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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, | 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

Semantics. The curse of man. resent meaning and offer an alternative ap.
—Maxwell, The Singer Enigma  proach, the indexical hypothesis, that avoids

“ o . . _several important problems that are attributed tc
Meaning is the most important problem in :
HDM models in general.

cognitive psycho!ogy. 'V'ear?'”g .controls mem- The reader of the GR article will find it su-
ory and perception. Meaning is the goal of

commricaton (rom Glenberg & Roberson 7195 copelig™he experments ar
2000, p. 1). Glenberg and Robertson (hereaft%r gieatly P

) . . ception), their examples are convincing, and the
GR) have succinctly characterized the centrahtyesults are clear (perhaps to a fault). My goal ir

of meaning in our field and in their article theythis article is to provide the reader with a dis-
have presented a criticism of the high'dimen(:ussion of how the arguments in GR are inad
sional memory (HDM)_approach as i”_adequatgquately developed and how the conceptua
as a theory of meaning representation. Thq}ﬁkage is not provided for how the indexical

present three experiments that they purport i nnihesis should work. Finally, | discuss what
offer as evidence that HDM models cannot reps the cause of these difficulties—a lack of op-

erational definitions of pivotal concepts in the
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implementational shortcomings rather than thgects on these sentences. GR obtained the rath
oretical flaws. predictable result—related and afforded sen

In all three experiments, the Internet-accessiences were judged as more sensible and env
ble version of the LSA model (http://Isa.sionable than the nonafforded sentences. Obv
colorado.edu; see Landauer & Dumais, 1999usly the related and afforded conditions made
was used to compute similarity scores for GR’snore sense in the context of the setting sen
stimuli. First, | briefly review the basic sen-tence—but GR showed that LSA was unable tc
tence-comprehension results offered by GRietect this difference. As a result, GR conclude
Then the interpretation of these results is dighat LSA does not seem to capture meaning in
cussed in the context of how HDM models learfanguage setting, a task that is trivially straight-

their representations. forward for a person. GR argue that according
to the indexical hypothesis “meshing depends
GR'S EMPIRICAL RESULTS on an individual’'s experiences.”
Experiment 1 Experiment 2

In this experiment, subjects read a sentence This experiment is very similar to Experi-
that provided a setting for an experimental serment 1. The value of Experiment 2 is that the
tence that followed. Sensibility and envisioningafforded or nonafforded objects are held con-
ratings were made by the subjects on three kingéant. The basic pattern of results, and GR's
of experimental sentences (an example is preonclusions, are similar to that of Experiment 1.

vided below). Experiment 3

Setting: Marissa forgot to bring her pillow on her This experiment involves the innovative use

camping trip. N
Afforded: As a substitute for her pillow, she filed ~ Of denominalized verbs such sokedthat can
up an old sweater with leaves. take on a new meaning “on the fly.” The most
Nonafforded: As a substitute for her pillow, she relevant task the subjects were asked to do wa
filled up an old sweater with water to make sensibility ratings of the critical sen-

