

IV. INTRINSIC SPECTRAL ANALYSIS

A traditional spectrogram is the discrete short time Fourier
amplitude spectrum of an audio time series. The amplitude
spectrum at time #; is determined using a short window
of the signal centered about #;. Let s;(¢) be the i-th signal
window and let 8,(w) be the corresponding d-dimensional
discrete amplitude spectrum. The spectrogram is then given
by §(ti,w;) = 3;(w;) € R Consider instead the formulation
8(t;,wj) = fi(8(w)), where each f; : R* — R is the Carte-
sian projection map defined by f;(v) = v; forv € R¢. This
formulation isolates the choice of the Cartesian basis for the
standard spectrogram and emphasizes the role of alternative
bases. In this light, our goal in this section is to determine a set
of intrinsic projection maps, {f;}, that reflect the geometry of
the speech manifold.

A. Unsupervised Manifold Learning

To achieve our goal of learning the intrinsic projection maps,
we can extend the above-mentioned Laplacian eigenmaps ap-
proach out-of-sample by introducing a modified variant of the
unsupervised manifold regularization algorithm, presented in
[5]. In the unsupervised learning setting, the algorithm input is
a set of unlabeled training data, X = x1,...,2, € R?, that
forms a mesh of data points that lie on the manifold. The opti-
mization problem takes the form

f* = argmiu || f|
fEHK

% + (ETLA, (8)

where H g is the reproducing kernel Hilbert space (RKHS)
for some positive semi-definite kernel function K,L is
the graph Laplacian as defined in Section III.A, and
f = (f(z1)f(z2)... f(x,))T is the vector of values of f
computed on the graph. The first term is the extrinsic norm,
limiting the complexity of the solution in the ambient space.
The second term is graph analogue of the intrinsic smoothness
functional of (5). The single parameter £, then, determines
the balance between extrinsic and intrinsic smoothness of the
functions determined. By the RKHS representer theorem [5],
the solutions of (8) can be written as

[ v) = Z a; K (x;,v),

i=1

(€))
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Fig. 5. Extrinsic (top) and intrinsic (bottom) spectral representations for the utterance “This was easy for us.” Note that a nonlinear mel-scale frequency warping

was used.

where {x;} are the input unlabeled data and a € R™ is the
new parametrization of the function we need to estimate. To
proceed, we plug the functional form of (9) into the optimization
problem of (8). Taking the gradient with respect to the parameter
vector a and setting it to zero sets up the following generalized
eigenvalue problem:

(I+¢LK)a = AKa. (10)
Here, K is the n x n Gram matrix defined on the input unlabeled
data by K;; = K(x;, ;). This eigenvalue decomposition will
produce a full spectrum of eigenvectors, each defining its own
intrinsic projection map f7 defined by the jth eigenvector al),
Unlike the unsupervised learning algorithm of [5], we are now
interested in several of the {f;}, not just one for binary clas-
sification or clustering. Recall that the intrinsic basis functions
produced by the Laplacian eigenmaps algorithm were defined
only on the points used to construct the graph Laplacian. Our
new set of projection maps is now defined out-of-sample, i.e.,
J; may be computed for arbitrary points on the manifold and
may also be used more generally for any point in RY.

B. Intrinsic Spectrogram Algorithm

Given the nomenclature define above, the algorithm for com-

puting the intrinsic spectrogram is comprised of three steps:

1) Given a set of unlabeled data X = {x;}}_, sampled from
the manifold, construct a x nearest neighbor graph and
compute the graph Laplacian L (either normalized or un-
normalized).

2) Given a kernel K, solve the generalized eigenvalue
problem of (10) for the weights {a?) }5;1

3) Project amplitude spectrum at each time point of the ex-
trinsic spectrogram onto the first d’ intrinsic basis functions
(sorted by increasing eigenvalue) according to (9).

Note that steps 1 and 2 are computed offline using the standard
training set X . Thus, converting the extrinsic spectrogram of a

novel utterance into this intrinsic representation requires only
the computation of Equation (9) across the utterance.

