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Abstract. For the past 50+ years, psychologists have worked to deduce formal 
expressions of how people perceive, learn, remember, think, and know. That ef-
fort has led to impressive progress for understanding human cognition. However, 
the theories are rarely applied outside the aim of theoretical debate. In this paper, 
we present an example of our work that leverages computational expressions of 
human cognition to build technologies. In particular, we focus on a psychologi-
cally-inspired search engine that finds documents by matching the meaning of a 
search term to the content of documents in the psychological record. 
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1 Introduction 

For the past 50+ years, psychologists have worked to deduce formal expressions of how 
people perceive, learn, remember, think, and know. That effort has led to impressive 
theoretical progress, but those theories and expressions are rarely applied outside the 
ceremonies of academic debate. 

A number of psychologists have begun to address this shortcoming.  For example, 
Johns et al. (2017) used a model of human semantic memory to predict mild cognitive 
impairment from verbal behaviour.  Rubin, Koyejo, Jones, and Yarkoni (2016) used 
semantic models to summarize imaging data from the psychological record (see also 
Rubin et al., 2017). Kwantes, Derbentseva, Lam, Vartanian, and Marmurek (2016) used 
semantic models to predict personality profiles from essay data. Bedi et al. (2015) used 
semantic models to predict mental health from verbal reports. Foltz, Laham, and Lan-
dauer (1999) used a semantic model to grade undergraduate essays. Brooks’s (1991) 
work on cognitive subsumption architectures advanced robotics. And, of course, artifi-
cial neural networks have long served as an important engine in intelligent systems 
(e.g., LeCun, Bengio, & Hinton, 2015; Rumelhart, Hinton, & McClelland, 1986; Ros-
enblatt, 1958). 

The work that follows contributes to this emerging effort. In specific, we apply a 
modern psychological theory of human semantic memory to illustrate a psychologi-
cally-inspired search engine for document representation and retrieval.  
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1.1 The Problem 

Scientists and scholars often depend on keyword search engines to retrieve information 
from the published record. In psychology, PsycINFO is the standard example. 

PsycINFO is a database maintained by the American Psychological Association that 
catalogs, organizes, and collates published work from over 2,500 scholarly sources in 
the behavioural and social sciences. All documents are indexed by experts using a hi-
erarchical classification system that includes seventeen topics broken down into basic 
level and subordinate categories. For example, the topic Human Experimental Psychol-
ogy has six basic level categories (i.e., Sensory Perception, Motor Processes, Cognitive 
Processes, Motivation & Emotion, Conscious States, and Parapsychology). Basic level 
categories are broken down into more specific subcategories (e.g., Cognitive Processes 
is broken down into Learning & Memory and Attention).  

Because PsycINFO is proprietary, the company’s search algorithms are unpublished. 
However, the search interface provides some strong clues on its function.  For example, 
one can search using keywords by abstract, author, document title, location, publication 
title, subject heading, identifier (keywords), and major subject; as well as more tech-
nical metadata (e.g., publisher, email, dissertation number).   

To a large extent, the PsycINFO search engine works well.  But, keyword matching 
suffers from rational shortcomings. Primarily, keyword matching assumes a simple re-
lationship between a signifier (i.e., a word) and its signified (i.e., the word’s meaning). 
However, that premise is naïve: polysemous words have multiple meanings (e.g., bank) 
and a word’s meaning can change depending on context (e.g., a rough draft versus a 
rough ride). As a consequence, keyword matching has difficulty finding documents that 
use different words to express the same idea and misconstrues the relationship between 
documents that use the same words to express different ideas. Secondly, different re-
search traditions use different vocabularies.  For example, linguists and psycholinguists 
study overlapping problems and phenomena, but they express their knowledge in dif-
ferent ways.  To the extent that meaning overlaps where vocabulary differs, keyword 
search can be blind to those connections. Thirdly, keyword search assumes the user’s 
vocabulary.  But, if a user does not already have the vocabulary needed to conduct a 
search, they can find themselves in a catch 22. 

The research field of information retrieval has tried to solve the problem by devel-
oping semantically indexed search methods (Bontcheva, Tablan, & Cunningham, 
2014). One dominant method is semantic annotation—a process in which humans or 
machines add semantically oriented metadata to documents.  Once a document is se-
mantically annotated, the user can search the semantic metadata for a match.  Although 
the method takes a meaningful step toward a semantically indexed search tool, it still 
(in the end) relies on keyword search on the semantic metadata. A second method in-
volves representing words as nodes in a graph. Although graph methods go a step fur-
ther toward developing a framework for semantically indexed search, they are not mo-
tivated by psychological concerns or constraints. Therefore, graph methods are unlikely 
to produce a network of meaning consistent with the one observed in human language.  

