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Latent Semantic 
Mapping

[A data-driven framework for modeling  

global relationships implicit in large  

volumes of data]

O
riginally formulated in the context of information retrieval, latent semantic analysis (LSA)
arose as an attempt to improve upon the common procedure of matching words in queries
with words in documents [1]–[7]. The problem is that users typically retrieve documents on
the basis of conceptual content, and individual words provide unreliable evidence about the
conceptual topic or meaning of a document. There are usually many ways to express a given

concept, so the literal terms in a user’s query may not match those of a relevant document. This tends to
decrease the “recall’’ performance of retrieval systems. In addition, most words have multiple meanings, so
the literal terms in a user’s query may match terms in documents that are not of interest to the user. This
results in less precise performance.

The LSA paradigm operates under the assumption that there is some underlying latent semantic struc-
ture in the data that is partially obscured by the randomness of word choice with respect to retrieval.
Algebraic and/or statistical techniques are used to estimate this latent structure and get rid of the obscur-
ing “noise.’’ The outcome is a parsimonious, continuous parameter description of terms and documents
based on the underlying structure. This low-dimensionality description then replaces the original parame-
terization in indexing and retrieval [2], [3].

In practice, the “latent structure’’ is conveyed by correlation patterns, derived from the way individual
words appear in documents; this entails an elementary “bag-of-words’’ model of the language. Moreover, in
line with the data-driven nature of the approach, “semantic’’ merely implies that terms in a document may
be taken as referents to the document itself or to its topic. These simplifications notwithstanding, there is
abundant evidence that the resulting description is beneficial. It indeed takes advantage of implicit higher-
order structure in the association of terms with documents, and thereby improves the detection of relevant
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documents on the basis of terms found in queries [4], [5]. It is
well documented, for instance, that LSA improves separability
among different topics, as in the simple information-retrieval
example given in “Improved Topic Separability Under LSA.”

The success of LSA in information retrieval led to the appli-
cation of the same paradigm in other areas of natural language
processing, including word clustering, document/topic cluster-
ing, large-vocabulary speech recognition language modeling,
automated call routing, and semantic inference for spoken
interface control [8]–[16]. (To illustrate word clustering, for
instance, Table 1 lists two typical LSA word clusters obtained
using a training collection of about 20,000 news articles from
the Wall Street Journal database [8].) These solutions all lever-
age LSA’s ability to expose global relationships in the language
in order to extract useful metadata concerning topic context and
meaning; they thereby make progress toward more intelligent
human-machine communication. 

More specifically, three unique factors seem to make LSA
particularly attractive: 1) the mapping of discrete entities (in
this case, words and documents) onto a continuous parameter
space, where efficient machine learning algorithms can be
applied; 2) the dimensionality reduction inherent in the process,
which makes complex natural language problems tractable; and
3) the intrinsically global outlook of the approach, which tends
to complement the local optimization performed by more con-
ventional techniques.

These are, of course, fairly generic properties, which are
desirable in a variety of different contexts. Categorical problems
are notoriously hard to model statistically, especially when they
comprise an extremely large number of categories [17].
Dimensionality reduction helps uncover important structural
aspects of a problem while filtering out “noise” [4]. And a global
outlook can often reveal discriminative characteristics that are
essentially impossible to recognize locally [10].

These observations have, in turn, sparked interest in several
other potential uses of the basic paradigm [18]–[22]. In such
applications, the task at hand may not be as directly language-
related, but the approach has nonetheless proved very appealing.
This motivates a change of terminology to the more generic
“latent semantic mapping” (LSM). The new wording conveys
increased reliance on the general properties listed earlier, as
opposed to a narrower interpretation in terms of specific topic
context and meaning. The purpose of this article is to review
such properties and  their applications under the broad per-
spective of unsupervised information extraction. 

LSM
Let M be an inventory of M individual units, such as words in
some underlying vocabulary, and N be a collection of N “mean-
ingful’’ compositions of said units, such as documents in some
relevant text corpus. While the order of M and N vary greatly
with the application considered, it usually lies between 1,000
and 100,000; the collection N might comprise up to about 100
million units in total. The LSM paradigm defines a mapping
between the discrete sets M, N and a continuous vector space

IMPROVED TOPIC SEPARABILITY UNDER LSA (AFTER [6]).

Consider an (artificial) information retrieval task with 20 dis-
tinct topics and a vocabulary of 2,000 words.  A probabilistic
corpus model generates 1,000 documents, each 50 to 100
words long. The probability distribution for each topic is
such that 0.95 of its probability density is equally distributed
among topic words, and the remaining 0.05 is equally dis-
tributed among all 2,000 words.  How does the average dis-
tance between documents evolve upon exploiting the LSA
paradigm?

To answer this question, a suitable version (see the section
“Closeness Measures”) of the distance between all pairs of
documents is calculated both before (“original space’’) and
after (“LSA space’’) applying LSA. This leads to the expected
distance distributions below, where a pair of documents is
considered “Intra-Topic’’ if the two documents were generat-
ed from the same topic and “Inter-Topic’’ otherwise. 

Using LSA does not appreciably affect the average distance
between inter-topic pairs, but dramatically reduces the aver-
age distance between intra-topic pairs. In addition, the stan-
dard deviation of the intra-topic distance distribution also
becomes substantially smaller. As a result, separability
between intra- and inter-topic pairs is much better under LSA,
despite a sharp increase in the standard deviation of the inter-
topic distance distribution.

