
Visual word recognition research attempts to describe 
the processes by which a printed word gives rise to a pro-
nunciation and a meaning. It is therefore not surprising 
that the development of metrics that quantify meaning is 
of particular interest to the field. An increasingly common 
metric for operationalizing meaning derives from compu-
tational analyses of large bodies of text that model semantic  
characteristics of words in the form of vectors in a high-
dimensional space (Jones & Mewhort, 2007; Landauer & 
Dumais, 1997; Lund & Burgess, 1996; Rohde, Gonner-
man, & Plaut, 2004; Shaoul & Westbury, 2006).

These so-called semantic spaces can have dimensions 
ranging from as small as 100 to several tens of thousands. 
Words are represented as vectors in semantic space, and 
the relative distance between words is considered a reflec-
tion of their similarity of meaning. The components of the 
word vectors are calculated on the basis of the number of 
times that pairs of words occur together in a large corpus 
of written text. One of the earliest such models, the hyper-
space analogue to language (HAL; Burgess, 2000, 2001; 
Burgess & Livesay, 1998; Burgess & Lund, 2000; Lund & 
Burgess, 1996), has enjoyed great popularity but has also 
been subject to much criticism. In particular, HAL has 
been criticized for the presence of frequency effects both 
within the representations (Lowe, 2001) and in the dis-
tances between word vectors (Shaoul & Westbury, 2006). 
The presence of frequency effects is particularly awkward 
for semantic metrics because the tasks used to assess vi-
sual word recognition are highly sensitive to frequency 
and a spurious frequency effect is likely to conceal less 
robust effects (such as real semantic effects).

HAL constructs vectors that represent word entries in 
semantic memory by analyzing the different contexts in 
which a word appears in a large corpus of written text. The 
contexts are evaluated by using a fixed-sized window that 
scans the text. As each word is encountered, the counts 
of its neighboring words are increased. These counts are 
weighted using a linear scheme that assigns the highest 
weight to the word immediately adjacent to the target, 
with the weight decreasing as the number of intervening 
words increases. These weighted counts are recorded in 
an n  n matrix with one row and one column assigned to 
each unique word. Once the matrix has been constructed, 
the column and row information is used to create a 2n vec-
tor for each word. This vector is then normalized for mag-
nitude, and the variance of each vector component across 
all word vectors is calculated. Only the components with 
the highest variance are retained, thus creating a reduced 
semantic space: As few as 100 or 200 dimensions are re-
quired to model several characteristics of human semantic 
memory. Word similarity is analyzed in terms of the dis-
tances between word vectors, with smaller distances rep-
resenting higher similarity. HAL uses Euclidean distance 
to determine the distance between two words.

HAL has been criticized for the strong influence of 
frequency on both the resulting vectors and the distances 
between word vectors. Shaoul and Westbury (2006) found 
a nonlinear function of orthographic frequency that cor-
related highly with distance. In addition, they found that 
the frequency of words varies greatly between corpora, 
particularly among lower frequency words. This suggests 
that it is vital to remove the effects of frequency from se-
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window containing the 10 words on either side of a target 
word was passed over each word of the corpus, and the 
number of times that each word appeared in a window 
around the target was recorded in a matrix with one row 
and one column for each word in the dictionary. Unlike 
HAL (Lund & Burgess, 1996), this method does not apply 
different weights as a function of window position. It has 
been shown that searching the parameter space of window 
position weights is incredibly computationally expensive 
(Shaoul & Westbury, 2007). The different weighting 
schemes provide little benefit, relative to the high compu-
tational costs incurred, and due to the diversity of sentence 
structure, it is unlikely that a single set of weights will be 
appropriate in all situations.

