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ABSTRACT

I review several alternative linking hypotheses for relating eye tracking data from the VWP to cognitive theories and models. While some models are able to simulate
VWP data surprisingly well (such as the TRACE model), there is still ample ambiguity to resolve in the meaning of fixation proportions over time, despite decades of
work with the VWP. I also present a simple fixation model based on probabilistic sampling from underlying lexical activation that allows simulation of individual
trials. Unsurprisingly, a properly-parameterized sampling procedure approximates the underlying activation patterns when sufficient trials are averaged together.
However, the utility of simulating trial-level behavior is not in reconstructing central tendencies (which can be derived directly without simulating fixations), but in
addressing, for example, individual differences. I also discuss critiques and misunderstandings of linking models to the VWP, and analogies to a simpler paradigm —

lexical decision — to illuminate the logic of linking hypotheses in the VWP.

1. Introduction

The Visual World Paradigm (VWP; Tanenhaus et al., 1995) has been
a key tool in the cognitive scientist’s kit for 30 years.' From many of the
earliest VWP papers, an approach that has been particularly impactful
on theoretical understanding has been to link the fine-grained time
course measure provided by the VWP with fine-grained predictions from
computational models.

Spivey-Knowlton (1996) conducted the first simulations of VWP
data, modeling the time course of competition between cohorts (words
sharing onsets, such as candy and candle) with his Normalized Recur-
rence model (see also chapter 7 of Spivey, 2006). Notably, in this early
work, Spivey already proposed interaction between visual and auditory
stimuli in the VWP (see Spivey, 2025 for an extension of this pioneering
work).

Allopenna et al. (1998) took a somewhat different approach, using
the TRACE model of speech perception and spoken word recognition
(McClelland and Elman, 1986) to model lexical activations, and using
lexical activations to feed a decision module based on the visual scene
(without feedback from the visual scene to lexical processing). They also
looked at an additional type of potential competition, rhymes, such as
candle and handle, which are predicted to compete by the Neighborhood
Activation Model (Luce and Pisoni, 1998) but not by the Cohort Model
(e.g., Marslen-Wilson and Welsh, 1978; Marslen-Wilson and Tyler,
1980). TRACE unexpectedly provided a close fit to the pattern observed
with human participants: early, strong competition (or at least, coac-
tivation; Magnuson, 2019) between cohorts (onset competitors) as well
as later, weaker apparent activation of rhyming words. This pattern
emerges in TRACE because its pseudo-spectral inputs are presented
sequentially over time, in a speech-like manner. This gives the target and
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its cohorts a head-start over rhymes. Activation is governed by lateral
inhibition (phoneme-to-phoneme and word-to-word) in TRACE, and this
explains why rhymes tend not to activate as strongly as cohorts in
TRACE, even when they have higher overall overlap with a target word.
By the time the input corresponds sufficiently to a rhyme to activate it
strongly, the already-strong activation of the target and its cohorts al-
lows them to inhibit rhymes.

These were watershed developments in the study of human speech
processing, as the VWP provided estimates of lexical activations over
time that could be compared directly to continuous outputs from
computational models. This provided a new window on the dynamic
details of speech processing. Subsequent studies used this approach to
reconsider unresolved challenges in spoken word recognition. These
included using the TRACE model to simulate distinct proposals for the
locus of word frequency effects and then testing the predictions with the
VWP (Dahan et al., 2001). In another early case (Dahan et al., 2001),
VWP data shed new light on a complex experimental paradigm (sub-
categorical mismatch, where portions of different words and/or non-
words are spliced together to provide misleading coarticulatory cues to
upcoming phonemes). Previous studies using a lexical decision version
of the subscategorical mismatch paradigm had led to claims that lateral
inhibition in TRACE drove predicted response patterns that were in
conflict with human data (Marslen-Wilson and Warren, 1994). Dahan
etal. (2001) used TRACE activations to simulate both graded effects that
they observed in their VWP study (which were highly consistent with the
model predictions) and the seemingly divergent lexical decision data
patterns (human-like lexical decisions emerged from simulations with
an absolute threshold for word responses).

In the three cases mentioned so far (Allopenna et al., 1998; Dahan
etal.,, 2001; Dahan et al., 2001), the VWP was instrumental in providing
a basis to adjudicate between theories, and to assess the potential val-
idity of specific computational mechanisms (e.g., lateral inhibition). The
timecourse of phonological competition is particularly important. My
colleagues and I consider this a hallmark of human spoken word
recognition that any candidate theory or model should accommodate (e.
g., we reference it as a fundamental prerequisite for model validity in
our papers on the TISK and EARSHOT models; Hannagan et al., 2013;
Magnuson et al., 2020).

Other teams have compared implemented models to VWP data as
well. For example, Norris and McQueen (2008) used their Shortlist B
model to simulate aspects of the word frequency studies of Dahan et al.
(2001). Another example is Smith et al. (2017), who used their Multi-
modal Integration Model to simulate their VWP results showing
different degrees of apparent competition due to phonological, seman-
tic, or visual similarity. Magnuson et al. (2003) simulated not just the
timecourse of phonological competition, but its development as adults
learned new sets of artificial words using a Simple Recurrent Network
(Elman, 1991; Elman, 1990).

