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BRAID-Color: Extending a probabilistic model of visual word recognition and
reading with color processing to account for the Stroop effect
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France), 29 rue d’Ulm, Paris, 75005, France
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Abstract

The Stroop effect is a well-known phenomenon where partic-
ipants take longer when they name the color of letters that
spell the name of a different color. This effect has been ex-
tensively studied, with various proposed theories and computa-
tional models. However, most models do not integrate with ex-
isting frameworks for color processing or reading, limiting their
generalizability. We introduce the BRAID-Color probabilistic
model, an extension of BRAID, an existing model of reading
and reading acquisition. BRAID-Color consists in adding to
an orthographic information processing branch, able to recog-
nize words spelled by a sequence of letters, a color processing
branch, able to name colored visual stimuli. Information fu-
sion at the lexical level combines both to simulate color naming
with colored letters. With default parameters, simulations in the
congruent, neutral and incongruent conditions illustrate that the
model successfully and robustly accounts for the Stroop effect.

Keywords: computational modeling; Stroop effect; probabilis-
tic modeling; reading models

Introduction

The Stroop task (Stroop, 1935) is one of the most extensively
studied phenomena in cognitive psychology. In the original
experiment, participants were asked to name the color of let-
ters, while the word they spelled was the name of a color.
For instance, the word “green” might be presented in red ink,
and the correct response would be “red”. In the Stroop task,
response times and error patterns suggest an interference be-
tween the two stimuli when they are not congruent: this is
the Stroop effect. Despite almost a century of research since
its introduction, a definitive explanation for the Stroop effect
has yet to be established (Algom & Chajut, 2019; Palfi et al.,
2022; Scarpina & Tagini, 2017).

Various methods have been employed to investigate the
Stroop effect (Klein, 1964; MacLeod, 1991; Monsell et al.,
2001; Tzelgov et al., 1992), with computational modeling tak-
ing a prominent role. The first notable model of the Stroop
effect (Cohen et al., 1990) proposed a model of attention with
two processing paths, for processing respectively color infor-
mation and word information. The interference between the
two paths was considered through task-control nodes. Their
weights varied continuously, providing a hypothesis of in-
creasing automaticity with task repetition. This model has
been influential in the literature (Chuderski & Smolen, 2016;
Cohen & Huston, 1994; Kanne et al., 1998).

Some connectionist models were generalizations from other
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models with broader scopes. For instance, Phaf et al. (1990)
have proposed an application of SLAM (SeLective Attention
Model), initially designed for visual selective attention tasks
from McClelland and Rumelhart (1981) by adding compo-
nents of response selection and evaluation. Another example
is the connectionist model proposed by Roelofs (2000, 2003),
an extension of the WEAVER++ model of word production
(Levelt et al., 1999; Roelofs, 1992, 1997a, 1997b). This strat-
egy was also employed by Altmann and Davidson (2001), who
proposed the WACT model, resulting from the combination
of WEAVER++ with the memory and control processes of the
ACT-R cognitive theory (Anderson & Lebiere, 1998).

Computational models accounting for the Stroop effect
should connect, ideally, both to color naming models, and
to models of visual word recognition or reading, which are
numerous. A useful taxonomy of models in this domain char-
acterizes models according to the task they consider. Word
recognition models (for reviews, see Norris, 2013; Reichle,
2021) are usually purely orthographic and consider letter and
word recognition tasks, and some consider lexical decision
tasks as well. Word reading models (Coltheart et al., 2001;
Perry et al., 2007, 2010; Plaut et al., 1996; Seidenberg & Mc-
Clelland, 1989) include orthographic and phonological rep-
resentations and consider the task of reading aloud isolated
words. Finally, text reading models (Engbert et al., 2002,
2005; Reichle et al., 1999, 2009) include eye-movement con-
trol mechanisms and consider sequences of words as stimuli,
to simulate eye trajectories on the page. The resulting lit-
erature is fragmented, with separate families of models for
each specific task or subdomain (Norris, 2013). A few excep-
tions are found, with models of reading extended to account
for orthographic learning (Pritchard et al., 2018; Ziegler et
al., 2014), a model of visual word recognition connected to
text reading (Snell et al., 2018), a model of eye-movement
control extended towards word recognition, lexical decision
and sentence comprehension (Veldre et al., 2020), and finally,
BRAID, a family of probabilistic models of letter recognitin,
word recognition, lexical decision, reading and orthographic
learning (Ginestet et al., 2019, 2022; Phénix et al., 2025;
Steinhilber et al., 2023).

