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Abstract

Accounts of language processing have suggested that it requiiesirgfrconcepts from memory
in response to an ongoing stream of information. This can be facilitated &yimg the gist of a
sentence, conversation, or document, and using that gist to predtetretancepts and
disambiguate words. We analyze the abstract computational problemyingéhne extraction and
use of gist, formulating this problem as a rational statistical inference. Tduils les to a novel
approach to semantic representation in which word meanings are rejeeseterms of a set of
probabilistic topics. The topic model performs well in predicting word assiociand the effects
of semantic association and ambiguity on a variety of language processimgeamory tasks. It
also provides a foundation for developing more richly structured statistiodkls of language, as
the generative process assumed in the topic model can easily be extenu=atporate other

kinds of semantic and syntactic structure.
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Topics in semantic representation

Many aspects of perception and cognition can be understood by congittee
computational problem that is addressed by a particular human capacdgr@on, 1990; Marr,
1982). Perceptual capacities such as identifying shape from shagiegnian, 1994), motion
perception (Weiss, Adelson, & Simoncelli, 2002), and sensorimotor irttegr@Volpert,
Ghahramani, & Jordan, 1995; Koerding & Wolpert, 2004) appear tebia@pproximate optimal
statistical inferences. Cognitive capacities such as memory and catégorizan be seen as
systems for ef ciently making predictions about the properties of an dgggas environment (e.g.,
Anderson, 1990). Solving problems of inference and prediction regjgiensitivity to the statistics
of the environment. Surprisingly subtle aspects of human vision can baregia terms of the
statistics of natural scenes (Geisler, Perry, Super, & Gallogly, 20@igr&elli & Olshausen,
2001), and human memory seems to be tuned to the probabilities with which pantieeihds
occur in the world (Anderson & Schooler, 1991). Sensitivity to relevamd statistics also seems
to guide important classes of of cognitive judgments, such as inductiveitdes about the
properties of categories (Kemp, Perfors & Tenenbaum, 2004), piwscabout the durations or
magnitudes of events (Grif ths & Tenenbaum, 2006b), or inferencesiidden common causes
from patterns of coincidence (Grif ths & Tenenbaum, 2006a).

In this paper, we examine how the statistics of one very important aspe& ehtironment
— natural language — in uence human memory. Our approach is motivated bgpalysis of some
of the computational problems addressed by semantic memory, in the spirirof2882) and
Anderson (1990). Under many accounts of language processidgrsianding sentences requires
retrieving a variety of concepts from memory in response to an ongoirensiwéinformation.

One way to do this is to use the semantic context -gikeof a sentence, conversation, or
document — to predict related concepts and disambiguate words (Er&d€otsch, 1995;

Kintsch, 1988; Potter, 1993). The retrieval of relevant informationbmfacilitated by predicting
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which concepts are likely to be relevant before they are needed. Ronpde, if the wordBANK
appears in a sentence, it might become more likely that wordstikeERAL andRESERVEWOUId
also appear in that sentence, and this information could be used to initiatealedfiehe
information related to these words. This prediction task is complicated by théh&avords have
multiple senses or meaningsaNK should only in uence the probabilities (fEDERAL and
RESERVEIf the gist of the sentence that it refers to a nancial institution. If words BR&EAM or
MEADOW also appear in the sentence, then it is likely thatik refers to the side of a river, and
words likewoobDsor FIELD should increase in probability.

The ability to extract gist has in uences that reach beyond languagegsing, pervading
even simple tasks such as memorizing lists of words. A number of studiesliawva that when
people try to remember a list of words that are semantically associated wittdahedidoes not
appear on the list, the associated word intrudes upon their memory (D888 McEvoy, Nelson,
& Komatsu, 1999; Roediger, Watson, McDermott, & Gallo, 2001). Resultsiskind have led to
the development of dual-route memory models, which suggest that peagléesnot just the
verbatim content of a list of words, but also their gist (Brainerd, Regnglojardin, 1999;
Brainerd, Wright, & Reyna, 2002; Mandler, 1980). These models lepea the question of how
the memory system identi es this gist.

In this paper, we analyze the abstract computational problem of extragstthgsing the gist
of a set of words, and examine how well different solutions to this proloi@mespond to human
behavior. The key difference between these solutions is the way thatgpesent gist. In
previous work, the extraction and use of gist has been modeled usimgjaage semantic
networks (e.g., Collins & Loftus, 1975) and semantic spaces (e.g., Lan@aDumais, 1997,
Lund & Burgess, 1996). Examples of these two representations amshd-igure 1 (a) and (b),
respectively. We take a step back from these speci ¢ proposals,randtlp a more general
formulation of the computational problem that these representations at¢ouselve. We express

the problem as one of statistical inference: given some data — the setds winferring the latent
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structure from which it was generated. Stating the problem in these terms iihakasible to

explore forms of semantic representation that go beyond networks andssp

Insert Figure 1 about here

Identifying the statistical problem underlying the extraction and use of gikemiapossible
to use any form of semantic representation: all that needs to be specegat@babilistic process
by which a set of words are generated using that representation ofjtsteiln machine learning

and statistics, such a probabilistic process is callgdreerativanodel. Most computational

approaches to natural language have tended to focus exclusiveithenstructured
representations (e.g., Chomsky, 1965; Pinker, 1999) or statisticailgdeg., ElIman, 1990;
Plunkett & Marchman, 1993; Rumelhart & McClelland, 1986). Generativeels provide a way
to combine the strengths of these two traditions, making it possible to use statistitelds to
learn structured representations. As a consequence, generatieésthade recently become
popular in both computational linguistics (e.g., Charniak, 1993; Jurafska&in, 2000; Manning
& Shitze, 1999) and psycholinguistics (e.g., Baldewein & Keller, 2004; Skyal 996), although
this work has tended to emphasize syntactic structure over semantics.