Fig. 5 shows an example extrinsic (d = 40) and intrinsic
(d’ = 40) spectrograms for the TIMIT utterance “This was easy
for us” (TIMIT sentence sx3). Here, we constructed the dataset
X with 200 examples of each of the 48 phonetic categories spec-
ified in [26].2 Each example was extrinsically represented by
a 40-dimensional, homomorphically smoothed, auditory (log)
spectrum (40 mel scale bands, from 0—8 kHz) computed from
a 25 ms signal window centered in each phonetic segment. The
adjacency graph was constructed using x = 3 nearest Euclidean
neighbors and binary-valued edge weights. For the optimiza-
tion problem of (8), we take as the intrinsic smoothness param-
eter & = 1. Finally, to accommodate nonlinear intrinsic projec-
tions maps, we eml:’)loyl)the radial basis function (RBF) kernel,
K(z,y) = ¢ 1#791°/27" \where o is taken to be 1/3 of the mean
Euclidean distance between the graph vertices. Note that op-
timal settings of «, &, and o depend on the intended application
and manifold sampling density; we investigate the role this pa-
rameter in the experiments described below. Given the low-di-
mensional curved manifold structure motivated in previous sec-
tions, one might expect phonetic content to be more transpar-
ently differentiated in the intrinsic basis than in a traditional
spectrogram. It is clear from Fig. 5 that the intrinsic represen-
tation redistributes much of the spectral variation to the lower
eigenvalued components. It is also clear that these initial com-
ponents do not each covary with the presence of a single speech
sound. In the next section, we examine whether this alternative
organization may have a natural linguistic interpretation.

V. INTRINSIC SPECTRAL ANALYSIS INTERPRETATION

The intrinsic representation is a projection of spectral infor-
mation onto a set of basis functions ordered by their smooth-

2Note that while we use a class balanced sample here, balancing was not
required to obtain good performance in the experiments in Section VII in which
we randomly selected examples from the entire corpus (ignoring class).
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ness on the adjacency graph and thus, to an approximation,
their smoothness on the manifold. The question that remains
is whether this new intrinsic representation has a linguistically
meaningful interpretation. Before we can quantitatively address
this question, we must first consider which phonological units
are likely to be expressed by the intrinsic coordinates given
the qualitative characteristics. The properties observed in Fig. 5
above rule out a direct phonetic interpretation, but instead are
suggestive of a hierarchical or coarse-to-fine ordering. In this
light, a natural linguistic framework with which to engage is
the theory of distinctive features.

A. The Theory of Distinctive Features

In contrast to a traditional phonemic nomenclature, the theory
of distinctive features posits that the phoneme is not the atomic
building block of a language. Instead, it states that each speech
sound may be more naturally represented as an array of sub-pho-
netic, binary-valued distinctive features. Each feature represents
the minimal distinction between groups of phonemes that share
some set of linguistic, articulatory, perceptual, and/or acoustic
attributes. There are two main types of distinctive features: ar-
ticulator-free and articulator-bound.

Articulator-free features describe high-level properties that
can be used to specify the broad classes of speech sounds. In
the context of physical modeling, these features will determine
the details of the model architecture, including whether a turbu-
lent or periodic source is used and whether nasal resonator cou-
pling is introduced. For example, the articulator-free distinctive
feature [son] distinguishes sonorant sounds ([+son]), produced
with a largely open vocal tract (such as vowels), from obstruent
sounds ([—son]) such as fricatives, produced with a signifi-
cant enough tract constriction to generate turbulent flow. Artic-
ulator-bound distinctive features describe the behavior of var-
ious speech articulators during the production of speech sounds.
It is this type of feature that provide a highly discretized spec-
ification of the articulatory configurations for a given physical
model of the vocal tract. For example, the feature [high] distin-
guishes between those vowels produced with the tongue close
([+high]) to the roof of the mouth (e.g., the /i/ in beat) from
those that are not ([—high]). In terms of the concatenated tube
model presented in Section II.A, [+high] vowels will require
smaller cross sectional areas for the later tube segments corre-
sponding to the mouth region.