In this context, the contribution of Coltheart et al. (1999) is
noteworthy. In this particular study, the Dual Route Cascaded
(DRC) model of reading was extended to simulate color nam-
ing, with a particular focus on positional priming effects. The
DRC model was modified by linking a semantic representa-
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tion of colors to the phonological lexicon, and simulating the
Stroop task involved an ad-hoc manipulation of the strength
of connections in the letter-to-orthographic-lexicon network.
To the best of our knowledge, this extension was absent of
further presentations of the DRC model (e.g., Coltheart et al.,
2001; Pritchard et al., 2018).

In summary, the computational models developed for study-
ing the Stroop task have predominantly been task-specific
(Botvinick et al., 2001; Chung et al., 2013; Kalanthroff et al.,
2018; Siegle et al., 2004), that is to say, they were specifically
developed to simulate the Stroop effect, without considering
any other type of task related to reading, speech production
or color perception. Two noteworthy exceptions include ex-
tending a computational model of speech production (Roelofs,
2003, 2010) and, more relevant to our approach, extending a
computational model of reading (Coltheart et al., 1999).

In our eyes, a collection of task-specific cognitive models,
however large it may be, does not constitute a solid cognitive
theory, for two reasons. First, neurophysiological observation
suggest that the central nervous system is not a collection of
highly-specific processes (e.g., Roger et al., 2022). It seems
indeed obvious that most of the visual system, for instance,
is task agnostic, and involved for visual processing in various
task contexts. Second, as a scientific program, developing
computational models in isolation makes them largely uncon-
strained, resulting in a variety of mathematical frameworks,
with inconsistent and sometimes incompatible predictions and
theoretical interpretations (Norris, 2013; Veldre et al., 2020).

Therefore, in this paper, we aim at generalizing a prior
model of reading to account for the Stroop effect, more than
25 years after the proposal by Coltheart et al. (1999). To this
end, we developed BRAID-Color, an extension of the BRAID
family of probabilistic models. To assess the ability of the
BRAID family of models to generalize, we will study the
BRAID-Color “as-is”, that is to say without specific model or
parameter adaptation, and verify whether this minimal exten-
sion can account for the Stroop effect.

The structure of our paper is as follows. We first introduce
the BRAID family of reading models, and then BRAID-Color,
its extension able to process the color of the stimulus. We then
present the results of an experiment with simulations of the
Stroop task with BRAID-Color, to assess its ability to account
for the Stroop effect.

The BRAID-Color model

The BRAID family of models is a notable exception regard-
ing the issue of task specificity. The BRAID models are
hierarchical probabilistic models that aim to be general mod-
els of written language processing, irrespective of the spe-
cific task at hand. From the vanilla BRAID model (Ginestet
et al., 2019; Phénix et al., 2025), that was able to simulate
letter recognition, word recognition and lexical decision, its
BRAID-Learn extension (Ginestet et al., 2022; Steinhilber et
al., 2023) simulated orthographic learning, its BRAID-Phon
extension (Saghiran et al., 2020) simulated reading aloud and
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finally, its BRAID-Acq extension (Steinhilber, 2023) simu-
lated reading acquisition. These variants have been developed
using a nested methodology, so that later variants are designed
to also account for any behavioral effects in tasks simulated
by earlier variants.

The BRAID-Color model mainly consists in adding a color
processing branch to the existing architecture of BRAID fam-
ily of models. However, we present it here as an extension of
the vanilla BRAID model, which has fewer features to present.
Therefore, the vanilla BRAID model is presented first, with a
focus on features that are relevant to the current topic. Then,
a description of its extension into BRAID-Color is provided,
allowing for processing the color of the visual stimulus. The
structure of the architecture of the BRAID-Color model is
illustrated schematically in Figure 1.

The BRAID model

The structure of the BRAID model is illustrated on the right
portion of Figure 1 (adapted with permission from Saghiran,
2021), and corresponds to the “orthographic branch” of the
BRAID-Color model.

Its architecture is composed of four submodels. First, the
letter sensory model (green box on the right of Figure 1)
encodes the visual input as a sequence of letters, and includes
three mechanisms to account for several features of low-level
visual processing: decrease of performance as a function of
eccentricity due to acuity, decrease of performance due to
lateral interference from neighboring letters, and patterns of
errors reflecting geometric similarity between letters.