The combination of structured representations with statistical inferencesrgakerative
models the perfect tool for evaluating novel approaches to semantesergation. We use our
formal framework to explore the idea that the gist of a set of words caapgresented as a
probability distribution over a set of topics. Each topic is a probability distriludier words, and
the content of the topic is re ected in the words to which it assigns high fiétya For example,
high probabilities fowoobsandsTREAM would suggest a topic refers to the countryside, while
high probabilities forEDERAL andRESERVEWOUId suggest a topic refers to nance. A schematic
illustration of this form of representation appears in Figure 1 (c). Followiark in the

information retrieval literature (Blei, Ng, & Jordan, 2003), we use a simpteegative model that
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de nes a probability distribution over a set of words, such as a list orcaiihent, given a
probability distribution over topics. Using methods from Bayesian statistics, @ $opics can be
learned automatically from a collection of documents, as a computational asfdiogr human
learners might form semantic representations through their linguistic erper{&rif ths &
Steyvers, 2002, 2003, 2004).

The topic model provides a starting point for an investigation of new fornsgfantic
representation. Representing words using topics has an intuitive jponeksnce to feature-based
models of similarity. Words that receive high probability under the same topicend to be
highly predictive of one another, just as stimuli that share many featuhgsamighly similar. We
show that this intuitive correspondence is supported by a formal gameence between the topic
model and Tversky's (1977) feature-based approach to modeling similaince the topic model
uses exactly the same input as Latent Semantic Analysis (LSA; Landauan&id, 1997), a
leading model of the acquisition of semantic knowledge in which the associataeén words
depends on the distance between them in a semantic space, we can coegmatethmodels as a
means of examining the implications of different kinds of semantic represemtais as featural
and spatial representations have been compared as models of human sijudgritgnts
(Tversky, 1977; Tversky & Gati, 1982; Tversky & Hutchinson, 1R86urthermore, the topic
model can easily be extended to capture other kinds of latent linguistic seutttroducing new
elements into a generative model is straightforward, and by adding compdoehe model that
can capture richer semantic structure or rudimentary syntax we can beafguglmp more
powerful statistical models of language.

The plan of the paper is as follows. First, we provide a more detailed sgicircof the
kind of semantic information we aim to capture in our models, and summarize treeinvasnich
this has been done in previous work. We then analyze the abstract compaitptioblem of
extracting and using gist, formulating this problem as one of statistical irder@nd introducing

the topic model as one means of solving this computational problem. The by paper is
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concerned with assessing how well the representation recovered toptbenodel corresponds
with human semantic memory. In an analysis inspired by Tversky's (19#tifjuz of spatial
measures of similarity, we show that several aspects of word associaiorathbe explained by
the topic model are problematic for LSA. We then compare the performartbe biko models in a
variety of other tasks tapping semantic representation, and outline somevedythie which the

topic model can be extended.

Approaches to semantic representation

Semantic representation is one of the most formidable topics in cognitivegiegyh The
eld is fraught with murky and potentially never-ending debates; it is halidagine that one
could give a complete theory of semantic representation outside of a commetg th cognition
in general. Consequently, formal approaches to modeling semanticertatsn have focused on
various tractable aspects of semantic knowledge. Before presentiagouach we must clarify
where its focus lies.

Semantic knowledge can be thought of as knowledge about relations ameergl types of
elements, including words, concepts, and percepts. Some relationswhdtden studied include

the following:

Word-concept relations. Knowledge that the wordoG refers to the conceplog, the word

ANIMAL refers to the conceptnimal, or that the wordoASTERrefers to the concepoaster.

Concept-concept relations.Knowledge thatogs are a kind ainimal, thatdogs haveails and

canbark, or thatanimals havédvodies and camove.

Concept-percept or concept-action relations.Knowledge about whatogs look like, how alog

can be distinguished fromaat, how to pet @og or operate toaster.

Word-word relations. Knowledge that the word oG tends to be associated with or co-occur

with words such asAIL, BONE or CAT, or the wordTOASTERtends to be associated with



Topics in semantic representation 8

KITCHEN, OVEN, Or BREAD.

These different aspects of semantic knowledge are not necessaepeindent. For instance, the
word CAT may be associated with the wobe G because AT refers tocats,DOG refers todogs,

andcats andlogs are both common kinds ahimals. Yet different aspects of semantic knowledge

can in uence behavior in different ways and seem to be best caphyrddferent kinds of formal
representations. As a result, different approaches to modeling semaowitekige tend to focus on
different aspects of this knowledge, depending on what ts most nitwrith the representational
system they adopt, and there are corresponding differences in theitweth phenomena they
emphasize. Computational models also differ in the extent to which their semegmitasentations
can be learned automatically from some naturally occuring data or must Heniged by the
modeler. Although many different modeling approaches can be imagined witkibroad
landscape, there are two prominent traditions.

