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Abstract

Semantic networks produced from human data have
statistical properties that cannot be easily captured
by spatial representations. We explore a probabilis-
tic approach to semantic representation that explic-
itly models the probability with which words occur
in different contexts, and hence captures the proba-
bilistic relationships between words. We show that
this representation has statistical properties consis-
tent with the large-scale structure of semantic net-
works constructed by humans, and trace the origins
of these properties.

Contemporary accounts of semantic representa-
tion suggest that we should consider words to be
either points in a high-dimensional space (eg. Lan-
dauer & Dumais, 1997), or interconnected nodes in a
semantic network (eg. Collins & Loftus, 1975). Both
of these ways of representing semantic information
provide important insights, but also have shortcom-
ings. Spatial approaches illustrate the importance
of dimensionality reduction and employ simple al-
gorithms, but are limited by Euclidean geometry.
Semantic networks are less constrained, but their
graphical structure lacks a clear interpretation.

In this paper, we view the function of associa-
tive semantic memory to be efficient prediction of
the concepts likely to occur in a given context. We
take a probabilistic approach to this problem, mod-
eling documents as expressing information related
to a small number of topics (cf. Blei, Ng, & Jordan,
2002). The topics of a language can then be learned
from the words that occur in different documents.
We illustrate that the large-scale structure of this
representation has statistical properties that corre-
spond well with those of semantic networks produced
by humans, and trace this to the fidelity with which
it reproduces the natural statistics of language.

Approaches to semantic representation

Spatial approaches Latent Semantic Analysis
(LSA; Landauer & Dumais, 1997) is a procedure
for finding a high-dimensional spatial representation
for words. LSA uses singular value decomposition
to factorize a word-document co-occurrence matrix.
An approximation to the original matrix can be ob-
tained by choosing to use less singular values than

its rank. One component of this approximation is a
matrix that gives each word a location in a high di-
mensional space. Distances in this space are predic-
tive in many tasks that require the use of semantic
information. Performance is best for approximations
that used less singular values than the rank of the
matrix, illustrating that reducing the dimensional-
ity of the representation can reduce the effects of
statistical noise and increase efficiency.

While the methods behind LSA were novel in scale
and subject, the suggestion that similarity relates to
distance in psychological space has a long history
(Shepard, 1957). Critics have argued that human
similarity judgments do not satisfy the properties of
Euclidean distances, such as symmetry or the tri-
angle inequality. Tversky and Hutchinson (1986)
pointed out that Euclidean geometry places strong
constraints on the number of points to which a par-
ticular point can be the nearest neighbor, and that
many sets of stimuli violate these constraints. The
number of nearest neighbors in similarity judgments
has an analogue in semantic representation. Nelson,
McEvoy and Schreiber (1999) had people perform a
word association task in which they named an as-
sociated word in response to a set of target words.
Steyvers and Tenenbaum (submitted) noted that the
number of unique words produced for each target fol-
lows a power law distribution: if k is the number of
words, P(k) o« k7. For reasons similar to those of
Tversky and Hutchinson, it is difficult to produce a
power law distribution by thresholding cosine or dis-
tance in Euclidean space. This is shown in Figure 1.
Power law distributions appear linear in log-log co-
ordinates. LSA produces curved log-log plots, more
consistent with an exponential distribution.

Semantic networks Semantic networks were pro-
posed by Collins and Quillian (1969) as a means
of storing semantic knowledge. The original net-
works were inheritance hierarchies, but Collins and
Loftus (1975) generalized the notion to cover arbi-
trary graphical structures. The interpretation of this
graphical structure is vague, being based on connect-
ing nodes that “activate” one another. Steyvers and
Tenenbaum (submitted) constructed a semantic net-
work from the word association norms of Nelson et
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Figure 1: The left panel shows the distribution of the
number of associates named for each target in a word
association task. The right shows the distribution
of the number of words above a cosine threshold for
each target in LSA spaces of dimension d, where the
threshold was chosen to match the empirical mean.

al. (1999), connecting words that were produced as
responses to one another. In such a semantic net-
work, the number of associates of a word becomes
the number of edges of a node, termed its “degree”.
Steyvers and Tenenbaum found that the resulting
graph had the statistical properties of “small world”
graphs, of which a power law degree distribution is
a feature (Barabasi & Albert, 1999).