Something all these examples have in common is that they simulated
VWP patterns as central tendencies from models, rather than simulating
the specific behavior underlying human VWP data: saccades and fixa-
tions. From the beginning (Allopenna et al., 1998; Spivey-Knowlton,
1996), central tendencies from models have been conceptualized as
(and/or transformed to) quantities like predicted response (fixation)
probabilities or proportions. They have relied on linking hypotheses that
assume that if actual fixation decisions are generated probabilistically
from underlying lexical activations, the processes sampling from lexical
activations would generate central tendencies (fixation proportions)
strongly resembling those underlying activations. In the next section, I
discuss a critique of this approach to modeling VWP data (Norris, 2005)
that asserts that modeling central tendencies rather than individual
fixations is an exercise in atheoretical modeling without a linking hy-
pothesis. This motivates a discussion of linking hypotheses, and then
simple simulations demonstrating how readily a fixation-generation
model recovers underlying central tendencies from model predictions.
Rather than concluding that there is no need to simulate individual
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fixations, I discuss potential advantages of doing so (as well as other
ongoing efforts to better link VWP behaviors to models).

1.1. Are conventional simulations of Visual World Paradigm studies
fundamentally flawed?

Despite the apparent successes and progress afforded by linking
implemented computational models to the VWP, Norris (2005, , pp. 337-
338) argues that the conventional approach introduced by Allopenna
et al. (1998) is fundamentally flawed and lacks a proper theoretical
basis, and that researchers have mistaken superficially good fits for
theoretical insights. I will review this critique in detail as motivation for
a deeper examination of linking hypotheses in the VWP — and other
paradigms. Several assertions made in the critique are emblematic of
common misconstruals in discussing how a linking hypothesis allows a
model of internal processing to simulate human behavioral data. By
dissecting each misunderstanding in the critique, the goal is to provide
greater clarity regarding the components entailed in a linking
hypothesis.

As we review this critique, it will be helpful to refer to the eye
tracking data and simulation results from Allopenna et al.; Fig. 1 pre-
sents the key results. Participants’ fixations mapped closely onto pho-
netic similarity over time with a lag of 200 ms (Fig. 1A). TRACE
simulations captured the key patterns (target and cohort separating
early from rhyme and unrelated items, with a later peak for rhymes).
This emerged in TRACE due primarily to lateral inhibition (Fig. 1B: the
bottom-up input initially activates items matching the input from onset
(the target and its cohorts; when the input favors the target, cohort ac-
tivations decline due to lateral inhibition from the target; at the same
time, the input becomes sufficiently similar to rhymes that they are
activated robustly above the unrelated baseline; however, rhymes never
reach as high a peak as cohorts because they are already being inhibited
not just by the target but also by the cohorts. While there was an obvious
qualitative correspondence between TRACE activations and fixation
proportions, with a few additional parameters (discussed later), Allo-
penna et al. converted TRACE activations into predicted fixation pro-
portions Fig. 1C) that provided a very close quantitative fit to the data
(as is clear from the small discrepancies plotted in Fig. 1D, and high R?
and low root mean squared error values calculated by Allopenna et al.).?

Now let’s consider Norris’s critique, starting with a lengthy quote,
because the details and full context are critical. Key points to be dis-
cussed later are highlighted with bold font.

Two example [sic] of models without a proper theory are the
perturbation model of memory (Lee and Estes, 1981; Lee and Estes,
1977) and simulations of eye-movements during spoken word
recognition presented by Allopenna, Magnuson and Tanenhaus
(1998). The perturbation model simulates serial position curves,
mainly in immediate serial recall experiments. In these experiments
subjects are presented with a sequence of items (frequently digits or
letters) and are required to recall the items in the correct order. The
perturbation theory is a statistical model that generates predictions
of the probability that each item in a list is recalled at each output
position. For example, it simulates the fact that items at either end of
a list are more likely to be recalled in their correct position than are
items in the middle of a list. The problem is that the model doesn’t
explain how any particular list is actually recalled. In effect, the
model describes the data, but doesn’t describe the behaviour or
mechanism that produces the data.

2 Note that Allopenna et al. (1998) labeled their observed human fixation
proportions as fixation probabilities. In later work (including here), we use
different terminology: we relate predicted fixation proportions to observed
human fixation proportions.
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Fig. 1. Key results from Allopenna et al. (1998), Experiment 1. A: Their eye tracking (VWP) data. B: Their reported mean activations by items types in TRACE
simulations. C: TRACE activations converted to predicted fixation proportions over time. D: Discrepancies between human data and predicted fixation proportions (A-

C). Panels A-C adapted from figures in the original paper..

Allopenna et al. present simulations using TRACE (McClelland
and Elman, 1986) that suffer from exactly the same problem.
They simulated data from an experiment tracking listeners’ eye
movements to pictures of objects as subjects listened to sentences.
The sentences could contain either the names of those objects, or the
names of phonologically similar objects. For example, the sentence
might be “Pick up the beaker, now put it in front of the diamond” and
there might be pictures of a beaker, a beetle, a speaker and a control
such as a carriage.® Activation of the spoken words was simulated in
TRACE. TRACE can simulate the probability of recognising each
word at each moment in time. Plots of these probabilities show an
excellent fit to the eye movement data (i.e. the probability of fixating
on the different pictures). The fit is so good, that surely it must be

3 To clarify, all trials included an image of the named target item, along with
images of three other items. On some trials, those other images included pic-
tures of onset and/or rhyme competitors. If the display included the target and
one competitor, the other two pictures were phonologically unrelated to the
target. If both the cohort and rhyme appeared, the one other item was unre-
lated. After the instruction to pick up the target item, the next instruction was to
place the target next to, above, or below one of the shapes.

a good model (see Roberts and Pashler, 2000; Roberts and Pashler,
2002, for further discussion of the relation between good fits and the
quality of models). But, consider what subjects must be doing
whenever the model predicts that they are equally likely to
fixate either of two pictures.