One tradition emphasizes abstract conceptual structure, focusintations between
concepts and relations between concepts and percepts or actionsndlsdige is traditionally

represented in terms of systems of abstract propositions, such asafisugbird), (hasbird

wings), and so on (Collins & Quillian, 1969). Models in this tradition have §sclion explaining
phenomena such as the development of conceptual hierarchies thattquepositional
knowledge (e.g., Keil, 1979), reaction time to verify conceptual propositiemormal adults
(Collins & Quillian, 1969), and the decay of propositional knowledge witing@r brain damage
(e.g., Warrington, 1975). This approach does not worry much abeuh#ppings between words
and concepts, or associative relations between words; in practicastimetibn between words
and concepts is typically collapsed. Actual language use is addredyaddirectly: the relevant
experiments are often conducted with linguistic stimuli and responses, botithary interest is
not in the relation between language use and conceptual structuresiefations of abstract
semantic knowledge of this kind have traditionally been hand-crafted bylersd€ollins &

Quillian, 1969), in part because it is not clear how they could be learmiediratically. Recently
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there has been some progress in learning distributed representatiamceptual relations
(Rogers & McClelland, 2004), although the input to these learning modeil iguste idealized,
in the form of hand-coded databases of simple propositions. Learniper$aale representations
of abstract conceptual relations from naturally occuring data remainasuived problem.

A second tradition of studying semantic representation has focused mtre stiucture of
associative relations between words in natural language use, andnelagitveen words and
concepts, along with the contextual dependence of these relations skorda, when one hears
the wordBIRD, it becomes more likely that one will also hear words &G, FLY, or NESTin the
same context — but perhaps less so if the context also contains the WEESGIVING,
TURKEY, andDINNER. These expectations re ect the fact tllakRD has multiple senses, or
multiple concepts it can refer to, including both a taxonomic category andiecitegory. The
semantic phenomena studied in this tradition may appear to be somewhat saipar that they
typically do not tap deep conceptual understanding. The data tend to lmedreddirectly to
language use and the memory systems that support online linguistic progessih as word
association norms (e.g., Nelson, McEvoy, & Schreiber, 1998), wading times in sentence
processing (e.g., Sereno, Pacht, & Rayner, 1992), semantic primingT(i#,dross, & Kintsch,
1988), and effects of semantic context in free recall (e.g., RoedigecReavimott, 1995).
Compared to approaches focusing on deeper conceptual relatiagsi¢ cteodels of semantic
association tend to invoke much simpler semantic representations, such asicspaces or
holistic spreading-activation networks (e.g., Deese, 1959; Collins & Lofi®i85). This simplicity
has its advantages: there has recently been considerable successinig lgee structure of such
models from large-scale linguistic corpora (e.g., Landauer & Dumais,;198W & Burgess,
1996).

We recognize the importance of both these traditions in studying semantic kigmvi€hey
have complementary strengths and weaknesess, and ultimately ideas froaneblikely to be

important. Our work here is more clearly in the second tradition, with its emphaseatively
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light representations that can be learned from large text corporaraexiplaining the structure of
word-word and word-concept associations, rooted in the contextdudldanguage use. While the
interpretation of sentences requires semantic knowledge that goegitbgse contextual
associative relationships, many theories still identify this level of knowledgaaying an
important role in the early stages of language processing (Ericsson &Kirit995; Kintsch,

1988; Potter, 1993). Speci cally, it supports solutions to three core coatipnal problems:

Prediction Predict the next word or concept, facilitating retrieval
Disambiguation Identify the senses or meanings of words
Gist extraction Pick out the gist of a set of words

Our goal is to understand how contextual semantic association is refg@sesed, and acquired.
We will argue that considering relations between latent semantic topics aadzabke word forms
provides a way to capture many aspects of this level of knowledge: itqeeyrincipled and
powerful solutions to these three core tasks and it is also easily learnaiven&tural linguistic
experience. Before introducing this modeling framework, we will summarizévii dominant
approaches to the representation of semantic association, semantic seamddemantic spaces,

establishing the background to the problems we consider.

Semanticmetworks

In an associative semantic network, such as that shown in Figure 1sgt)pwords or
concepts are represented as nodes connected by edges that ingiveisemssociations (e.g.,
Collins & Loftus, 1975). Seeing a word activates its node, and activagoeasls through the
network, activating nodes that are nearby. Semantic networks pravidéuitive framework for
expressing the semantic relationships between words. They also prowigle solutions to the
three problems for which contextual knowledge might be used. Treatiisg fr@blems in the
reverse of the order identi ed above, gist extraction simply consiststofeing each word that

occurs in a given context, and allowing that activation to spread throweghetwork. The gist is
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represented by the pattern of node activities. If different meaning®aoisare represented as
different nodes, then disambiguation can be done by comparing thetaetiohthose nodes.
Finally, the words that one might expect to see next in that context will bertinds that have high
activations as a result of this process.

