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INVITED ADDRESS

From simple associations
to the building blocks of language:

Modeling meaning in memory with the HAL model

CURTBURGESS
University ofCalifornia, Riverside, California

This paper presents a theoretical approach of how simple, episodic associations are transduced into
semantic and grammatical categorical knowledge. The approach is implemented in the hyperspace
analogue to language (HAL)model of memory, which uses a simple global co-occurrence learning al
gorithm to encode the context in which words occur. This encoding is the basis for the formation of
meaning representations in a high-dimensional context space. Results are presented, and the argument
is made that this simple process can ultimately provide the language-comprehension system with se
mantic and grammatical information required in the comprehension process.

... "meaning" seems to connote, for most psychologists at
least, something inherently nonmaterial, more akin to "idea"
and "soul" than to observable stimulus and response, and
therefore to be treated like the other "ghosts" that 1.B. Wat
son dispelled from psychology." (Osgood, Suci, & Tannen
baum, 1957, p. 1)

There are many ways to characterize meaning (Ogden
& Richards, 1923). Lexical semantics usually refers to
the meanings of individual words and distinctions con
strained by their morphology. Structural semantics in
volves the integration ofthese word meanings into a more
complex meaning guided by the syntax of the sentence.
Ofcourse, we do not tend to remember sentences; we ab
stract this level of meaning to what can be referred to as
a mental model of a situation in which this linguistic in
formation-lexical-semantic, structural, and/or our ex
perience ofthe environment-combine to form a complex
mental representation that is not limited to the linguistic
form (see Garnham, 1996; Johnson-Laird, 1983). The
purpose ofthis paper is to describe a new class ofmemory
models that are referred to as high-dimensional memory
models. J These models have as their goal extracting and
representing meaning from a stream oflanguage. The na
ture of the meaning that can be extracted with these mod
els is at the level of the word and is to some extent, relevant

This research was supported by NSF Presidential Faculty Fellow
Award SBR-9453406 to the author. A version of this paper was pre
sented as the keynote talk at the 1997 Society for Computers in Psy
chology (SCiP) annual meeting in Philadelphia. Kevin Lund, Catherine
Decker, and two anonymous reviewers provided many helpful com
ments. More information about research at the Computational Cogni
tion Lab. a HAL demo, and reprint information can be found at http://
HAL.ucLedu. Correspondence should be addressed to C. Burgess, Psy
chology Department, 1419 Life Sciences Bldg., University of Califor
nia. Riverside. CA 92521-0426 (e-mail: curt@cassandra.ucLedu).

to larger units ofmeaning. Although computational high
dimensional memory models can be considered "new,"
the fact is that they have many connections to past and
present modeling efforts. Charles Osgood (Osgood, 1971;
Osgood et al., 1957) should be considered the father of
high-dimensional memory models. These models also
have at their heart a clear associationist bent (Deese,
1965). Another more recent functional precursor to high
dimensional memory models is Elman's (I 990) work with
recurrent neural networks that learn generalized repre
sentations by virtue of their experience with input from
the environment. Elman's work has operationally defined
the message about how context is important.

At the same time, however, there are limitations to these
historical precursors that set the stage for the advantages
of high-dimensional memory models. Osgood et al.'s
(1957) semantic differential approach required vast num
bers of human judgments about the nature of words in
order to derive a set of semantic dimensions. In addition,
the semantic differential technique (although very use
ful) requires one to commit to a set of semantic features
upon which all words will literally be judged. This is a very
tricky enterprise, which makes very strong presumptions
about how the language user interacts with the environ
ment and encodes experience. Deese's (I 965) work hinged
on the use of word association norms that correspond, in
some sense, to meaning to provide a set of intercorrela
tions among words. Both word-association norms and
the semantic differential technique require considerable
human overhead to gather word-meaning information for
even a small set of items. It is also the case that neither
of these approaches offers any model ofhow information
gets organized in the first place. In contrast, connection
ist learning models have a completely different type of
limitation. It would simply take an unreasonable amount

Copyright 1998 Psychonomic Society, Inc. 188



ofcomputer-processing time to develop a model of mem
ory from the combination of a very large corpus and a set
of lexical items used to support human language. The
time results from the complexity of the learning algo
rithms and the number ofpasses through a corpus that a
connectionist model requires to complete its learning. For
tunately, at a functional level, we have demonstrated that
recurrent neural networks and our global co-occurrence
learning procedures are both learning models that utilize
a word's context to induce word meaning and, given the
same input, will produce very similar results (Lund &
Burgess, 1997).

This paper describes a particular high-dimensional
memory model, the hyperspace analogue to language
(HAL) model. The model makes completely explicit the
nature of associations and the relationship ofassociations
to categorical knowledge. As a result, this model can ad
dress a variety ofdifficult and problematic theoretical is
sues in learning and memory. This will occur in the con
text of describing how global lexical co-occurrence (the
learning procedure that HAL uses) can provide some of
the basic building blocks of a language-comprehension
system.

THE HAL MEMORY MODEL

Having a plausible methodology for representing word
meaning is an important component to a model ofmem
ory, particularly when the goal is to extend the model to
subserve language processing. HAL uses a large corpus
of text, and the basic methodology involves tracking lex
ical co-occurrences within a 10-word moving window
that "slides" along the text. Using these co-occurrences,
a high-dimensional meaning space of 140,000 lexical di
mensions can be developed. Since each vector element
represents a symbol (usually a word) in the text input, we
refer to this high-dimensional meaning space as a context
space. This high-dimensional context (or meaning) space
is the memory matrix that can be used to simulate exper
iments or to further analyze word meanings.