Clearly subjects can only be fixating one of the two pictures at any
point, but the model doesn’t say which one. In fact, the model
doesn’t say how long each picture will be fixated for either.
Predictions at one point in time are completely independent of the
following point in time. The model therefore predicts that, from
moment to moment, the subjects’ eyes flicker randomly from
picture to picture. Although the model does a very good job at
simulating behaviour averaged over trials, it doesn’t give a plau-
sible explanation for what subjects do on an individual trial. To
use terminology that Tanenhaus and Magnuson use elsewhere, the
model doesn’t have a linking hypothesis (Tanenhaus et al., 2000).

These are strong claims. If they are valid, it would appear that the

visual world paradigm is not linkable to computational models (or
theories) unless the model (and theory?) specifies precisely how indi-
vidual behaviors (in this case, fixations, in others, perhaps button
presses) are generated. Given that Norris and McQueen (2008) employ



J.S. Magnuson

key aspects of the linking hypothesis detailed by Dahan et al. (2001),
perhaps no one considers it an important challenge for modeling VWP
data. However, such a strong critique merits a direct response, so let us
evaluate the arguments. Key points are numbered to facilitate refer-
encing specific arguments.

The first key claim is that (1) The model describes the data, but not the
behavior or mechanism that produces the data ...simulations using TRACE
suffer from exactly the same problem. This is a surprising assertion. Allo-
penna et al. clearly set up the theoretical principles at stake in their
experiments: they aimed to contrast mechanisms posited and/or implied
by models like Cohort and the Neighborhood Activation Model with
TRACE. The Cohort Model (e.g., Marslen-Wilson, 1987; Marslen-Wilson
and Welsh, 1978; Marslen-Wilson and Tyler, 1980) proposes that words
are continuously mapped from phoneme sequences to words, and that
phonemes in the input provide both positive evidence for words corre-
sponding to the sequence, and negative evidence against words mis-
matching the input, which should therefore be removed from the
recognition ‘cohort’ (and so only words overlapping at onset are pre-
dicted to compete strongly for recognition), with a relatively hard ‘reset’
when word boundaries are detected (e.g., when an incoming phoneme
cannot be added to the sequence buffer to continue adding a word, as in/
kaetd/ which could be part of the phrase the cat drinks; in this case, cat
would be recognized and/keat/ would be removed from the phoneme
sequence buffer, leaving only/d/ — the presumed onset of the next word
— until more input arrives). Thus, only words overlapping at onset are
predicted to compete strongly for recognition. The Neighborhood Acti-
vation Model (NAM; Luce and Pisoni, 1998) provides a very different
proposal. NAM does not consider segmentation (it only considers iso-
lated or segmented words) nor where two words differ from each other
(with the effect that two words are predicted to compete strongly so long
as they mismatch by only one phoneme, no matter the position of the
mismatch). Thus, NAM assumes word boundaries are known, as only
entire wordforms are considered.

In contrast, continuous mapping models, like TRACE, do not explicitly
track word boundaries, and instead allow words to become activated at
any point based on match to bottom-up input. TRACE turns out to make
predictions intermediate between Cohort and NAM: onset (cohort)
competition is early and strong (e.g., candle, candy), while neighbors
mismatching at onset still compete, but with a later and lower peak (e.g.,
candle, handle). Thus, competitors are not limited to words overlapping
at onset, but those items compete more strongly due to a temporal
advantage: the onset competitors (including the target) are activated
early by bottom-up match. Rhymes match later-arriving inputs, but
cannot be as strongly activated because they are inhibited by the onset
competitors (especially the target; see Allopenna et al., 1998, pp. 425-
426). Thus, it is not the case that the predictions from the TRACE model
are not mechanistically linked to the behavioral data; the specific pat-
terns observed follow (non-intuitively) from interactions of feedfor-
ward, feedback, and lateral (inhibitory) connections (as mentioned
earlier).

(2) TRACE can simulate the probability of recognising each word at each
moment in time. While this would arguably be possible to simulate,
‘probability of recognition’ is not a reasonable interpretation of TRACE
activations. One could take raw activations or response probabilities
derived from the Luce choice rule and simulate something like a forced
response to a ‘gated’ (partial) input (as Allopenna et al. did to simulate
gating in their second experiment). In that case, the linking hypothesis
to the task would indeed operationalize response probability as the
probability of responding with one word or another (e.g., as human
subjects are asked to do in the gating task, giving completions such as
‘beam’, ‘beaker’, or ‘beetle’ in response to the input /bi/). But even in
this case, it would not be the probability of recognizing each word at that
moment in time; it would be proportional to the relative probability of
each word given the available evidence. This may seem like a minor
misunderstanding, but it is fundamental. Interactive activation models
like TRACE eschew the idea of a ‘magic’ moment of recognition (Balota,
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1990). The models generate activations over time, and it is up to the
researcher to operationalize recognition based on activations.