Related: As a substitute for her pillow, she filled up

an old sweater with clothes tence after reading a context paragraph. Th

authors find that the afforded condition with the
GR first analyzed the stimuli used in thisinnovative verbs are rated as more sensible tha
experiment using the LSA website to comput¢he nonafforded conditions. Once again, GR
cosines for the stimuli in the different condi-find that LSA seems insensitive to these con:
tions. First, they found the cosine between thtextually novel uses of the denominalized verbs
vectors constructed from the setting sentenaghereas humans are able to figure this out.
and the vectors constructed from the experimen-
tal sentences. Landauer and Dumais (1997) use GETTING MEANING INTO AN HDM
these cosines to predict relatedness or coherence MODEL
of sentences. GR found no differences in this How HDM models, such as LSA or HAL,
measure of relatedness across the conditiordevelop meaning representations involves con
The second analysis examined cosines for eatdxtual learning from language experience. The
experimental sentence, where the cosine cordetails are beyond the scope of this article anc
pared the vectors constructed from key wordsan be found elsewhere (Burgess & Lund, 2000
within each sentence. The cosines for the Aftandauer & Dumais, 1997). In characterizing
forded and Non-afforded sentences were ndihe conceptual manipulation and language com
different from one another and close to zergorehension of humans, the nature of the expe
Those two conditions resulted in cosines lower | _ L
than the cosines in the Related condition. '?r[ Somewhat_curlously, tr_]e_ afforded condition is rateda_
. . . tle less sensible and envisionable than the related condi
different pattern of results was obtained with th@on despite all the affording and meshing that is taking
sensibility and envisioning ratings from the subglace.
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rience and creativity in language usage are inwho were able to understand the afforded con
portant issues. The basic flaw of thdexts. Thisleads us to the next critical issue with
experiments conducted by GR lies in their failthese experiments.
ure to adequately extend two straightforward
premises about human cognition to the HDM HUMANS ARE SMARTER THAN LSA
models that they attempt to investigate. OR HAL!
Premise 1: The nature of the experience that a person The_re Is another |mporta_nt |ss_ue, re.lated _tC
' ) : Premise 2. GR note that their subjects likely did
or a model has is a powerful predictor of perfor- i . -
mance. (In HDM models such as LSA or HAL, the NOt have the exact experiences described i
language experience is what determines the nature these experimental situations; however, the)
of the memory representations.) rated the afforded and related conditions a:
Premise 2: A person has an active and creative more sensible. HDM models do not have an
f:gnltlve processing system to facilitate the use of active online creative processing component
e contents of memory. . . B
The typical implementation of LSA and HAL
One might expect proponents of an embodifor testing is that of a representational model.
ment theory of cognition to be sensitive to howDne can use them to compute a variety of mem
experience facilitates performance. GR statery metrics—such as similarity by cosine
“meshing depends on an individual's experi{LSA) or context distance (HAL). They are
ence.” Accepting this assertion highlights a maprocessing models only during concept acquisi
jor flaw in the reasoning behind this entire set ofion (although see Burgess & Lund, 1998; and
experiments. The nature of the experience, i.d.j, Burgess, & Lund, in press, for examples of
the corpus of text, simply does not provide thédAL implemented as a processing model).
LSA model with the necessary information to Thus, GR’s experiments illustrate an impor-
plausibly test the contexts and sentences thent limitation of LSA (or HAL) and that is that
GR use. The text used by the LSA model imthese models are representational models, n
plementation used by GR has no experiengarocessing models. When one simply uses th
with most, if not all, of the situations presentedrectors like GR did, they are using the repre-
by GR. What does it mean to say that LSA doesentations devoid of processing. This is an ap
not have the requisite information? Meaning irpropriate research strategy as long as represe
a high-dimensional model, whether of a word otational issues are being investigated or if one
of a larger text unit, hinges on the contexts irtan directly extrapolate from representation tc
which words occur. GR used an implementatioprocessing.
of LSA that was trained on the TASA corpus However, GR’s experiments have as an im-
which lacks the experiences (contexts) thaiortant concern the nature of the active con-
GR’s stimuli test. For example, there is no exstructive language-comprehension process. It i
perience of filling up sweaters with clothes for asimply not reasonable to plop LSA or HAL
pillow or covering one’s face with a newspapewectors into a similarity comparison and pretend
(see GR’s stimuli). Given the absence of thesihat it is reflecting the active comprehension
kinds of contextual learning histories, LSA willprocess. | think that Landauer and Dumais
not fare well with the stimuli in these experi-(1997) are clear about this (see p. 5 of GR).
ments. GR argue that this absence is no excus8A is put forth as a “possible theory about all
for the failure of LSA since LSA did have human knowledge acquisition.” A bold claim
experience with the particular words they usedndeed, but note that the claim is about acqui-
However, to reiterate, it is the contextual expesition, not ongoing language processing. Fur-
rience that is important for learning language,
not simply the exposure to words. LSA did not ? An example of this would be the close correspondence

have a contextual histor ith the novel Orci;etween context distance (a representational metric) in HAL
v Xt IStory wi Vel w nd reaction time and semantic priming (reflections of pro-

usage included in this set of experiments. HOWsessing) (see Lund & Burgess, 1996 Lund, Burgess, &
ever, as GR point out, neither did their subjectatchley, 1995; Lund, Burgess, & Audet, 1996).
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thermore, LSA may represent “the underlyindeyond this, however, further constructive and

mechanism of human cognition.” Again noteintegrative processes may be required for the
that the claim is that LSA is the underlying“pillow” meaning to be extracted (or con-
mechanism, not the complete set of processegructed on the fly) from the sweater filled with

that are required for active comprehension. |eaves case. Of course, this is part of GR’s
SEMANTIC OR EPISODIC? pqmt—that LSA anq HAL are not capab!e of_

this type of processing. Indeed, novel episodic

Although the LSA and HAL models are com-gyperiences, even though the individual words

pletely operationalized, their basic mechanismsgq in the training corpus, may well not be able

break with some cognitive traditions such as thfn0 map onto existing representations in the mod
putative relationship between local co-occury,

rence of words in language and memory orga-
nization (Miller & Charles, 1991). Similarity in