Constructing the Memory Matrix
As mentioned before, the basic methodology of the

model involvesdeveloping a matrix of word co-occurrence
values for a set of words by moving a l O-word window
along the corpus of text. Within the moving window,
weighted lexical co-occurrence counts are tabulated and
are inversely proportional to the number of words sepa
rating a pair of words. Words that are closer together in
the moving window get a larger weight. Table 1 shows an
example of the matrix-construction procedure for a five
word window using the example sentence "the horse raced
past the barn fell." The matrix is actually two triangular
matrices folded into one table-that is, rows encode co
occurrences in the window that occur before a word, and
columns encode co-occurrence information occurring
after the word. Consider, for example, the word barn in
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this sentence. Co-occurrence values of words occurring
prior to barn are in the barn row. The word "past" is sep
arated by one word from barn and thus gets a 4. Ifpast
had occurred adjacent to barn, it would have received a
5. There are two occurrences of the word the in the ex
ample sentence, and there is a 6 recorded for barn (row)
and the. One occurrence of the occurs just prior to barn
and gets a 5. The other the in this sentence is five words
away and get a I. The 6 in this cell represents the addi
tion of the five and one co-occurrence values. Columns
work the same way (to encode the subsequent co-occur
rences), except that the point ofreference is from the col
umn word. This example was made using a five-word
window; however, a 1O-wordwindow was used in the ac
tual model, and HAL's matrix is 70,000 square items.

The corpus that served as input to the HAL model is
approximately 300 million words of English text gath
ered from Usenet newsgroups that contained English
text. Properties of Usenet text that were appealing were
both its conversational nature and its diverse nature,
making it closer in form to everyday speech. An impor
tant goal in this project is to develop a model that does
minimal preprocessing of the input. It is to HAL's credit
that it works with this noisy, conversational input, thus
managing some of the same problems that the human
language comprehender encounters.

Matrix Properties
HAL's vocabulary consists of the 70,000 most fre

quently used symbols in the corpus. About half of these
symbols had entries in the standard Unix dictionary. The
remaining items were nonword symbols, misspellings,
proper names, and slang. These atypical items were kept
in the lexicon since later research or applications may re
quire the use of vectors of misspellings, proper names,
and so on. The co-occurrence procedure produces a
70,000 X 70,000 matrix similar to (and much larger than)
the one shown in Table I. Recall that each row ofthe ma
trix represents the degree to which each word in the vo
cabulary precedes the word corresponding to the row.Sim
ilarly,each column represents the co-occurrence values for
words following the word corresponding to the column.

Table 1
Sample Global Co-occurrence Matrix for the Sentence

"the horse raced past the barn fell"

barn horse past raced the

barn 2 4 3 6
fell 5 I 3 2 4
horse 5
past 4 5 3
raced 5 4
the 3 5 4 2

Note-The values in the matrix rows represent co-occurrence values for
words that preceded the word (row label). The values in the columns
represent co-occurrence values for words following the word (column
label). Cells containing zeros were left empty in this table. This exam
ple uses a five-word co-occurrence window.
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Vector Properties
A full co-occurrence vector for a word consists of a

concatenation of the row and the column for that word.
Thus, the vector for barn (from Table 1) would be 0, 2,
4, 3, 6, 0, 5, 0, 0, 0, o. The vector for barn in the full ma
trix would be 140,000 elements long rather than 10 ele
ments long as in this example.

Weview these vectors as coordinatesof points in a high
dimensional space, with each word occupying one point.
Each vector corresponds to a lexical symbol in the input
stream. These symbols are not always words (they may
be numbers, emoticons, etc.), although it is convenient to
refer to them as word vectors. In most simulations, vec
tors of 140,000 elements in length are used; however,
one should not conclude that we think it best to charac
terize human memory as represented by 140,000 dimen
sions. We suspect that much less dimensionality is re
quired. Forour work, only 100-200 vector elements seem
necessary. Some effects can be easily carried by as few
as 10 vector elements, which is useful in connectionist
models where the training time is often nonlinearly re
lated to vector size. What is important in any attempt to
shorten a vector is to keep the vector elements that are most
"informative." To determine this, the column and row
variance is calculated, and the elements with the small
est variance are not used. Variance as an information
measure is useful in a model like HAL since it is a direct
reflection of the diversity of the contexts in which words
are found. Approximately 100-200 vector elements con
tain most of the variance in these word vectors. For ex
ample, a 200-element word vector would not use the low
est variant 139,800 vector elements. In most of our
simulations, however, we use the full vector simply be
cause it is computationallymore straightforwardthan com
puting variance across such a large matrix of numbers.

Using this type of vector representation, differences
between two words' co-occurrence vectors (e.g., word Xi

and word Yi) can be measured as the distance between
the high-dimensional points defined by their vectors.
Distance between two words can be computed using a
similarity metric. We typically use a Minkowski metric
(see Equation 1) and usually use a Euclidean distance
metric (r = 2).

distance=I.<lx;-Yin
ll r

. (1)

Each element of a vector represents a coordinate in
high-dimensional space for a word or concept, and a dis
tance metric applied to these vectors presumably corre-

sponds to context (not just item) similarity. The vectors
can also be viewed graphically as can be seen in Fig
ure 1. Sample words (e.g.,jrance,puPPY) are shown with
their accompanying 25-element vectors (the 25 most
variant of the 140,000 elements are shown for viewing
ease). Each vector element has a continuous numeric
value (the frequency normalized value from its matrix
cell).2 A gray scale is used to represent the normalized
value, with white corresponding to a zero or minimal
value. The word vectors are very sparse; a large propor
tion ofa word's vector elements are zero or close to zero.