(3) The fit is so good, that surely it must be a good model. Here, Norris
implies that Allopenna et al. made such a claim, or that they presented
the model fits without examining their theoretical import. However,
Allopenna et al. make no such claims or assumptions. Roberts and
Pashler (2000) point out that while theories with corresponding models
‘gain credence’ when they provide good fits to data, good fits alone are
not deeply meaningful. One must also consider the flexibility of a theory
and corresponding model (what the model cannot fit), what patterns the
model is known to generate (e.g., whether the model generates patterns
not observed in human subjects, or fails to generate patterns observed in
human subjects), or whether the model can simulate any plausible result
(e.g., patterns predicted by incompatible theories). Roberts and Pashler
(2002) put it like this: ‘that a theory fits data is meaningful only if it was
plausible that the theory would not fit.” Let us consider these points.
TRACE does not predict just any outcome whatsoever: it does not predict
equivalent activation of any close (1-phoneme mismatch) competitors,
like NAM does; it does not predict that only words overlapping at onset
compete, like Cohort does. On the other hand, it predicts rhyme effects
should be absent in the gating paradigm (Allopenna et al., 1998,
Experiment 2), providing an unexpected explanation for why Marslen-
Wilson and colleagues observed so many results consistent with the
Cohort model and apparently incompatible with NAM using that
paradigm.

Other data also supported Cohort over NAM. For example, Marslen-
Wilson and colleagues have found cross-modal semantic priming
consistent with Cohort (beaker would prime insect, suggesting hearing
beaker sufficiently activates beetle for semantic priming of its relative
insect. However, beaker would not reliably prime stereo, a semantic
associate of its rhyme, speaker (Marslen-Wilson and Zwitserlood, 1989).
Since TRACE does not have semantic representations, it is not possible to
simulate this result directly. But as Allopenna et al. noted, it is plausible
that if underlying activations are as predicted by TRACE, rhyme acti-
vations could be sufficiently weaker than cohort (onset) activations that
they could not drive detectable spreading activation to semantic rep-
resentations (although this possibility remains untested). Finally, was it
plausible that the model could have failed to simulate these results?
Indeed; it was not intuitive (except perhaps to Paul Allopenna) that the
observed pattern of results should emerge in TRACE prior to running the
simulations. Notably, McClelland and Elman (1986) emphasize that
their intent was to implement a model consistent with the principles of
the Cohort model. While Allopenna et al. are careful to avoid drawing
strong conclusions for the TRACE model specifically (p. 431), their re-
sults clearly support continuous mapping models more generally
(although TRACE continued to simulate well even more subtle manip-
ulations, e.g.: Dahan et al., 2001; Dahan et al., 2001).

Comparing Fig. 1A and 1B qualitatively, we already observe
tremendous progress in interpreting the eye movement pattern; the
unanticipated competition patterns emerge naturally from TRACE.
Allopenna et al. went a step further, asking whether a few assumptions
about eye movements could yield a linking hypothesis that might explain
finer details of the data. The fundamental idea was that lexically-driven
eye movements depended on at least two component processes: lexical
activation, and then a decision process that guided eye movements.
Allopenna et al. modeled this by allowing all items in the lexicon to
compete, but then estimating the outcomes of a separate decision pro-
cess that would only consider the four possible choices (the four pictured
items) without sending any feedback to the lexical processor (TRACE).

They made three key assumptions. First, they needed to map cycles
in TRACE to real time (ms) in the eye movement data. They did this by
simply calculating the mean ms per phoneme in their items and cycles
per phoneme in TRACE, and transformed cycles to ms with a simple
constant (with each TRACE cycle equal to approximately 11 ms). Sec-
ond, given an approximate lag of 200 ms between phonetic details and
changes in fixation proportions (approximated based on a lag of
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approximately 150 ms for saccades in extremely simple tasks; e.g., Matin
et al., 1993), they simply shifted TRACE activations by 200 ms (as in
Fig. 1B). Third, at each time step, they calculated predicted fixation
proportions using the Luce Choice Rule (LCR; Luce, 1959). We will
examine the LCR in more detail below; for now, note that it applies a
nonlinear normalization that amplifies larger values and squashes
smaller ones, and was used to model choice behavior in TRACE in prior
work (McClelland and Elman, 1986).

Allopenna et al. also applied two additional parameters. First, there
is a constant parameter in the LCR, k, that determines the degree to
which values will be amplified or squashed. They made k change over
time via a sigmoid function (such that k was minimal in the early time
course, and rapidly transitioned to a maximum value midway through
the timecourse). This improves fit by damping later predicted rhyme
fixation proportions. Second, they scaled response probabilities based
on the ratio of the maximum underlying activation value at a time step
to the maximum activation value observed at any time step. This
allowed initial response probabilities to be (near) zero, without explic-
itly modeling fixations to the central fixation cross (cross fixation pro-
portions were added to Fig. 1C as 1 —Xp, the sum of predicted response
proportions to the four objects, to enhance comparability to the eye
tracking data).