The articulator-free and articulator-bound categories suggest
that distinctive features have an natural hierarchical structure
[27]. Nodes closer to the root of the tree correspond to ar-
ticulator-free distinctions that are more perceptually salient
and whose acoustic correlates are less context dependent. As
we progress down the hierarchy, articulator-bound features
make finer distinctions between individual or small groups of
phonemes.

B. Intrinsic Components as Distinctive Feature Correlates

Since distinctive features provide a Dbinary-valued
parametrization of the architecture and configuration of
the physical models of speech production that are responsible
for the manifold structure, it is reasonable to expect a numerical
correlation between the binary feature values and intrinsic
spectral components. Moreover, the intrinsic representation of
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Fig. 5 indicates that the hierarchical organization of the distinc-
tive features may be manifested in the coarse-to-fine ordering of
the intrinsic basis functions when sorted by eigenvalue. In order
to evaluate the existence of a distinctive feature interpretation,
we need to determine whether individual intrinsic components
can be used to robustly infer the value of individual binary
features in a relatively simple (e.g., linear) manner. We began
by constructing a test dataset consisting of one example for
each occurrence of each phone (across speakers and contexts)
in the testing portion of the TIMIT database, for a total of
92,500 examples. As was the case for the training set described
in Section IV.B, each test example was represented by a 40-di-
mensional discrete log auditory spectrum (40 mel scale bands,
from 0—-8 kHz) computed from a 25 ms signal window centered
on each phonetic segment. Here, we used the same nonlinear
intrinsic projection maps described in Section IV.B.

Fig. 6 shows the probability densities, as computed using uni-
form kernel density estimation, of several intrinsic coordinate
values for various natural classes of speech sounds.3 In each
subplot, the natural class pair differs by a single distinctive fea-
ture. For example, the bottom-right subplot displays separate
J10 densities for [+anterior] (/s z/) and [—anterior] (/ [ 3/)
strident fricatives. In this way, this subplot provides a visual-
ization of the tenth intrinsic coordinate’s correlation with the
distinctive feature [anterior]. Also displayed in each plot is the
classification equal error rate* (EER) of the associated classes
using the single component shown. For example, using just the
first intrinsic dimension f], sonorant ([+son]) phones can be
distinguished from obstruent {[—son]) phones with an accuracy
of 86.2% = 100 — 13.8%.

Another important property to notice is that for several cases
in Fig. 6, the optimal decision threshold on the intrinsic com-
ponent is at or near zero. In these cases, the intrinsic coordinate
value is not only correlated with the expression of the given dis-
tinctive feature, but also provides a direct estimate of the fea-
ture value itself. This fact is particularly striking when you re-
call these components were computed in a completely unsuper-
vised fashion. Now, it should be noted that there can exist indi-
vidual extrinsic components (i.e., frequency bands) that can dis-
criminate some of these natural classes reasonably well. How-
ever, these bands are not ordered according to the any phono-
logical hierarchy and they can at best be correlated with feature
values, as the optimal decision threshold will not be located at
the origin.

Fig. 7 shows the probability densities of several intrinsic co-
ordinate values, computed from vowel data alone, for various
natural classes of vowel sounds. As above, each natural class
pair differs by a single distinctive feature. We find that the first
three intrinsic components are strongly correlated with height,
backness, and tenseness, the three principal distinctive features
that distinguish English vowels. Vowel height refers to the ver-
tical position of the tongue within the mouth, and can be seen
as correlate to the cross sectional area R 4 ratio of Section I1.B.
Similarly, vowel backness refers to the axial (horizontal) posi-
tion relative to the rear of the mouth. Thus, the first two intrinsic

3The examples shown were chosen after limited manual inspection; certainly
other phonological correlations exist and could be easily uncovered with an au-
tomated analysis.

4The threshold was chosen to equalize the error rates for each class.
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coordinates correspond to the physical location of the tongue
during vowel production, indicating ISA has performed an ef-
fective inversion of the production mechanism. Note that in the
global intrinsic representation, these features were instead cor-
related with the higher coordinates, while in the vowel centric
coordinates they are the dominant dimensions of variability.