A word's vector can be seen as a distributed represen
tation (Hinton, McClelland, & Rumelhart, 1986). Each
word is represented by a pattern of values distributed
over many elements, and any particular vector element
can participate in the representation of any word. The
representations gracefully degrade as elements are re
moved; for example, there is only a small difference in per
formance between a vector with 140,000 elements and
one with 1,000 elements. Finally, it can be seen that words
representing similar concepts have similar vectors, al
though this can be subtle at times (Figure 1). See Lund
and Burgess (1996) for a full description of the HAL
methodology.

The advantage of representing meaning with vectors
such as these is that, since each vector element is a sym
bol in the input stream (typically another word), all words
have as their "features" other words (symbols in the input
stream). This translates into the ability to have vector rep
resentations for abstract concepts (e.g., justice, reality)
as easily as one can have representations for more basic
concepts (e.g., dog, book) (Burgess & Lund, 1997b). This
is important, if not absolutely crucial, when developing
a memory model that purports to be general in nature
and that provides the essential bottom-up input to a lan
guage-comprehension system.

CONSTRUCTING THE
BUILDING BLOCKS OF LANGUAGE

The goal oflanguage understanding is to derive mean
ing from some sequence ofwords. In building a language
comprehension model, one has to describe howword-level
categorical information is formed. The HAL model en
codes categorical information, both semantic and gram
matical. These two sources of information provide the
front end to the ability of combining words into larger
meaningful units.

france •... .·.·..rll•••••••••••••••••••••
panama •....... :::::::ll1::.::::::::•••••••••••••••••••••

puppy.:::':. ..•••............•••••••••••••••••
dog .::...,:::.:.... • ••••••••••••••••

Figure 1. Sample 25-element word vectors for four words. Each vector element has a continuous value (the nor
malized value from its matrix cell) and is gray-scaled to represent the normalized value with white corresponding to zero.



Semantic Knowledge
There are numerous models of semantic memory, and,

as one might expect, these models entail considerable
disagreement over countless details. However, there are
several commonly held assumptions. Semantic models
tend to focus on words and their relationship to other
words, sense rather than reference. These relationships
also tend to be summed across experience, rather than
representing specific episodes. At the same time, these
semantic memories are constructed as a function of our
episodic experience with the world, and they allow for
the categorization of information.

Similarly, there are many ways in which cognitive psy
chologists can assess the structure and processing com
ponents of semantic memory. There are three ways in
which we have investigated semantic structure with the
HAL model, often in conjunction with experiments with
human subjects. First, HAVsword vectors seem to possess
sufficient information from the global co-occurrence pro
cedure to support basic semantic categorization. Second,
we have compared distances in the high-dimensional
memory space with the priming data that can be obtained
by using the semantic priming methodology. This work
has implications for how we think about word associations.
Lastly, the area in the high-dimensional space surround
ing a word contains other words that constitute a context
(or a semantic) neighborhood for that word. We will re
view evidence that suggests that HAVs context neighbor
hoods possess certain denotative characteristics of word
meaning.

Semantic categorization. Using human judgments
about concepts to determine categorical structure has a
long history in cognitive psychology. In their well
known study, Rips, Shoben, and Smith (1973) used typ
icality ratings ofdifferent kinds of birds to generate a set
ofpredictions for the semantic verification model. They
then used a multidimensional scaling (MDS) procedure
to transform these ratings into a two-dimensional picto
rial representation ofthese different types ofbirds, which
demonstrated that the typicality ratings provided impor
tant information for categorization purposes. With HAL,
rather than human ratings, the word vectors can be used
to categorize concepts. The vectors represent the contex
tual history of a word, and we have seen that the distances
between these vectors are meaningful from the standpoint
of word neighborhoods and semantic priming. In Figure 2,
we see that categorical structure emerges when we view
the MDS solution for body parts, animals, and geographic
locations. These three groups of words segregate nicely.'
It is important to note that all the MDS presentations pre
sented in this paper are a reduction of 140,000 dimensions
to two dimensions, which results in a loss of resolution
in the categorical integrity that can be conveyed. Still, it
is clear that the word vectors allow for categorization
much like human ratings of similarity. The objects in this
MDS are all concrete nouns. Other categorization work
has shown that HAVs representations extend to the cate-
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Figure 2. Two-dimensional multidimensional scaling solution

for animals, body parts, and geographic locations.

gorization of abstract nouns and emotional words (Burgess
& Lund, 1997b).

