
















Figure 5 shows the average number of reported
targets in each condition for two-target trials.
There was no main effect of context, F(1, 57) ¼
0.20, MSE ¼ 0.0009, p ¼ .66. Consistent with
previous findings (Mozer, 1989) and the current
hypothesis, there was a main effect of repetition,
F(1, 57) ¼ 11.95, MSE ¼ 0.052, p , .001, with
fewer reported targets (greater underestimation)
for same ALI trials than for different ALI trials.
As predicted by the common contexts hypothesis,
this effect was larger in the pseudoword contexts
than in the consonant string contexts—that is, there
was a significant Context � Repetition interac-
tion, F(1, 57) ¼ 5.3, MSE ¼ 0.0232, p ¼ .022.

Although the measure of interest was reported
numerosity, we also examined reaction time
(RT) in order to rule out the possibility of a
speed–accuracy trade-off. Each participant’s
median RT was calculated for the correct trials
of each trial type, and a 2 � 2 ANOVA was per-
formed on the group means of these medians
(see Figure 6).

There was a significant main effect of rep-
etition, F(1, 57) ¼ 14.26, MSE ¼ 47,267,
p , .001. RT for same ALI trials was 29 ms
faster than RT for different ALI trials. There
was no significant main effect for context, F(1,
57) ¼ 0.440, MSE ¼ 1,456, p ¼ .51, and no sig-
nificant Repetition � Context interaction, F(1,
57) ¼ 1.87, MSE ¼ 6,191, p ¼ .17. If the
observed effects of context on ALI interference
were due to a speed–accuracy trade-off, then one
would expect the effect of repetition on RT to be
larger in the pseudoword condition than in the
consonant string condition. If anything, however,
the opposite pattern was observed. The predicted
effects of context on ALI interference in numeros-
ity judgement therefore cannot be attributed to a
speed–accuracy trade-off.

One important difference between the con-
ditions involves phonology: The pseudowords
were pronounceable while the consonant strings
were not. It is therefore natural to ask whether
this difference could account for the results. We
think not. The task was to estimate the total
number of targets. And if two pseudowords have

Figure 5. Average number of reported letter targets in pairs of letter

strings that involved the same abstract letter identities (same ALI)

or different abstract letter identities (different ALI). The data are

for string pairs that all had two targets. Participants reported

significantly fewer targets when the same abstract letter identities

were repeated than when they were not. As predicted, this effect of

repetition was significantly larger in familiar pseudoword contexts

than in unfamiliar consonant string contexts.

Figure 6. Average time to report the number of letter targets in

pairs of letter strings that involved the same abstract letter

identities (same ALI) or different abstract letter identities

(different ALI). If the Repetition � Context interaction observed

for numerosity judgement (Figure 5) were due to a speed–

accuracy trade-off, then one would expect the effect of repetition

on reaction time to be larger in the pseudoword condition than in

the consonant string condition. It was not.
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the same phonology (as they do in the same–ALI
condition) then participants could infer that a
target in one of them implies a target in the
other. Consequently, if anything, phonology
should make it easier to identify the number of
targets in the same ALI condition than in the
different ALI condition, thus working against
the predicted ALI interference effect, rather than
providing an alternative explanation for it.

SIMULATION

Experiment 2 demonstrated a behavioural inter-
action between same/different letter identity and
context familiarity. The numerosity of letters in
word strings was more difficult to determine
when letter identities were the same than when
they were different. Critically, this effect was
more pronounced for familiar contexts than for
unfamiliar contexts as predicted by the common
contexts hypothesis. We next decided to investi-
gate whether this observed interaction would be
reproduced by a mechanistic neural network
model designed to simulate Experiment 2.

Method

We attempted to generalize our previous common
contexts model presented in Polk and Farah
(1997) to a multilayer model that accepts real
bitmap images of letters. Like the earlier model,
the current simulation used a self-organizing
map (SOM) architecture. SOMs are a compu-
tational abstraction of cortical representation and
processing in a locally connected population of
neurons in a contiguous area of cortical tissue
(Kohonen, 1982, 1990). As shown in Figure 7,
the basic unit of representation within a SOM is
the cell. Cells within a SOM are indexed based
on their spatial location, and each cell is modelled
as a k-length weight vector specifying the pre-
ferred k-length input for the cell (i.e., the input
that causes the cell to fire maximally). When pre-
sented with an input pattern, cells within a SOM
compete to represent this pattern. The response
of each cell is based on the similarity between its

weight vector and the input pattern. The
winning cell is the cell most similar to the input.