The fact that semantic networks can display these
properties reflects their flexibility, but there is no in-
dication that the same properties would emerge if
such a representation were learned rather than con-
structed by hand. In the remainder of the paper, we
present a probabilistic method for learning a rep-
resentation from word-document co-occurences that
reproduces some of the large-scale statistical prop-
erties of semantic networks constructed by humans.

A probabilistic approach

Anderson’s (1990) rational analysis of memory and
categorization takes prediction as the goal of the
learner. Analogously, we can view the function of
associative semantic memory to be the prediction
of which words are likely to arise in a given con-
text, ensuring that relevant semantic information is
available when needed. Simply tracking how often
words occur in different contexts is insufficient for
this task, as it gives no grounds for generalization.
If we assume that the words that occur in different
contexts are drawn from T topics, and each topic
can be characterized by a probability distribution
over words, then we can model the distribution over
words in any one context as a mixture of those top-
ics

P(w;) = ZP(w¢|Z¢ =j)P(zi = j)

where z; is a latent variable indicating the topic
from which the ith word was drawn and P(w;|z; = j)
is the probability of the ¢th word under the jth topic.
The words likely to be used in a new context can
be determined by estimating the distribution over
topics for that context, corresponding to P(z;).

Intuitively, P(w|z = j) indicates which words are
important to a topic, while P(z) is the prevalence
of those topics within a document. For example,
imagine a world where the only topics of conversa-
tion are love and research. In such a world we could
capture the probability distribution over words with
two topics, one relating to love and the other to re-
search. The difference between the topics would be
reflected in P(w|z = j): the love topic would give
high probability to words like joy, pleasure, or heart,
while the research topic would give high probability
to words like science, mathematics, or experiment.
Whether a particular conversation concerns love, re-
search, or the love of research would depend upon
the distribution over topics, P(z), for that particu-
lar context.

Formally, our data consist of words w =
{w1,...,wy,}, where each w; belongs to some doc-
ument d;, as in a word-document co-occurrence ma-
trix. For each document we have a multinomial dis-
tribution over the T' topics, with parameters 0%,
so for a word in document d;, P(z; = j) = 0§di).
The jth topic is represented by a multinomial dis-
tribution over the W words in the vocabulary, with
parameters ¢U), so P(wi|z; = j) = ¢£ﬂ3. To make
predictions about new documents, we need to as-
sume a prior distribution on the parameters 6(4).
The Dirichlet distribution is conjugate to the multi-
nomial, so we take a Dirichlet prior on (%),

This probability model is a generative model: it
gives a procedure by which documents can be gen-
erated. First we pick a distribution over topics from
the prior on 6, which determines P(z;) for words
in that document. Each time we want to add a
word to the document, we pick a topic according
to this distribution, and then pick a word from that
topic according to P(w;|z; = j), which is determined
by ¢). This generative model was introduced by
Blei et al. (2002), improving upon Hofmann’s (1999)
probabilistic Latent Semantic Indexing (pLSI). Us-
ing few topics to represent the probability distribu-
tions over words in many documents is a form of
dimensionality reduction, and has an elegant geo-
metric interpretation (see Hofmann, 1999).

This approach models the frequencies in a word-
document co-occurrence matrix as arising from a
simple statistical process, and explores the parame-
ters of this process. The result is not an explicit rep-
resentation of words, but a representation that cap-
tures the probabilistic relationships among words.
This representation is exactly what is required for
predicting when words are likely to be used. Be-
cause we treat the entries in a word-document co-
occurrence matrix as frequencies, the representation
developed from this information is sensitive to the
natural statistics of language. Using a generative
model, in which we articulate the assumptions about
how the data were generated, ensures that we are