Thus, the fact that the fit was so good is meaningful. Again, under-
standing how the underlying activation pattern of phonological
competition over time emerges in TRACE is the core theoretical
advance. The improved fit that resulted from the linking hypothesis was
also logically motivated, and was not a simple exercise in data fitting.
That said, four of the five parameters described above were free pa-
rameters that were adjusted to improve fit (note that the scaling factor
for mapping cycles to ms as this was not a free parameter, but a value
dictated by the stimulus materials):

1. k: scaling factor in the LCR

2. x: steepness parameter for Allopenna et al.’s ‘dynamic’ k

3. At: scaling factor (ratio of maximum activation value at a time step
relative to the maximum activation at any time step

4. Temporal shift: how far TRACE activations were shifted later in time*

These parameters were not exhaustively explored, but were settled
upon with trial and error. Nonetheless, the quantifiably good fits re-
ported by Allopenna et al. were not just an exercise in data fitting.
Indeed, later papers (Dahan et al., 2001; Dahan et al., 2001) dropped the
dynamic k adjustment (thus dropping x and At, while also using the
same value for k [7], essentially removing it as a free parameter, too),
because they modified the paradigm such that participants were equally
likely to be fixating any item at time 0. As we shall see below, we can
also drop them with Allopenna et al.’s data with a slightly modified
linking hypothesis, deflating completely any claim that the linking hy-
pothesis is just data fitting.

(4) The model predicts subjects’ eyes flicker randomly between pictures.
This assertion is based on the following points: (4a) “The model predicts
equal probability of fixating two pictures at a given time point, but does not
specify which one is fixated. ” (4b) “...The model doesn’t say how long each
picture will be fixated for either. Predictions at one point in time are
completely independent of the following point in time.” Thus, according to
Norris, (4c) “The model therefore predicts that, from moment to moment, the
subjects’ eyes flicker randomly from picture to picture.”

However, ‘predicted fixation probabilities’ does not have these im-
plications. This may stem from a confusion between saccade

4 Some readers may consider this temporal shift a fixed parameter, since
virtually all simulation works uses a shift of 200 ms. However, this was a free
parameter in Allopenna et al.; the standard might have been a bit smaller or
larger had that improved the fit substantially. In later work that has adopted the
200-ms value, this has become a fixed parameter.
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probabilities (probability of an eye movement at a particular time step)
and fixation probabilities (probability of gaze to an item at a particular
time step) arising from Allopenna et al. using terms like ‘fixation prob-
abilities’ rather than ‘fixation proportions’. However, response proba-
bilities are a common currency in the psychological, cognitive, and
neural sciences. Consider a simple two-alternative forced choice (2AFC)
task, such as lexical decision. On each trial, the participant hears a token,
which may be a word or a nonword (e.g., stack vs. *clush). On word
trials, participants sometimes answer ‘no’ erroneously (perhaps due to
uncertainty, lack of lexical knowledge, motor errors, or noise in the
response system, etc.). Over a set of many word trials, we can estimate
the probability of participants responding ‘yes’ or ‘no’ over time in
response to word stimuli, as in the hypothetical estimates in panel A of
Fig. 2. Here, the green ‘yes’ line indicates that participants make few
responses in the early time course, many more in the middle, and few in
the late time course (because they have usually already responded). The
dashed black line indicates that there is also some likelihood that par-
ticipants will make incorrect rejections and respond ‘no’ in our hypo-
thetical word trials. Now consider the early time range where the red
and green lines overlap (e.g., around the time point indicated by the
black circle). Does this indicate that at that point, participants were
simultaneously responding ‘yes’ and ‘no’, or that their fingers were
somehow instantaneously flitting between response options? No; this
simply indicates that ‘yes’ and ‘no’ responses were made on equal pro-
portions of trials during that time range. That is, we estimate the prob-
abilities (calculate proportions) by aggregating over trials (while of
course each lexical decision trial includes just one response, whereas
multiple fixations may occur in one VWP trial).

The same principles hold for VWP data (Fig. 2, panel B). We most
commonly structure VWP data as proportion of fixations over time to
categories of items. These observed response proportions are our best
estimate of the likelihood that participants will, on average, be fixating a
particular item over time — not the probability of a saccade. Thus, just as
observed response proportions do not indicate that participants’ eyes
were ‘randomly flickering’ between items (they represent simply the
proportion of trials where subjects were fixating each item at each time
point), predicted fixation proportions are not predicted saccade
launches.

That said, how we link them to computational models — how we
derive, for example, predicted fixation proportions over time — is an
important consideration. In the next section, I walk through the logic of
data aggregation in lexical decision and visual world paradigms, and
then the logic of linking model predictions to those data at various grains
(from individual trials to condition or category means). I will return to
flaws in points 4b and 4c there, after discussing the final key point of the
critique.

(5) The model lacks a linking hypothesis. Norris asserts that because
Allopenna et al. did not simulate individual fixations, “to use termi-
nology that Tanenhaus and Magnuson use elsewhere, the model doesn’t
have a linking hypothesis.” At this point, Norris cites Tanenhaus et al.
(2000), which was a response to a theoretical paper about feedback in
models of spoken word recognition, but almost certainly intended to cite
Tanenhaus et al. (2000). Much of the latter paper is devoted to discus-
sions of the logic of visual world linking hypotheses, including detailed
discussion of the specific linking hypothesis developed by Allopenna
et al. (pp. 567-570) and applied (with simplifications) subsequently by
Dahan et al. (2001) (pp. 570-573) and Dahan et al. (2001) (pp.
573-576). To assert that the approach lacks a linking hypothesis without
acknowledging or discussing the detailed consideration Tanenhaus and
colleagues devoted to this topic is surprising.