Expected Distributions in Original
Space and LSA Space
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CLUSTER 1: Andy, antique, antiques, art, artist, artist’s, artists, artworks,
auctioneers, Christie’s, collector, drawings, gallery, Gogh, fetched, hysteria,
masterpiece, museums, painter, painting, paintings, Picasso, Pollock, repro-
duction, Sotheby’s, van, Vincent, Warhol

CLUSTER 2: appeal, appeals, attorney, attorney’s, counts, court, court’s,
courts, condemned, convictions, criminal, decision, defend, defendant, dis-
misses, dismissed, hearing, here, indicted, indictment, indictments, judge,
judicial, judiciary, jury, juries, lawsuit, leniency, overturned, plaintiffs, prose-
cute, prosecution, prosecutions, prosecutors, ruled, ruling, sentenced, sen-
tencing, suing, suit, suits, witness

[TABLE 1]  TWO TYPICAL LSA WORD CLUSTERS (SEE [8]).



L, whereby each unit ri in M is represented by a vector ūi in L
and each composition cj in N is represented by a vector v̄j in L.

FEATURE EXTRACTION
The starting point is the construction of a matrix (W) of co-
occurrences between units and compositions. In line with the
semantic nature of the original formulation [5], this construc-
tion normally disregards colocational information in neighbor-
ing units; the context for each unit essentially becomes the
entire composition in which it appears. Thus, the matrix W is
accumulated from the available training data by simply keeping
track of which unit is found in which composition.

This accumulation involves some suitable function of the
number of times each unit appears in each composition.
Although many such functions are possible [2], it is often desir-
able to normalize for composition length and unit entropy [15],
in which case the (i, j) cell of W is obtained as

wi, j = (1 − εi)
κi, j

λ j
, (1)

where κi, j is the number of times ri occurs in cj, λ j is the total
number of units present in cj, and εi is the normalized entropy
of ri in the collection N . The global weighting implied by 1 − εi

reflects the fact that two units appearing with the same count in
cj do not necessarily convey the same amount of information
about the composition; this is subordinated to the distribution
of the units in the collection N .

If we denote by τi = ∑
j κi, j the total number of times ri

occurs in N , the expression for εi is easily seen to be

εi = − 1
log N

N∑

j = 1

κi, j

τi
log

κi, j

τi
. (2)

By definition, 0 ≤ εi ≤ 1, with equality if and only if κi, j = τi

and κi, j = τi/N, respectively. A value of εi close to one indi-
cates a unit distributed across many compositions through-
out the collection, while a value of εi close to zero means
that the unit is present only in a few specific compositions.
The global weight 1 − εi is therefore a measure of the index-
ing power of the unit ri.

SINGULAR VALUE DECOMPOSITION
The (M × N) unit-composition matrix W resulting from the
above feature extraction defines two vector representations for
the units and compositions. Each unit ri can be uniquely associ-
ated with a row vector of dimension N, and each composition cj

can be uniquely associated with a column vector of dimension
M. Unfortunately, these vector representations are impractical
for three related reasons: 1) the dimensions M and N can be
extremely large; 2) the vectors ri and cj are typically very sparse;
and 3) the two spaces are distinct from one other.

To address these issues, it is useful to employ singular value
decomposition (SVD), a technique closely related to eigenvector

decomposition and factor analysis [23]. We proceed to perform
the (order-R) SVD of W as follows:

W ≈ Ŵ = U S V T , (3)

where U is the (M × R) left singular matrix with row vectors ui

(1 ≤ i ≤ M), S is the (R × R) diagonal matrix of singular val-
ues s1 ≥ s2 ≥ · · · ≥ sR > 0, V is the (N × R) right singular
matrix with row vectors vj (1 ≤ j ≤ N), R < min(M, N) is the
order of the decomposition, and T denotes matrix transposi-
tion. As is well known, both left and right singular matrices U
and V are column orthonormal, i.e., U TU = V TV = IR (the
identity matrix of order R). Thus, the column vectors of U and
V each define an orthonormal basis for the vector space of
dimension R spanned by the vectors ui and vj, referred to as the
LSM space L. Furthermore, it can be shown [23] that the
matrix Ŵ is the best rank-R approximation to the original
matrix W for any unitarily invariant norm. This entails, for any
matrix A of rank R,

min
{A : rank(A)=R}

‖W − A‖ = ‖W − Ŵ‖ = sR+1 , (4)

where ‖ · ‖ refers to the L2 norm and sR+1 is the smallest singu-
lar value retained in the order-(R + 1) SVD of W. Obviously,
sR+1 = 0 if R is equal to the rank of W.

INTERPRETATION
The decomposition in (3) can be illustrated as in “Singular Value
Decomposition.” It amounts to representing each unit and each
composition as a linear combination of (hidden) abstract con-
cepts, incarnated by the singular vectors. This in turn defines a
mapping (M,N ) −→ L between the high-dimensional discrete
entities M, N and the lower-dimensional continuous vector
space L. Since the SVD (by definition) provides a parsimonious
description of the linear space spanned by W, the singular vec-
tors are specified to minimally span the units in the inventory
M and the compositions in the collection N . Thus, the dual
one-to-one mapping between units/compositions and unit/com-
position vectors resulting from (3) corresponds to an efficient
representation of the training data. The dimension R is bounded
from above by the (unknown) rank of the matrix W, and from
below by the amount of distortion tolerable in the decomposi-
tion. The most common values of R range from 100 to 1,000.