Most semantic networks that are used as components of cognitive moeletsresiderably
more complex than the example shown in Figure 1 (a), allowing multiple diffeiedslof nodes
and connections (e.g., Anderson, 1983; Norman, Rumelhart, & the LNRdReh Group, 1975).
In addition to “excitatory” connections, in which activation of one nodeeases activation of
another, some semantic networks feature “inhibitory” connections, alloagtigation of one node
to decrease activation of another. The need for inhibitory connectiongicated by empirical
results in the literature on priming. A simple network without inhibitory connectaamsexplain
why priming might facilitate lexical decision, making it easier to recognize thagetas an
English word. For example, a word likeuRSE primes the wordOCTORbecause it activates
concepts that are closely relatedtoCcTOR, and the spread of activation ultimately activates
doctor. However, not all priming effects are of this form. For examplel\WEL976) showed that
priming with irrelevant cues could have an inhibitory effect on lexical dewisTo use an example
from Markman (1998), priming withOCKEY could produce a slower reaction time fooCTOR
than presenting a completely neutral prime. Effects like these suggestdaheted to incorporate
inhibitory links between words. Interestingly, it would seem that a greayraach links would be
required, because there is no obvious special relationship betnsexeEY andDOCTOR the two
words just seem unrelated. Thus, inhibitory links would seem to be ndedegen all pairs of

unrelated words in order to explain inhibitory priming.

Semanticspaces

An alternative to semantic networks is the idea that the meaning of words capteed

using a spatial representation. In a semantic space, such as that shHeguranl (b), words are
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nearby if they are similar in meaning. This idea appears in early work exgltrsuse of
statistical methods to extract representations of the meaning of words tnorarhjudgments
(Deese, 1959; Fillenbaum & Rapoport, 1971). Recent researgbusagd this idea in two
directions. First, connectionist models using “distributed representationg/ords — which are
commonly interpreted as a form of spatial representation — have beetoyselict behavior on a
variety of linguistic tasks (e.g., Kawamoto, 1993; Plaut, 1997; Rodd, @a&klarslen-Wilson,
2004). These models perform relatively complex computations on thelymdgrepresentations
and allow words to be represented as multiple points in space, but are typiaaigd on
arti cially generated data. A second thrust of recent research haxs égloring methods for
extracting semantic spaces directly from real linguistic corpora (Lamd&aeimais, 1997; Lund
& Burgess, 1996). These methods are based upon comparatively simgddsrdor example,
they assume each word is represented as only a single point — but paadicket means of
investigating the in uence of the statistics of language on semantic représenta

Latent Semantic Analysis (LSA; Landauer & Dumais, 1997) is one of the prostinent
methods for extracting a spatial representation for words from a multirdeticorpus of text.
The input to LSA is a word-document co-occurrence matrix, such ashiosin in Figure 2. In a
word-document co-occurrence matrix, each row represents a eact,column represents a
document, and the entries indicate the frequency with which that wordrectcurthat document.
The matrix shown in Figure 2 is a portion of the full co-occurrence matrixHferTASA corpus
(Landauer & Dumais, 1997), a collection of passages excerpted flacatgonal texts used in

curricula from the rst year of school to the rst year of college.

Insert Figure 2 about here

The output from LSA is a spatial representation for words and documafies applying

various transformations to the entries in a word-document co-occerraatrix (one standard set
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of transformations is described in Grif ths & Steyvers, 2003), singuidug decomposition is
used to factorize this matrix into three smaller matri¢¢sD , andV, as shown in Figure 3 (a).
Each of these matrices has a different interpretation. T meatrix provides an orthonormal basis
for a space in which each word is a point. Thematrix, which is diagonal, is a set of weights for
the dimensions of this space. TWematrix provides an orthonormal basis for a space in which
each document is a point. An approximation to the original matrix of transfocoedts can be
obtained by remultiplying these matrices, but choosing to use only the initial psrioeach

matrix, corresponding to the use of a lower-dimensional spatial refiet&sn

Insert Figure 3 about here

In psychological applications of LSA, the critical result of this procedarthe rst matrix,
U, which provides a spatial representation for words. Figure 1 (b) shiogv rst two dimensions
of U for the word-document co-occurence matrix shown in Figure 2. Thétseshown in the
gure demonstrate that LSA identi es some appropriate clusters of wdtdsexamplepiL,
PETROLEUMandCRUDE are close together, as s#eDERAL, MONEY, andRESERVE The word
DEPOSITSlies between the two clusters, re ecting the fact that it can appear in eitméext.

The cosine of the angle between the vectors corresponding to words ienttamtc space
de ned byU has proven to be an effective measure of the semantic association bétvwsen
words (Landauer & Dumais, 1997). The cosine of the angle betweendwatongw; andw, (both
rows ofU, converted to column vectors) is

W1 Wy
Jiwajijj wajj

(1)

cosfwy; wo) =

. . T p
wherew] w; is the inner product of the vectong andw,, andjjwjj denotes the norm, wT w.
Performance in predicting human judgments is typically better when using onlssttiew

hundred derived dimensions, since reducing the dimensionality of thesexiation can decrease
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the effects of statistical noise and emphasize the latent correlations amaoog (wandauer &
Dumais, 1997).