SOM learning is accomplished by modifying
the weight vector of the winning cell so that it is
more similar to the input, therefore making this
cell more likely to win again with future presenta-
tions. Critically, the weight vectors of cells in close
spatial proximity to the winning cells are also
updated. As a result, with experience the response
of a SOM tends to become spatially organized,
learning a mapping from the statistical regularities
discovered in its k-dimensional input space to a set
of topographically organized neighbourhoods
within the SOM.

Mathematically, if x(t) is a vector representing
the input to a SOM at time t, and wi(t) represents
the weight vector of cell i at time t, then the
winning cell c is given by

ArgMinc{kx(t)� wc(t)k}, (1)

where the k.k operator denotes vector distance.
We use Euclidean distance for all distance compu-
tations in the model. The weight vector for each
cell i is updated according to the following SOM

Figure 7. A schematic depiction of a self-organizing map (SOM).

A map consists of cells arranged in a spatial grid. Each cell is

represented computationally by a vector of real-valued weights

that define its receptive field in input space. When presented with

an input vector, the cell with the most similar weight vector is

identified. The weight vectors of this winning cell and its spatial

neighbours are adjusted so that they are more similar to the input

vector, making these cells even more likely to respond to this same

input upon future presentation.

10 COGNITIVE NEUROPSYCHOLOGY, 0000, 00 (0)

POLK ET AL.

815

820

825

830

835

840

845

850

855

860

865

870

875

880

885

890

895

900



learning equation:

wi(t þ 1) ¼ wi(t)þ a(t)hc,i(t){x(t)

� wc(t)}, (2)

where a(t) is a time-dependent learning rate, and
hc,i(t) is a kernel function that is centred on the
winning cell c and that computes the magnitude
of the update to cell i based on its spatial proximity
to the winning cell. In our model we use the
Gaussian kernel function

hc,i(t) ¼ exp �
1

l(t)2
ki(x,y) � c(x,y)k

2

� �
, (3)

where l(t) is a time-dependent parameter that
determines the width of the kernel, and i(x,y) and
c(x,y) denote the map coordinates of cells i and c,
respectively. We compute a(t) and l(t) as expo-
nentially decreasing functions of time, with time
denoting discrete presentations of training inputs.

While SOMs are not detailed biophysical
models of cortex, the core assumptions embodied
in this class of models can be mapped directly to
their biophysical correlates: The weight vectors
of SOM cells correspond biologically to the
concept of receptive fields; winning cells are analo-
gous to the peak location of activity within a cor-
tical area, governed by the net result of the
competitive interplay between local excitatory
and inhibitory activity driven by an input; and
the spatially localized learning algorithm is a com-
putational abstraction of Hebbian learning that
occurs between neurons participating in a bump
of cortical activity and the active afferent neurons
providing their input. SOMs therefore provide a
computationally efficient and biophysically plaus-
ible method for modelling the development of
spatially structured representations in cortex.

Model architecture
The architecture of the model is shown in
Figure 8. This model is a hierarchical, two-layer
network of SOMs. The first layer consists of a
set of three identical orthographic maps each com-
posed of 100 cells organized in a 10 � 10 grid. The

three maps correspond to the onset, nucleus, and
coda of a three-letter word. The orthographic
maps receive inputs in the form of real-valued
bitmap images (see “Orthographic stimuli”
section below Q5). The orthographic maps were
designed to simulate regions of left occipitotem-
poral cortex that have been shown to be selectively
activated by individual letters and letter strings
(Flowers et al., 2004; Polk et al., 2002).

The second layer of the model consists of a single
25� 25 word map that receives convergent inputs
from the three lower level orthographic maps. The
word map was designed to simulate the left inferior
occipitotemporal word form area. Computationally,
the input to this map is a concatenation of the
spatial locations (“cortical coordinates”) of activity
in each of the three orthographic maps. The recep-
tive fields of cells in the word map therefore corre-
spond to simultaneous patterns of orthographic
activity in the lower level maps, and the word map
faces the challenge of extracting meaningful

Figure 8. The model used to simulate Experiment 2 was a two-

layer hierarchy of self-organizing maps. The first layer contained

three orthographic maps that received inputs in the form of

15 � 15 screen-captured images of each lower- and upper-case

letter. The three inputs represented the onset, nucleus, and coda of

a three-letter word. The higher level word map received inputs

representing the location of peak activity in each of the three

orthographic maps.
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representations based on cortico-cortical inputs
rather than hand-coded input vectors as in our
earlier model (Polk & Farah, 1997).