Let t be the target word. We estimate the conditional 
probability of finding an instance of some word w in a 
window centered around an instance of the target word, de-
noted Pr(w | t). This can be done using the maximum like-
lihood estimate (MLE), calculated by dividing the number 
of occurrences of w and t together by the number of oc-
currences of t independent of context. However, if w never 
occurs with t in the corpus, the MLE provides an estimate 
of zero. This will cause the log-relative frequency ratio to 
be undefined for w. To address this problem, we applied 
one of a set of statistical techniques called Good–Turing 
methods (Good, 1953) that provide estimates of the total 
probability of unseen events. This probability can then be 
divided among the unseen events on the basis of whatever 
structure is present in the data. To accommodate the prob-
ability of these events, the probabilities of all observed 
events are adjusted, with low-frequency events having a 
slight reduction in probability and high-frequency events 
being nearly unaffected. We use the method proposed by 
Gale (1994), called simple Good–Turing (SGT), since it is 
simpler to use than other Good–Turing methods in prac-
tice and has been shown to be more accurate than other 
methods of estimating the probability of unseen events.

Because we have restricted our co- occurrence counts to 
only the words that appear in the preselected dictionary, 
the unseen events will be those words from the diction-
ary that were not seen with t in our corpus. Let U(t) be 
the set of words from the dictionary that did not appear 
with t, and let  be the total probability of the words in 
U(t) as calculated by the SGT estimate. We distribute this 
probability among the words in U(t) in proportion to their 
orthographic frequency. As a word is encountered more 
often in a corpus, it not only occurs more often with any 
other given word, but also occurs with a higher number 
of different words, causing the co- occurrence counts to 
increase at a slower rate than does orthographic frequency. 
To account for this, we use log orthographic frequency to 
distribute  to the unseen words. Let
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where f (w) is the orthographic frequency of w. The prob-
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mantic representations in order to limit the dependence of 
the representations on the particular corpus from which 
co- occurrence counts were collected. In selecting a set of 
words to form the lower dimensional semantic space, HAL 
chooses the words corresponding to the vector components 
with the highest variance across word vectors. Lowe (2001) 
has argued that these words will also be those that occur 
most often, due to the nature of the distribution of words 
in language. If this is the case, the vectors resulting from 
HAL reside in a semantic space in which many axes will 
correspond to the most frequently occurring words, whose 
role in language is usually more syntactic than semantic in 
nature. To support Lowe’s argument, in a later section, we 
will offer empirical evidence that the dimension reduction 
step in HAL is influenced by frequency.

Despite the influences of frequency above, HAL has 
been successful at modeling several linguistic phenom-
ena. The word vectors produced by HAL capture category 
(Burgess & Lund, 2000; Lund & Burgess, 1996) and am-
biguity (Burgess, 2001) and predict behavioral data (Bur-
gess & Lund, 2000; Conley & Burgess, 2000; Lund & 
Burgess, 1996; Lund, Burgess, & Atchley, 1995).

This article describes a modification of the relatively 
successful HAL model. We call this model WINDSORS 
(Windsor improved norms of distance and similarity of 
representations of semantics). We show that our vectors, 
like HAL’s, model many behavioral effects but, unlike 
HAL’s, these are free from the influences of frequency.

The effects of word frequency are most evident at the 
extremes of the frequency spectrum. We used two math-
ematical techniques to eliminate the influences of these 
extremes: log-relative frequency ratios (Damerau, 1993) 
to address high-frequency influences and scaling proce-
dures to address low-frequency influences.

Damerau (1993) used relative frequency ratios to find 
words that best differentiate between two corpora. This 
method was proposed as a means of comparing a general 
text with a subject-specific text to determine a dictionary 
of words that are specialized to the domain of the subject. 
Here, we use Damerau’s technique, with a Good–Turing 
(Good, 1953) correction,1 to compare a word’s usage in 
text with that same word’s usage in the presence of some 
particular word. In effect, we use the relative frequency 
ratio to determine a dictionary of words that are “spe-
cialized” to a target word. With this method, we obtain 
 frequency-free measures of word co- occurrences in a 
large corpus of text. 