Latent Semantic Analysis provides a simple procedure for extracting algegtiasentation
of the associations between words from a word-document co-oco@raatrix. The gist of a set
of words is represented by the average of the vectors associated véewtioods. Applications of
LSA often evaluate the similarity between two documents by computing the codinedrethe
average word vectors for those documents (Landauer & Dumais, R&dider, Schreiner, Wolfe,
Laham, Landauer, & Kintsch, 1998; Wolfe, Schreiner, Rehder, tmaliltz, Kintsch, & Landauer,
1998). This representation of the gist of a set of words can be uselditess the prediction
problem: we should predict that words with vectors close to the gist ve@dikaty to occur in
the same context. However, the representation of words as points in gieterdiated Euclidean
space makes it dif cult for LSA to solve the disambiguation problem. The keyess that this
relatively unstructured representation does not explicitly identify therdiffiesenses of words.
While DEPOSITSlies between words having to do with nance and words having to do with oil,

the fact that this word has multiple senses is not encoded in the representatio

Extracting and using gist as statistical problems

Semantic networks and semantic spaces are both proposals for a foemandtic
representation that can guide linguistic processing. We now take a stefrtwacthese speci ¢
proposals, and consider the abstract computational problem that thiyerrded to solve, in the
spirit of Marr's (1982) notion of the computational level, and Anders¢®990) rational analysis.
Our aim is to clarify the goals of the computation and to identify the logic by whicketigeals
can be achieved, so that this logic can be used as the basis for explvéngpproaches to

semantic representation.

some latent semantic structureWe will assume that consists of the gist of that sequence of
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formalize the three problems identi ed in the previous section:

Prediction Predictwn+1 fromw
Disambiguation Infer z fromw
Gist extraction Infer g fromw

Each of these problems can be formulated as statistical problems. Thetipregioblem requires
computing the conditional probability @f,+1 givenw, P (wp+1 jw). The disambiguation
problem requires computing the conditional probabilitg @fivenw, P (zjw). The gist extraction
problem requires computing the probabilityggivenw, P (gjw).

All of the probabilities needed to solve the problems of prediction, disambigyatia gist
extraction can be computed from a single joint distribution over words and Etreictures,
P(w; ). The problems of prediction, disambiguation, and gist extraction can thsshed by
learning the joint probabilities of words and latent structures. This cambe dsing a generative
model for language. Generative models are widely used in machine leamingjatistics as a
means of learning structured probability distributions. A generative mpeei €s a hypothetical
causal process by which data are generated, breaking this prasessndo probabilistic steps.
Critically, this procedure can involve unobserved variables, correlipg to latent structure that
plays a role in generating the observed data. Statistical inference caedeolidentify the latent
structure most likely to have been responsible for a set of observations.

A schematic generative model for language is shown in Figure 4 (a). Imibitel, latent

illustrated usinggraphicalmodel notation (e.g., Jordan, 1998; Pearl, 1988). Graphical models
provide an ef cient and intuitive method of illustrating structured probabilistributions. In a

graphical model, a distribution is associated with a graph in which nodearaalem variables and
edges indicate dependence. Unlike arti cial neural networks, in whiohde typically indicates a

single unidimensional variable, the variables associated with nodes calbitoardy complex.”
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can be any kind of latent structure, awdrepresents a set ofwords.

Insert Figure 4 about here

The graphical model shown in Figure 4 (a) idieected graphical model, with arrows

indicating the direction of the relationship among the variables. The resultiis@at graph, in
which “parent” nodes have arrows to their “children”. In a generatiglel, the direction of these
arrows speci es the direction of the causal process by which dateesiergted: a value is chosen
for each variable by sampling from a distribution that conditions on the pmoéhat variable in
the graph. The graphical model shown in the gure indicates that warlgenerated by rst
sampling a latent structure, from a distribution over latent structurd®(" ), and then sampling a
sequence of wordsy, conditioned on that structure from a distributiBw| ).

The process of choosing each variable from a distribution conditionéd parents de nes
a joint distribution over observed data and latent structures. In theg@memodel shown in

Figure 4 (a), this joint distribution is
P(w;")= P(wj)P():

With an appropriate choice 0f this joint distribution can be used to solve the problems of
prediction, disambiguation, and gist extraction identi ed above. In partictilarprobability of the

latent structuré given the sequence of worés can be computed by applying Bayes' rule:

P(iw)= TP @

where

X
Pw)=  P(wj)P():

This Bayesian inference involves computing a probability that goes aghndirection of the

arrows in the graphical model, inverting the generative process.
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Equation 2 provides the foundation for solving the problems of predictisanptbiguation,

and gist extraction. The probability needed for predict®(wn+1 jw), can be written as
. X - N -
P(Wns1jw) = P(Wns1j s W)P(jw); 3)

whereP (wn+1] ) is speci ed by the generative process. Distributions over the sensesrds,z,
and their gistg, can be computed by summing out the irrelevant aspect of

X

X

z

P(zjw) P(jw) (4)

P(giw) P(jw); 5)

where we assume that the gist of a set of words takes on a discretevaiasf — if it is
continuous, then Equation 5 requires an integral rather than a sum.

This abstract schema gives a general form common to all generativdafiodianguage.
Speci ¢ models differ in the latent structutethat they assume, the process by which this latent
structure is generated (which de nBg ")), and the process by which words are generated from
this latent structure (which de né3(wj)). Most generative models that have been applied to
language focus on latent syntactic structure (e.g., Charniak, 19%8sku& Martin, 2000;
Manning & Shutze, 1999). In the next section, we describe a generative modetfirasents the

latent semantic structure that underlies a set of words.