Orthographic stimuli
In Polk and Farah (1997), letters were coded as
abstract, localist representations in which visual
similarity was artificially imposed: Letters known
to be visually similar across case (e.g., vV, sS)
shared the same input units, while letters known
to be visually dissimilar across case (e.g., aA, eE)
were allocated different input units. In this
model, we generalize on our earlier model by
using realistic orthographic stimuli, thereby
imposing on the model the challenge of learning
visual similarity directly from this orthography.
The stimuli used to train the orthographic maps
were 26 lower-case and 26 upper-case letters gen-
erated in the Times New Roman font (see Figure 9
for examples) on a 400 � 400-pixel bitmap image.
The image of each letter was captured using the
Tagged Image File Format (TIFF). Each of the
resulting TIFF images were rescaled so that the
letters filled a 15 � 15-pixel bounding box and
were therefore of identical size. This rescaling
was done to avoid the possibility that visual size
might become a confounding factor in learning
visual form. The 15 � 15-pixel images were con-
verted into 225-dimensional real-valued image
vectors, and these vectors were used to train the
orthographic maps.

Word stimuli
An example of the stimuli used to simulate each
experimental condition from Experiment 2 is

shown in Figure 10. The simulated same ALI
condition consisted of contrasts between two
words that share the same ALIs and that differ
in case (e.g., bdz/BDZ). The different ALI con-
dition consisted of contrasts between two words
differing in ALIs as well as in case (e.g., bdz/
BKZ). As in Experiment 2, the same ALI and
different ALI contrasts were tested in both a fam-
iliar context condition (words that had been pre-
sented during training) and an unfamiliar context
condition (words that had not been presented
during training).

Three-letter words were generated using letters
of the English alphabet partitioned into a set of
target letters and nontarget letters. The target set
consisted of the six letters a, d, e, g, q, and r,
which are visually dissimilar across case. The non-
target set consisted of the nine letters b, i, o, p, s, v,
w, x, and z, which are visually similar across case.
Words were generated from these two sets of
letters as follows. Using the nine nontarget
letters, we generated each of 72 possible unique
onset–coda pairs (e.g., b_i, b_o, . . ., x_w, x_z).
These pairs were unique in that no letters were
used in both the onset and coda position (e.g.,
b_b was not allowed), and no onset–coda pair
was repeated). These 72 onset–coda pairs were

Figure 9. Examples of orthographic inputs used in the model

simulation. Letters that are visually similar across case (e.g., uU,

kK) were used as nontarget letters, and letters that were not

visually similar across case (e.g., dD, aA) were used as target letters.

Figure 10. Examples of the contrasting word pairs generated for

each of the four conditions used in the model simulation. Words

used in the familiar context were words that were used to train

the model; words used in the unfamiliar context were not trained.

Same abstract letter identity (ALI) contrasts consisted of words

differing only in case, with nontarget letters used in the onset and

coda positions and target letters used in the nuclei. Different ALI

contrasts consisted of words differing in both case and the identity

of the letter used in the nucleus positions.
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then used to generate words by populating the
nucleus position with letters randomly selected
from the six target letters subject to the constraint
that each target letter was used exactly 12 times.
Lower-case and upper-case versions of these
words were used as the basis of the same ALI con-
trast (e.g., bdz/BDZ, wdv/WDV as in Figure 10).
The lower-case versions of these words were then
used to generate a matched set of words for the
different ALI contrast by replacing the nucleus
of each word with a randomly chosen letter from
a set of six nontarget letters subject to the same
constraint that each of the six nontarget letters
was used exactly 12 times. The upper-case versions
of these words were then used along with their
matched lower-case words to form the different
ALI contrasts (e.g., bdz/BKZ, wdv/WJV as in
Figure 10). Of the resulting 72 pairs of same
ALI and different ALI words, half were randomly
selected, and both the lower-case and upper-case
versions of these words were used to train the
model. Trained words therefore formed the basis
of the familiar context condition (e.g., bdz/
BDZ, bdz/BKZ in Figure 10), and the untrained
words formed the basis of the unfamiliar context
condition (e.g., wdv/WDV and wdv/WJV in
Figure 10). The complete corpus of words is pro-
vided for reference in Table 2.