LSA or HAL is not a matter of matching se-
mantic features; similarity is driven by contex-

tual substitutability. Meaning is represented b
etween the nouhookand the vertbooked(as

the higher order associative contextual histor ) )
(global co-occurrence)—not just simple co-ocin John booked the tabjas substantial. Thus,

currence information (see Burgess & Lundthe local co-occurrence of book with other
2000: Landauer & Dumais, 1997: Lund, Bur-words will have little, if anything, to do with a
gess, & Atchley, 1995; Lund, Burgess, & Au-representation for the verb booked. In LSA and
det, 1996). The acquisition process of LSA oHAL, local co-occurrence is not important (ex-
HAL captures higher order associations agept at the time of encoding—it is more of an
knowledge structures (not unlike a set of hiddeapisodic phenomena). What is important for
units in a recurrent neural network—see Burmeaning is the global co-occurrence. Global
gess & Lund, 2000; Burgess, Lund, & Krom-co-occurrence is the weighted collection of lo-
sky, 1997). cal co-occurrences or the context history of &
This is an important point because GR’s disword. Forming hypothesis for experiments
cussion of associations and LSA and HAL sughased on local co-occurrence or more episodi
gest that they may test either episodic instancesimulus constraints and then testing them in ¢
with their stimuli or ask their participants to HDM mode| iS a|most Certain to prove unfruit_
engage in complex language-comprehensigy, 3
processing that goes beyond what one might Meaning in HDM models are a function of

expect from these computational models. LS4y qir experience and the substitutable nature
and HAL work because of the contextual basig ;s in contexts. To the extent that researct

?f word meaning acquisition. “Road_” a_nd_questions go beyond these constraints, one |
street” are similar because they occur in S'm'Tiker to find difficulty in supporting the hy-
lar contexts. Although a person can easily un-
derstand a sentence suchAssa substitute for potheses.
her pillow, she filled up an old sweater with

leaves(from GR Experiment 1), such a sentence ® Again, the other problem with the innovative verb-ex
oses several broblems for céjnte ts model éeriment is that the innovative verbs were never (presum
poses sev P S XS S ay) encountered by the LSA model during its meaning

cgr_rently inStantiate_d (a ”mita_tion to be Sure)_encoding process in the first place. HDM models have to
Filling a sweater with leaves is a new experiexperience words in meaningful contexts which certainly
ence for the model (assuming that the TASAesults in a limitation in the ability to make novel represen-

corpus lacks descriptions of this behavior)t.atlons. However, as Landauer and Dumais (1997) demqn
trate, LSA can learn what a word means long before it is

Thus, this novel epISOdIC_ eXpenen_CG Wll_l r_'ofexperienced if the model has learned what similar words
have a vector representation that will be similagean—a striking example of the power of inductive learn-

to anything within LSA’s realm of experience.ing.

This point is also relevant to the distinction
between local co-occurrence (low dimensional-
ity) and global co-occurrence (high dimension-
lity). For example, the contextual difference
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SPECIFICITY IN A MODEL: grounding taken by HDM models suggest an
TRANSPARENCY VS OPAQUENESS  obvious solution to the abstract representatior
Whatever LSA and HAL'’s limitations, clear |ssue—thfa meaning of abstract words can bt

. T encoded just like concrete words (see Audet &
operationalization is not one of them. BOﬂburgess 1999; Burgess & Lund, 1997a). Work
models are completely transparent and the dSh other' abstrz;ct language issu,es such.as me
velopers of the models have been very forth:

DT I aphor and idiom is being pursued in my lab
coming in contributing vectors or other data t Morrow, Peterson, Burgess, & Eakins, 1999)
the research efforts of others. GR’s articl ’ ’ ’ ’

nd also by Kintsch (in press-a) and Landaue
would not have been possible without the avail(lggs) y (inp )

ability of LSA cosines from Landauer's web
site (http://Isa.colorado.edu). It is frustrating to CONCLUSIONS
read the discussion of GR’s experiments and not Superficially, it is easy to take GR's three

have a sense of what the operational definitiong o riments at face value. The idea motivating
might be of the important components of iNyhege experiments presented by GR is laudabls
dexical theory. One could better consider howpey have used LSA to test the idea that certait
LSA or HAL might be tested with respect 10 55pects of language usage can serve as a vehic
indexical theory if there was a transparent preg, pit a high-dimensional theory of meaning
sentation of exactly what it means to “mesh "hgainst an embodied theory of meaning.
memory.” What is an affordance? What argjearly, GR have detailed some limitations of
these intrinsic constraints that GR refer to? Expe high-dimensional approach. GR have dem
actly how do ideas combine? How does thgnsirated that if a model does not have appro
symbol-grounding process actually take placgriate experience, it will not be able to ade-
in indexical theory? The indexical hypothesi%uatew generalize to novel uses of language
does not in any explicit way present the answeffney also have clear results that humans ca
to these questions (although cf. Kaschak &nake these novel connections without this ex
Glenberg, 1999). Apparently, affordances properience. This demonstrates that humans ar
vide the wherewithal for memory meShing, the%marter and better |anguage Comprehendel
somehow ideas combine, and then presto, a8han HDM models.
most magically, language comprehension oc- |n order for LSA or HAL to reflect the active
curs. Without a clearer idea of what these wordgnd creative language-comprehension proces
mean (ironically enough) it is next to impossiblehe representations would have to be incorpo
to think about what the theory is or what therated into a processing model. Such a mode
mechanisms are. Operational definitions need tight then simulate the ongoing, more dy-
be spelled out in detail (ideally, to the point tonamic, activity during comprehension which
where they could be implemented); one canngleems to be the goal of the “on the fly” kinds of
simply afford an operational definition. novel language usage that was a part of all thes
This symbol-grounding issue is important inexperiments. Doing this represents a major re
GR’s argumentation. In earlier work, we havesearch effort to be sure. This “limitation” of the
described how HDM models can make a seriousiodel raises a extremely important question
first approximation to dealing with the connecone which GR discussed in detail. Is this a
tion between symbol grounding and representéimitation in principle (at a deep theoretical
tion (Burgess & Lund, 1997b, 2000). The prodevel), as GR assert, or a limitation in imple-
posal can be made clearly because the modetsentation? The art has not reached the state «
are completely articulated. One problem thabeing able to move beyond speculation on this
embodied theories have is how to explain thissue. Neither LSA or HAL are set up to directly
representation of abstract words since they adeal with the specific language issues that GF
not “symbol-grounded” and are not sufficientlyraise. Nor is the embodied theory or the indexi-
operationalized. The approach to symbatal hypothesis articulated in anywhere near suf
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ficient form to make predictions without farrequires this same level of operationalization to
reaching assumptions as to the linking hypottseriously compare the models. This is crucial
eses and actual mechanisms. However, GR hafigeg making clear predictions and for comparing
framed a set of very important issues that wilmodels.
need to be addressed with future research. The authors want to make the case that the
| think it would be wrong to take these ex-have shown the soft underbelly of HDM models
periments at face value for the various reasorad conclude that the high-dimensional theory
discussed earlier. Although | disagree with moss untenable. Even if one took the experiments
of the conclusions that GR derive from theiby GR at face value, it would be hard to accept
results, |1 do not think it was unreasonable thahe strong conclusions they propose given the
these questions were pursued with a set of ekroad range of empirical HDM modeling results
periments. Most of the issues discussed in theready in the literature that suggest that thes
rejoinder are issues that are frequently raisedodels capture many aspects of word and tex
with HDM modeling efforts. HDM models are meaning. LSA and HAL are context models.
“new” in their implementation; however, theyViolating the assumption that meaning hinges
have strong roots to the past in cognitive andn contextual experience will guarantee that &
behavioral psychology (see Burgess & Lundgontext model will not perform well.
2000; and Landauer & Dumais, 1997, for a
review). That such controversy can emerge with REFERENCES
the models will only to serve to clarify impor- Audet, C., & Burgess, C. (1999). Using a high-dimensional
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