Representing gist with topics

A topic model is a generative model that assumes a latent structufeay;z), representing
the gist of a set of wordg, as a distribution oveF topics, and the sense or meaning used for the
ith word, z;, as an assignment of that word to one of these tonEach topic is a probability
distribution over words. A document — a set of words — is generated hysagpthe distribution
over topics re ecting its gist, using this distribution to choose a tapior each wordw;, and then

generating the word itself from the distribution over words associated withdpe. Given the
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gist of the document in which it is contained, this generative processeddhme probability of the
ith word to be
X
P(wijg) = P (wijzi)P(zij9); (6)
zi=1

in which the topics, speci ed bi? (wjz), are mixed together with weights given B\(zjg), which
vary across documentsThe dependency structure among variables in this generative model is
shown in Figure 4 (b).

Intuitively, P (wjz) indicates which words are important to a topic, whilézjg) is the
prevalence of those topics in a document. For example, if we lived in a wdrdderpeople only
wrote about nance, the English countryside, and oil mining, then we cawddel all documents
with the three topics shown in Figure 1 (c). The content of the three topiesisted inP (wjz):
the nance topic gives high probability to words likEe SERVEandFEDERAL, the countryside
topic gives high probability to words likeTREAM andMEADOW, and the oil topic gives high
probability to words likeePETROLEUMandGASOLINE. The gist of a documeng, indicates
whether a particular document concerns nance, the countryside, aihgqiar nancing an oil
re nery in Leicestershire, by determining the distribution over topit&zjg).

Equation 6 gives the probability of a word conditioned on the gist of a dontiriiée can
de ne a generative model for a collection of documents by specifying thevgist of each
document is chosen. Since the gist is a distribution over topics, this reqsirgsa distribution
over multinomial distributions. The idea of representing documents as mixtupestmbilistic
topics has been used in a number of applications in information retrievatatigtisal natural
language processing, with different models making different assumztoms the origins of the
distribution over topics (e.g., Bigi, De Mori, El Beze, & Spriet, 1997; Bleakt2003; Hofmann,
1999; lyer & Ostendorf, 1996; Ueda & Saito, 2003). We will use a gatinee model introduced by
Blei et al. (2003) called Latent Dirichlet Allocation. In this model, the multinomialrdhigtion
representing the gist is drawn from a from a Dirichlet distribution, a stahgi@bability

distribution over multinomials (e.g., Gelman, Carlin, Stern, & Rubin, 1995).
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Having de ned a generative model for a corpus based upon sommptees, it is possible
to use statistical methods to infer the parameters from the corpus. In @jticssmeans nding a
set of topics such that each document can be expressed as a mixturseofdahics. An algorithm
for extracting a set of topics is described in Appendix A, and a more det@dsctiption and
application of this algorithm can be found in Grif ths and Steyvers (2004)s algorithm takes as
input a word-document co-occurrence matrix. The output is a set mfstogach being a
probability distribution over words. The topics shown in Figure 1 (c) ateadly the output of this
algorithm when applied to the word-document co-occurrence matrix shoiigure 2. These
results illustrate how well the topic model handles words with multiple meaningsieesgIELD
appears in both the oil and countryside top&sNK appears in both nance and countryside, and
DEPOSITSappears in both oil and nance. This is a key advantage of the topic mogelsduming
a more structured representation, in which words are assumed to belopirs) the different

meanings or senses of ambiguous words can be differentiated.

Prediction disambiguationandgist extraction

The topic model provides a direct solution to the problems of prediction, digauation,
and gist extraction identi ed in the previous section. The details of these atatipns are
presented in Appendix A. To illustrate how these problems are solved by ttel e will
consider a simpli ed case where all words in a sentence are assumecetthiessame topic. In this
caseg is a distribution that puts all of its probability on a single togicandz; = z for all i. This
“single topic” assumption makes the mathematics straightforward, and is anaeddesovorking
assumption in many of the settings we expl%re.

Under the single topic assumption, disambiguation and gist extraction becaimealent:

the senses and the gist of a set of words are both expressed in thetgpigle, that was
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P(Wi2)P (2)
P (w)
bty PWiiDP(2)
L PWiDP@)’

P(zjw)

(7)

z
where we have used the fact that thkeare independent given If we assume a uniform prior over
topics,P(z) = % the distribution over topics depends only on the product of the probabiities
each of thew; under each topie. The product acts like a logical “and”: a topic will only be likely
if it gives reasonably high probability to all of the words. Figure 5 shoas this functions to
disambiguate words, using the topics from Figure 1. On seeing thesyord, both the nance
and the countryside topics have high probability. SesmgeAM quickly swings the probability in

favor of the bucolic interpretation.

Insert Figure 5 about here

Solving the disambiguation problem is the rst step in solving the predictionlprob
Incorporating the assumption that words are independent given thais iofo Equation 3, we
have

X
P(Wn+1jw) = P (Wn+1j2)P(zjw): (8)

z

The predicted distribution over words is thus a mixture of topics, with each baiig weighted
by the distribution computed in Equation 7. This is illustrated in Figure 5: on s&zing, the
predicted distribution over words is a mixture of the nance and countryteigies, butSTREAM

moves this distribution towards the countryside topic.