The basic idea behind this mapping is that Ŵ captures the
major structural associations in W and ignores higher-order
effects. The “closeness’’ of vectors in L is therefore determined
by the overall pattern of the composition language used in N ,
as opposed to specific constructs. Hence, two units whose rep-
resentations are “close” (in some suitable metric) tend to
appear in the same kind of compositions, whether or not they
actually occur within identical unit contexts in those composi-
tions. Conversely, two compositions whose representations are
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“close’’ tend to convey the same meaning, whether or not they
contain the same unit constructs. As a result, units and compo-
sitions whose representations are “close’’ in the LSM space L
tend to be meaningfully related, whether or not such units
actually occur in such compositions.

LSM FEATURE SPACE
The mapping (M,N ) −→ L automatically resulting from (3)
opens up the opportunity to apply familiar machine learning
techniques in the continuous vector space L. But to do that, it is
necessary to first define within L some suitable metrics consis-
tent with the SVD formalism.

CLOSENESS MEASURES
Since the matrix W embodies (by construction) all structural
associations between units and compositions, it follows that for
a given training collection, W W T characterizes all cooccur-
rences between units and W T W characterizes all cooccurrences
between compositions. Thus, the extent to which units ri and rj

have a similar pattern of occurrence across the entire collection
of compositions can be inferred from the (i, j) cell of W W T; the
extent to which compositions ci and cj contain a similar pattern

of units from the entire inventory can be inferred from the (i, j)
cell of W T W; and the extent to which unit ri globally relates to
composition cj across the entire training collection can be
inferred from the (i, j) cell of W itself. This leads to the follow-
ing comparisons involving units and compositions.

UNIT-UNIT COMPARISONS
Expanding W W T using the SVD expression (3), we obtain 

W W T = U S2 U T . (5)

(Please note that henceforth we ignore the distinction between
W and Ŵ. From (4), this is without loss of generality as long as R
approximates the rank of W.) Since S is diagonal, this means that
the (i, j) cell of W W T can be obtained by taking the dot product
between the i th and jth rows of the matrix US, namely uiS and
ujS. A natural metric to consider for the “closeness’’ between
units is therefore the cosine of the angle between ūi and ūj :

K(ri, rj) = cos(uiS, ujS) =
ui S2 u T

j

‖uiS‖ ‖ujS‖ , (6)

SINGULAR VALUE DECOMPOSITION 

(a) Row vectors (units) are projected onto
the orthonormal basis formed by the col-
umn vectors of the right singular matrix V,
i.e., the row vectors of V T .  This defines a
new representation for the units, in terms
of their coordinates in this projection,
namely the rows of U S. Thus, the row vec-
tor ui S characterizes the position of unit ri

in L, for 1 ≤ i ≤ M. 
(b) Similarly, column vectors (composi-

tions) are projected onto the orthonormal
basis formed by the column vectors of the
left singular matrix U . The coordinates of
the compositions in this space are there-
fore given by the columns of SV T . Thus,
the column vector Sv T

j , i.e., the row vector
vj S, characterizes the position of composi-
tion cj in L, for 1 ≤ j ≤ N .

(c) Hence, each unit ri ∈ M is uniquely
mapped onto the unit vector ūi = ui S, and
each composition cj ∈ N is uniquely
mapped onto the composition vector
v̄ j = vj S.
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for any 1 ≤ i, j ≤ M. A value of K(ri, rj) = 1 means the two
units always occur in the same kind of compositions, while a
value of K(ri, rj) < 1 means the two units are used in increas-
ingly different contexts. While (6) does not define a bona fide
distance measure in the space L, it easily leads to one. For
example, over the interval [π, 2π], the measure

D(ri, rj) = cos−1 K(ri, rj) (7)

satisfies the properties of a distance on L [15].

COMPOSITION-COMPOSITION COMPARISONS
Proceeding as above, expanding W T W using (3) yields

W T W = V S2 V T , (8)

which means that the (i, j) cell of W T W can be obtained by
taking the dot product between viS and vjS. As a result, a natu-
ral metric for the “closeness’’ between compositions is

K(ci, cj) = cos(viS, vjS) =
vi S2 v T

j

‖viS‖ ‖vjS‖ , (9)

for any 1 ≤ i, j ≤ N. Here, a value of K(ci, cj) = 1 means the
two compositions contain the same kind of units, while a value
of K(ci, cj) < 1 means they increasingly do not. The metric (9)
has the same functional form as (6), and therefore the distance
(7) is equally valid for both unit and composition comparisons.
(In fact, the measure (7) is precisely the one used in “Improved
Topic Separability Under LSA.” Thus, the distances on the x-
axis are D(ci, cj) expressed in radians.)

UNIT-COMPOSITION COMPARISONS
Since W = USV T, the (i, j) cell of W can be obtained by
taking the dot product between uiS1/2 and vjS1/2 . Thus, a
natural metric for the “closeness’’ between unit ri and compo-
sition cj is

K(ri, cj) = cos(uiS
1/2, vjS

1/2) =
ui S v T

j

‖uiS1/2‖ ‖vjS1/2‖ , (10)

for any 1 ≤ i ≤ M and 1 ≤ j ≤ N . A value of K(ri, cj) = 1
means that there is a strong relationship between ri and cj,
while a value of K(ri, cj) < 1 means that there is increasingly
less evidence that they are meaningfully linked across the
entire training collection. Interestingly, (10) is functionally
equivalent to (6) and (9), but involves scaling by S1/2 instead
of S. As before, the transformation (7) can be used to turn (10)
into an actual distance measure.