It seems that the claim here is that linking hypotheses must be at the
grain of the exact behavior generated by human subjects. Thus, if we
wish to compare a model to lexical decision data, we must simulate
individual trials with operational definitions that can generate ‘yes’ and
‘no’ decisions for words and/or nonwords. This raises an interesting
question: must computational models simulate individual trials to be
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Fig. 2. A: Hypothetical proportions of responding ‘yes’ and ‘no’ over time on word trials in a lexical decision experiment. B: Hypothetical proportions of fixating
different categories of items over time in a visual world eye tracking study. Both panels show central tendencies and provide an empirical basis for estimating
response probabilities over time. Black circles highlight time points where equivalent probabilities are observed for two different responses. Reproduced from

Magnuson (2024)..

linkable to human data, or can we productively link models and data at
the level of central tendencies, such as condition means? Consider two
examples where the latter approach has been applied. First, Norris et al.
(2000) use their Merge model to simulate lexical decision and phonemic
decision data (see their Figs. 2 and 3) from a subcategorical mismatch
paradigm (Marslen-Wilson and Warren, 1994; McQueen et al., 1999).
They compare condition means from the model (time for the target node
to reach a threshold level of activation) — not simulations of responses (e.
g., yes/no decisions) to each stimulus — to mean human response times
in those conditions. On the logic of Norris (2005), would this be a case of
a “[model] without a proper theory”, since the simulations use condition
means rather than simulations of individual trials? Of course, they had
to simulate individual trial activations to obtain the condition means - as
did Allopenna et al. to obtain their predicted mean fixation proportions
over time. But they do not report whether they actually simulated in-
dividual responses or compared condition means. I discuss this subtle
distinction below, in the context of Fig. 3.

Second, Norris and McQueen (2008) present simulations of the VWP
data from Dahan et al. (2001) using their Shortlist B model. They
compare central tendencies (predicted response probabilities over time)
to mean fixation proportions over time — just as was done by Allopenna
etal. (1998, 2001,), and others. Although they cite Norris (2005), albeit
for a different topic, they do not address the fundamental flaws Norris
(2005) claims this approach has. Indeed, they explicitly cite and adopt
aspects of the linking hypothesis of Dahan et al. (2001) (e.g., relating
model time to real time by calculating msecs per phoneme in real
stimuli; shifting response probabilities later in time to account for the
fact that fixations lag changes in phonetic details by 200 ms; and
calculating final probabilities relative to the types of items in the
display, rather than relative to the entire lexicon).

It also bears mentioning that many useful comparisons of models and
humans do not simulate individual trials. Even in studies of word
recognition that examine item-specific data (such as accuracy or RT),
processing of a particular word will typically be simulated just once, and
then compared to the mean human performance for that word based on
averaging several individuals’ trials for that item. In other cases, item-
specific predictions are not of interest, but the impact of specific fac-
tors, such as word frequency or neighborhood size, are the focus. In
these cases, a fairly weak linkage between simulations and data may
suffice. For example, it is not uncommon to assume that relatively lower
activation for one condition vs. another is compatible with lower ac-
curacy and/or slower response times. However, as a general principle,
models that provide greater specificity should be preferred: it is
commonly advised that modelers should prefer models that provide
quantitative fits (vs. qualitative fits), and prefer models that provide
item-specific error or timing predictions (vs. central tendencies, etc.; cf.

Jacobs and Grainger, 1994; Magnuson et al., 2012).

Taking the preference for greater specificity to an extreme, we could
try to simulate details of individual VWP trials, to the level of individual
saccades and fixations. For example, we could attempt to accurately
simulate fixation distributions for specific words. However, what theo-
retical utility would this have? It is not immediately apparent that any
theoretical questions hinge on this grain of analysis (though it is possible
that probing this grain could reveal important constraints on or differ-
ences between models, such as the impact fixations themselves could
have on lexical activations; see Spivey, 2025). McMurray (2023) pre-
sents a tour-de-force approach to simulating individual fixations, but
with a focus on evaluating the validity and reliability of recovering the
functional forms of processes underlying eye movements (a goal shared
here, as I discuss below). I do not believe we have empirical targets from
human data for such a comparison. While one could characterize dis-
tributions of fixation parameters for individual words (e.g., probabilities
of fixations at different points in time, mean number of fixations to and
away from the target image per trial, mean fixation durations, or curve
parameters as in McMurray, 2023, etc.), to my knowledge, no one has
characterized word-specific parameters with respect to individual
differences.®

A useful alternative might be to characterize the central tendencies
for different words, i.e., the mean fixation curve for a particular item,
perhaps when presented among unrelated distractors. One could use
Growth Curve Analysis (GCA) extended to the specific time scale and
other aspects of the VWP (e.g., Magnuson et al., 2007; Mirman et al.,
2008; Mirman, 2014), and use, e.g., intercept, slope, and quadratic
terms to characterize the central tendency for that word (for examples of
individual differences approaches using GCA, see: Mirman et al., 2008;
Mirman, 2014). One could generate simulations and similarly charac-
terize predicted curves (either based on fixation simulations as I explore
below, or by taking activations or response probabilities directly). Then
models could be compared on their ability to capture word-specific
differences in GCA parameters (as in Mirman et al., 2011), or other
parameters characterizing curves, as on the BDOTS approach (Oleson
et al., 2017). Whether stable, systematic differences would emerge for
VWP responses to individual words is an open question. Addressing this
issue would be exploratory at first, but could be quite productive. For
example, one could examine sets of words that are highly similar in

