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INVITED REPLY

Theory and Operational Definitions in Computational Memory Models:
A Response to Glenberg and Robertson

Curt Burgess

University of California, Riverside

Glenberg and Robertson (2000) conducted three experiments to investigate the adequacy of
high-dimensional memory models in accounting for the meaningful interpretation of sentences. They
conclude that high-dimensional memory models (such as LSA and HAL) are inadequate as theories
of meaning. As an alternative account, they offer an embodied approach to cognition—the indexical
hypothesis. In this article, I detail how Glenberg and Robertson have failed to extend to the models
they criticize the same considerations that are extended to the humans in their experiments. The
model is evaluated without providing appropriate experience for the tests that are conducted.
Moreover, testing a representational model (e.g., LSA) for processing considerations is inappropriate
and ultimately contributes to what are serious flaws in their interpretation of their experimental
results. © 2000 Academic Press
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Semantics. The curse of man.
—Maxwell, The Singer Enigma

“Meaning is the most important problem
cognitive psychology. Meaning controls me
ory and perception. Meaning is the goal
communication” (from Glenberg & Robertso
2000, p. 1). Glenberg and Robertson (herea
GR) have succinctly characterized the centra
of meaning in our field and in their article th
have presented a criticism of the high-dim
sional memory (HDM) approach as inadequ
as a theory of meaning representation. T
present three experiments that they purpo
offer as evidence that HDM models cannot r
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resent meaning and offer an alternative
proach, the indexical hypothesis, that avo
several important problems that are attribute
HDM models in general.

The reader of the GR article will find it s
perficially compelling—the experiments a
methodologically solid (with one important e
ception), their examples are convincing, and
results are clear (perhaps to a fault). My goa
this article is to provide the reader with a d
cussion of how the arguments in GR are in
equately developed and how the concep
linkage is not provided for how the indexic
hypothesis should work. Finally, I discuss w
is the cause of these difficulties—a lack of
erational definitions of pivotal concepts in
indexical hypothesis. Throughout this article
provide some clarification of the HDM a
proach and discuss how the HDM models
provide a clear answer to a number of the q
tions that GR raise. This said, however, i
important to realize that GR have presente
set of experiments that make clear some lim
tions of the HDM approach. They argue t
these limitations are fatal with respect to h
HDM can provide an account of meaning
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argue that these limitations are more likely
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403RESPONSE TO GLENBERG AND ROBERTSON
implementational shortcomings rather than
oretical flaws.

In all three experiments, the Internet-acce
ble version of the LSA model (http://ls
colorado.edu; see Landauer & Dumais, 19
was used to compute similarity scores for G
stimuli. First, I briefly review the basic se
tence-comprehension results offered by
Then the interpretation of these results is
cussed in the context of how HDM models le
their representations.

GR’S EMPIRICAL RESULTS

Experiment 1

In this experiment, subjects read a sente
that provided a setting for an experimental s
tence that followed. Sensibility and envision
ratings were made by the subjects on three k
of experimental sentences (an example is
vided below).

Setting: Marissa forgot to bring her pillow on her
camping trip.

Afforded: As a substitute for her pillow, she filled
up an old sweater with leaves.

Nonafforded: As a substitute for her pillow, she
filled up an old sweater with water

Related: As a substitute for her pillow, she filled up
an old sweater with clothes

GR first analyzed the stimuli used in t
experiment using the LSA website to comp
cosines for the stimuli in the different con
tions. First, they found the cosine between
vectors constructed from the setting sente
and the vectors constructed from the experim
tal sentences. Landauer and Dumais (1997
these cosines to predict relatedness or cohe
of sentences. GR found no differences in
measure of relatedness across the condit
The second analysis examined cosines for
experimental sentence, where the cosine c
pared the vectors constructed from key wo
within each sentence. The cosines for the
forded and Non-afforded sentences were
different from one another and close to ze
Those two conditions resulted in cosines lo
than the cosines in the Related condition
different pattern of results was obtained with

sensibility and envisioning ratings from the sub-p
-
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jects on these sentences. GR obtained the r
predictable result—related and afforded s
tences were judged as more sensible and
sionable than the nonafforded sentences. O
ously the related and afforded conditions m
more sense in the context of the setting s
tence—but GR showed that LSA was unabl
detect this difference. As a result, GR concl
that LSA does not seem to capture meaning
language setting, a task that is trivially straig
forward for a person. GR argue that accord
to the indexical hypothesis “meshing depe
on an individual’s experiences.”1

Experiment 2

This experiment is very similar to Expe
ment 1. The value of Experiment 2 is that
afforded or nonafforded objects are held c
stant. The basic pattern of results, and G
conclusions, are similar to that of Experimen