The question we ask, is can psychology contribute wisdom and methods to the de-
sign of semantic indexing and search?  
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1.2 What does Psychology have to offer? 

Psychologists have worked since the 1940s to derive a quantitative representation of 
word meaning.  By historical convention, that effort is thought to have started with 
Osgood's (1952) work on the semantic differential and with George Miller's work on 
Project Grammarama. In the late 1960s into the 1970s, focus shifted to a representation 
of word meaning encoded in hierarchical and propositional networks (e.g., Anderson, 
2013; Collins & Loftus, 1975; Collins & Quillian, 1969).  In the 1980s, psychologists 
turned to feature-based methods and quantified word meaning based on peoples' intro-
spective ratings about a word’s concreteness, imageability, meaningfulness, emotion-
ality, pleasantness, and so on (Gilhooly & Logie, 1980; Friendly, Franklin, Hoffman, 
& Rubin, 1982; Rubin & Friendly, 1986; Toglia & Battig, 1978). Although all of those 
methods advanced the field, the analysis was limited in scope and efficiency because 
they relied on hand coded meaning derived from introspective free report data. 

By the 1990s, psychological theories of semantics leapt forward with the invention 
of vector-space models for meaning. In contrast to prior methods, the vector-space 
models used machine learning techniques to extract word meaning based on patterns of 
word use in sizeable text corpora (e.g., months of articles from the New York Times).   

Although vector-space models differ in mechanism, all have the same goal of repre-
senting each word's meaning by a vector.  Once derived, the semantic vectors can be 
compared, combined, manipulated, and inspected to measure word meanings.  If the 
semantic vectors encode the same word relationships observed in human judgements 
(e.g., synonymy), the vectors are interpreted as a psychologically valid representation 
of semantics. If, however, the semantic relationships encoded to the vectors mismatch 
human judgements, the theory is rejected as a valid psychological account.   

Latent Semantic Analysis (LSA) is the canonical vector-space model (Landauer & 
Dumais, 1997).  LSA extracts word meaning from a text database by storing the corpus 
in a word-by-document matrix that records word frequencies, transforming the counts 
in the word-by-document matrix into corresponding measurements of entropy, decom-
posing the transformed word-by-document matrix using singular value decomposition, 
and re-constructing the matrix in a reduced dimensionality to obtain a semantic vector 
for each word. Despite LSA's simplicity, it does a remarkable job of tracking human 
language behaviour including the rate of language acquisition, human vocabulary 
judgements, word sorting behaviour, free association behaviour, and categorization. 

Bound Encoding of the Aggregate Language Environment (BEAGLE) is a second-
generation semantic model that was invented to solve LSA’s shortcomings (Jones & 
Mewhort, 2007).  BEAGLE operates by deriving a semantic vector for each word in a 
text corpus based on principles of distributed memory theory (Murdock, 1982, 1983, 
1995, 1997; Plate, 1995). The theory improves over LSA in several ways. Firstly, 
BEAGLE derives a representation of word meaning conditional on word order; LSA 
does not. Secondly, BEAGLE encodes information related to syntax and grammar; 
LSA does not. Thirdly, BEAGLE outperforms LSA in both the scope and precision 
with which it tracks human language behaviour including semantic typicality, catego-
rization, priming, and semantic constraint in sentence completions; in addition to 
tracking word prediction behaviour and grammatical sentence completion. Finally, 



4 

BEAGLE is grounded in established principles of human memory theory and therefore 
has a deep link to the history of theoretical advances and the empirical database on 
human cognition and behaviour. 

Although LSA and BEAGLE differ in important ways, they converge on the com-
mon goal of deriving a psychologically valid vector-space representation of word 
meaning. To the extent that they predict human language judgements, both theories 
offer a sound base representation of semantics. But, is that base representation sufficient 
to support the construction of a useful and psychologically valid semantic search en-
gine? 

The work that follows uses BEAGLE as the base technology for a psychologically 
valid and semantically indexed search engine. We apply the method to the published 
record from the field of experimental psychology. To illustrate the tool, we will derive 
semantic vectors for words from the psychological record, use the semantic vectors to 
summarize those documents, and, evaluate the system in a series of targeted tests. Fol-
lowing that analysis, we provide a brief illustration of how the tool can be used to derive 
insights into the database on the whole. 