Topicsandsemantimetworks

The topic model provides a clear way of thinking about how and why “atitim” might

spread through a semantic network, and can also explain inhibitory prinfexjsfThe standard
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conception of a semantic network is a graph with edges between word, msdgdsown in Figure 6
(a). Such a graph mnipartite: there is only one type of node, and those nodes can be
interconnected freely. In contragipartite graphs consist of nodes of two types, and only nodes of
different types can be connected. We can form a bipartite semantic tkdtwantroducing a

second class of nodes that mediate the connections between wordsa@tethink about the
representation of the meanings of words provided by the topic model is in tértims bipartite

semantic network shown in Figure 6 (b), where the second class of acelése topics.

Insert Figure 6 about here

In any context, there is uncertainty about which topics are relevant tadhédxt. On seeing
a word, the probability distribution over topics moves to favor the topics &gsacwith that word:
P (zjw) moves away from uniformity. This increase in the probability of those topicgugively
similar to the idea that activation spreads from the words to the topics thabrameated with
them. Following Equation 8, the words associated with those topics alsoedtgher probability.
This dispersion of probability throughout the network is again reminisdespireading activation.
However, there is an important difference between spreading actiaiprobabilistic inference:
the probability distribution over topic®,(zjw) is constrained to sum to one. This means that as
the probability of one topic increases, the probability of another topic deese

The constraint that the probability distribution over topics sums to one isiguit ¢o
produce the phenomenon of inhibitory priming discussed above. Inhilptoning occurs as a
necessary consequence of excitatory priming: when the probabilityedtfoqic increases, the
probability of another topic decreases. Consequently, it is possibleéoword to decrease the
predicted probability with which another word will occur in a particular cotitEer example,
according to the topic model, the probability of the wordcToORis 0:000334 Under the single

topic assumption, the probability of the wopecTOR conditioned on the wordursEis 0:0071,
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an instance of excitatory priming. However, the probabilitypofc Tor drops t00:000081when
conditioned orHOCKEY. The wordHOCKEY suggests that the topic concerns sports, and
consequently topics that gimocTORhigh probability have lower weight in making predictions.
By incorporating the constraint that probabilities sum to one, generatidelsniare able to capture
both the excitatory and the inhibitory in uence of information without requiriing introduction of

large numbers of inhibitory links between unrelated words.

Topicsandsemanticspaces

Our claim that models that can accurately predict which words are likelyde gra given
context can provide clues about human language processing is stitiréde spirit of many
connectionist models (e.g., Elman, 1990). However, the strongest palmtereen our approach
and work being done on spatial representations of semantics are pénbap that exist between
the topic model and Latent Semantic Analysis (Landauer & Dumais, 199¥geth the
probabilistic topic model developed by Hofmann (1999) was motivated byudeess of LSA, and
provided the inspiration for the model introduced by Blei et al. (2003)wHeatise here. Both LSA
and the topic model take a word-document co-occurrence matrix as ingit L BA and the topic
model provide a representation of the gist of a document, either as a psjade or a distribution
over topics. And both LSA and the topic model can be viewed as a formimieigsionality
reduction”, attempting to nd a lower-dimensional representation of the stre@xpressed in a
collection of documents. In the topic model, this dimensionality reduction consistsrag to
express the large number of probability distributions over words provigigte different
documents in terms of a small number of topics, as illustrated in Figure 3 (b).

However, there are two important differences between LSA and the togielmbhe major
difference is that LSA is not a generative model. It does not identifypthetical causal process
responsible for generating documents, and the role of the meaningsas imahis process. As a

consequence, it is dif cult to extend LSA to incorporate different kinflsemantic structure, or to
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recognize the syntactic roles that words play in a document. This leads tedbedsdifference
between LSA and the topic model: the nature of the representation. Larean8e Analysis is
based upon the singular value decomposition, a method from linear algabcathonly yield a
representation of the meanings of words as points in an undifferentiatdid@&an space. In
contrast, the statistical inference technigues used with generative mogladgiale, and make it
possible to use structured representations. The topic model providesla strogtured
representation: a set of individually meaningful topics, and informati@ugvhich words belong
to those topics. We will show that even this simple structure is suf cient to all@tdahic model

to capture some of the qualitative features of word association that probkematic for LSA, and
to predict quantities that cannot be predicted by LSA, such as the nurhimgramings or senses of

aword.

Comparing topics and spaces

The topic model provides a solution to extracting and using the gist of sebrafswin this
section, we evaluate the topic model as a psychological account of ttentofihuman semantic
memory, comparing its performance with LSA. The topic model and LSA botlthgssame input
— a word-document co-occurrence matrix — but they differ in how thistirgpanalyzed, and in the
way that they represent the gist of documents and the meaning of wordsniparing these
models, we hope to demonstrate the utility of generative models for explorirsioyue of
semantic representation, and to gain some insight into the strengths and limit&titiferent
kinds of representation.

Our comparison of the topic model and LSA will have two parts. In this sectiergnalyze
the predictions of the two models in depth using a word association task, edngitboth the
guantitative and the qualitative properties of these predictions. In partistdashow that the topic
model can explain several phenomena of word association that alematic for LSA. These

phenomena are analogues of the phenomena of similarity judgments thatlalenmatic for
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spatial models of similarity (Tversky, 1977; Tversky & Gati, 1982; Tvgr&kHutchinson, 1986).
In the next section we compare the two models across a broad rangegyfdasing that the
topic model produces the phenomena that were originally used to sugpartnd describing

how the model can be used to predict different aspects of human lamguagessing and memory.