VI. PHONETIC SEPARABILITY

In Fig. 4, we saw that the eigenfunctions of the graph Lapla-
cian operator can approximate a coordinate chart on the man-
ifold, recovering a representation corresponding to the under-
lying parameter space. Moreover, in Section V, we found single
intrinsic components that, when appropriately thresholded, can
discriminate between natural classes of speech sounds moti-
vated by distinctive feature theory. These results suggest that the
intrinsic spectrogram may provide an acoustic representation
that simplifies the geometric organization of individual speech
sounds as realized across speakers. In order to quantitatively
evaluate this intuition, we consider the linear separability of
phonetic categories of the extrinsic and intrinsic spectrogram
representations.

The test dataset defined in Section V.B, consisting of
~ 1000-2000 examples of each of the 48 phonetic classes
defined by [26], was used to set up (428 = 1128 binary
phone classification problems. For each phone pair, we use (su-
pervised) linear discriminant analysis to compute the optimal
separating hyperplane between the examples of each class,
using both extrinsic and intrinsic representations. To compute
the intrinsic representation, we used the same basis functions
specified in Sections IV.B and V.B. Fig. 8 displays the equal
training set error rate of the optimal separating hyperplanes as
a measure of inherent linear separability for the intrinsic versus
the extrinsic representation for the 1128 binary classification
problems. Those points falling below the equal performance
line (shown in black) correspond to phone pairs where the
intrinsic representation improved linear separability over the
traditional log mel spectrogram.
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Fig. 8. Optimal separating hyperplane error rate of the extrinsic versus the
global intrinsic representation for the 1128 binary phone classification prob-
lems. The equal performance line is shown in black. Points above/below the line
indicate reduced/improved linear separability with ISA for the corresponding
phone pair. The large majority of points are below the line.

Averaged over the 1128 binary classification problems, the
intrinsic spectral representation leads to an 11.5% relative
reduction in the EER of the optimal linear separator. For the
phone pairs helped most by ISA, we observe as much as
50% relative reduction. Improved linear separability suggests
that acoustic models for speech recognition applications may
succeed with reduced model complexity and less training data.
In the case of Gaussian mixture monophone or triphone model,
improved linear separability may reduce the number of mixture
components required. For example, the experiments performed
in [28] applied locality preserving projections, a /inear intrinsic
projection technique, to a continuous speech recognition task
and observed a reduction in word error rate. The improved
class separability facilitated by our nonlinear projection maps
promise even more significant gains, an item we will explore
in Section VII.

In Section V.B, we considered a local intrinsic representa-
tion for the vowel region of the speech manifold and found it
provided a set of components corresponding to distinctive fea-
tures of vowel height and backness. We generalized this notion
of a local intrinsic representation to the case of binary classi-
fication. In particular, using just the data for each phone pair,
we constructed separate adjacency graphs and computed a set
of local intrinsic basis functions for each using the techniques
introduced in Section I'V. Then, for each of the 1128 binary clas-
sification problems, we project the extrinsic spectra onto the
specialized intrinsic representation for that phone pair. Fig. 9
shows the extrinsic vs. intrinsic performance of the 1128 clas-
sification problems. These specialized intrinsic representations
produce an average relative reduction of 19% in linear separator
error rate (and as much as 80%), significantly better than that ob-
served when using the global intrinsic representation. We will
return to this in Section VIII.
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Fig.9. Optimal separating hyperplane error rate of the extrinsic versus the local
intrinsic representation for the 1128 binary phone classification problems. The
equal performance line is shown in black. Points above/below the line indicate
reduced/improved linear separability with ISA for the corresponding phone pair.
Points fall further below the line on average than in Fig. 8.

VII. SPEECH RECOGNITION EXPERIMENTS

As demonstrated in Section VI, the increased linear sep-
arability of phoneme classes when using ISA indicates that
improved phone recognition may be possible with reduced
model complexity. In this section, we summarize the results
of a recent study [29] evaluating nonlinear ISA on two main-
stream speech recognition problems at different extremes of
model complexity: (i) the zero resource speech recognition task
of unsupervised term discovery, where there is no transcribed
training materials, and (ii) the high resource speech recognition
task of phone recognition using neural networks with an ample
hidden layer and plenty of training data.