2 The System 

2.1 Representation 

The Corpus. To derive the semantic word vectors, we obtained a corpus of 27,560 
documents from the suite of APA experimental psychology journals: Canadian Journal 
of Experimental Psychology (1947-2015), Journal of Experimental Psychology: Gen-
eral (1916-2015), Journal of Experimental Psychology: Animal Learning and Cogni-
tion (1975-2016), Journal of Experimental Psychology: Applied (1995-2016), Journal 
of Experimental Psychology: Human Perception, and Performance (1975-2016), Jour-
nal of Experimental Psychology: Learning, Memory, and Cognition (1975-2016), and 
Psychological Review (1894-2016).  The information we used in the simulations that 
follow included each document’s abstract, author names, and keywords.  

Deriving Semantic Vectors With BEAGLE. Next, we applied BEAGLE to derive a 
semantic memory vector for each word in the database.  

BEAGLE is a model of lexical semantics.  Broadly, it works by "reading" a text 
corpus and, en route, encoding a memory vector that represents the meaning of each 
word in that corpus. Mechanistically, the model is expressed in algebra.   

At the outset of a simulation, each of the i unique words in the corpus is represented 
by an environmental vector, ei.  Each environment vector has dimensionality n and each 
element in an environment vector takes a value randomly sampled from a normal dis-
tribution with mean zero and variance 1/n (in the simulations that follow, dimensional-
ity was set to n = 1,024). Environment vectors are stable over a simulation and are 
meant to serve as unique identifiers for the words in the corpus (i.e., the word’s ortho-
graphic and phonological identity).  
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Next, the model "reads" the corpus one sentence at a time to build a semantic 
memory vector for each word. The memory vector for each word, mi, is composed of 
two kinds of information: context information and order information. Context infor-
mation is computed by summing the environmental vectors for all other words in the 
same sentence (i.e., excluding the word of interest). For example, after reading the sen-
tence, “A dog bit the mailman,” the memory vector for dog is updated as mdog = mdog + 
ebit + emailman, the memory vector for bit is updated as mbit = mbit + edog + emailman, and 
the memory vector for mailman is updated as mmailman = mmailman + edog + ebit.  

As should be obvious, summing the environment vectors in this manner causes the 
memory vectors for all words in the same sentence to grow more similar to one another.  
Perhaps less obvious, the method also encodes higher-order associations between 
words.  For example, even if dog and beagle do not co-occur in the same sentence in 
the corpus, they will be similar to one another by virtue of having common words 
summed into their representations (e.g., loyal). 

Order information is computed by encoding information about which words follow 
one another in a sentence and updating the memory vector with that information. In 
particular, the first-order association between words (i.e., immediately adjacent words) 
is encoded using noncommutative circular convolution; hereafter denoted as circular 
convolution. 

Circular convolution is a vector operation that binds two vectors, x and y, to produce 
an associative vector, z, 

𝑧" = ∑ 𝑥&'()* × 𝑦(".&)'()**.0
&12 												{for	𝑖 = 0	to	𝑛 − 1} (1) 

where, n is the dimensionality of x and y. 
A convenient property of circular convolution is that it produces a vector, z, that is 

the same dimensionality as the inputs, x and y, thereby allowing the association be-
tween x and y to be summed into a single vector.  

Of course, there is higher-order sequential information in a sentence (e.g., sequences 
of three, four, or more words).  Thus, to represent second-, third-, and higher-order 
order information, BEAGLE applies the operation recursively to update a word's order 
information, 

𝑜" = ∑ 𝑏𝑖𝑛𝑑"&
>?.@>A.>B.0
&10   (2) 

where, oi is the order information for word i, p is the position of word i in the sentence, 
and bindij is the jth convolution for the word being coded.   

To illustrate the operation, the order information for the word dog, odog, in the sen-
tence, "a dog bit the mailman," is encoded as a sum of the following, 
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 (3) 

where  denotes circular convolution and Φ is a universal placeholder used in the 
computation of order information for every word in every position in every sentence 
(i.e., constructed as a random vector in the same way as the environment vectors), such 
that mdog = mdog + odog. 

In summary, BEAGLE uses the environment vectors to construct semantic memory 
vectors that represent the meaning of each word in the corpus as a combination of both 
context and order information. As the algebra indicates, the theory predicts that a word's 
meaning will reflect its history of co-occurrence with, and position relative to, other 
words in sentences. Thus, BEAGLE implements the wisdom from functional linguistics 
that, "You shall know a word by the company it keeps" (Firth, 1957). 