LSM FRAMEWORK EXTENSION
Clearly, the training collection N will not comprise all conceiv-
able events that can be produced in the composition language.
To find adequate representations in the space L for unobserved
units and compositions, it is necessary to devise an appropriate
extension to the LSM framework.

Suppose we observe a new composition c̃p, with p > N ,
where the tilde symbol reflects the fact that the composition was
not part of the original N . First, we construct a feature vector
containing, for each unit in the underlying inventory M, the
weighted counts (1) with j = p. This feature vector c̃p, a column
vector of dimension M, can be thought of as an additional col-
umn of the matrix W. Thus, provided the matrices U and S do
not change, (3) implies

c̃p = U S ṽ T
p , (11)

where the R-dimensional vector ṽ T
p act as an additional column

of the matrix V T. This in turn leads to the definition

˜̄vp = ṽp S = c̃ T
p U . (12)

The vector ˜̄vp, indeed seen to be functionally similar to a compo-
sition vector, corresponds to the representation of the new com-
position in the space L.

To convey the fact that it was not part of the SVD extrac-
tion, the new composition c̃p is referred to as a pseudo-com-
position, and the new representation ˜̄vp is referred to as a
pseudo-composition vector. Figure 1 illustrates the resulting
extension to the LSM framework, along with the following
caveat. Recall that the singular vectors in the SVD expansion (3)
are specified to minimally span M and N . As a result, if the new
composition contains language patterns that are inconsistent
with those extracted from W, (3) will no longer apply. Similarly,
if the addition of c̃p causes the major structural associations in
W to shift in some substantial manner, the singular vectors will
become inadequate. Then U and S will no longer be valid, in
which case it would be necessary to recompute (3) to find a prop-
er representation for c̃p. If, on the other hand, the new composi-
tion generally conforms to the rest of the collection N , then ˜̄vp

in (12) will be a reasonable representation for c̃p. (Note that any
newly observed unit can similarly be treated as an additional row
of the matrix W , giving rise to an analogous pseudo-unit vector.)

SALIENT CHARACTERISTICS
Overall, the LSM feature space has a number of interesting and
fairly generic characteristics. To summarize, the mapping
entails: 1) a single vector embedding for both units and compo-
sitions in the same continuous vector space L; 2) a relatively
low dimensionality, which makes operations such as clustering
meaningful and practical; and 3) an underlying topological
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structure reflecting globally meaning-
ful relationships, with well-motivated,
natural similarity metrics to measure
the distance between units, between
compositions, or between units and
compositions in L.

NATURAL LANGUAGE PROCESSING
In natural language applications like
information retrieval, M is a vocabu-
lary of words and N is a text corpus of
documents; thus, units are words and
compositions are documents. It is in
this context that the term “semantic”
in LSM comes closest to its ordinary
meaning. Recall, however, that it still
has a rather narrow interpretation in
terms of words taken as referents to
the general topic of the document. This
caveat notwithstanding, the LSM prop-
erties can be exploited in several areas
of spoken language processing.

SEMANTIC CLASSIFICATION
(Data-driven) semantic classification refers to the task of deter-
mining, for a given (newly observed) document, with which of
several predefined topics the document is most closely aligned.
Each topic is typically specified during training via a cluster of
documents from the collection N . Semantic classification is
useful for many tasks, such as automated call routing [11], [24],
desktop interface control [16], and unsupervised tutoring [25].
It is also an integral, if often implicit, part of spoken language
understanding [26] and audio content indexing [27].

Suppose that a document cluster can be uniquely associated
with a particular outcome in the task. Then the centroid of each
cluster can be viewed as the semantic representation of this out-
come in the LSM space. Phrased another way, each centroid
becomes a semantic anchor for the corresponding outcome. A par-
ticularity of these semantic anchors is that they are automatically
derived from the evidence presented during training, without
regard for the particular syntax used to express the semantic link
between various word sequences and the corresponding outcome.
This opens up the possibility of mapping a newly observed word
sequence onto an outcome by computing the distance (7) between
that document and each semantic anchor, and then choosing the
minimum. In this scenario, domain knowledge is automatically
encapsulated in the LSM space in a data-driven fashion.

In the context of desktop interface control, this approach is
referred to as semantic inference [16]. It relaxes some of the
interaction constraints typically attached to the domain and
thus allows the end user more flexibility in expressing the
desired command/query. This, in turn, tends to reduce the asso-
ciated cognitive load, thereby enhancing user satisfaction. A
simple example of semantic inference is illustrated in “Semantic
Inference in Latent Semantic Space L (R=2).”

MULTISPAN LANGUAGE MODELING
The LSM framework is also useful in statistical language
modeling, where it can advantageously be combined with
the standard n-gram approach [15]. The purpose of a lan-
guage model is to compute the probability of the current
word, say rq, based on the admissible history (context) avail-
able, Hq−1 [17]. In a standard n-gram, the history is the string
H(n)

q−1 = rq−1 rq−2 . . . rq−n+1 . In LSM language modeling, the
history is the current document up to word rq−1, H(l)

q−1 = c̃q−1,
where the (pseudo-)document c̃q−1 is continually updated as q
increases. Assuming the document being processed is semanti-
cally homogeneous, eventually we can expect the associated
pseudo-document vector, which follows from (12), to settle
down in the vicinity of the document cluster corresponding to
the closest semantic content.