Quantitativepredictionsfor word association

Are there any more fascinating data in psychology than tables of asso@iation

Deese (1965, p. viii)

Association has been part of the theoretical armory of cognitive psygists since Thomas
Hobbes used the notion to account for the structure of our “Trayndofights” (Hobbes,
1651/1998; detailed histories of association are provided by Deesg, 49@ Anderson & Bower,
1974). One of the rst experimental studies of association was condibgt&alton (1880), who
used a word association task to study different kinds of associatione Sialton, several
psychologists have tried to classify kinds of association or to otherwiggedis structure (e.g.,
Deese, 1962; 1965). This theoretical work has been supplemented dgvublopment of extensive
word association norms, listing commonly named associates for a variety d§\(@g., Cramer,
1968; Kiss, Armstrong, Milroy, & Piper, 1973; Nelson, McEvoy & Sdber, 1998). These norms
provide a rich body of data, which has only recently begun to be adsttessng computational
models (Dennis, 2003; Nelson, McEvoy, & Dennis, 2000; Steyveririah& Nelson, 2004).

While, unlike Deese (1965), we suspect that there may be more fascipatingological
data than tables of associations, word association provides a usethinbark for evaluating
models of human semantic representation. The relationship between wocihties and
semantic representation is analogous to that between similarity judgments aegtmh
representation, being an accessible behavior that provides cluesmstdaints that guide the
construction of psychological models. Also, like similarity judgments, assoniatiores are

highly predictive of other aspects of human behavior. Word associationsyare commonly used



Topics in semantic representation 25

in constructing memory experiments, and statistics derived from these nax@dben shown to
be important in predicting cued recall (Nelson, McKinney, Gee, & Jare;Z1998), recognition
(Nelson, McKinney, et al., 1998; Nelson, Zhang, & McKinney, 20@hxl false memories (Deese,
1959; McEvoy, Nelson, & Komatsu, 1999; Roediger, Watson, McDerr&oBallo, 2001). Itis

not our goal to develop a model of word association, as many factorstbiesemantic
association are involved in this task (e.g., Ervin, 1961; McNeill, 1966)weauibelieve that issues
raised by word association data can provide insight into models of semgmiseatation.

We used the norms of Nelson et al. (1998) to evaluate the performan&?odihd the topic
model in predicting human word association. These norms were collectagaiBiee association
task, in which participants were asked to produce the rst word that catodtirir head in
response to a cue word. The results are unusually complete, with assdeiatg derived for every
word that was produced more than once as an associate for any otiterR@o each word, the
norms provide a set of associates and the frequencies with which theynaered, making it
possible to compute the probability distribution over associates for eacM&ueill denote this
distributionP (wyjw;) for a cuew; and associater,, and order associates by this probability: the

rst associate has highest probability, the second next highest, afwitho

We obtained predictions from the two models by deriving semantic repréissstérom the
TASA corpus (Landauer & Dumais, 1997), which is a collection of exisefifom reading
materials commonly encountered between the rst year of school and shgear of college. We
used a smaller vocabulary than previous applications of LSA to TASA, cerisglonly words that
occurred at least 10 times in the corpus and were not included in a stiistizp” list containing
function words and other high frequency words with low semantic contds. [&ft us with a
vocabulary of 26,243 words, of which 4,235,314 tokens appeared Bitle®1 documents
contained in the corpus. We used the singular value decomposition to ex#@0tdimensional
representation of the word-document co-occurrence statistics, andreed the performance of

the cosine as a predictor of word association using this and a variety sjpaces of lower
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dimensionality. We also computed the inner product between word vectarsaternative
measure of semantic association, which we will discuss in detail later in the @yrechoice to
use 700 dimensions as an upper limit was guided by two factors, one thabastitthe other
practical: previous analyses suggested that the performance of LSRegawith only a few
hundred dimensions (Landauer & Dumais, 1997), an observation tisatavesistent with
performance on our task, and 700 dimensions is the limit of standard algofithsiagular value
decomposition with a matrix of this size on a workstation with 2GB of RAM.

We applied the algorithm for nding topics described in Appendix A to the same
word-document co-occurrence matrix, extracting representations it 1i700 topics. Our
algorithm is far more memory ef cient than the singular value decompositioall a$ the
information required throughout the computation can be stored in sparseesattonsequently,
we ran the algorithm at increasingly high dimensionalities, until predictioropmgnce began to
level out. In each case, the set of topics found by the algorithm was higelypretable,
expressing different aspects of the content of the corpus. A selaifttopics from the 1700 topic
solution are shown in Figure 7.

The topics found by the algorithm pick out some of the key notions addtégsdocuments
in the corpus, including very speci ¢ subjects like printing and combustiaines. The topics are
extracted purely on the basis of the statistical properties of the words @d/elvoughly, that these
words tend to appear in the same documents — and the algorithm does riet aeguspecial
initialization or other human guidance. The topics shown in the gure wersato be
representative of the output of the algorithm, and to illustrate how polysear@usomonymous
words are represented in the model: different topics capture diffecgnéxts in which words are
used, and thus different meanings or senses. For example, the rébpias shown in the