Semantic neighborhoods. The meaning space in
HAL is a high-dimensional space in which each word is
represented as a point in space as a function of the vec
tor coordinates. The distances that these words are from
one another are results of the contexts in which they sys
tematically occurred. Similar words occur in similar con
texts. As a result, one should be able to see semantic and
contextual relationships among the words that are close
to another word in the hyperspace. We have found that
these neighborhoods are rich in meaningfully related
concepts. Table 2 shows the six closest neighbors for two
words: beatles and frightened. Inspection suggests that
the notion of a musical group is inherent in the neigh
borhood for beatles. Other neighbors of beatles further
constrain the concept (best, british, greatest). The nature
of these neighborhoods is more connotative than deno
tative. Some of beatles neighbors are concepts that are
definitional (i.e., beatles is a band, is likely considered
by many as original, and has produced many songs and
albums [and movies]). The semantic neighborhood is
more of a definition by implication. It certainly is not a
typical denotative definition such as "English quartet of
composers and musicians; members are ..." (Morris,
1971). The neighbors represent a set of constraints on
meaning. Some neighbors may be almost synonymous;
other neighbors characterize various aspects ofmeaning.
Meaningful neighborhoods are not limited to nouns.
Table 2 also contains the neighborhood for frightened
and is similarly informative providing synonyms and
words related to other emotional aspects of frightened.
These neighbors are the closest set of words to fright
ened. The nature of the meaning acquisition process sug-
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Table 2
Example Neighborhoods for beatles andfrightened

gests that these neighbors are used in contexts similar to
the contexts in which frightened is found. Humans are
able to generate a more precise and more elaborate de
notative definition for a word than these context neigh
borhoods. HAL likely provides a good approximation of
the initial activation of meaning; denotative definitions
certainly require considerable top-down processing-a
component that this representational model does not have.

At the same time, however, these context neighbor
hoods seem to provide a sufficient set of cues such that
humans can generate the source word or a word very
close in meaning to it. We have systematically investi
gated these types ofneighborhoods (Burgess, Livesay, &
Lund, 1998; Lund & Burgess, 1996). One approach we
have taken in evaluating the cognitive plausibility of
these neighborhoods is to present people with the neigh
borhoods and see whether or not they can determine what
the target concept is. We found that about 20% ofthe time
people generate the specific word that we used to extract
the neighbors. Even when we eliminated these "direct"
hits from the data analysis, the remaining trials show that
subjects are able to reliably use the neighborhoods to pro
duce something semantically close to the target. The neigh
borhoods suggest that retrieval in a model such as HAL
could produce a set of related items that could be useful
to higher level cognitive systems during language compre
hension (Burgess et aI., 1998).

Semantic priming. The meaningful nature ofthe neigh
borhoods suggests that distances in the high-dimensional
space would correspond to meaning activation in other
cognitive tasks. Priming is a widely used approach to in
vestigate memory organization and meaning retrieval.
The most common technique used in investigating se
mantic priming is the single-word priming procedure (see
Neely, 1991, for a review). Semantic priming occurs when
a prime, such as dog, facilitates a target, such as cat, pre
sumably due to activation spreading in memory from the
prime to the target. Responses (lexical decisions or pro
nunciation) to the primed target are quicker than re
sponses to a target preceded by an unrelated word.

There has been an ongoing controversy in the priming
literature as to what is meant by "semantic" priming and
under what conditions it is obtained. Critical to this dis-

Note-The full set of these stimuli was taken from Chiarello, Burgess,
Richards, and Pollock (1990).

Table 3
Example Prime--Target Word Pairs From the Semantic,

Associated, and Semantic + Associated Relatedness Conditions

Condition Word Pairs

table-bed
music-art
flea-ant

cradle-baby
mug-beer
mold-bread

ale-beer
uncle-aunt
ball-bat

Semantic

Associated

Semantic + Associated

cussion is a distinction between semantic and associative
relationships. In most experiments, word-association
norms are used to derive stimuli. However, word norms
confound semantic and associative relationships. Cat
and dog, in the example above, are related both categor
ically (are similar animals) and associatively (one will
tend to produce the other in production norms). The typ
ical assumption behind associative relationships is that
associations are caused by temporal co-occurrence in
language (or elsewhere in the environment). Stimuli can
be constructed such that these semantic-categorical and
associative relationships can be, for the most part, or
thoginally manipulated. To illustrate, cat and dog are se
mantically and associatively related. However, music and
art are semantically related, but art does not show up as
an associate to music in word norms. Conversely, bread
tends to be one of the first words produced in norms to
the word mold. However, bread and mold are not similar.
Clearly, though, this is not to say there is no relationship
between bread and mold; they are just very different
items. As the story goes, mold and bread would be likely
to co-occur. Examples of these types of word pairs can
be seen in Table 3.

Our claim is that HAL encodes experience such that it
learns concepts more categorically. Associative (more
episodic) relationships will have been aggregated into
the conceptual representation. This can be seen by ex
amining Table 1. The vector representation for barn will
include the row and column of weighted co-occurrence
values for the words that co-occurred with barn in the
moving window. The representation for barn, as it stands
in Table 1, is episodic. Barn has occurred in only this one
context. As more language is experienced by HAL, the
vector representation for barn accrues more contextual
experience; as a result, the weighted co-occurrences sum
this experience, resulting in a more generalized repre
sentation for barn. This is an important aspect of HAL
for attempting to model priming. It follows that the dis
tances in the hyperspace should be sensitive to more
generalized, categorical relationships. Furthermore, the
more associative relationships should not have a strong
correlation to HAL's distance metric. We tested these hy
potheses in two experiments (Lund, Burgess, & Atchley,