Experiment 3

This experiment involves the innovative u
of denominalized verbs such asbookedthat can
take on a new meaning “on the fly.” The m
relevant task the subjects were asked to do
to make sensibility ratings of the critical se
tence after reading a context paragraph.
authors find that the afforded condition with
innovative verbs are rated as more sensible
the nonafforded conditions. Once again,
find that LSA seems insensitive to these c
textually novel uses of the denominalized ve
whereas humans are able to figure this out

GETTING MEANING INTO AN HDM
MODEL

How HDM models, such as LSA or HA
develop meaning representations involves
textual learning from language experience.
details are beyond the scope of this article
can be found elsewhere (Burgess & Lund, 20
Landauer & Dumais, 1997). In characteriz
the conceptual manipulation and language c
prehension of humans, the nature of the e

1 Somewhat curiously, the afforded condition is rate
ittle less sensible and envisionable than the related c
ion despite all the affording and meshing that is tak

lace.
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404 CURT BURGESS
rience and creativity in language usage are
portant issues. The basic flaw of
experiments conducted by GR lies in their f
ure to adequately extend two straightforw
premises about human cognition to the HD
models that they attempt to investigate.

Premise 1: The nature of the experience that a pers
or a model has is a powerful predictor of perfor-
mance. (In HDM models such as LSA or HAL, the
language experience is what determines the natu
of the memory representations.)

Premise 2: A person has an active and creativ
cognitive processing system to facilitate the use o
the contents of memory.

One might expect proponents of an emb
ment theory of cognition to be sensitive to h
experience facilitates performance. GR s
“meshing depends on an individual’s exp
ence.” Accepting this assertion highlights a m
jor flaw in the reasoning behind this entire se
experiments. The nature of the experience,
the corpus of text, simply does not provide
LSA model with the necessary information
plausibly test the contexts and sentences
GR use. The text used by the LSA model
plementation used by GR has no experie
with most, if not all, of the situations presen
by GR. What does it mean to say that LSA d
not have the requisite information? Meaning
a high-dimensional model, whether of a word
of a larger text unit, hinges on the contexts
which words occur. GR used an implementa
of LSA that was trained on the TASA corp
which lacks the experiences (contexts)
GR’s stimuli test. For example, there is no
perience of filling up sweaters with clothes fo
pillow or covering one’s face with a newspa
(see GR’s stimuli). Given the absence of th
kinds of contextual learning histories, LSA w
not fare well with the stimuli in these expe
ments. GR argue that this absence is no ex
for the failure of LSA since LSA did hav
experience with the particular words they us
However, to reiterate, it is the contextual ex
rience that is important for learning langua
not simply the exposure to words. LSA did n
have a contextual history with the novel wo
usage included in this set of experiments. H

ever, as GR point out, neither did their subjectA
-
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who were able to understand the afforded c
texts. This leads us to the next critical issue w
these experiments.

HUMANS ARE SMARTER THAN LSA
OR HAL!

There is another important issue, related
Premise 2. GR note that their subjects likely
not have the exact experiences describe
these experimental situations; however, t
rated the afforded and related conditions
more sensible. HDM models do not have
active online creative processing compon
The typical implementation of LSA and HA
for testing is that of a representational mo
One can use them to compute a variety of m
ory metrics—such as similarity by cosi
(LSA) or context distance (HAL). They a
processing models only during concept acqu
tion (although see Burgess & Lund, 1998; a
Li, Burgess, & Lund, in press, for examples
HAL implemented as a processing model).

Thus, GR’s experiments illustrate an imp
tant limitation of LSA (or HAL) and that is tha
these models are representational models
processing models. When one simply uses
vectors like GR did, they are using the rep
sentations devoid of processing. This is an
propriate research strategy as long as repre
tational issues are being investigated or if
can directly extrapolate from representation
processing.2

However, GR’s experiments have as an
portant concern the nature of the active c
structive language-comprehension process.
simply not reasonable to plop LSA or HA
vectors into a similarity comparison and pret
that it is reflecting the active comprehens
process. I think that Landauer and Dum
(1997) are clear about this (see p. 5 of G
LSA is put forth as a “possible theory about
human knowledge acquisition.” A bold cla
indeed, but note that the claim is about ac
sition, not ongoing language processing. F

2 An example of this would be the close corresponde
etween context distance (a representational metric) in
nd reaction time and semantic priming (reflections of
essing) (see Lund & Burgess, 1996; Lund, Burges
stchley, 1995; Lund, Burgess, & Audet, 1996).
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405RESPONSE TO GLENBERG AND ROBERTSON
thermore, LSA may represent “the underly
mechanism of human cognition.” Again no
that the claim is that LSA is the underlyi
mechanism, not the complete set of proces
that are required for active comprehension.