Under relatively mild conditions, it is possible to derive an
integrated n-gram + LSM formulation for the overall language
model probability. Starting with the definition

Pr(rq|Hq−1) = Pr
(

rq|H(n)
q−1, H(l)

q−1

)
, (13)

we make the assumption that the probability of the document
history given the current word is not affected by the immediate
context preceding it. This reflects the fact that, for a given
word, different syntactic constructs (immediate context) can be
used to carry the same meaning (document history). This is
obviously reasonable for content words. The degree to which it
matters for function words is less clear, but we conjecture that
if the document history is long enough, the semantic anchor-
ing is sufficiently strong for the assumption to hold.

[FIG1] LSM framework extension.

uM

r1

rM

c1

U
ni

ts

Compositions
cN cp

=

v1

u1 0

0

U
ni

t V
ec

to
rs

Composition Vectors
vN vp

Pseudo–
Composition

Vector

Pseudo–
Composition

W

U S

VT

Caveat: Suppose training is carried out for a banking application involving the word 
“bank” taken in a financial context. Now suppose cp germane to a fishing application, 
where “bank” refers to the edge of a river or a lake. Clearly, the closeness of “bank” to, 
e.g., “money” and “account,”  would become irrelevant. Conversely, adding cp to W 
would likely cause such structural associations to shift substantially, and perhaps even 
disappear altogether. In that case the re-computation of (3) would become necesary.



With this assumption, (13) can be written as (see [15]):

Pr(rq|Hq−1) = Pr(rq|rq−1 rq−2 . . . rq−n+1) Pr(c̃q−1|rq)∑

ri∈M
Pr(ri|rq−1 rq−2 . . . rq−n+1) Pr(c̃q−1|ri)

.

(14)

If Pr(c̃q−1|rq) is viewed as a prior probability of the current doc-
ument history, then (14) simply translates the classical Bayesian
estimation of the n-gram (local) probability using a prior distri-
bution obtained from (global) LSM. The end result, in effect, is a
modified n-gram language model incorporating large-span
semantic information; this approach is referred to as multispan
language modeling.

The expression Pr(c̃q−1|rq) can be easily derived from the
“closeness’’ between the associated word vector and pseudo-
document vector in L. Yet to express the outcome as a probabil-
ity, it is necessary to go from the distance measure (7) to an
actual probability measure. We opt to use the empirical multi-
variate distribution constructed by allocating the total proba-
bility mass in proportion to the distances observed during
training. In essence, this reduces the complexity to a simple his-
togram normalization, at the expense of introducing a potential
“quantization-like’’ error. Of course, such error can be mini-
mized through a variety of histogram-smoothing techniques.
Also note that the dynamic range of the distribution typically
needs to be controlled by a parameter that is optimized empir-
ically, e.g., by an exponent on the distance term, as carried out
in [12]. The reader is referred to [15] for a more thorough
discussion.

Intuitively, the expression Pr(c̃q−1|rq) reflects the “rele-
vance’’ of word rq to the admissible history, as observed through
c̃q−1. As such, it will be highest for words whose meaning aligns
most closely with the semantic fabric of c̃q−1 (i.e., relevant
“content’’ words) and lowest for words that do not convey any
particular information about this fabric (e.g., “function’’ words
like “the’’). This behavior is exactly the opposite of that observed
with the conventional n-gram formalism, which tends to assign
higher probabilities to (frequent) function words than to (rarer)
content words. Hence, the attractive synergy between the two
paradigms: use of the integrated trigram + LSM language
model version of (14) resulted in a reduction in word error rate
of up to 16% relative to a standard trigram when evaluated on a
subset of the Wall Street Journal database [15].

ADDITIONAL APPLICATIONS
The fairly generic nature of the LSM properties makes the
framework applicable to a variety of tasks beyond those just dis-
cussed. This section explores three recent forays into increasing-
ly general applications.

JUNK E-MAIL FILTERING
The goal of junk e-mail filtering is to sort out and discard unso-
licited commercial e-mail, commonly known as spam [19],
[28], [29]. More specifically, LSM-based filtering aims to curtail
the number of spam messages seen by a user by assessing
whether or not the latent subject matter is consistent with the
user’s interests [19]. It can be viewed as a degenerate case of
semantic classification where there are only two semantic cate-
gories: legitimate and junk. The specificity of e-mail, however,
sets it apart from applications like call routing and semantic
inference.
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SEMANTIC INFERENCE IN LATENT SEMANTIC SPACE L
(R = 2).

Consider a task with N = 4 outcomes, each represented by a
unique command: 1) “what is the time,” 2) “what is the day,”
3) “what time is the meeting,’’ and 4) “cancel the meeting.”
There are only M = 7 words in the vocabulary, “what” and
“is” always co-occur, and “the” appears in all four commands.
Additionally, only 1) and 4) contain a unique word, and 1) is a
proper subset of 3). Constructing the (7 × 4) word-com-
mand matrix and performing the SVD, we obtain the
following latent semantic space L. 