A. Unsupervised Term Discovery

As massive internet collections of untranscribed speech
audio emerge, there is a clear opportunity for unsupervised
speech technologies. Unsupervised spoken term discovery
is the task of searching untranscribed speech collections for
repeated words and phrases without using any language spe-
cific knowledge. The prevailing approaches [30]-[32] rely on
exhaustive dynamic time warping-based searches across all
pairs of speech intervals drawn from the collection. While
a computationally challenging endeavor, recent efficient ap-
proximation strategies [33] have made processing hundreds
of hours of speech tractable. At the core of the task is the
inherent speaker independence of the representation. Indeed,
the ability to associate acoustic realizations of a given phoneme
or word spoken by different speaker is exactly what acoustic
model supervision is meant to accomplish. In [34], it was
found that signal processing-derived front-ends like perceptual
linear prediction (PLP) and mel frequency cepstral coefficients
(MFCC) were of comparable utility, both falling far short of
supervised representations like matched-language posterior-
grams. We have already demonstrated the ability of ISA to
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TABLE I
SPOKEN TERM DISCOVERY EVALUATION RESULTS (IN % AVERAGE PRECISION).
DISTANCE METRICS LISTED ARE THOSE USED IN NEAREST NEIGHBOR
GRAPH CONSTRUCTION

Features Dimension AP

Mel Spectrogram 40 10.7
Log Mel Spectrogram 40 7.6
Linear ISA (cosine) 39 25.6
PLP 39 34.8

MFCC 39 33.8
Nonlinear ISA (Euclidean) 39 38.6
Nonlinear ISA (cosine) 39 48.5
English Posteriorgram 40 75.4

unravel complicated speaker and message dependencies in the
observed transfer functions (e.g., Figs. 3 and 4) and to improve
phonetic separability. The next question is whether we would
have similar luck on a fully unsupervised application.

We sought to answer this question with the evaluation defined
in [34], which we adapted to the TIMIT corpus. The evaluation
protocol is as follows. First, using the time aligned word tran-
scriptions, we extracted all word examples that were at least
0.35 s in duration and at least 6 characters as text, yielding
11,000 word examples across 3745 types. Second, we com-
puted all pairwise dynamic time warping (DTW) similarities
(one minus the DTW distance normalized by the sum of the two
example durations in frames), involving some 60 million DTW
distance calculations (completes in approximately 10 minutes
on a cluster of 100 CPUs). Finally, treating DTW similarity as a
same/different classifier score, we computed the average preci-
sion (AP) for the task of separating same word type pairs from
different word type pairs. Due to its proven success for this task
[34], we considered cosine distance as the DTW frame level
distance metric for all features evaluated. Note that this choice
removes any effect of principal component analysis (PCA) as
cosine distance is invariant under rotations.

Our definition of ISA involves three parameters that must be
chosen by the user: x, the number of nearest neighbors for graph
construction; &, the weight on the intrinsic norm in the optimiza-
tion problem; and ¢, the width of the RBF kernel (for nonlinear
ISA only). Ideally, the dependence of downstream performance
on the values of these parameters would be weak, precluding
the need for labeled development data. In practice, we found
x =10,& = 0.03,and 0 = 0.4m, where m is the mean distance
between samples in X, to be a good universal choice across the
experiments. Performance was moderately dependent on  and
o; varying  from 4 to 12 and o from 0.1 to 1.0 resulted in
at most 4% loss in average precision.

Table I lists this average precision (AP) for several front-ends.
All features were computed in 25 ms windows sampled every
10 ms. The mel-scale spectrogram used 40 mel channels and
the PLP used a 12th-order linear predictive coding-smoothed,
bark-scale spectrograms. Thirteen cepstral coefficients (in-
cluding constant zeroth order component) were used for both
PLP and MFCC. For the spectrograms, PLP, and MFCC,
each feature dimension was normalized to zero mean and unit
variance. Intrinsic spectrograms were derived from the log mel
spectrogram, where » = 10,000 randomly selected samples
(from the whole corpus for a class-unbalanced sample) were
used to construct the graph Laplacian. We kept only the first
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13 intrinsic components (skipping the first trivial dimension)
to maintain the same feature dimension as used for PLP and
MFCC. Velocity (A) and acceleration (AA) features were
included for all of these features. Finally, to set a supervised
performance ceiling, we also considered English posteriorgram
features generated using a multi-layer perceptron with a single
hidden layer of size 2000 nodes trained on all TIMIT sx/si
sentences (PLP with 9-frame context used as input).