Neighbors

original
band
song
movie
album
songs

scared
upset
shy
embarrassed
anxious
worried

Word

beatles

frightened



1995) using the three different types ofword relationships
illustrated in Table 3. These word relationships have var
ious combinations of semantic and associative proper
ties: semantic only, associative only, and combined se
mantic and associative properties. There is considerable
research that shows that human subjects are sensitive to
all three ofthese types ofword relationships (Lund et aI.,
1995; Lund, Burgess, & Audet, 1996; see Neely, 1991).
We replicated that finding: Subjects made faster lexical
decisions to related word trials (in all three conditions)
than to the targets in the unrelated pairs (Lund et aI.,
1995). In a second experiment, we computed the seman
tic distance between the related and unrelated trials in
all three conditions using HAL. Priming would be com
puted in this experiment by using the distances; there
should be shorter distances for the related pairs than for
the unrelated pairs in the representational model. In this
experiment, we found robust priming for the semantic
only and the semantic-plus-associative conditions. There
was no distance priming in the model for the associated
only pairs. This result raises some intriguing questions
about the representational nature of words and the ongo
ing controversy in the priming literature as to what is
meant by "semantic" priming and under what conditions
it is obtained.

The controversy exists, in part, due to a mixed set of
results in the literature: some investigators obtaining se
mantic priming without association, others not finding
semantic-only priming in conditions that would seem to
limit strategic processing. Fischler (1977) has one of the
earliest findings showing that strength ofassociation did
not correlate with priming. Similarly, Chiarello, Burgess,
Richards, and Pollock (1990) found semantic-only prim
ing using a low proportion ofrelated trials and a naming
task. However, Lupker (1984) did not find priming for
semantically related word pairs that were not also asso
ciatively related. A similar set of results is found in Shel
ton and Martin (1992). They used a single presentation
lexical decision task where words were presented one after
another with lexical decisions made to each word. Such
a procedure masks the obviousness ofprime-target rela
tions to a subject. Shelton and Martin did not find seman
tic priming under these conditions. A comparison of ex
periments such as these usually entails a comparison of
the methodologies. Experiments that do not obtain se
mantic-only priming typically avoid the lexical decision
task, unless it is part of the individual presentation pro
cedure (i.e., Shelton & Martin, 1992). The naming task
is thought to be less sensitive to strategic effects (al
though this may also limit its sensitivity to semantic re
lations). Clearly, experimental procedures and task dif
ferences playa part in these results. Focusing on task
differences, however, may divert attention from important
representational issues that are likely to be just as im
portant. In developing representational theory, it is im
portant not to make representational conclusions based
solely on procedural issues.
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We have argued that an experiment's sensitivity in re
flecting the semantic-only priming effect is guided by
the strength of the semantic (contextual) relationship.
One set of stimuli that we have evaluated in detail using
the HAL model is that used by Shelton and Martin (1992).
We found that many of their semantic pairs (e.g., maid
wife,peas-grapes) were not closely related by using HAL's
semantic distance metric. Furthermore, a number oftheir
semantic and associated pairs were very strongly related
categorically (e.g., road-street, girl-boy) (see Lund et aI.,
1995). Using HAL, we argued that the semantic-only con
dition did not produce priming simply because the prime
target pairs in that condition were not sufficiently similar.

There are two experiments that offer compelling evi
dence that increased similarity results in priming under
task constraints usually associated with a lack of semantic
only priming. Cushman, Burgess, and Maxfield (1993)
found priming with the semantic-only word pairs used
originally by Chiarello et al. (1990) with patients who had
visual neglect as a result of brain damage. What is com
pelling about this result is that the priming occurred when
primes were presented to the impaired visual field. These
patients were not aware that a prime had even been pre
sented, thus making it difficult to argue for any strategic
effect. A more recent result by McRae and Boisvert (in
press) confirmed our earlier hypothesis generated by our
HAL simulation that Shelton and Martin's (1992) failure
to find priming was due to insufficient relatedness in
their semantic-only condition. Recall that they used an
individual-presentation lexical decision methodology.
McRae and Boisvert replicated this methodology but
used a set ofnonassociatively related word pairs that sub
jects rated as more similar than Shelton and Martin's items.
McRae and Boisvert replicated Shelton and Martin with
their items but, using the more similar items, found a ro
bust semantic-only priming effect. Thus, it appears that
increased attention to the representational nature of the
stimuli affords a more complete understanding of the se
mantic constraints as well as the methodological issues
involved in priming.

HAI.:s distance metric offers a way to evaluate stimuli
in a clearly operationalized manner. The large lexicon pro
vides the basis for which the stimuli from various exper
iments can be evaluated directly. In most experiments,
word association norms are used to derive stimuli, and it
is important to realize that word norms confound se
mantic and associative relationships.

We argue that HAL offers a good account of the ini
tial bottom-up activation of categorical information in
memory. It provides a good index of what information can
be activated automatically.Although others (Lupker, 1984;
Shelton & Martin, 1992) have argued that it is associa
tive, not semantic, information that facilitates the auto
matic, bottom-up activation of information, some of the
confusion is a result of the field not having a clear idea of
what an association is or represents. On one hand, an as
sociation is operationally defined as the type of word re-
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Figure 3. Two-dimensional multidimensional scaling solution
for nouns, locations, verbs, and determiners.

cago

\
request

sketch

consider

her

car wilding

vestigated issues that were typically semantic in nature:
various types of semantic and associative priming, use
ofneighborhoods as word definitions, semantic paralex
ias, and accounting for results ofword production norms.
The simple idea behind the HAL model (and certainly
not unique to our work) that context determines word
meaning has been presented in another linguistic do
main. Ervin (1963; Ervin-Tripp, 1970) and many others
(see Nelson, 1977) have shown that a child's experience
with context is implicated in the acquisition of both se
mantic and grammatical knowledge.