5 There are interesting dynamics that arise from factorial groupings (e.g.,
differences in the impact of high- vs. low-frequency competitors, Dahan et al.,
2001, , which the authors simulated with TRACE), and even more subtle dif-
ferences that arise due to fine-grained phonetic details as a function of in-
dividuals® phonological skill (Li et al., 2019, , though the authors did not
conduct simulations). These examples get closer to the level of individual items.
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Fig. 3. Simulating lexical decision. From individual trial data (human behavior) (A), we typically focus on RT means by condition (B, derived from correct ‘yes’
responses). Models typically begin with simulations of individual words (E). We operationalize ‘yes’ (‘word’) responses by transforming activations (E) to response
probabilities (C); a ‘word’ response occurs if/when the target probability reaches a threshold, allowing us to compare model and human means (‘compare’ path from
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Many competitors (F), convert them to response probabilities (D), and apply a threshold. Reproduced from Magnuson (2024)..

terms of key parameters such as frequency, length, and number of
competitors. If there were substantial variation in the GCA parameters
among those words, one could then attempt to discover quantifiable
differences between them - in phonotactic probability, concreteness,
semantic density, etc. This could inform theories regarding character-
istics of words that influence recognition facility.

This discussion raises interesting questions. Can a fixation mecha-
nism stochastically sampling from model activations easily recover
central tendencies (as Allopenna et al., 1998, assumed), or are there
unforeseen challenges? Even if adding a fixation module results in
similar central tendencies in predicted fixation proportions, might
simulating fixation behaviors provide unexpected insights? In the next
section, I lay out linkages between models and individual responses
(button presses or fixations) vs. central tendencies for lexical decision
and VWP tasks. My aim is to make these linkages as clear as possible
before moving on to simulations of individual fixations.

2. Linking models and tasks: Two examples

Let’s begin by considering how we can link model simulations to a
lexical decision task. Lexical decision is typically a two-alternative
forced choice (2AFC) task, with one button for ‘yes’ (the item is a
word) and another for ‘no’ (the item is not a word). In Fig. 3, the top row
schematizes human data (raw and aggregated), the bottom row sche-
matizes lower-level model outputs, and the middle row bridges between
the two. The top two panels (A and B) give a schematic of individual
trials and central tendencies. If we are interested in the impact of
number of competitors on correct ‘yes’ response times, we would
aggregate the single data points from individual trials (A) to calculate
condition means (B). The challenge is relating simulated lexical acti-
vations (E) to the human data. One possibility is to average together
target word activations for the two conditions (F). We could then set a
threshold, and determine when, on average, words exceed that
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threshold, and those points become the predicted mean RTs for our two
conditions.® We could do this directly on activations, though more
commonly, with a model like TRACE, we would first apply the Luce
Choice Rule (LCR; Luce, 1959), then apply the threshold (following the
path from panel F to panel D), and then compare the model means to the
human means (path from panel D to panel B).

Alternatively, we could simulate individual trials. In Fig. 3C, this is
schematized as applying the LCR to individual trial activations (from
panel E). We then apply a threshold to each target activation to get item-
specific RTs, These could be directly compared to item-specific RTs from
human data (A), or they could be averaged and compared to condition
means (B). If we worked with raw activations and did not apply the LCR,
we could be confident that the condition means we would get from
applying a threshold to individual trials (C) or mean activations in
different conditions (D) would yield similar means (assuming we use the
same threshold).

Applying the LCR entails some additional complexities and compli-
cations. First, if we took mean target activations for conditions from the
model (panel F), we could not apply the LCR directly; as the label im-
plies, there must be a choice to be made. To apply the LCR, we could, e.g.,
calculate the mean maximum activation of non-targets at every time
point. The LCR would then transform differences between targets and
non-targets (making predicted response probabilities 0.5 when values
are identical, and amplifying differences as the target diverges from non-
targets). Also, I stipulated earlier that we are considering correct ‘yes’
responses. But of course, humans make errors, occasionally responding
‘no’ to words or ‘yes’ to nonwords. We can easily restrict the data just to
cases where items were words, but then we must exclude trials where
humans responded ‘No.” We need to do something analogous for our
simulations. To do so, we would actually need to apply a response
threshold to individual trials. Then, a clear ‘yes’ trial would be one
where the target and no other item exceeds the threshold, and a ‘no’ trial
would be one where no item exceeds the threshold. A third case would
be a trial where an item other than the target exceeds the threshold
(whether the target does or not). Note that if this occurs for a human
participant, we would not know it. For example, if someone pressed ‘yes’
because the first syllable of CHERRY activated CHAIR very strongly, we
would count this as a correct ‘yes’ for CHERRY. Thus, it would be
reasonable to do the same for the model: so long as any word crosses the
threshold on a trial the model would make a ‘yes’ response, with the
time of the first word crossing the threshold the RT for that trial.

Now let’s consider the linkage for VWP data, consulting Fig. 4.
Again, the human data is schematized in the top row, lower-level model
outputs are in the bottom row, and the middle row bridges the two. Now,
single trials of human data (A) have one or more fixations. On some
trials, we observe fixations to competitors and/or unrelated items, and
on nearly all trials there will be at least one fixation to the target (but not
always). We aggregate the trial-level data, typically averaging over
items and then over participants, to arrive at mean fixation proportions
(B). The lowest level model outputs are schematized in panel F, where
we see activations for targets, competitors, and unrelated items. We can
average over items to get mean activations (G) for each category of
activation we are interested in (in this example, targets, competitors,
and unrelated items). Again, this is the typical approach, and then
commonly mean activations are transformed to predicted response
proportions over time.