2.2 Building the document summaries  

Once we derived the semantic vectors for all 40,517 words in the 27,560 documents in 
the journal corpus, we used the word vectors to construct a representation for each of 
the 27,560 documents.  

Each document vector was computed as the sum of the word vectors that corre-
sponded to all w words in the document’s title, abstract, and keyword list, 

𝑑" = ∑ 𝑚&
E
&10   (4) 

where di is the semantic summary of document i, mj is the semantic memory vector 
corresponding to word j in document i, and w is the number of words in document i.  
Once constructed, the document representation was stored into the database of the 
27,560 documents. 

2.3 Searching the document space 

To search the document space, we constructed a query vector, q, that was equal to the 
sum of the word vectors corresponding to all w words in the query, 

𝑞 = ∑ 𝑚&
E
&10   (5) 

where, q is the search query, mj is the semantic memory vector for word j in the search 
query, and w is the number of words in the search query.  

structure.6 For the simulations reported here, lambda was set to
seven after Miller and Selfridge’s (1950) classic experiments with
order of approximation to English.

As an example, consider coding the order information for the
word dog in the sentence “A dog bit the mailman.” Because
function words are very important to syntactic structure, no stop
list or entropy weighting is used in the calculation of order infor-
mation. The order information for dog would be all of the n-gram
bindings around it.

binddog,1 ! ea !* !
binddog,2 ! ! !* ebit

!Bigrams

binddog,3 ! ea !* ! !* ebit

binddog,4 ! ! !* ebit !* ethe
!Trigrams

binddog,5 ! ea !* ! !* ebit !* ethe

binddog,6 ! ! !* ebit !* ethe !* emailman
!Quadgrams

binddog,7 ! ea !* ! !* ebit !* ethe !* emailman}Tetragram

odog ! "
j!1

7

binddog,j

Each of the n-gram convolutions produced is unique, and each
pattern is stored in the o vector with superposition. In the above
sentence, the trigram convolution for a dog bit is unique from the
bigram convolution for a dog; higher order n-gram associations are
different from their lower order constituents.

For example, binddog,1 codes the bigram association of a im-
mediately preceding the word being coded (dog). Furthermore,
binddog,2 records bit immediately succeeding the word being
coded, and binddog,3 codes the trigram association that the word
being coded appeared flanked by a on its left and bit on its right.
Even though the trigram a dog bit contains the bigrams a dog and

dog bit, the trigram association vector is unique compared with
either of its bigram constituents. All of the above convolutions are
unique from one another, but because circular convolution is being
used as the coding operation, they compress into the same dimen-
sionality and can all be summed into a single-order vector that
represents dog’s position in this sentence relative to the other
words. This o vector is then added to dog’s lexical representation,
which contains the position of dog relative to other words in all
sentences learned.

The lexical representation thus acquires a pattern of elements
that reflects the word’s history of position association with other
words in sentences. As text is experienced, more common associ-
ations become stronger (from superposition), and less common
associations are dampened. This produces a natural weighting in
the lexicon where lower order n-grams are more important to a
word’s order history than higher order n-grams simply because
lower order n-grams are more likely to be consistently encountered
as stable chunks across experience.

To demonstrate the structure learned by the convolution order
algorithm, Table 2 shows some nearest neighbors to various target
words (target words are capitalized) in the lexicon when trained on
TASA with order information only (2,048 dimensions and 90,000
words). It is clear from the table that a different pattern of structure
has emerged with the order-encoding algorithm, namely, lexical
classes. An action verb, such as went, is most similar to other
action verbs and gradually to other types of verbs. A locative, such
as below, is most similar to other locatives and then to some
temporal prepositions. A near neighbor to a noun is unlikely to be
a verb in this space, as was possible in the context space.