METHOD

The first stage of our method consists of collecting co-
 occurrence counts from a large corpus of written English 
text. Our corpus consisted of the British National Corpus, 
works from Project Gutenberg, and a collection of Apple 
technical documentation. The final corpus contained ap-
proximately 277 million words. Only tokens from the 
corpus appearing in a preselected dictionary containing 
61,323 entries were counted as words; all other tokens 
were replaced with a nonword marker to maintain the 
structure of the text, but these tokens were not counted. A 
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ing greater similarity and negative values representing 
very low similarity (and not opposite meanings). In some 
cases, the direct use of similarity will result in an awk-
ward mapping to effects in behavioral data. For example, 
priming effects will be expressed by negative values. To 
circumvent this inconvenience, we offer the alternative 
measure of distance (1  similarity).

Independence of Frequency
Our primary goals were to eliminate the effects of 

frequency within semantic representations (vectors) and 
between those representations (similarity/distance). With 
respect to the within-vector goal, an inspection of the cor-
relation between a word’s frequency and its scaled log-
relative frequency [i.e., (w | t)] within a given vector 
reveals that we were successful: The 95% confidence in-
terval for these correlations ranged from .039 to .037 
for a sample of 3,409 vectors. The above demonstrates an 
improvement over the same correlation found in HAL data 
(mean correlation  .92, SD  .06).2 Note that the HAL 
model used for comparisons in this article was constructed 
with the same corpus as our WINDSORS model.

The full vectors are frequency free, but we do not use 
these vectors in our final measures. The measures of inter-
est to us are those that were derived following the dimen-
sion reduction described earlier. We therefore also tested 
the influence of frequency within these reduced vectors. 
To do this, we ranked each word according to its vari-
ance across all word vectors [i.e., the variance of (w | t) 
across all ts for a fixed w] and selected the top 300 items. 
The rank did not correlate with frequency [r(300)  

.051, p  .379]. A similar analysis conducted for HAL 
revealed a moderate correlation [r(300)  .403, p  
.001], confirming the analysis done by Lowe (2001). The 
scatterplot of rank against log frequency given in Figure 1 
clearly shows that frequency has less influence in the rank-
ings of our model (right panel) than in HAL (left panel). 
An unpaired samples t test confirms that the 300 items 
from our model were lower in average frequency (M  
556.45, SD  2,313.28) than were those from HAL (M  
1,910.86, SD  5,391.71) [t(598)  3.998, p  .001].

Vector Distances
The tests of the influences of frequency on a single vec-

tor above demonstrate that the vector characterizations are 
relatively free from frequency. The following test shows 
that the same is true for our measures that involved con-
trasts (or matching) of vectors.

We used a sample of 33,469 pairs of words and calcu-
lated the distance between each pair. Only a small cor-
relation between distance and orthographic frequency of 
the target word was found [r(33469)  .027, p  .001], 
indicating that the influence of frequency on distance is 
small (although significant with such a large sample). 
Figure 2 shows a scatterplot of distance against target fre-
quency and clearly displays that there is little relationship 
between the two variables.

Our goal was to develop a frequency-free measure of 
semantic distance for use in stimulus set development, and 
the tests above demonstrate that this has been achieved. 

For observed words, SGT provides an adjusted probability 
estimate that approaches the MLE as the frequency of the 
word increases.

We now determine whether the probability of finding w 
near t is greater than the probability that a word selected 
at random from the corpus is w, denoted Pr(w). To do this, 
we employ the log-relative frequency ratio

( | ) log
Pr( | )
Pr( )

.w t
w t
w

Pr(w | t) is estimated using SGT. Pr(w) is estimated using 
MLE, since every word in the dictionary occurred at least 
once in the corpus. Positive values of  (w | t) indicate that 
the observed probability of w near t is greater than the 
probability of w independent of context.