There is compelling evidence that the word vectors
encoded in HAI:s global co-occurrence procedure carry
information about grammatical class. Perhaps it is not
surprising that the contextual nature of the representa
tions could encode grammatical information, given the
importance ofcontext in a developing child's grammatical
competence. At the same time, however, a singular acqui
sition mechanism that can learn semantic as well as
grammatical-class information violates the traditionally
held notion of representational modularity (see Burgess
& Lund, 1997a). We have explored these grammatical
and syntactic representational issues in detail elsewhere
(Burgess et al., 1998; Burgess & Lund, 1997a; see Finch
& Chater, 1992, for a similar approach).

In this section, two analyses ofgrammatical class will
be presented that show that HAI:s vector representations
encode grammatical-class information as well as se
mantic information. Vectors of words of different gram
matical classes were extracted from the model and ana
lyzed using an MDS procedure, just as with the semantic
categorization presented above. In Figure 3, it can be seen
that the nouns, verbs, determiners, and prepositions clus
ter into their own spaces. Words that are noun-verb am-

barn Cal~!V8Dia

autaaobil
nebraska

vehicle

lationships that is produced when a person free associ
ates. Yetthis is an unsatisfying definition at a theoretical
level. It also confounds many types of word relationships
that can be found using a word-association procedure.
One intuitive conception of word association is that it is
related to the degree to which words tend to co-occur in
language (Miller, 1969). Spence and Owens (1990) con
firmed this long-held belief empirically. To see whether
this relationship between word association ranking and
lexical co-occurrence held for the language corpus that
we use for HAL, we used 389 highly associated pairs from
the Palermo and Jenkins (1964) norms as the basis for
this experiment (Lund et al., 1996). Wereplicated Spence
and Owens's effect; word association ranking was corre
lated (+.25) with frequency ofco-occurrence (in the mov
ing window). Our correlation was not as strong as theirs,
probably due to the fact that we used only the five
strongest associates to the cue word. However, using all
strongly associated word pairs allowed us to test a further
question. To what extent is similarity, at least as opera
tionalized in the HAL model, related to this co-occurrence
in language for these highly associated words? We di
vided these strongly associated pairs into those that were
semantic neighbors (associates that occurred within a ra
dius of 50 words in the hyperspace) and those that were
nonneighbors (pairs that were farther than 50 words
apart). Since all these items are strong associates. one
might expect that the word-association ranking should
correlate with co-occurrence frequency for both HAI:s
neighbors and HAI:s nonneighbors (recall that these two
groups ofwords collectively show a +.25 correlation be
tween ranking and co-occurrence). The results were strik
ing. The correlation using the close neighbors is +.48;
the correlation for the nonneighbors is +.05. These re
sults suggest that the popular view that association is re
flected by word co-occurrence seems to be true only for
items that are similar in the first place. Word association
does not seem to be best represented by any simple no
tion of temporal contiguity (local co-occurrence). From
the perspective ofthe HAL model, word meaning is best
characterized by a concatenation of these local co
occurrences (i.e., global co-occurrence-the range of
co-occurrences [or the word's history ofco-occurrence] )
found in the word vector. A simple co-occurrence is prob
ably a better indicator of an episodic relationship, but a
poor indicator for more categorical or semantic knowl
edge. One way to think about global co-occurrence is
that it is the contextual history ofthe word. The weighted
co-occurrences are summed indices of the contexts in
which a word occurred. Next, we will review evidence
that the contextual nature of the origin of meaning in
HAI:s representations provides more than simple seman
tic knowledge.

Grammatical Knowledge
In the previous section, the high-dimensional mean

ing spaces were described as both semantic and contex
tual. The bulk of the early work with the HAL model in-
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Figure 5. Two-dimensional multidimensional scaling solution
for (A) unambiguous past-participle verbs and (B) unambiguous
past-tense verbs.

Burgess & Lund, 1997a, Simulation 3). These verbs are
unambiguous and clearly distinguished by their vector
representations. The exception to this is the past partici
ple verb seen. Although seen is a past participle, it is
coming into relatively common, albeit ungrammatical,
use as a past tense (as in "I seen it"), which is reflected
in the input corpus and, ultimately, in the word's vector
representation and its migration to the past-tense space.
In Burgess et al. (1998), an analogous pattern of results
was seen with verbs of implicit causality, such asflatter
and praise. Verbs of implicit causality are interpersonal
verbs that have a semantic bias that specifies whether the
agent or the patient is most likely to carry out the action
of the verb. This becomes clear in Sentences Ia and lb.

la. The sportscaster praised the Huskers.

Ib. The sportscaster flattered the Wolverines.

In Sentence Ia, the sportscaster is praising a team be
cause of their impressive victory in the Orange Bowl. In
Sentence Ib, the verb flattered suggests an ulterior mo
tive on the part of the sportscaster-probably a disin
genuous attempt to interview players after a narrow vic
tory in the Rose Bowl. Au (1986) had subjects sort verbs
of implicit causality into "meaningful" groups. The
MDS ofthe human categorization reflecting Au's results
and the MDS of these verbs in Burgess et al. (1998) are
very similar. The overall grammatical distinction is made
in both results, and internal semantic relationships are
also present.