6 Information about long-distance dependencies in sentences can be
bootstrapped from the context information.

Table 2
Examples of Nearest Neighbors to Various Target Words in Order Space

MIKE SIX WENT BELOW HER MINUTES

dan .86 eight .68 ran .84 above .86 his .89 seconds .88
tom .84 five .65 came .84 beneath .84 my .83 moments .76
pete .83 seven .63 rushed .83 under .83 their .79 hours .63
ben .83 four .62 hurried .82 beyond .83 your .76 weeks .62
grandpa .83 nine .62 returned .80 across .83 its .75 days .59
jeff .83 ten .59 goes .79 near .82 the .73 months .59
ted .82 three .59 walked .77 on .82 our .72 inches .55
jim .82 twelve .57 moved .77 against .82 them .69 milliseconds .55
tim .82 eighteen .55 continued .77 through .82 him .66 innings .47
charlie .81 twenty .53 began .77 behind .82 me .64 yards .42
pam .81 thirty .53 proceeded .76 around .82 a .63 decades .42
dad .81 forty .52 clung .76 on .81 myself .61 beers .41
tommy .81 two .51 refused .75 in .81 herself .60 paces .41
joe .80 fifteen .51 fell .75 between .80 himself .60 cents .40
dave .80 several .51 rode .75 throughout .80 whom .59 ounces .40
bobby .79 eleven .50 drove .75 inside .79 an .59 years .39
jack .79 seventeen .49 appealed .74 within .79 these .58 centimeters .37
danny .78 fifty .48 sought .73 upon .78 any .57 spoonfuls .36
woody .78 twentyfive .48 liked .72 before .76 yourself .57 bites .35
andy .77 fourteen .48 listened .71 among .76 this .57 centimetres .35

Note. Numbers following neighbor words are vector cosines.
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Once computed, the search query, q, was used to search the database and a ranked 
list of the documents was retrieved. The ranked list was constructed by, first, computing 
the cosine similarity between q and each of i = 1…27,560 documents in the database, 

𝑆𝑖𝑚(𝑞, 𝑑") =
∑ IJ×)J
K
JLM

N∑ IJ
AK

JLM N∑ )J
AK

JLM

  (6) 

where q is the vector representing the search term, di is the semantic summary of doc-
ument i, and n is the dimensionality of the vectors under comparison.  Once the simi-
larity of the query to all documents was computed, a ranked list of the 27,560 docu-
ments was returned so that the document with the highest cosine similarity to q was 
ranked first (i.e., rank = 1) and the document with the lowest cosine similarity to q was 
listed last (i.e., rank = 27,560). 

In summary, we derived vector representations of word meaning using BEAGLE, 
we used the representations to encode documents, and we used a search query to re-
trieve a ranked list of all documents.  We now turn to the problem of evaluation. 

3 Assessing the system 

At face value, the system is already a psychologically-inspired semantic search engine: 
it uses a modern theory for human semantic memory to retrieve documents. But, does 
it work? 

Typically, psychological methods and theories are evaluated by their ability to pre-
dict human behaviour (i.e., fit by a descriptive criterion) or making error-free decisions 
(i.e., fit by a prescriptive criterion).  Unfortunately, a search engine evades both meth-
ods of evaluation.  Firstly, people do not perform document retrieval in the same way 
and, therefore, there is no behavioural profile to fit. Secondly, it is unclear which doc-
uments a search engine ought to retrieve and, therefore, it is not possible to assess if the 
documents retrieved are “correct”.  Nevertheless, there is no value in a system unless it 
can be shown to be successful in some objective manner.  Therefore, to make the eval-
uation, we conducted a series of simple rational tests.   

3.1 Simulation one: Recovering a target document  

In simulation one, we asked if the system can recover a target document. To answer the 
question, we conducted a Monte Carlo study.  In each simulation, we sampled a docu-
ment from the journal database, randomly sampled words from the document’s abstract, 
title, and keywords, constructed a search query from a set of randomly sampled words, 
queried the database, and recorded the retrieval rank of the target document. To evalu-
ate the system’s tolerance, we conducted 1000 simulations for queries composed of 5%, 
10%, 25%, 50%, and 100% of the words from the document’s abstract, title, and key-
words.   

To assess the model against some rational controls, we conducted two additional sets 
of simulations. The first control method repeated the Monte Carlo simulation already 
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described, but used random vectors to define word meaning and used those random 
vectors to construct document summaries and queries. To remain as consistent as pos-
sible with the simulation using BEAGLE, the random word vectors were constructed 
in the same way as the environment vectors that were used in the BEAGLE model to 
construct the semantic word vectors: as randomly generated vectors of dimensionality 
1,024 where each element was assigned a random deviate from a normal distribution 
with mean zero and variance 1/1,024 (see Jones & Mewhort, 2007). The second control 
method eschewed the vector-based method altogether and constructed the document 
list based on the number of times each word in the query occurred in a document so 
that the document retrieved at rank = 1 had the greatest word overlap with the words 
sampled from the target document and the document retrieved at rank = 27,560 had the 
least. 