Next, we scale the log-relative frequency ratios to ac-
count for word frequency. Pr(w) will be very small for low-
frequency words. This causes small increases in Pr(w | t), 
such as may be produced by a single co- occurrence of 
w and t, to result in large relative increases in (w | t). In 
other words, examining co- occurrences without frequency 
correction tends to overestimate the importance of co-
 occurrence between high-frequency words. When apply-
ing the log-relative frequency ratio, we introduce the prob-
lem of overestimating the importance of co- occurrence 
between low-frequency words. To reduce this effect, we 
scale the log-relative frequency ratio by the factor (w)  
4 

______________
  1 [2Pr(w) 1]2  . This function is monotonically increas-

ing in Pr(w) and grows very rapidly in the low end of the 
frequency spectrum, allowing for greater differentiation be-
tween low-frequency events. At the opposite end of the fre-
quency range, the function grows relatively slowly, produc-
ing similar adjustments to co- occurrences of high-frequency 
words. The value for the vector component corresponding to 
w in the vector representing t is given by

( | ) ( ) log
Pr( | )
Pr( )

.w t w
w t
w

We call (w | t) the association of w to t. This value is 
calculated for each word w and then sorted alphabetically 
by corresponding word to produce a vector representing t 
in the semantic space.

The length of each vector constructed in the manner 
described above is equal to the number of words in the 
dictionary. That is, each vector consists of 61,323 compo-
nents. As other co- occurrence models have demonstrated, 
the dimension of these vectors can be reduced to a much 
smaller number without sacrificing information contained 
within the vectors (Landauer & Dumais, 1997; Li, Bur-
gess, & Lund, 1998; Lund & Burgess, 1996). This reduces 
the computational resources required to analyze relation-
ships between vectors. To reduce these vectors, we use the 
same method as HAL and retain only those components 
that correspond to the words with the highest variance 
across representations. However, unlike with the HAL 
method, our selection is not influenced by frequency. This 
lower dimensional vector is the semantic representation of 
the target word t in our model.

Similarity between words is measured by the correla-
tion between word vectors, with higher values represent-
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pared priming effects for three types of prime–target 
pairs: semantically similar (deer–pony), associatively re-
lated (bee–honey), and both semantically similar and as-
sociatively related (doctor–nurse). There was no priming 
in the associative condition, a robust effect in the seman-
tically similar condition, and a still larger effect in the 
semantic and associative condition. We simulated their 
naming experiment (Experiment 2, collapsed across vi-
sual field). As in the previous simulation, we created an 
unrelated condition by randomly rearranging the primes. 
These data were analyzed in a within-subjects ANOVA 
with a Bonferroni correction. Our results closely matched 
those of Chiarello et al. The mean and standard deviation 
of distance for each condition are given in Table 1. There 
was a main effect of pair type [related or unrelated; 
F(1,135)  135.00, p  .001] and prime type [associa-
tive, similar, or both; F(2,135)  7.00, p  .001], as well 
as an interaction between the two [F(2,135)  6.89, p  
.001]. The mean difference between the unrelated and 
the related conditions with associative- only pairs was 
0.1149 [t(42)  3.82, p  .001]. In the semantic-only 
condition, the mean difference was 0.2064 [t(46)  6.34, 
p  .001], and in the combined condition, it was 0.2753 
[t(47)  9.76, p  .001]. Within the related conditions, 
there was a difference between the associative-only and 
the associative–semantic conditions ( p  .001) and be-
tween the semantic-only and the  associative–semantic 
conditions ( p  .009). The difference between the 
associative- only and the semantic-only conditions was 
not significant ( p  .097). No differences were found in 
the unrelated condition (all ps  .05). The pattern of per- 

However, it is also important that we demonstrate that se-
mantic content was not sacrificed in the removal of fre-
quency. The following section describes a series of mod-
eling experiments using data from previously published 
work. The experiments are those that have been success-
fully modeled by other high-dimensional semantic space 
models (i.e., HAL, LSA, and BEAGLE; Jones, Kintsch, 
& Mewhort, 2006).