The two words that each uniquely identify a command—
“day” for 2) and “cancel” for 4)—each have a high coordi-
nate on a different axis. Conversely, the word “the,” which
conveys no information about the identity of a command,
is located at the origin. The semantic anchors for 2) and 4)
fall “close” to the words which predict them best,“day”
and “cancel,” respectively. Similarly, the semantic anchors
for 1) and 3) fall in the vicinity of their meaningful compo-
nents: “what is” and “time” for 1) and “time” and “meet-
ing” for 3), with the word “time,” which occurs in both,
indeed appearing “close” to both.

Consider now a variant of command 3) unobserved dur-
ing training, such as “when is the meeting,” which maps
onto the hollow triangle in L. As expected, this point is
closest to the anchor of command 3); the variant is
deemed semantically most related to 3), and the correct
outcome is selected accordingly. In essence, the system
has performed elementary, “bottom-up” natural lan-
guage understanding by inferring that “when” is a syn-
onym for “what time.”

First SVD Dimension
Two-Dimensional Illustration of LSA Space
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In junk e-mail filtering, M is an inventory of words, sym-
bols, and combination thereof, and N is a (binary) collection of
legitimate and junk e-mail messages. Two semantic anchors are
established in the space L, one for each category. During classi-
fication, each incoming e-mail message is mapped onto L using
(12), and the resulting message vector is classified against the
two anchors. If it is deemed “closer’’ [in the sense of (9)] to the
anchor representing legitimate e-mail, it is permitted through.
Otherwise, it is tagged as junk, and optionally discarded, if confi-
dence is high enough. The procedure is completely automatic
and requires no input from the user. In case the user chooses to
correct misclassifications, however, the framework can also be
adapted to learn new junk topics and the semantic anchors can
be updated accordingly for more robust performance.

LSM-based filtering was investigated in detail in [19] and
was found to be competitive with state-of-the-art spam filtering
methods based on machine learning [28], [29]. The parsimonious
nature of LSM, in particular, seems to contribute to a more
robust generalization from the seen to the unseen. The result-
ing system has been part of the e-mail client bundled with
MacOS X since August 2002.

PRONUNCIATION MODELING
Pronunciation modeling is the process of assigning phonemic/
phonetic transcriptions to graphemic word forms [18], [30],
[31]. Also called grapheme-to-phoneme conversion (GPC), it is
of critical importance to all spoken language applications. For
most languages, especially English, GPC is a challenging task,
because local correspondences between graphemes and
phonemes are difficult to encapsulate within a manageable
number of general principles. Hence, the interest of a global
outlook such as that provided by LSM.

In pronunciation by latent analogy [18], M is an inventory
of letter n-tuples and N is a collection of words from a given
vocabulary. The LSM framework is used to determine which let-
ter n-tuples are globally most characteristic of words and map
all in-vocabulary words onto the space of all characteristic letter
n-tuples. The outcome is a set of orthographic anchors (one for
each in-vocabulary word), determined automatically from the
underlying vocabulary. Each out-of-vocabulary (OOV) word for
which a pronunciation is sought is then compared to each
orthographic anchor, and the corresponding “closeness’’ is eval-
uated in the resulting LSM space L. If this closeness is high
enough, the associated in-vocabulary word is added to the so-
called orthographic neighborhood of the OOV word. A simple
example is illustrated in “Orthographic Neighbors in
Orthographic Space L (R=2).”

Orthographic neighbors thus obtained can be viewed as the
equivalent of similar words in classical pronunciation by analo-
gy [30], except that LSM now defines the concept of similarity in
a global rather than a local sense. This means, among other
things, that specific matched substrings are no longer available
as a byproduct of the lexical match. Once an orthographic neigh-
borhood is available for a given OOV word, however, it is
straightforward to gather the corresponding set of pronuncia-

tions from the existing dictionary. By construction, phonetic
expansions in this pronunciation neighborhood have the prop-
erty to contain at least one substring that is “locally close’’ to the
pronunciation sought. Phoneme transcription thus follows via
locally optimal sequence alignment and maximum likelihood
position scoring, in which the influence of the entire neighbor-
hood is implicitly and automatically taken into account [21].

The overall procedure is entirely data-driven and requires no
human supervision. Compared to classical pronunciation by
analogy [30], [31], it essentially decouples the two underlying
tasks of neighborhood generation and pronunciation assembly.

ORTHOGRAPHIC NEIGHBORS IN ORTHOGRAPHIC SPACE L
(R = 2).

Consider the collection of the N = 3 words; i) “rough,” ii)
“though,” and iii) “through” for which local graphemic evi-
dence is particularly uniformative. Counting those formed
with the word boundary marker ~, there are M = 10 strings of
n = 3 letters in the unit inventory. Some, for example “tho”
and “hou,” always co-occur; “ough,” and “gh~” appear in all
three words. This leads to the orthographic space L below.

Note the parallels with the semantic inference example of
“Semantic Inference in Latent Semantic Space,” despite the
very different choices of M and N.

While “ough/ugh/gh~” is located at the origin, as expected,
letter strings unique to a word score relatively high on the
main axes. The orthographic anchors for the three words fall
“close” to the letter strings which predict them best. And, not
surprisingly, letter strings which are present in two different
words indeed appear in the vicinity of both.