Figure 1 shows the median retrieval rank for the target document depending on the 
percentage of words included in the query.  Results with the semantic vectors are shown 
in red; results with the nonsemantic vectors are shown in blue; and, results with the 
word match method are shown in grey. 

 
Fig. 1. Simulation one: Target document retrieval using semantic vector, nonsemantic vector, 
and word match methods. Performance shown as a function of the percentage of words sampled 
to the search query. 

There are three key results in Figure 1. Firstly, all three methods worked very well, 
performing perfectly in the majority of simulations (i.e., rank = 1) and retrieving the 
target document no worse than rank 30 out of 27,560 even when only a very small 
percentage of words was sampled to the query.  Secondly, the two vector-based methods 
(semantic and nonsemantic) worked better than the word match method.  Thirdly, the 
two vector-based methods worked equally well and performed perfectly as long 10% or 
more of the words in a document were included in the search term. 
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We conclude that the semantic search method can recover a target document very 
well and that it is surprisingly tolerant to an incomplete query.  However, the equivalent 
performance using the semantic and nonsemantic methods casts doubt on the value of 
using semantic vectors at all. 

3.2 Simulation two: Comparison of semantic and nonsemantic methods 

Simulation one shows that our system can recover a target document.  But it shows no 
advantage of using semantic over nonsemantic vectors. 

To test the value of semantics, we re-conducted simulation one. But, we constructed 
the search query using semantic associates of the words that were randomly sampled 
from the target document (e.g., the word memory was replaced by the word storage).  
In summary, the simulation asks how well a target document is retrieved based on a 
match to the ideas rather than the words in a query.   

Results of the simulation are presented in Figure 2 with the performance using se-
mantic vectors shown in red and performance using nonsemantic vectors shown in blue. 

 
Fig. 2. Simulation two: Target document retrieval for queries constructed with semantic associ-
ates using the semantic and nonsemantic vector models. Performance shown as a function of the 
percentage of words sampled to the search query. 

As shown in Figure 2, the semantic method recovers the target document much better 
than the nonsemantic method.  In fact, the nonsemantic method does very poorly, even 
when all words in the document are used.  In contrast, the semantic method does very well 
unless only a small percentage of words (i.e., less than 10%) is included in the query. How-
ever, we offer the excuse that the system still performs well if one considers that the words 
in the query are sampled at random and, therefore, can include few or no content relevant 
words. 
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In summary, when the search query is composed of words from the document abstract, 
the semantic and nonsemantic vector systems perform equally well.  However, when the 
search query is composed of semantically related words, the semantic method performs 
much better than the nonsemantic method.  Of course, the advantage has very strong prac-
tical importance: users should be able to express the intent of their search without the re-
quirement that they use the exact words in the document they are searching for. 

3.3 Simulation three: Relationship between semantic and nonsemantic 
search  

Simulation studies one and two provide initial evidence that a document can be recov-
ered better using semantic versus nonsemantic search.  However, the results have only 
expressed the difference in retrieval for a single target document. To address the issue, 
we conduct a simulation to determine if the document ranking produced by a semantic 
search matches or mismatches the document ranking produced by nonsemantic and 
word match retrieval methods. 

Simulation three repeated simulation one, but we measured the agreement (i.e., 
Spearman rank correlation) between the profiles for the semantic, nonsemantic, and 
word match methods over all 27,560 of the retrieved documents.  

The simulation results are presented in Figure 3 (e.g., the agreement between re-
trieval for the semantic and nonsemantic methods is shown in red).  Error bars show 
one standard error of the mean. 

 

 
Fig. 3. Simulation three: Agreement of retrieved lists using the semantic, nonsemantic, and word 
match methods. Performance shown as a function of the percentage of words sampled to the 
search query. 
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percentage of words included in the search query.  Secondly, the strength of agreement 
was largely consistent between the three methods.  Thirdly, there is a curious interaction 
where the weakest agreement was between the semantic and word match methods when 
a small percentage of words was included in the query, but the strongest agreement was 
between those same two methods when a large percentage of words was included in the 
query.  

We conclude that using semantic vectors is not crucial to retrieving a particular target 
document (see simulation one), but using semantic vectors retrieves a different profile 
of related documents—even when words are not replaced by semantic associates in the 
search query.  To the extent that the methods disagree on which documents are most 
and least related to the query (particularly true when the query is short), the semantic 
method returns different documents than the nonsemantic and word match methods. 