EXPERIMENTS

Semantic-Priming Experiments
We first examined a simple semantic-priming lexical 

decision effect reported in Experiment 3 of McNamara 
and Altarriba (1988). The related word pairs given in Ap-
pendix A of McNamara and Altarriba were used for the 
related condition, and the unrelated condition was created 
by randomly rearranging the primes. To be successful, our 
distance measures for the related pairs would have to be 
smaller than the distance measures for the unrelated pairs, 
which they were: Mean distance for the related pairs (M  
.45, SD  .30) was smaller than the mean distance in the 
unrelated condition (M  .68, SD  .32), and this differ-
ence was confirmed in a paired-samples t test [t(15)  
2.21, p  .043]. This simple experiment demonstrates that 
related words are located closer to one another than are 
unrelated words in the semantic space constructed by our 
model.

We next tested our model’s sensitivity to the differ-
ence between semantic and associative relationships. 
Chiarello, Burgess, Richards, and Pollock (1990) com-
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Figure 1. Top 300 words with highest component variance plotted against orthographic 
frequency (OFREQ) for HAL and WINDSORS models.
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Word Similarity Measures
Rubenstein and Goodenough (1965) asked 51 subjects 

to make similarity judgments for 65 pairs of words. The 
subjects ranked the similarity of each pair with a number 
between 0 and 4, assigning a higher rank to pairs that were 
more similar. We calculated the similarity of the word 
pairs given in Table 1 of Rubenstein and Goodenough 
and found a moderate correlation between our similarity 
measure and the human norms [r(65)  .49, r2  .24]. 
To further evaluate the ability of our model to make these 
similarity judgments, we constructed a hierarchical clus-
tering of a subset of the Rubenstein and Goodenough 
word pairs, using the SOTA algorithm (Herrero, Valencia, 
& Dopazo, 2001). As Figure 5 shows, the model paired 
these 24 words with high accuracy. The only misplaced 
pairs are voyage–journey and coast–shore.

DISCUSSION

In this article, we have presented a new method of con-
structing vector-based representations of the semantic 
content of words. We have demonstrated that the vectors 
produced by our model are free from the influence of or-
thographic frequency, both in terms of the distances be-
tween word vectors and in the construction of the vectors 
themselves. Our model captures aspects of human seman-
tic memory as evidenced by the agreement between word 
distance and reaction time from behavioral experiments. 
In addition, our model has an advantage in the form of a 
smaller parameter space, due to the absence of a weight-
ing function for the co- occurrence counts.

Although we have focused primarily on the presence 
of frequency in HAL, a preliminary analysis of the LSA 
model (Landauer & Dumais, 1997) reveals a similar effect 
of frequency on word similarity measures. We constructed 

formance (see Figure 3) was similar to that observed in 
subjects by Chiarello et al.

Ferrand and New (2003) performed a similar experi-
ment using a lexical decision task. Association and simi-
larity were more carefully controlled between conditions, 
and no combined condition was included. They found a 
priming effect for both types of prime–target pairs, with a 
larger effect in the semantically similar condition. Again, 
our model produced a pattern of performance that mimics 
that of the human subjects, with a main effect of related-
ness [F(1,79)  75.20, p  .001]. The mean difference 
between the unrelated and the related conditions (i.e., 
the priming effect) for the associative pairs was .1551 
[t(40)  4.48, p  .001]. For semantically similar pairs, 
this difference was .2498 [t(39)  8.00, p  .001], which 
agrees with the behavioral data (see Figure 4).

These experiments demonstrate that our vectors capture 
both semantic and associative relationships between words. 
Distance between words models priming effects in a manner 
similar to that for effects produced by human subjects, with 
weaker effects for associative pairs than for semantically 
similar pairs and an associative boost for pairs of words that 
are related by both association and semantic similarity.
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Figure 2. Plot of orthographic frequency (OFREQ) against distance for a 
sample of approximately 3,000 word pairs.