Second, the letter perceptual submodel (blue box in Fig-
ure 1) receives the output of the letter sensory submodel as
sensory evidence about the identity of letters in each position.
This sensory evidence accumulates over time into probability
distributions of Markov chains, one for each position within
the letter sequence. Initially, these distributions are defined
as uniform, representing a state of maximal uncertainty over
letter identity. As the simulation progresses, the perceptual
probability distributions peak on the correct letter identity (at
least, in usual simulations with default parameters, where the
visual stimulus is not significantly degraded or challenging).

Third, the visual attentional submodel (orange box in Fig-
ure 1) modulates the speed of information transfer between the
letter sensory and letter perceptual submodels. This modula-
tion affects the dynamics of sensory evidence accumulation
into letter perceptual probability distributions. The spatial
distribution of attention is represented, in the model, with a
one-dimensional Normal probability distribution. Modifying
its mean position and variance affects the dynamics of let-
ter identification, consequently affecting the process of word
recognition. Although not useful in the current context of
simulating the Stroop effect, the visual attention submodel
has been demonstrated to be effective in accounting for length
effects in lexical decision (Ginestet et al., 2019), for crowding
effects and the optimal viewing position effect (Phénix et al.,
2025), and in depicting how visuo-attentional exploration pro-
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ink (RGB coordinates are 0, 1, 0).

gresses from a slow and serial, letter-to-letter decoding to a
fluent, parallel, global decoding during orthographic learning
(Ginestet et al., 2022; Steinhilber et al., 2023).

Fourth and finally, the lexical knowledge submodel (red
box in the orthographic branch of Figure 1) contains sev-
eral components. First, the lexical space W is defined as
the set of known words. Second, a Naive Bayes probabilis-
tic model encodes knowledge about which letters compose
which words. Third, a Markov-chain model, mathematically
similar to the perceptual accumulators of evidence of the letter
perceptual submodel, provides accumulation of evidence con-
cerning word identity. In other words, a dynamic probability
distribution is computed at each simulated time-step over the
set of all known words in the lexical space.

With these four submodels, the BRAID model can be used
to simulate tasks such as letter perception, word recogni-
tion and lexical decision (not described here). Mathemati-
cally, each of these tasks is performed by applying the rules
of Bayesian inference to the probabilistic definition of the
model. Overall, these tasks proceed successfully in nominal
conditions (Phénix et al., 2025): for instance, with default
parameters, when the stimulus corresponds to a word in the
lexical knowledge of the model, the probability distribution
over the lexical space peaks on the correct word hypothesis.

Extending BRAID into BRAID-Color

Color processing submodel A fundamental assumption of
the BRAID model is that its internal representation of letters
only concerns identity and position, irrespective of any other
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characteristics of the stimulus, such as letter size, case, font,
style (italic, bold, etc.), orientation or color. This is in line
with neurophysiological studies (for a review, see Dehaene
et al., 2005), that support such an hypothesis of an abstract
cognitive representation of letter identity.

Nevertheless, visual representations in the central nervous
system also encode information about the color, or colors, of
visual stimuli. To define BRAID-Color, we define a model of
color processing, that maps a sensory color space to a space
of color names. Its mathematical form, and the resulting cat-
egorization process, are analogous to classical probabilistic
models of perceptual categorization. For instance, it can be
regarded as an application of a model of phonemic identifi-
cation (Feldman et al., 2009a, 2009b; Kronrod et al., 2016;
Vallabha et al., 2007), except that its sensory space is the
three-dimensional (3D) color space instead of the acoustic
formant space, and its categorization space is the set of color
names instead of the set of known phonemes.

More precisely, the color space is defined as a 3D cube
of Red-Green-Blue (RGB) values. Each R, G, B dimension
value is a real number in the [0, 1] interval. We consider that
there are 8 named colors, represented by the discrete set

C = {cred> Cgreens Cblues Cwhites Cblacks Ccyans Cmagentas cyellow} .