3.4 Simulation four: Finding structure in the database 

Simulations one, two, and three provide a picture of our system’s behavior. How-
ever, none of the simulations demonstrates its utility. In simulation four, we show that 
the theory can find and summarize structure in a database (i.e., in our case, the psycho-
logical record). 

To illustrate the case, we developed a semantic vector to represent each unique au-
thor in the database. An author vector was computed as, 

𝑎" = ∑ ∑ 𝑚&P
E
P10

)
&10   (7) 

where ai is the semantic summary of all documents written by author i, d is the number 
of documents published by author i, w is the number of words in document j by author 
i, and mjk denotes the semantic memory vector for word k in document j published by 
author i.   

Once constructed, we derived a cosine matrix that scored the similarity between all 
pairs of authors. A full matrix can be obtained by emailing the first author.  However, 
our corpus included 24,215 unique author names and, therefore, it is difficult to show 
the full matrix of results in any meaningful way.   

To compensate, Figure 4 presents a snapshot of the author space including a set of 
modern Canadian cognitive psychologists. The graph was constructed using multidi-
mensional scaling. 
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Fig. 4. Simulation four: The author space for a set of current Canadian cognitive psychologists. 

The graph shows relationships in three dimensions, where the similarity between au-
thors is represented by their proximity in the space. Given readers are unlikely to know all 
of the authors, we have overlaid a colour scheme that identifies clusters of researchers who 
work on related issues. Authors in the blue cloud work on problems associated with atten-
tion, authors in the green cloud work on problems related to memory, authors in the orange 
cloud work on problems related to language, authors in the red cloud work on problems 
related to reasoning, and the author in the yellow cloud works on decision making.  Of 
course, some of the relationships in the graph reflect co-publication.  But, the majority of 
relationships do not and, therefore, reflect inferences drawn by the theory. 

Unfortunately, we cannot score the solution. As we have already emphasized, it is not 
clear how to score the success of the solution given we do not know the prescriptive simi-
larity of authors. However, the illustration makes a more important point.   

The method for semantically indexed document retrieval can be applied generally to 
measure document similarities, author similarities, journal similarities (i.e., the sum of all 
words published in all papers published in a particular journal), institution similarities (i.e., 
the sum of all words published in all papers published by all authors at a particular institu-
tion), and so on. The method can also be used to compare across the vector categories. For 
example, one can compute the similarity between a document and the author vectors to 
retrieve potential manuscript reviewers, between a document and the journal vectors to 
decide which journal to submit a manuscript to, or between an author and their institution 
to decide how well they fit into their institutional history. We are currently working to 
develop and assess these applications.  
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4 Discussion 

By tradition, document retrieval systems are premised on keyword search.  However, 
keyword search is limited in several ways including missed relationships due to shifts 
in vocabulary as well as the difficulty of finding documents based on those issues. 

Researchers working in the discipline of information retrieval have recognized the 
problem and have focused on solving it.  To do so, that field has developed methods 
for semantic indexing based on techniques like semantic annotation and graph theory.  

The work we have presented takes a different approach. We use BEAGLE, a modern 
psychological theory of human semantic memory, to perform semantic indexing and 
document retrieval.  Because BEAGLE is a theory of semantics, our system is a valid 
semantically indexed retrieval system.  But, the demonstration makes a grander point. 
To the extent that BEAGLE mimics human language behaviour, our method presents a 
psychologically-inspired and empirically grounded method for document retrieval that, 
at least in principle, is more likely to return documents that match the user's intent (see 
Jones, Kintsch, & Mewhort, 2006; Jones & Mewhort, 2007). 

To evaluate the system, we reported a series of simulations. Those simulations 
showed that the system can recover a target document, that it is tolerant to incomplete 
search queries, and that it is superior to nonsemantic search.  Based on those demon-
strations, we are confident that the method works.  But, we did not provide an objective 
measurement about the quality and correctness of the particular documents that were 
retrieved. The problem is a general one for search engine design: without an objective 
method to determine which documents should be retrieved, there is no way to evaluate 
if the system was successful in retrieving them.  