Table 1 
Means and Standard Deviations of Distances Between Word 
Pairs From Chiarello, Burgess, Richards, and Pollock (1990) 

Produced by WINDSORS Model

 Pair Type  Prime Type  M  SD  

Related Associative .61 .19
Semantic .53 .16
Both .42 .17

Unrelated Associative .72 .19
Semantic .73 .19

   Both  .70  .15  
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the semantic relationships between words, while minimiz-
ing computational demands. Note that these dimensions 
do not correspond to words, as in HAL and WINDSORS, 
and have no direct relation to the words or documents con-
tained in the corpus.

We propose that the scaled log-relative frequency ratio 
can be used in place of the frequency control step of LSA. 
For each document in the corpus, we can compare the 
frequency of each word in that document with the fre-
quency of those same words in the full corpus to deter-
mine which words are most representative of the content 
of that particular document. SVD can then be performed 
on this transformed matrix to produce lower dimensional 
semantic representations. It is unlikely that using Good–
Turing techniques to estimate the probability of unseen 
words in each document will be of any benefit, due to the 
extreme sparseness of the word–document matrix. The 
implementation of this modified LSA model is well be-
yond the scope of this article, and we provide this sugges-
tion as an example that our technique may be applied to 
models other than HAL.

Future directions for this work include a detailed 
analysis of the internal structure of the representations. 
We hope to identify the components of the vectors that 
capture association and the components that capture se-
mantic similarity. Our aim is to work toward consolida-
tion of language-based models of semantics, such as the 
one discussed in this article, with feature-based models 
that require a large number of human judgments (McRae, 
Cree, Seidenberg, & McNorgan, 2005; McRae, de Sa, & 
Seidenberg, 1997). In addition, we will examine the qual-
ity of these representations in a connectionist model of 
word recognition (Harm & Seidenberg, 2004; Hinton & 
Shallice, 1991; Plaut, McClelland, Seidenberg, & Patter-

a list of 470 words with frequencies ranging from 1 to 1,383 
per million words. A second list of 40 target words with 
frequencies ranging from 0.63 to 64,356 per million was 
created, and the cosine similarity between each of these tar-
get words and the words in the first list was retrieved from 
LSA.3 The correlation between these similarity measures 
and log-frequency of the 470 words in the first list was cal-
culated for each of the 40 target words. These correlations 
ranged from .12 to .75 (M  .39, SD  .17), with larger 
correlations associated with the high-frequency words. We 
believe that the techniques used to control for frequency 
effects in our WINDSORS model are applicable to solving 
that same problem in LSA.

LSA differs from HAL in three critical ways. First, 
word–document co- occurrences, rather than word–word 
co- occurrences as in HAL, are collected from the corpus. 
The corpus is divided into small parcels of text, called 
documents, that are roughly the size of a paragraph (151 
words, on average). The number of times that each word 
occurs in each document is recorded in a word–document 
matrix containing one row for each word and one column 
for each document. To reduce the effects of orthographic 
frequency, a step absent from HAL, the logarithm of each 
entry in the matrix is taken, and each entry in the row cor-
responding to a particular word is divided by the entropy 
of that word across all documents, given by  p log p. 
Finally, dimension reduction is achieved by means of sin-
gular value decomposition (SVD), rather than retaining 
only the components with the highest variance. The word 
vectors resulting from SVD are dense and low dimen-
sional: Typically, 300 dimensions are enough to extract 
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used randomly generated semantic representations (Rodd, 
Gaskell, & Marslen-Wilson, 2004), have implemented 
representations on the basis of only a small set of semantic 
features (Harm & Seidenberg, 2004; Hinton & Shallice, 
1991; Plaut & Shallice, 1993), or have disregarded the 
semantic component completely (Perry, Ziegler, & Zorzi, 
2007; Plaut et al., 1996; Seidenberg & McClelland, 1989). 
It is our belief that the vectors generated by the WIND-
SORS model will be an appropriate basis for a richer se-
mantic component in these types of models.
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