Consider now the new word “thorough” unobserved in
training but consistent with the global graphemic structure. It
maps onto the hollow triangle in L. Since this point is closer
to (ii) than (iii), the new word is deemed most related to
“through,” despite a closer Levenshtein relationship with
“through.” It thereby inherits the correct pronounciation for
the substring “ough.”
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Now, neighborhood generation involves gathering globally per-
tinent information on the grapheme side, while pronunciation
assembly involves exploiting locally consistent constraints on
the phoneme side. This method was observed to be particularly
effective on a difficult test collection of proper names with a
large diversity of origin [18], [21].

TTS UNIT SELECTION
In modern concatenative TTS synthesis, unit selection identi-
fies which speech segment from a large prerecorded database is
the most appropriate at any given point in the speech waveform
[20], [32], [33]. As these segments are extracted from disjoint
phonetic contexts, discontinuities in spectral shape as well as
phase mismatches tend to occur at segment boundaries.
Because such artifacts have a deleterious effect on perception, it
is important to ensure that they are minimized. This, in turn,
requires a high-fidelity discontinuity metric for characterizing
the acoustic (dis-)similarity between two segments [33].

We have recently investigated [20], [22] the feasibility of
exploiting the LSM paradigm for that purpose. In that work,
LSM is used as a mechanism for feature extraction. Because
the resulting transform framework is better suited to preserve
globally relevant properties in the region of concatenation,
this approach proves beneficial when comparing concatenation
candidates [20].

The implementation proceeds as follows. For a given
boundary point, we gather all frames in the vicinity of this
point for all instances from the database that straddle the
boundary. This leads to a matrix W where each row corre-
sponds to a particular (centered) pitch period near the given
boundary. LSM then performs a modal (eigen-)analysis via a
pitch synchronous SVD in each boundary region of interest. In
this application, M is therefore an inventory of centered pitch
periods from the boundary region and N is a collection of
time slices, each comprising the relevant time samples from
the pitch period inventory.

The resulting decomposition acts as a data-driven alternative
to traditional Fourier analysis. To see this, denote the sinusoidal
transform kernel by the symmetric complex matrix � such that
�k� = (1/

√
N) exp(− j2πk�/N). In classical Fourier analysis,

this kernel is applied to the i th row ri of the matrix W to yield

Xi = ri �, (15)

where Xi is the Fourier transform vector associated with ri. In
other words, the Fourier-derived features (Xi) are obtained via
projection onto a set of signal-independent complex sinusoids.
The inverse transform yields ri = Xi�

H , where H denotes
Hermitian transposition and � is (column-)orthornormal just
like U and V.

In contrast [from (3)], each row ri of W can be expressed as
ri = uiSV T = ūi V T, which leads to the expression

ūi = ri V . (16)

Clearly, the inner product of ri with the k th right singular vec-
tor can be interpreted as a measure of the strength of the signal
at the mode represented by this right singular vector. Thus, ūi

can be viewed as the transform vector associated with ri, given
the (data-driven) transform kernel represented by V. Phrased
another way, the new features (ūi) are derived in terms of a sep-
arately optimized set of basic components for each boundary
region of interest.

We readily acknowledge that the SVD kernel (V ) is most
likely inferior to the Fourier kernel as a general-purpose signal
analysis tool, if only because it does not explicitly expose the
concept of frequency. However, its use has several benefits of
interest in the present application: 1) the singular vectors are,
by construction, inherently tailored to the boundary region con-
sidered, in contrast with the traditional set of signal-independ-
ent complex sinusoids; 2) the kernel offers a global view of what
is happening in this boundary region, as encapsulated in the
vector space L; 3) this representation is parsimonious, to the
extent that an empirically consistent value is selected for the
dimension R of the space; and 4) since this is a real-valued
transform, both amplitude and phase information are retained
and in fact contribute simultaneously to the outcome.

These properties lead to an efficient, optimized (in the L2

sense), boundary-centric representation of the problem, as well
as several discontinuity metrics in L, expressed in terms of
cumulative differences in closeness before and after concatena-
tion. Experimental evaluation of these metrics has underscored
a better correlation with perceived discontinuity, as compared
with a widely used baseline measure [22]. This has confirmed
the viability and effectiveness of the LSM framework for TTS
unit selection.

INHERENT TRADEOFFS
As evidenced by the above, the LSM paradigm has wider applica-
bility than initially contemplated in its original word-document
incarnation. Generalizing the formulation to generic units and
compositions enables the underlying mapping to potentially cap-
ture hidden patterns in all types of large collections. How effec-
tive LSM will be in other areas of signal processing, however,
hinges on the various tradeoffs associated with the approach.

DESCRIPTIVE POWER
The descriptive power of LSM is subordinated to the particular
constraints intrinsic to LSM modeling. One such limitation is
the L2 norm arising from (4). Since there is no reason to believe
it is the best choice in all situations, the generic optimality of
the LSM framework can be debated.

Consider the case of linguistic phenomena. Depending on
many subtly intertwined factors like frequency and recency,
linguistic cooccurrences may not always have the same inter-
pretation. When comparing word counts, for example, observ-
ing 100 versus 99 occurrences is markedly different from
observing one versus zero. In information retrieval, this has
motivated the investigation of an alternative objective func-
tion based on the Kullback-Leibler divergence. This approach
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has the advantage of providing an elegant probabilistic inter-
pretation of (3), at the expense of requiring a conditional
independence assumption on the words and the documents,
given a hidden variable representing the topic of discourse
[7]. In practice, unfortunately, this independence assumption
is almost always violated. (Incidentally, while more sophisti-
cated models have since been proposed (see, e.g., [34]), they
tend to rely on somewhat arcane text generation scenarios
that are similarly difficult to justify.)