The primary result is striking: nonlinear ISA substantially im-
proved representational speaker independence relative to both
PLP and MFCC features, the speech recognition mainstays. The
improvement in cross-speaker word matching average precision
is nearly 15% absolute (more than 40% relative), representing
a third of the gap between the original PLP/MFCC and the su-
pervised performance ceiling. This was accomplished without
any supervision whatsoever and relied only on the manifold as-
sumption considered in this study. While linear ISA improves
upon the log mel spectrogram, it falls short of standard features
like PLP and MFCC. Nonlinear ISA is substantially better than
the linear version, further substantiating the claim that curved
manifolds require nonlinear kernels to recover an optimal em-
bedding.

B. Supervised Phone Recognition

Next, we considered the more familiar task of super-
vised phone recognition on the TIMIT corpus, employing a
state-of-the-art hidden Markov model/multi-layer perceptron
(HMM/MLP) back-end to evaluate ISA against traditional
front-ends. In particular, we used the hierarchical MLP system
defined in [35], previously demonstrated capable of producing
highly accurate recognition in an almost completely bottom-up
fashion (no top down grammatical constraints beyond a simple
bigram phonetic language model). The hierarchical architecture
included two levels of neural networks. The first estimated
posterior probabilities of three tri-state classes for each of the
48 speech sounds defined in [26]. Here, 3-layer MLPs using a
9 frame context was used. The second neural network took as
input the tri-state posteriors over a large 23-frame context and
estimated a new set of tri-state posteriors. Finally, these tri-state
posteriors were used to generate scaled likelihoods that provide
state emission likelihoods for an HMM decoder with a bigram
phonetic language model. The 48 phone classes were reduced
to the standard 39 unit set [26] for scoring. We also consid-
ered the combination of feature types, which we performed
on the final output posteriorgram of each constituent stream
using the Dempster-Shafer (DS) theory of evidence [36]. DS
combination employs an inverse entropy weighting, with the
rationale that high entropy frames indicate an acoustic model
that is uncertain of which phonetic class is occurring. Thus, by
downweighting the high entropy frames in the combination,
the combined output will rely more on models that are more
confident about the phonetic identity. While this combination
strategy has been proven successful for this setting, several
others are explored in [36].

Table II lists the phone recognition accuracies using PLP,
nonlinear ISA (RBF kernel), and the Dempster-Schafer
combination of the two. Note that for ISA, we deter-
mined suitable parameter values using cross-validation
(k = 6, = 003,06 = 1.0m) on the training corpus.
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TABLE II
SUPERVISED PHONE RECOGNITION RESULTS (IN % PHONE
RECOGNITION ACCURACY; DS = Dempster — Shafer)

Features Accuracy
PLP 77.0
Nonlinear ISA 76.0
DS: PLP + Nonlinear ISA 78.5

Nonlinear ISA falls only one point behind traditional PLP,
indicating that the nonlinear embedding learned maintains suf-
ficient information to bear the full representational burden for
downstream phone classification. Moreover, the improvement
observed with DS combination indicates that the manifold
features encode information that is complementary to the stan-
dard PLP front-end, reaching state-of-the-art phone recognition
performance for this given back-end architecture.

Thus, we conclude that without supervision of any kind, in-
trinsic spectral analysis is able to recover a nonlinear transfor-
mation that, when applied to the mel spectrogram, produces fea-
tures as useful for subsequent supervised recognition as linear
prediction and cepstral analysis. This is a remarkable result,
since once we construct the nearest neighbor graph with binary
weights, all absolute notions of locality have been obscured to
the optimization. It follows that the topological structure alone
of our unlabeled data sample is sufficient to recover a repre-
sentation that encodes the necessary information for successful
recognition downstream.