Training procedure
Training of the model proceeded in two stages.
First, an orthographic map was trained. The
weight vectors of all cells in the map were initia-
lized to random values in the range (0.1, 0.9).
The map was then exposed to each of the 52
lower- and upper-case orthographic input images
for 1,500 training iterations. After exposure to
each input, the map was allowed to self-organize
with the weights of all cells being updated accord-
ing to the SOM learning algorithm given in
Equations 1, 2, and 3. In each training iteration,
the ordering of the inputs was randomized to
minimize the possibility of order effects. The
trained orthographic map was replicated and
used for the onset, nucleus, and coda maps that
comprised the first layer of the model. In the

second stage of training, each of the three-letter
words in the training corpus was presented to the

Table 2. The corpus of words used for training and testing in the

model simulation of Experiment 2

Familiar Unfamiliar

bdz BDZ BKZ zao ZAO ZKO

vao VAO VJO xqi XQI XTI

orw ORW OKW sqv SQV SKV

zgv ZGV ZHV vrw VRW VKW

wds WDS WKS bgp BGP BTP

oaz OAZ OTZ pdo PDO PHO

pev PEV PKV sri SRI SKI

pex PEX PJX wdv WDV WJV

vrb VRB VTB iev IEV IKV

pqi PQI PTI sez SEZ SKZ

bdv BDV BKV idp IDP IKP

wqz WQZ WKZ wdi WDI WKI

ieo IEO IHO vgz VGZ VHZ

irs IRS IKS sqw SQW STW

irw IRW ITW bqx BQX BKX

xao XAO XKO sep SEP STP

pdz PDZ PKZ pgw PGW PKW

bgw BGW BJW oax OAX OKX

zqi ZQI ZJI oav OAV OKV

idb IDB IHB vri VRI VTI

sax SAX SKX xrv XRV XKV

xeb XEB XKB zax ZAX ZKX

bgs BGS BKS ogp OGP OTP

wqx WQX WTX xaz XAZ XTZ

bqi BQI BTI xas XAS XTS

zab ZAB ZKB oei OEI OKI

vax VAX VHX srb SRB STB

web WEB WTB wqp WQP WKP

zep ZEP ZTP pgb PGB PJB

zgs ZGS ZTS vdp VDP VTP

ogs OGS OKS weo WEO WTO

igz IGZ IKZ beo BEO BJO

vqs VQS VTS xrw XRW XHW

odb ODB OTB xgp XGP XJP

sro SRO STO idx IDX ITX

prs PRS PKS zqw ZQW ZHW

Note: The same abstract letter identity (ALI) condition was

tested by contrasting a lower-case word containing a target

letter in the nucleus (e.g., bdz, zao) with the same word in

upper case (e.g., BDZ, ZAO). The different ALI condition

was tested by contrasting a lower-case word containing a

target letter in the nucleus (e.g., bdz, zao) with an upper-case

word in which the nucleus was replaced with a nontarget

letter (e.g., BKZ, ZKO). Familiarity was achieved by

repeatedly training the model with half of the words (36

words) in both lower case and upper case (e.g., bdz, BDZ,

bkz, BKZ).
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orthographic layer, and the map coordinates of the
winning cells for each input were computed in each
of the three orthographic maps. The three pairs of
coordinates for each input were then concatenated,
and the resulting vectors were used to train the
word map. The word map was trained for 150 iter-
ations using the same methods as those used for
training the orthographic map. As the word map
had many more cells and many more training
inputs than the orthographic map, fewer iterations
were used to minimize training time; no substan-
tive difference in the resulting map topography
was found in tests with a larger number of
iterations.

We simulated 50 participants by conducting 50
independent training runs in which the ortho-
graphic and word maps were randomized and
then trained. Each training run represented a
unique model (simulated participant) due to two
sources of stochasticity in the SOM algorithm:
the randomization of the initial weight vectors
for each cell, and the randomization of the order
in which the training inputs are presented to the
model.