To map the color and color name spaces, we define the joint
probability distribution as follows:

P(RGBC)=P(C)P(RGB|C),

where P(C) is a uniform probability distribution (i.e., each
color name has a prior probability of 1/8) and P(R G B | C)



Figure 2: Illustration of the probabilistic model P(R G B | C)
for color perception. Axes represent the three color coordi-
nates for red, green and blue. Three iso-probability surfaces
for each 3D Normal probability distribution are shown, and
are colored to match the corresponding color name.

is a collection of eight 3D Normal probability distributions.
These are defined by mean vector values and covariance ma-
trices, which map regions of the color space to each color
name. There are eight mean vector values, denoted by
UR(C), ug (C), ug(C), one for each color. For instance:

H1B(crea) = 0;
ﬂB(Cgreen) = 0;

HR(Crea) = 1, G (Crea) =0,
“R(Cgreen) =0, /'lG(Cgreen) =1,

and so on, with each mean position at each corner of the
color cube. The covariance matrices are independent of the
color name, and are all equal to a diagonal covariance ma-
trix Xrgp = o>.1, with o2 the variance parameter and I the
3*3 identity matrix (i.e., we assume equal dispersion along
each color dimension, that is, spherical iso-probability sur-
faces). Variance o> was set to a high value so that proba-
bility distributions over colors would retain high uncertainty,
to be adequately scaled with other distributions in the model.
(More precisely, o> was arbitrarily set to 400, with the inter-
nal coding of the model based on a [0, 255] RGB space, i.e.,
o2 = 400/255 = 1.57 in the current paper’s chosen descrip-
tion.) This is illustrated in Figure 2.

From the joint probability distribution P(R G B C), we
obtain a categorization process, by computing, from any given
color stimulus r, g, b, a posterior probability distribution over
the color name space C. This is noted P(C | r g b). Bayesian
inference yields:

P(rgb|C)
YcP(rghb|C)”

Including color processing into BRAID In order to in-
corporate our proposed model of color processing into the
BRAID model, it must be noted that the eight color names
of C are a subset of the lexical space W of known words of
BRAID. In the following simulations, and for simplicity, the

P(C|rgb) (1)
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lexical space is constrained to fixed-length words, retaining
only five-letter words. Therefore, color names that are not five-
letter-long are internally coded with word-like pseudo-words
(to ensure they have lexical neighbors without any particular-
ity) as follows: “reder” (neighbors such as “rider”, “ruder”
and “elder”), “blues” (neighbors such as “clues” and “glues”),
“cyane” (neighbors such as “crane” and “plane”), “maven”
(neighbors such as “haven”, “given” and “riven”) and “yello”
(neighbors such as “hello” and “cello”). This has no impact
on the results or their ability to generalize.

To connect the lexical space to the color space C, there
are two cases to consider: for the eight color names in W
that also correspond to categories in C, their relation with
the sensory color space is characterized by the 3D Normal
probability distributions described above; for all remaining
words in W, we assume 3D uniform probability distributions
over the color space R, G, B. In the mathematical definition
of the color processing branch BRAID-Color, we denote W¢
the variable whose domain is the complete lexical space and
that is connected to the R, G, B color space; instead of Eq. (1),
we compute P(W¢ | r g b). In summary, in the context of
BRAID-Color, there are only eight color names in the lexical
space that are informed by color processing. For instance,
names of other colors (e.g., “mauve”) or names of objects with
typical colors (e.g., “banana”) have no particular association
to colors. This is of course a simplifying assumption.

Consider the connection between the color and orthographic
branches of processing: in Figure 1, it is represented by bidi-
rectional arrows. Mathematically, this is implemented with a
“controlled coherence variable” noted A, which is controlled
by parameter « (Ginestet et al., 2019; Nabé et al., 2022). Co-
herence variables are defined as a set of variables that allow
connecting variables sharing the same mathematical domain.
They yield multiplicative models of probabilistic fusion of
information. The controlled version of coherence variables,
through their control parameter, enables the modulation of
the relative information content of the connected probability
distributions during their combination.

In the BRAID-Color model, the result of color sensory
processing is thus controlled with respect to its information
content, as a function of parameter «: what is combined with
the rest of the model is not P(W¢ | r g b), but

aPWe |rgb)+ (1-a)U,

with U the uniform probability distribution over the lexical
space. This weighted sum between P(W¢ | r g b) and a uni-
form distribution allows to gradually go from the distribution
itself to the uniform, as a function of @. Since the uniform
distribution is devoid of any information, this operation al-
lows modulating “how much” P(W¢ | r g b) is considered
during fusion. This is mathematically useful for controlling
the relative balance of information content between the color
and orthographic branches of the BRAID-Color model. In-
deed, as it involves well-separated 3D Normal distributions,
color processing can result in probability distributions with
low entropy, that is, almost all-or-nothing distributions with



numerical values close to ones and zeroes. This particu-
larly happens when color stimulation in the RGB color space
approaches one of the corners of the RGB cube. In such
circumstances, the term P(W¢ | r g b) has low entropy. Con-
sequently, the color branch prevails over any processing that
occurs in the orthographic branch. We will therefore study
the impact of parameter @ on the capacity of the model to
simulate the Stroop effect. To that end, four empirically set
values of « will be considered: .1, .25, .5 and .75.