VIII. DiSCUSSION

The experimental results above indicate that ISA provides a
suitable alternative to standard front-ends like MFCC and PLP
for both unsupervised and supervised applications. This claim
is substantiated by greatly improved representational speaker
independence, as demonstrated in the experiments described
in Section VII.A, while maintaining the information necessary
to enable state-of-the-art supervised phonetic recognition, as
demonstrated in Section VII.B. However, ISA is not without its
limitations. The main computational burden of ISA is in solving
the generalized eigenvalue problem of (10). While eigensolver
complexity depends on the sparsity and topology of the nearest
neighbor graph used to construct the Laplacian, runtime for
exact methods is at least quadratic in the number of graph ver-
tices. This means that there are practical limitations on the man-
ifold sampling density and, as a consequence, limitations on
the degree of curvature that may be unraveled by the projec-
tion maps. Randomized approximation methods may provide a
straightforward way around this [37]-[39], but application of
speech specific strategies may also be explored.

One such possibility for speech is to construct multiple local
coordinate systems for various distinct regions of the speech
manifold in the manner explored in Sections V.B and VI. For
example, suppose we are provided a collection of points on the
manifold that are known to be vowels. Then, we can use this
data to construct a vowel-specific intrinsic coordinate system
that can discern finer structure in this local region of the man-
ifold. However, constructing the specialized adjacency graphs
requires supervision, but broad class distinctions are less lan-
guage dependent and can be more easily ported from high to
low resource languages.
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Since the projection maps need only be estimated once off-
line, the only runtime computational burden is the calculation
of (9) for each frame in the test utterance. However, for a large
number n of training samples, the use of an RBF kernel requires
anontrivial amount of additional processing. Here, approximate
nearest neighbor techniques are the clear solution (see [33] for
an example), capable of reducing the number of kernel function
evaluations from 7 to O(logn).

In the realm of manifold learning, signal noise has the poten-
tial of introducing substantial complications. First, in the pres-
ence of noise, the manifold structure can be obscured, counter-
acting the benefits that this class of nonlinear transformations
can provide. Moreover, if the training data sample has heteroge-
neous noise conditions, disconnected noise-specific subgraphs
can emerge, resulting in separate ISA subspaces for each condi-
tion. Finally if the projection maps are estimated on clean data
and evaluated in noisy conditions, there is a potential for non-
linear amplification of the distortion. Despite all of these po-
tential stumbling blocks, there is a silver lining. As mentioned
above, when using binary edge weights in the nearest neighbor
graph, the ISA optimization produces a new embedding of the
data that depends only on the topology of the graph and not on
the absolute distances in the original space. This means that the
only property that need be preserved across noise conditions
to achieve noise invariance would be this topological struc-
ture. Coupled to a suitable graph alignment procedure [40], this
fact may provide a promising means to adapt to changing noise
conditions.

Finally, while the discrete cosine transform that converts log
power spectra to cepstral coefficients is parameter-free, ISA in-
troduces several parameters that need to be optimally chosen.
In Section VII we observed a modest performance dependence
on the various parameters, but we do remain above PLP and
MFCC performance over a wide range of values. Still, auto-
matic parameter selection remains an important research goal
for this and other manifold learning methods.

IX. CONCLUSION

We have argued that speech sounds form a low-dimensional,
extrinsically curved manifold and have visualized synthetic
speech data to support this claim. With this motivation, we
presented the Intrinsic Spectral Analysis algorithm to recover
a set of intrinsic projections maps that define a novel spectral
embedding for downstream application. We found that indi-
vidual intrinsic components are correlated with the expression
of various distinctive features. When extending the intrinsic
representation out-of-sample using a nonlinear kernel-based
approximation, we found an improved linear separability of the
phonetic classes. Moreover, we demonstrated that ISA admits
dramatically improved representational speaker independence
compared with standard front-ends and supports state-of-the-art
supervised phone recognition. This justifies their standing as
a superior all-purpose speech representation. While we have
focused our attention in this paper on speech recognition appli-
cations, ISA may be applied in any domain where traditional
Fourier analysis is useful and there is reason to believe the
space of possible signals is naturally constrained.
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