SEMANTIC OR EPISODIC?

Although the LSA and HAL models are co
pletely operationalized, their basic mechani
break with some cognitive traditions such as
putative relationship between local co-occ
rence of words in language and memory o
nization (Miller & Charles, 1991). Similarity i
LSA or HAL is not a matter of matching s
mantic features; similarity is driven by conte
tual substitutability. Meaning is represented
the higher order associative contextual his
(global co-occurrence)—not just simple co-
currence information (see Burgess & Lu
2000; Landauer & Dumais, 1997; Lund, B
gess, & Atchley, 1995; Lund, Burgess, & A
det, 1996). The acquisition process of LSA
HAL captures higher order associations
knowledge structures (not unlike a set of hid
units in a recurrent neural network—see B
gess & Lund, 2000; Burgess, Lund, & Kro
sky, 1997).

This is an important point because GR’s d
cussion of associations and LSA and HAL s
gest that they may test either episodic insta
with their stimuli or ask their participants
engage in complex language-comprehen
processing that goes beyond what one m
expect from these computational models. L
and HAL work because of the contextual ba
of word meaning acquisition. “Road” a
“street” are similar because they occur in si
lar contexts. Although a person can easily
derstand a sentence such asAs a substitute fo

er pillow, she filled up an old sweater w
eaves(from GR Experiment 1), such a sente
oses several problems for contexts mode
urrently instantiated (a limitation to be sur
illing a sweater with leaves is a new exp
nce for the model (assuming that the TA
orpus lacks descriptions of this behavi
hus, this novel episodic experience will n
ave a vector representation that will be sim
o anything within LSA’s realm of experience.
s,

s
e
-
-

y
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r

Beyond this, however, further constructive a
integrative processes may be required for
“pillow” meaning to be extracted (or co
structed on the fly) from the sweater filled w
leaves case. Of course, this is part of G
point—that LSA and HAL are not capable
this type of processing. Indeed, novel episo
experiences, even though the individual wo
are in the training corpus, may well not be a
to map onto existing representations in the m
els.

This point is also relevant to the distincti
between local co-occurrence (low dimensio
ity) and global co-occurrence (high dimensi
ality). For example, the contextual differen
between the nounbookand the verbbooked(as
n John booked the table) is substantial. Thu
he local co-occurrence of book with oth
ords will have little, if anything, to do with

epresentation for the verb booked. In LSA a
AL, local co-occurrence is not important (e
ept at the time of encoding—it is more of
pisodic phenomena). What is important
eaning is the global co-occurrence. Glo

o-occurrence is the weighted collection of
al co-occurrences or the context history o
ord. Forming hypothesis for experime
ased on local co-occurrence or more epis
timulus constraints and then testing them
DM model is almost certain to prove unfru

ul.3

Meaning in HDM models are a function
their experience and the substitutable natur
words in contexts. To the extent that resea
questions go beyond these constraints, on
likely to find difficulty in supporting the hy
potheses.

3 Again, the other problem with the innovative verb-
periment is that the innovative verbs were never (pres
ably) encountered by the LSA model during its mean
encoding process in the first place. HDM models hav
experience words in meaningful contexts which certa
results in a limitation in the ability to make novel repres
tations. However, as Landauer and Dumais (1997) de
strate, LSA can learn what a word means long before
experienced if the model has learned what similar w
mean—a striking example of the power of inductive le

ing.
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406 CURT BURGESS
SPECIFICITY IN A MODEL:
TRANSPARENCY VS OPAQUENESS

Whatever LSA and HAL’s limitations, cle
perationalization is not one of them. Bo
odels are completely transparent and the

elopers of the models have been very fo
oming in contributing vectors or other data
he research efforts of others. GR’s art
ould not have been possible without the av
bility of LSA cosines from Landauer’s w
ite (http://lsa.colorado.edu). It is frustrating
ead the discussion of GR’s experiments and
ave a sense of what the operational definit
ight be of the important components of
exical theory. One could better consider h
SA or HAL might be tested with respect

ndexical theory if there was a transparent p
entation of exactly what it means to “mesh
emory.” What is an affordance? What

hese intrinsic constraints that GR refer to?
ctly how do ideas combine? How does
ymbol-grounding process actually take pl
n indexical theory? The indexical hypothe
oes not in any explicit way present the answ

o these questions (although cf. Kaschak
lenberg, 1999). Apparently, affordances p
ide the wherewithal for memory meshing, th
omehow ideas combine, and then presto
ost magically, language comprehension

urs. Without a clearer idea of what these wo
ean (ironically enough) it is next to impossi