Another fundamental restriction stems from the elementary
“bag-of-units’’ modeling, which is by nature unable to capitalize
on the local constraints present in the composition language.
This is fine in applications like information retrieval, where they
are discarded anyway. But in some situations, forgoing local
constraints is simply not acceptable; in spoken interface control,
for example, different commands would often map onto the
same point in LSM space if word order were completely disre-
garded [16]. This forces somewhat awkward extensions such as
word agglomeration, a solution not necessarily feasible in all
environments [16].

Such optimality and modeling limitations can be viewed as
instances of the familiar tradeoff between descriptive power and
mathematical tractability.

DOMAIN SENSITIVITY
Like all data-driven techniques, LSM is inherently dependent on
the quality of the training data, expressed here in terms of the
particular unit-composition cooccurrences observed in the col-
lection N . Basically, pertinent patterns not present in N cannot
be captured. This entails a relatively high sensitivity to the gen-
eral domain sampled during training, and accordingly restricts
cross-domain applicability.

In language modeling, for instance, the framework exhibits a
fairly narrow semantic specificity, in the sense that the space L
does not appear to reflect any of the pragmatic characteristics of
the task considered. Hence, there exists a relatively high sensi-
tivity to the style of composition [15]. Perhaps the LSM frame-
work would benefit from explicitly including a “composition
style’’ component. In [6], for example, it has been suggested to
define an (M × M) stochastic matrix (a matrix with nonnegative
entries and row sums equal to one) to account for the way style
modifies the frequency of units. This solution, however, makes
the (not always valid) assumption that this influence is inde-
pendent of the underlying subject matter.

Further contributing to domain sensitivity is polysemy, the
fact that some units have multiple meanings in the composition
language. This phenomenon can be readily observed in the clus-
tering instances presented in Table 1 and helps explain why
some obvious words seem to be missing from the clusters. Take,
for example, the singular noun “drawing’’ from cluster 1 and the
present tense verb “rule’’ from cluster 2. As a result of polysemy,
“drawing’’ and “rule’’ were more likely to appear in the training
corpus with an alternative meaning (as in “drawing a conclu-
sion’’ and “breaking a rule,’’ respectively), thus leading to differ-
ent cluster assignments. 

UPDATING THE LSM SPACE
Also of interest is what happens as new data becomes available.
Clearly, it would be desirable to update the LSM space to reflect
any new information uncovered. The scale of the data in a spe-
cific application, however, obviously impacts the amount of
computations involved. (For a detailed account of the computa-
tional complexity of LSM, see [15].) At the present time, recom-
puting a very large SVD on the fly is usually not practical. In
such cases, there is an implicit assumption that actual usage
will only involve new compositions that closely conform to the
training collection. It thus becomes all the more critical to have
a sufficient amount of training data up-front in order to achieve
an acceptable level of performance.

This limitation has been extensively analyzed in the context
of semantic inference [16], where it was found that, in particu-
lar, complete outcome coverage was required to avoid system-
atic errors. In practice, this requires recomputing the LSM
space every time a new outcome is added. On this topic, we
note that some adaptive techniques have been proposed,
including a linear transform solution based on Cholesky fac-
torizations [35]. Unfortunately, they appear to be limited in
their applicability and in particular cannot compete with
recomputation when the amount of new data is large.

CONCLUSION
This article has described LSM, a data-driven framework for
modeling globally meaningful relationships implicit in large
volumes of data. LSM generalizes a paradigm originally devel-
oped to capture hidden word patterns in a text document cor-
pus. Over the past decade, this paradigm has proven effective
in an increasing variety of fields, gradually spreading from
query-based information retrieval to word clustering, docu-
ment/topic clustering, large-vocabulary speech recognition
language modeling, automated call routing, semantic infer-
ence for spoken interface control, and several other speech
processing applications.

This success can be largely attributed to three unique charac-
teristics: 1) the mapping of discrete entities (such as words and
documents) onto a continuous parameter space, where efficient
machine learning algorithms can be applied; 2) the dimensional-
ity reduction inherent in the process, which makes complex
speech and language problems tractable; and 3) the intrinsically
global outlook of the approach, which tends to complement the
local optimization performed by more conventional techniques.

Such properties are potentially attractive in more general
instances of unsupervised information extraction. How effective
LSM is to a particular application hinges on three caveats: 1)
the L2 optimality criterion and “bag-of-units’’ modeling char-
acteristic of the framework, which may not be appropriate in
certain situations; 2) the narrow semantic specificity of the co-
occurrence approach, which is vulnerable to such phenomena
as composition style and polysemy; and 3) the computational
complexity of updating the LSM space as new data becomes
available, despite ongoing efforts to derive efficient algorithms
for this purpose.



Fortunately, these limitations can be somewhat mitigated
through careful attention to the expected domain of use and
the size of the training collection. In that sense, the advan-
tages of the framework substantially outweigh its drawbacks.
As a result, LSM is likely to have wide applicability in any situ-
ation involving discrete entities, complex parameterizations
with high dimensionality, and conventional algorithms
focused on local phenomena. It is hoped that the discussion of
the various benefits and trade-offs of LSM presented in this
article will stimulate application to such tasks.
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