Grammatical information seems to be carried in HA~s
word vectors. This can be seen for grammatical categories
that vary greatly in their syntactic role (nouns, verbs, prep
ositions, and determiners). It can also be seen for more
subtle distinctions within grammatical classes (determin-
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biguities (sketch, building) straddle the high-dimensional
fence between these two grammatical categories. The
same pattern of grammatical-class discrimination was
seen in Burgess and Lund (1997a), in which a more sys
tematic approach was taken. Nouns and verbs that had
been part of the stimuli from an online parsing experi
ment were used, along with a larger set ofdeterminers and
prepositions (Simulation 2). The results presented here
replicate the basic grammatical categorization effect
found in the Burgess and Lund (1997a) paper.

Nouns, verbs, prepositions, and determiners occur in
very different parts of a sentence due to their differing
roles in the syntactic structure of the sentence. From the
perspective of contextual constraints and how substi
tutability will playa role in these contextual constraints,
it follows that these coarsely coded grammatical categories
would be part ofwhat is encoded in a global co-occurrence
procedure such as HA~s. A much more challenging prob
lem would be the categorization of subcategories ofclasses
all belonging to the same grammatical category. Figure 4
illustrates this with different types of determiners. Arti
cles (a, an, the), demonstratives (this, these, those), and
genitives (her, his, our, their) all separate into their own
portion of the context space. This result goes beyond the
earlier result that demonstrated the separation of the dis
tinct grammatical classes. In this case, these determiners
occupy the same location in the surface structure ofa sen
tence: a dog, this dog, her dog. However, the higher order
distributional information associated with these differ
ent classes of determiners has to be implicit in the word
vectors in order to obtain a result such as that shown in
Figure 4. A similar pattern can be seen when we look at
the high-dimensional spaces occupied by simple past
participle verbs and past-tense verbs, such as those seen
in Figures 5A and 5B, respectively (modeled after

Figure 4. Two-dimensional multidimensional scaling solution
for three subclasses of determiners: (A) articles, (B) demonstra
tives, and (C) genitives.
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ers, different types of verbs). The analyses presented
here (and elsewhere; see Burgess & Lund, 1997a) suggest
that HAVs word vectors carry important grammatical
class information and semantic information (also see Finch
& Chater, 1992). This grammatical-class information
appears to be sufficient to make coarsely coded distinc
tions (nouns, verbs, determiners) and more finely coded,
within-class discriminations (Burgess & Lund, 1997a).

DISCUSSION

The HAL model offers an account of how simple epi
sodic associations (defined here as local co-occurrences)
are transduced into categorical knowledge. Word-mean
ing vectors represent the contextual history of a word
in a sense, the word's learning history. This contextual
history (referred to as global co-occurrence) was shown
to be informative in modeling a variety of categorical
and semantic effects. Two domains-semantic and gram
matical categorization-were addressed. We saw that
HAL can be used to replicate the semantic priming effect
by use ofthe distance metric. One ofthe first HAL results
used the semantic distance metric to analyze two differ
ent sets of prime-target pairs from two different experi
ments. The analysis of Shelton and Martin's (1992) stim
uli demonstrated that there was an asymmetry in the
semantic relatedness that might have resulted in an over
estimation of the effect of word association over seman
tic relatedness in determining the semantic priming effect.
Although it is a commonly held beliefthat temporal con
tiguity is closely related to human word associations
(Miller, 1969; Spence & Owens, 1990), Lund et al. (1996)
found that the correlation between word-association rank
ing and (local) word co-occurrence was a product of the
contextual similarity of the words. Words that are not sim
ilar to begin with did not show a correlation between asso
ciation ranking and co-occurrence. In HAL, an association
is probably best characterized as the local co-occurrence
of items. However, it is the global co-occurrence (contex
tual similarity) that is most informative in modeling these
semantic effects. Although there is evidence that sug
gests that semantic similarity does not produce automatic
bottom-up priming (Lupker, 1984; Shelton & Martin,
1992), recent results with visual-neglect patients (Cush
man et aI., 1993) and with the same procedures used by
Shelton and Martin (i.e., McRae & Boisvert, in press)
converge on the conclusion that, with sufficiently similar
word pairs, retrieval is rapid and automatic.

The priming results suggest that there is a meaningful
organization ofthe spaces around a word. Neighborhoods
of words close to a target word in the hyperspace mimic
what could be viewed as a connotative definition. For ex
ample, the close neighbors to beatles reveal that the word
has relationships with original and band and to the con
cepts song and album. More impressively, human sub
jects are able to use the words in the neighborhoods to
converge on the word that produced the neighborhood in
the first place. An important limitation of these neigh-

borhoods, however, is that they reflect more the contex
tual connotation of meaning. Although a neighborhood
may possess synonyms ofa word, most neighbors do not
suggest any kind ofdenotative definition. The neighbor
hoods are probably best thought ofas a set of contextual
cues that are useful in memory retrieval.

HAVs word vectors were also shown to be able to pro
vide for the semantic categorization ofa set ofnouns (Fig
ure 2), again with a result similar to that ofa human faced
with the same task. HAVs categorization ability was not
limited to simple nouns, however. The vector represen
tations encode information that also provides for gram
matical categorization. In Figure 3, it is clear that nouns,
verbs, and determiners occupy different parts ofthe high
dimensional space. Also, nouns representing common
objects were segregated from the category ofproper nouns
corresponding to geographic locations, replicating the
effect seen in Figure 2. More subtle differences within
the class ofdeterminers was also something that the vec
tor representations were sensitive to (Figure 4). These
grammatical and semantic categorical results suggest
that word representations can encode what are typically
considered different types of categorical information.
From the perspective of a global co-occurrence model,
context provides the basis that obviates the need for rep
resentational modularity. The idea is controversial and
invites a rethinking of the nature of similarity.