o think about what the theory is or what
echanisms are. Operational definitions nee
e spelled out in detail (ideally, to the point
here they could be implemented); one can
imply afford an operational definition.
This symbol-grounding issue is important
R’s argumentation. In earlier work, we ha
escribed how HDM models can make a ser
rst approximation to dealing with the conn
ion between symbol grounding and represe
ion (Burgess & Lund, 1997b, 2000). The p
osal can be made clearly because the mo
re completely articulated. One problem t
mbodied theories have is how to explain
epresentation of abstract words since they
ot “symbol-grounded” and are not sufficien

perationalized. The approach to symboc
-
-
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t
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e
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l-
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s

to

t

s
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ls
t

e

rounding taken by HDM models suggest
bvious solution to the abstract representa

ssue—the meaning of abstract words can
ncoded just like concrete words (see Aude
urgess, 1999; Burgess & Lund, 1997a). W
n other abstract language issues such as
phor and idiom is being pursued in my
Morrow, Peterson, Burgess, & Eakins, 19
nd also by Kintsch (in press-a) and Landa
1998).

CONCLUSIONS

Superficially, it is easy to take GR’s thr
xperiments at face value. The idea motiva

hese experiments presented by GR is laud
hey have used LSA to test the idea that cer
spects of language usage can serve as a v

o pit a high-dimensional theory of mean
gainst an embodied theory of mean
learly, GR have detailed some limitations

he high-dimensional approach. GR have d
nstrated that if a model does not have ap
riate experience, it will not be able to ad
uately generalize to novel uses of langua
hey also have clear results that humans
ake these novel connections without this
erience. This demonstrates that humans
marter and better language comprehen
han HDM models.

In order for LSA or HAL to reflect the activ
nd creative language-comprehension proc

he representations would have to be inco
ated into a processing model. Such a mo
ight then simulate the ongoing, more
amic, activity during comprehension wh
eems to be the goal of the “on the fly” kinds
ovel language usage that was a part of all t
xperiments. Doing this represents a major
earch effort to be sure. This “limitation” of t
odel raises a extremely important quest
ne which GR discussed in detail. Is this

imitation in principle (at a deep theoretic
evel), as GR assert, or a limitation in imp

entation? The art has not reached the sta
eing able to move beyond speculation on

ssue. Neither LSA or HAL are set up to direc
eal with the specific language issues that
aise. Nor is the embodied theory or the inde

lal hypothesis articulated in anywhere near suf-
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407RESPONSE TO GLENBERG AND ROBERTSON
ficient form to make predictions without f
reaching assumptions as to the linking hyp
eses and actual mechanisms. However, GR
framed a set of very important issues that
need to be addressed with future research.

I think it would be wrong to take these e
periments at face value for the various reas
discussed earlier. Although I disagree with m
of the conclusions that GR derive from th
results, I do not think it was unreasonable
these questions were pursued with a set of
periments. Most of the issues discussed in
rejoinder are issues that are frequently ra
with HDM modeling efforts. HDM models a
“new” in their implementation; however, th
have strong roots to the past in cognitive
behavioral psychology (see Burgess & Lu
2000; and Landauer & Dumais, 1997, fo
review). That such controversy can emerge w
the models will only to serve to clarify impo
tant psycholinguistic issues and encourage
further development of clear theoretical mod

GR have stronger reservations about
scope of LSA (sentences and larger disco
units) than the scope of HAL (words). Summ
vector representations to compute higher l
meaning may be an unsatisfying approach
some. However, without testing a model t
has learned on relevant contextual informa
it is premature to indict the LSA enterpris
particularly in the context of the wide range
empirical results that have appeared in the
erature (Foltz, 1996; Landauer & Duma
1997; Wolfe et al., 1998; among many othe
No doubt the future will see the developmen
hybrid computational approaches to sente
and discourse representation. Kintsch
press-b) has proposed that LSA word vec
could be incorporated into the Constructi
Integration theory of comprehension with m
ecologically valid results. Another hybrid a
proach by Miikkulainen and Aguirre-Ce
(1999) is incorporating HAL word vectors in
a connectionist architecture that develops
tential representations (see Miikkulain
1993). Theory development with variants
HDM models will require operationalizing ne
hybrid approaches such as these. Likewise,

ory development with the indexical hypothesis
-
ve
l

s
t

t
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is
d
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h

e
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e
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r
t
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requires this same level of operationalizatio
seriously compare the models. This is cru
for making clear predictions and for compar
models.

The authors want to make the case that
have shown the soft underbelly of HDM mod
and conclude that the high-dimensional the
is untenable. Even if one took the experime
by GR at face value, it would be hard to acc
the strong conclusions they propose given
broad range of empirical HDM modeling resu
already in the literature that suggest that th
models capture many aspects of word and
meaning. LSA and HAL are context mode
Violating the assumption that meaning hin
on contextual experience will guarantee th
context model will not perform well.
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