Testing procedure
Each word in the testing corpus was presented to
the model, the responses of all cells in the ortho-
graphic maps were computed, and the winning
cell in each map was identified. The coordinates
of the winning cells were concatenated and were
presented to the word map, and the responses of
all cells in the word map were then computed. In
Experiment 2, the dependent variable was
reported numerosity: the average number of
reported targets for two-target trials in each of
the four experimental conditions. Reported
numerosity provided a proxy for the degree of
similarity across word pairs. In our simulation,
we measured similarity between contrasting word
pairs as the squared Euclidean distance between
the response patterns in the word map that were
generated by each word. For example, for the con-
trast bdz/BDZ, the 100 � 100 cell response to
each word was computed, and the distance
between these two patterns was used as the depen-
dent measure. The simulation consisted of

distance measures for 36 contrasting word pairs
in each of the four conditions (familiar context/
same ALI, familiar context/different ALI, unfa-
miliar context/different ALI, unfamiliar context/
different ALI).

Results

Before analysing the results of the simulated
experiment, we first analysed the effects of training
on the orthographic and word maps to determine
whether or not meaningful representations of
letter identity and word form were learned when
the only input to the model were orthographic
images.

Training results
Figure 11 shows the topographic organization that
emerged in the orthographic map of one simulated
participant after repeated exposure to the lower-

Figure 11. The emergent topographic organization in an

orthography map after repeated training with input images of

each letter. Only the preferred input for each cell is labelled on the

map. The topography is organized based on visual similarity,

with neighbourhoods of cells responsive to visually similar letters

colocated in the map. Letter forms that are visually similar across

case are represented in nearby locations in the map, while letter

forms that are visually dissimilar across case are not.
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and upper-case orthographic images. Each cell in
the map is labelled with its preferred stimulus
(i.e., the letter form that generates the maximum
response). Note that not all letter forms are
labelled on the map due to overlap; for example,
two cells located in the bottom right of the
network have lower-case c as their preferred stimu-
lus (shown) but these cells are also the most
responsive cells in the map to upper-case C (not
shown). The topography in the map is predomi-
nantly ordered by visual similarity—for example,
cells most responsive to the more rounded letters
(e.g., G, O, D, U, c) are colocated in the lower

right region of the m ap; cells most responsive to
letters with horizontal bars (e.g., f, F, P, E, B)
are clustered in the upper right region of the
map; cells responsive to the more vertical letters
(e.g., I, t, T, J) are clustered in the upper left
region of the map. Critically, letters that are visu-
ally similar across case tend to be colocated (e.g.,
m/M, x/X, h/H, k/K, y/Y, f/F, etc.) whereas
letters that are visually dissimilar across case are
not (e.g., a/A, g/G, r/R, d/D).

Figure 12 shows the responses of this same
orthographic map to the presentation of the
letters c and e in both lower and upper case. It is

Figure 12. The response of an orthographic map to two letter stimuli in both lower- and upper-case forms. Lighter regions in the map

correspond to cells with greater response to the indicated input. The similarity in the map response to the lower-case and upper-case forms

of the letter c indicates that the visual similarity of these two forms were sufficient to drive an abstract representation of letter identity

(A,B). In contrast, the lack of similarity in the map response to the lower-case and upper-case forms of the letter e confirms that visual

appearance alone is not sufficient as a basis of learning abstract identities for all letters (C,D). To view a colour version of this figure,

please see the online issue of the Journal. Q6
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evident from the similarity in the response patterns
to the lower- and upper-case forms of the letter c
(Figure 12, A and B) that the map exhibits similar
response patterns for visually similar inputs. This
is not true for letter e, which generated very differ-
ent patterns of response across case (Figure 12, C
and D). In fact, the response of the map to
lower-case e was much more similar to its response
to lower-case c than to its response to upper-case E
as would be expected based on their relative visual
similarity. The emergence of abstract letter iden-
tity only for visually similar letters in the absence
of word context is a predicted outcome of the
common contexts hypothesis. Furthermore, this
result is consistent with the idea that visual form
alone is not sufficient as a basis on which abstract
letter identities can be formed.