Rethinking Similarity
Most notions ofsimilarity hinge on the idea that con

cepts share some set of features (Komatsu, 1992). A car
and a truck are similar because they both have tires, can
be steered, transport people and things from place to place,
and so on. These shared features provide the mechanism
for similarity judgments, word recognition, or use by higher
level comprehension systems. The notion of similarity in
the HAL model is rather different. Concepts are similar
because they occur in similar contexts. This is why, in our
more recent work, we have been reluctant to refer to HAL
as a semantic model-its representations encode mean
ing at a broader level of meaning. Meaning is a function
of the contexts that words occur in, and, as a result, it of
fers an opportunity to consolidate, into one representa
tional model, a diverse range of cognitive effects.

Using input units (words in the case of HAL) as the
"features" by which meaning vectors are formed pro
vides a clear grounding between symbol and environ
ment. Berwick (1989) described the selection of labels
for semantic or primitive features of meaning as a "haz
ardous game" (p. 95). The selection of any set of mean
ing elements is theoretically presumptive. Osgood et al.'s
(1957) original approach of using the semantic differen
tial required a commitment to a set ofadjective pairs that
delineates the semantic features. Global co-occurrence of
fers a partial solution to this problem. There is still a com
mitment to a set of meaning units, but the meaning units
are, in the case of HAL, simply the input units. A simi
lar co-occurrence approach has been successful in deal-



ing with the speech segmentation problem using pho
netic segments (Cairns, Shillcock, Chater, & Levy, 1997).
Thus, it becomes increasingly plausible to imagine an
even more complete model of word meaning in which a
simple learning algorithm could be used to develop dif
ferent levels ofrepresentations, all capitalizing on the con
texts in which words or phonemes are found.

Another important departure from the traditional view
of similarity involves the relationship between nouns and
verbs in sentences. In another paper (Burgess & Lund,
1997a), we discuss how the context distances between
nouns and verbs (e.g., "the cop arrested ...") predicts
whether or not human subjects will experience a pro
cessing load with syntactically ambiguous sentences.
Using the traditional view of similarity, it is difficult to
discuss how the concept cop and the concept arrested are
similar. Clearly, there are important relationships between
these two words: Arresting is part ofthe job ofa cop, and
cops are much more likely to arrest someone than to get
arrested. But cop and arrested are not similar in the usual
sense. How the entity cop and the action depicted by the
verb arrested are similar is a function ofcontext. Global
co-occurrence is a process of concept acquisition that
provides for the encoding ofcontext in a straightforward
fashion in a high-dimensional memory space. Further
more, global co-occurrence allows for the encoding of
concepts for which it is typically very difficult to imagine
a set of features (abstract words, determiners, proper
names). This contextual basis underlying the HAL model
and the completely transparent way in which HAL ac
complishes this are what provide the motivation to grav
itate awayfrom more limited approaches ofthinking about
conceptual features.

Conclusions
The HAL model uses a simple learning mechanism

global co-occurrence-to encode experience into high
dimensional representations of meaning. Although the in
put to themodel is a large corpus oftext, it is easy to imagine
extending the basic notion of global co-occurrence to a
more complete and realistic set ofenvironmental contin
gencies. HAL has been useful as a model of word mean
ing and of the relationships between small numbers of
words. A similar model by Landauer and Dumais (1997;
also see Foltz, 1996), latent semantic analysis, has proven
effective in capturing meaning at the sentential and dis
course level. These models make a minimum ofassump
tions in how behavior is transduced into high-dimensional
representations that are, in a very real sense, a history of
learning. As a result, high-dimensional memory models
provide an account ofhow simple associations become the
semantic and grammatical building blocks of language.
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NOTES

I. I do not want to leave the impression that there is just one high
dimensional computational memory model. Kevin Lund and I started

working on the HAL (Hyperspace Analogue to Language) model in
1992. The first conference presentation discussing HAL was in 1994,
and the first publication was 1995. The work of Landauer and Dumais
(1997, and earlier work; also see Foltz, 1996) is very closely related to
our model. In fact, they are very close cousins-at a general level, the
basic approach is the same. They differ in a number of implementationa I
aspects, some of which may suggest important distinctions. Also, Nick
Chater's (Finch & Chater, 1992) work takes a similar approach, al
though Chater is more reluctant to see these models as psychological
models.

2. The process of frequency normalization and computing the dis
tance metric are intertwined. The distance metric in HAL is referred to
as Riverside context units. This is an arbitrary but frequency normalized
Euclidian distance metric. The first step in normalizing a vector is to
compute its magnitude (sum the squares ofthe elements, take the square
root of that, and divide by the number of elements). The magnitude is
then divided by 666.0, and each vector element is divided by the result
ing number.

3. Visual inspection of the MDS presentations in this paper appears
to show a robust separation of the various word groups. However, it is
important to determine whether these categorizations are clearly dis
tinguished in the high-dimensional space. Our approach to this is to use
an analysis ofvariance that compares the intragroup distances with the
intergroup distances. This is accomplished by calculating all combina
tions of item-pair distances within a group and comparing them with all
combinations of item-pair distances in the other groups. In all MDS pre
sentations shown in this paper, these analyses were computed, and all
differences discussed were reliable.
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