Simulating the Stroop task in BRAID-Color

In the BRAID-Color model, three distinct tasks are consid-
ered. The first task is classical word recognition. In this task,
an input letter string s { ]T\, is presented as stimulus, in positions
1 to N and from time instant 1 to 7. The model computes
the evolution of the probability distribution over the lexical
space W, for each time instant 7. Mathematically, solving
word recognition is noted

Qi = P(Wo | siiy

The resulting Bayesian inference is provided elsewhere
(Phénix et al., 2025). Note however that we use here a sim-
plified notation. In existing BRAID presentations (Phénix
et al., 2018, 2025), gaze position g"7 and visuo-attentional
parameters p;7 and o} are specified in O}, along with con-
trolled coherence variable values to control information flow
in the model. Since gaze and visual attention are not manipu-
lated in the following experiments, and to keep mathematical
notation light, we omit these. With recognition defined as
QT . we remark that the color stimulation is not even speci-
fied in this computation (variables R, G, B do not appear in
Q€V). Computing Q€V with Bayesian inference involves a
marginalization over the RGB color space, which simplifies
out. In other words, when the color of the stimulus is not
specified, the color submodel has no impact whatsoever, and
word recognition proceeds as in the BRAID model.

The second task we consider is color naming, which can
be regarded as a mirror situation to the previous task. The
stimulus is simply a color stimulation r, g, b, and no letters
are shown as stimulus, as if, for instance, a color patch was
presented on a screen. This is mathematically denoted as Q(T:.
Bayesian inference, thanks to the naive Bayes structure of
information accumulating in the lexical space, also simplifies
out. The resulting Bayesian inference was previously given:

QL =aP(Wc |rgh)+(1-a)U.

The third and final task we consider, of course, is the Stroop
task, that is, naming the color of letters that spell out the name
of a color. This is noted:

0Ly, =PWT |rgbsih [Ac=1]).

Setting the controlled coherence variable A¢ to value 1 “closes
the Bayesian switch” (Gilet et al., 2011) between the color and
orthographic branches of the model, allowing exchange of in-
formation between them. Mathematically, Bayesian inference
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to compu;e ng iTs equivalent to a simple product combina-
tion of Oy, and Q.:

Qcw o« Qw * Q¢ @)
o P(WT | s%) * [aP(We | r g b) + (1 —a)U|,

with oc the proportionality relation (in other words, the product
Q1 * QL is renormalized over the lexical space W7).

Experiments and results

The Stroop effect, in its simplest form, consists in a facilitation
of color naming by word recognition in congruent conditions
in comparison to neutral condition, and, conversely, an inter-
ference of word recognition on color naming in incongruent
conditions compared to neutral conditions. We therefore con-
sider three experimental conditions.

In the incongruent condition, the sequence of letters in the
stimulus spells out the name of a different color than the color
of the ink in which it is presented. Given that the model
represents eight colors, all 8 = 7 = 56 possible combinations
are considered (eight possible ink colors times seven letter
sequences that spell another color name). Each of these com-
binations is then used as stimulus for the Stroop task. In the
neutral condition, the stimulus letter sequence corresponds to
a word that has no particular relation to color names. For
each of the eight possible ink colors provided as color stimu-
lation, we randomly selected seven words in the lexicon, and
provided them as stimulus letter sequences. This also results
in 56 different simulations. Finally, in the congruent condi-
tion, the stimulus letter sequence spells out the name of the
ink color in which it is presented; this only results in eight
possible combinations.

Mathematically, in the BRAID-Color model, these are sim-
ulated by three kinds of instances of the Stroop task. For
instance: QL = POWT | [r = 1] [g = 0] [b = 0] [s}T
“GREEN’]) is an example of the incongruent condition with
the word “GREEN” presented in red ink; ng = P(WT |
[r=1] [g=0] [ =0] [S}ST “HOUSE”]) is an example
of the neutral condition with the word “HOUSE” presented in
red ink; and QL = P(WT | [r=0] [g=1][b=0] [s]T =
“GREEN]) is an example of the congruent condition with
the word “GREEN” presented in green ink.