To confirm that the visual similarities captured
by the orthography map corresponded to those
assumed in the design of the simulation and in
prior behavioural experiments, we conducted a

similarity analysis of each upper- and lower-case
letter pair based on orthographic map topography.
We identified coordinates of the cells in the map
that were most responsive to each lower-case and
upper-case letter pair and computed the mean
Euclidean distance between these coordinates.
Smaller distances between the map representations
of letter pairs corresponded to greater similarity,
and vice versa. The results of this analysis for
one simulated participant are shown in
Figure 13. Both of the target letter pairs used in
Experiment 2 (dD and gG) were among the
more dissimilar letter pairs. Of the six target
letter pairs used in this simulation (aA, dD, eE,
gG, qQ, and rR) all except qQ were among the
set of most dissimilar letters. The pair qQ was
found to have a moderate level of similarity.
Interestingly, several letter pairs commonly
assumed to be similar across case (lL, nN, uU,
fF, jJ, hH) were found to be relatively dissimilar;
this result provides some explanation for the

Figure 13. Similarity between lower-case and upper-case letter pairs as measured by the mean distance between the winning cells for each

letter in the orthographic map. Smaller mean distance corresponds to greater similarity in the representation of a letter across case. The target

letters used in Experiment 2 and in the model simulation are among the more dissimilar letter pairs, thus making them good targets for

investigating the development of abstract letter identity.
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reduced context effect found in our earlier model
(Polk & Farah, 1997) when trained with a real
rather than artificial corpus.

Lastly, we analysed the effects of training on the
word map. A portion of the topography that
emerged in the word map is shown in Figure 14.
In the figure, each cell is labelled with its preferred
word stimulus. The topographic organization in
the word map was found to be based largely on
the three letters that comprise each word. For
example, words differing in one letter tend to be
colocated in the map (e.g., the words irs and iks
in the lower left region of the map). However,

the topographic organization also captured the
abstract identity of letters. Words differing only
in case tended to be colocated in the map. This
was true for words that contained only visually
similar nontargets (e.g., ikz and IKZ in the
region around cell [4,4]) as well as for words that
contained visually dissimilar target letters (e.g.,
irs and IRS in the lower left corner of the map).
Further evidence of the emergence of abstract
letter identity can be seen in Figure 15, which
shows the response of the map to the presentation
of the words irs and IRS. These two words differ
only in case, but critically include the letter identity

Figure 14. The emergent topographic organization in the word map after repeated exposure to training corpus of words in both lower and

upper case. Words composed of similar letters are located in nearby regions of the map. Critically, the topography also captured abstract letter

identity as evidenced by the colocation of words that contain target letters and that differ only in case.
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r/R, which was found to be among letters most
visually dissimilar across case. The map responses
to these two words are highly similar as would
be predicted by the common context hypothesis:
The context provided by the visually similar
letter pairs iI and sS in the onset and coda pos-
itions allowed the word map to learn the abstract
identity for the pair rR that was experienced in
this common context.

Simulation results
A 2 � 2 ANOVA was performed on the mean dis-
tances between contrasting word pairs using rep-
etition (same ALIs vs. different ALIs) and
context (familiar vs. unfamiliar) as within-subject
variables for each of the 50 simulated participants.
Figure 16 shows the mean distances for each con-
dition. As in Experiment 2 there was a main effect
of repetition, F(1, 49) ¼ 1,203.6, MSE ¼ 684.7,
p , .001, with a lower mean distance (greater
simulated task difficulty) for the same ALI test
words than for different ALI test words.
Critically, as in Experiment 2 and as predicted
by the common contexts hypothesis, there was a
significant Repetition � Context interaction,
F(1, 49) ¼ 177.8, MSE ¼ 62.8, p , .001, with
the effect of repetition being larger for familiar

word pairs than for unfamiliar word pairs. In the
simulation, we also found a significant effect of
context, F(1, 49) ¼ 106.0, MSE ¼ 858.7,
p , .001, with a lower mean distance (greater
simulated task difficulty) for unfamiliar words

Figure 15. The response of the word map to two word stimuli that contain a target letter (rR) and that differ in case (irs/IRS). Lighter

regions in the map correspond to cells with greater response the word. The similarity in the map response to the lower-case (A) and

upper-case (B) forms of the word are evidence that when target letters are experienced in a common context, abstract letter identity

develops despite the visual dissimilarity of the target letters across case. To view a colour version of this figure, please see the online issue of

the Journal.

Figure 16. Mean distance between contrasting word pairs for each

of the four simulated conditions and 50 simulated participants.