By tradition, psychological theories are evaluated by one of two general criteria.  In 
a prescriptive analysis, a target is defined for how a system should behave.  Once de-
fined, the system is evaluated against that criterion: if it matches the prescriptive target, 
it is a good theory.  For example, a theory for classification might be trained on category 
exemplars.  Once it has learned the classification, it is tested on untrained exemplars. 
Its success is evaluated by the percentage of correct classifications.  In a descriptive 
analysis, measurements are obtained by experimentation and those measurements de-
fine how the model system does rather than should behave. Once defined, the system 
is evaluated against the descriptive target: if it matches the model system’s behaviour, 
it is a good theory.  For example, a theory for classification might be trained on known 
category exemplars. Once it has learned the classification, it is tested on untrained ex-
emplars and its success is evaluated against the percentage of classifications that are 
consistent with those given by the model system (e.g., human classifiers trained and 
tested on the same items). 

Although prescriptive and descriptive targets can agree, they often do not. As one 
illustration, Meyer et al. (2013) reported an experimental study in which 118 physicians 
correctly diagnosed 55.3% of easy and only 5.8% of difficult cases.  The distinction 
makes our point. Based on Meyer et al.’s example, it makes a good deal of sense to 
design a diagnostic system that fits the prescriptive rather than descriptive criterion—
else, accept a good many diagnostic errors.  But, there are cases where a descriptive 
approach is preferred. 
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For the field of cognitive computing, the distinction between prescriptive and de-
scriptive approaches is important.  In well-defined domains, a prescriptive approach 
makes good sense—the aim is to produce a behaviour that is consistent with established 
fact.  For example, it is more important in the domain of medical diagnosis to identify 
a disease correctly. However, in an ill-defined domain where facts are unknown, a de-
scriptive approach makes more sense. For example, it is more important in the domain 
of document search to retrieve documents that match a user’s intent. 

But, there is a more fundamental issue that needs excavating. The field of cognitive 
computing largely focuses on engineering approaches to design cognitive systems. In 
that tradition, a problem is identified, a goal is defined, and a cognitive system is engi-
neered to meet that goal. The progress in that domain is admirable and the solutions 
impressive. But, cognition in those systems is often circumscribed to the problem that 
inspired them and consequently inflexible to uncertainty and new circumstances. 

The work we have presented illustrates a different approach to the design of cogni-
tive computing.  Our approach uses descriptive theories of intelligence derived from 
natural systems as a basis for the design of intelligence in artificial systems.  Rather 
than ask how we might design a system to perform semantic indexing, we asked how 
we could leverage a modern theory of human semantic memory, one already known to 
mimic human semantic behaviour, to perform semantic indexing and document re-
trieval.   

We see the difference between traditional and psychologically-inspired cognitive 
computing to be analogous to the difference between traditional and biologically-in-
spired engineering.  

Biological engineers leverage biological principles and examples to solve complex 
problems.  For example, Tero et al. (2010) studied slime molds (Physarum polycepha-
lum) and how they develop transportation networks. They used that knowledge to de-
sign a computational method to design and optimize human transportation networks 
(e.g., rail systems). Just as Tero et al. demonstrated that the experimental study of slime 
molds can produce insights for the design of transportation networks, we argue that the 
experimental study of human semantic behaviour can produce insights for the design 
of semantic indexing and document retrieval.  In our view, the field of cognitive com-
puting stands to benefit by considering the history of theory and data that the psycho-
logical community has produced on the problems of intelligence and cognition.  

Although we designed our system in the context of document representation and 
retrieval.  Our true goal is to use that system to design tools for text analysis: our sim-
ulation of the author space provides a snap shot of that aim.  As we argue in relation to 
document retrieval, we believe that taking a psychologically-inspired approach to the 
problem can bring benefits. In particular, when a user wants to understand the structure 
or find patterns in a database of text, a psychologically-inspired method might be more 
likely to provide a summary and find patterns that a person is more likely to find mean-
ingful.  Although we are only early in the process, our techniques appear to be produc-
ing meaningful summaries and output.  For instance, the system produces intuitively 
meaningful clusters of authors and journals. However, the value of the method for pro-
ducing insights about the global structure of the database remains to be evaluated in an 
objective and empirical manner. 
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In summary, the field of document representation and retrieval has typically relied 
on methods that may or may not represent and evaluate documents in the ways that 
people do. Yet, all of those systems are intended to serve as cognitive surrogates for the 
user. To contribute to the ongoing effort, we applied an established and modern theory 
of human semantic memory to develop what we hope is a psychologically-valid docu-
ment retrieval system.  The system succeeds in a number of objective tests (e.g., re-
trieves a target document, is tolerant to incomplete queries).  However, more work 
needs to be done to assess the system’s function and to evaluate our confidence in the 
system’s descriptive competence. 
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