We now present simulation results. Consider first the cor-
rectness of responses: in all simulations, the probability dis-
tribution over the lexical space computed with QEW assigns
its highest probability value to the correct color name. Con-
sider now the dynamics of perceptual processing in the model,
illustrated Figure 3. We observe faster increase in probability
for the correct color name in lexical space for the congruent
condition relative to the neutral condition, and for the neutral
condition relative to the incongruent condition. The separa-
tion between the dynamics of each condition is larger for larger
values of @ which, we recall, represent a stronger influence of
color processing relative to letter processing.

In order to obtain either response times (RT) or correct
response rates from these probability distribution evolution,
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decision methods would need to be defined. Concerning re-
sponse rates, and since probability distributions quickly peak
towards the correct color name in the lexical space, any deci-
sion model selecting the most likely hypothesis in the lexical
space would yield 100 % correct response rates. Decision
models based on random drawing according to QEW would
also provide high correct response rates, and the higher the
longer the stimulation time.

Consider now response times. A classical decision model
would assume that reaching a given probability threshold,
denoted 7, would stop perceptual accumulation and elicit a
response. On Figure 3, this would amount to reading time
instants when probability values reach some horizontal line
representing probability 7. It is easily seen in Figure 3 that,
for a wide range of such decision thresholds, and for all val-
ues of parameter «, the predicted RTs would be smaller in
the congruent condition relative to the neutral condition, and
the predicted RTs would be smaller in the neutral condition
relative to the incongruent condition. Therefore, the BRAID-
Color model simulates a facilitation for the congruent condi-
tion, and an interference for the incongruent condition, in a
robust fashion; it is thus able to account for the Stroop effect.
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Discussion

With the exception of a single study in the connectionist frame-
work (Coltheart et al., 1999), to the best of our knowledge,
the investigation of whether a prior computational model of
reading could be extended to simulate the Stroop effect has
remained largely unexplored in psychological research. We
proposed to fill this gap by examining the potential of a read-
ing model to be minimally extended to account for the Stroop
effect. In this sense, our objective differed from previous ef-
forts focused on the development of task-specific models of
the Stroop task. These focused on accounting for the Stroop
effect and its variants in precise ways. Instead, our objective
was to explore the generalization of an existing reading model
to the color naming task and the Stroop effect.

Consequently, we have introduced the BRAID-Color
model, an extension of the BRAID model of visual word
recognition. By connecting a submodel of visual color pro-
cessing to the existing orthographical architecture, we have
shown the model’s capability to simulate not only color nam-
ing in general but also the naming of the color of letters that
spell a word. In this last case, the mathematical properties of
the model yield a combination of probability distributions at
the lexical level. This combination results in an interference
between lexical information from the letter sequence and from
letter color when they are incongruent, and, in contrast, a fa-
cilitation when both information sources are congruent. As a
consequence of this mathematical property, we have demon-
strated in our simulations that the BRAID-Color model would
produce the expected Stroop effect.

This shows that the BRAID model can be generalized to
color processing, allowing the simulation of the color naming
task and accounting for the Stroop effect. This mathemati-
cally straightforward extension involves the addition of a sub-
model featuring the obviously missing component, namely,
color representations and their relations to the lexical space.
More importantly, our study did not involve any change of the
parameters of the BRAID model. Nevertheless, the mecha-
nism of information combination at the lexical level robustly
produces the Stroop effect.

Of course, such a straightforward extension, without any
parameter adaptation or calibration, and with simple “sanity-
check” simulations, could not be expected to account for the
Stroop effect in all its richness. For instance, a salient feature
of behavioral accounts of the Stroop effect is the presence
of an asymmetry, whereby a larger interference is observed
in response to incongruent stimuli relative to the facilitation
effect elicited by congruent stimuli (Chuderski & Smolen,
2016). Our experimental results suggest that the model, with
default parameters, produces the inverse pattern, with larger
facilitation than interference (see Figure 3). Parameter tun-
ing, maybe limited to a more realistic tuning of the dynamics
of color recognition, would affect this aspect of our experi-
mental results, and likely bring the model closer to realistic
simulations.
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