Mean distance is a proxy for greater task difficulty and is

comparable to the dependent measure (reported targets) used in

Experiment 2 and shown in Figure 3. As predicted by the

common contexts hypothesis and as found in Experiment 2, the

effect of repetition was significantly larger in familiar contexts

than in unfamiliar contexts.
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than for familiar words. While it is intuitive that it
would be more difficult for the model to dis-
tinguish words that it has never seen than words
on which it was trained, this effect of context in
Experiment 2 was not significant. One possible
explanation for this result is that there were differ-
ences in the level of familiarity for the model as
compared to participants. In the model simulation,
the onset/coda pairs used in unfamiliar test words
had never been seen by the model (were not
trained). Although the consonant strings in
Experiment 2 were also unfamiliar, the co-occur-
rence of the onset/coda pairs in these strings was
not completely unfamiliar to human participants
(e.g., gds is not wholly unfamiliar given prior
experience with the word gas). It is therefore poss-
ible that effect of context differed in the simulation
as compared to the Experiment 2 as a result of
differences in familiarity: Consonants strings
were less familiar than pseudowords in the exper-
iment, but overall more familiar than the unfami-
liar words used in the simulation.

GENERAL DISCUSSION

We have argued that the visual system computes
abstract letter identities (ALIs): letter represen-
tations that abstract away from visual appearance
and encode a letter’s identity independent of
case or font. We reviewed a number of behavioural
studies consistent with this hypothesis as well as an
imaging study demonstrating that the so-called
visual word form area in left inferior occipitotem-
poral cortex responds to familiar sequences of
ALIs even when they are presented in visually
unfamiliar formats (in aLtErNaTiNg case; Polk
& Farah, 2002) .

How could the brain’s visual system learn a rep-
resentation in which visually dissimilar stimuli
(e.g., A and a) have similar codes? Inspired by
the fact that synaptic plasticity mechanisms are
sensitive to correlations, we hypothesized that
contextual correlations interact with neural learn-
ing mechanisms to give rise to ALIs. Specifically,
we proposed that different forms of the same
letter tend to appear in similar distributions of

contexts (in the same words written in different
ways) and that this environmental correlation
interacts with Hebbian learning in the brain to
give rise to ALIs. We previously demonstrated
the feasibility of this common contexts hypothesis
by showing that an artificial neural network using
Hebbian learning learns ALIs when exposed to
words satisfying the appropriate statistical regu-
larities (Polk & Farah, 1997).

We presented two experiments confirming
predictions of the common contexts hypothesis.
In the first experiment, we found that American
students who were repeatedly exposed to Japanese
characters got faster at distinguishing those char-
acters, but this improvement was significantly
reduced for character pairs that had been presented
in common contexts. This finding is consistent
with the prediction that exposure to stimuli in
common contexts can lead to similar (and there-
fore confusable) representations.

In the second experiment, we found evidence
that context continues to influence the processing
of ALIs even in skilled adult readers. Using
Mozer’s (1989) target detection task, we replicated
the finding that people are more likely to underes-
timate the number of target letters when the
targets share the same letter identity than when
they have different letter identities. We demon-
strated that this effect was significantly larger in
familiar word-like contexts (pseudowords) than
in unfamiliar contexts (consonant strings).

We also presented a biologically inspired neural
network model that was a computational instan-
tiation of the core assumptions of the common
context hypothesis. We used this model to simu-
late the second experiment. The model was able
to learn physical letter form as well as abstract
letter identity directly from bitmap images of real
letters. Critically, the model also reproduced
both the repetition effect and the interaction
between repetition and familiarity that were
observed behaviourally.

In short, we have argued for four points: (a)
The visual system learns and uses letter represen-
tations that encode identity but that abstract
away from visual appearance, (b) a common con-
texts hypothesis provides a plausible and
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computationally explicit explanation for how such
abstract representations could develop, (c)
exposure to common contexts can lead to the
development of abstract representations even for
novel, nonletter stimuli, and (d) context continues
to influence the processing of ALIs even in skilled
adult readers.

Although our results suggest that visual context
plays an important role in the acquisition of ALIs,
they do not prove that other kinds of nonvisual
information (e.g., the sounds of the letters, the
meanings of the words) play no role. Young chil-
dren often know quite a lot about letters in iso-
lation, including their names, before they have
significant experience reading words, and it is cer-
tainly plausible that this knowledge plays a role in
the acquisition of ALIs. For example, Bowers and
Michita (1998) have argued that phonology plays a
central role in the acquisition of ALIs.1

Nevertheless, the present results confirm a some-
what counterintuitive prediction of the common
contexts hypothesis: When different stimuli are pre-
sented repeatedly in common contexts, their rep-
resentations become more similar. That prediction
is not made by any other hypothesis, and so the
present results provide novel evidence that context
plays an important role in the acquisition of abstract
letter identities.
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