Alternatively, we could add a fixation generation model. Note that
this could have no impact whatsoever on the underlying model (just as
the LCR component had no impact on the underlying word recognition
model in many previous papers, e.g.: Allopenna et al., 1998; Dahan
et al., 2001; Dahan et al., 2001; Hannagan et al., 2013), if there is no

6 Simple threshold models may not suffice, of course, as behavior in lexical
decision tasks may be driven by other internal variables, such as familiarity or
total lexical activation (e.g., Grainger and Jacobs, 1996).
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feedback between the fixation module (or a model of the visual aspect of
the task) and the word recognition model. However, see Spivey (2025)
for a compelling case that there is such interaction, as well as his model
that can simulate both eye-tracking and mouse-tracking VWP data. For
current purposes, we will assume a fixation module that is appended to
the word recognition model — one that does not send feedback to the
word model (as in Fig. 4 panel E). Now we would actually simulate
fixations on individual trials. Even if the activation patterns for a specific
word are deterministic and therefore constant (as in a variant of TRACE
where there is no internal or external noise), if fixations are generated
probabilistically from activations, we may still observe substantial
variability in the exact timing and targeting of individual fixations.

Once we have simulated trial-level fixations, we can aggregate them
exactly as we would aggregate human fixation data to arrive at predicted
fixation proportions over time (panel C). These could be compared to
human data (panel B) as well as to fixation proportions calculated
directly from activations (typically with the addition of the LCR, as in
panel D) to assess what we might gain by simulating individual fixations.

Now the fixation model will have to have its own parameters.
Minimally, we would need parameters that would (a) govern when a
saccade might be triggered, and, (b) once a saccade is made, how much
time should elapse before another saccade becomes likely, as well as (c)
selecting fixation locations. Going back to the claims of Norris (2005)
(that models cannot be linked to models without simulating individual
responses, such as saccades and fixations), the crucial question is
whether applying a fixation generation model (panels F to E) would
result in qualitatively different results (C) vs. transforming activations
directly into predicted fixation proportions over time (D). This is the
focus of simulations presented in the next section.

3. Fixation generation model

There are at least two components to generating fixations: deciding
whether to fixate and then where to fixate. McMurray (2023) takes a
complex approach to simulating individual fixations in the VWP. On his
approach, subjects are assumed to differ in parameters governing fixa-
tion generation (e.g., in one of his simulations, a 4-function sigmoid
equation with terms for intercept, maximum, slope, and crossover), and
target and competitor fixations are simulated separately (a convenient
simplifying assumption). Here, I take a radically simpler approach. First,
whether to fixate is decided as a function of two parameters: h (hysteresis)
and s, an exponent that governs how the probability of a saccade ac-
celerates over the hysteresis window. Conceptually, the goal is to have a
process that cannot generate a new saccade immediately after another.
The h parameter defines a time window over which a new fixation can be
made (i.e., the maximum ‘wait’ time). We want the probability of a
saccade to become greater the longer the time from the previous saccade
(which is where s comes in). For this to make sense, let’s look at the basic
equation for determining saccade likelihood given time from the last
saccade.

First, at each time step t, we calculate the time since the last fixation
onset, At (simply the number of time steps that have occurred since the
last saccade). Then, we calculate the probability for a new fixation at
time t by:

Prixation(t) = (%t)S (€]

So when s = 1, the probability grows additively. If s > 1, we impose a
convex bowing to the function (slower in the early portion of the hys-
teresis window, accelerating later). If s <1, we impose a concave
bowing (faster in the early portion, decelerating later). These relation-
ships are shown in Fig. 5.

Now during the simulation of a specific word, to determine at time ¢
whether or not to generate a fixation, we generate a random number
between 0 and 1; if that number is less than the value we get from Eq. 1,
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we will make a new saccade, and if not, we maintain the current fixation
target until the next time step. However, there is a complication here. If
we repeatedly make this choice as time progresses from the previous
time step, a positive choice will be very like to happen early in the
hysteresis window. In fact, with h set to 400 and s set to 2, the proba-
bility of a new fixation reaches 0.95 around 110 time steps, and 0.99
around 130 - very early in the acceleration portion of the curve. To
avoid this, we need to rescale the curves in Fig. 5 such that the cumulative
probability of a fixation is exactly 1.0 at time step h. To do this, we
calculate a rescaling factor, 0, as follows (where we iterate over all time
steps, t, from 1 to h):

-(567)

Now we rescale Eq. 1 as:

S
Pﬁxation (t) = 0(%) (3)
This ensures that the cumulative probability sums to 1. The rescaled
probabilities are shown in Fig. 6. If we then calculate the cumulative
probabilities of fixations for each combination of h and s, we obtain
exactly the values in Fig. 5.

So again, if the random number generated at time ¢t is less than the
value calculated from Eq. 3, a fixation decision is triggered. A fixation
location is based on values provided for each possible object in the set
Target, Cohort, Rhyme, Unrelated, and Cross. These could be raw activa-
tion values, but typically, we rescale activations to response probabili-
ties using the Luce Choice Rule (LCR). First, we have to derive values for
the Cross (we only get activations for the four pictured items from
TRACE). A simple way to do this is to define o, as the summed activa-
tions of Target + Cohort + Rhyme + Unrelated at cycle (TRACE time
step) c¢. Then we can find 6pqy, the maximum summed activation value
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over all cycles. We then set the Cross value at cycle ¢ to 6mg —0c.-
Next, we apply the LCR. At each time step, t, we convert activations
(and the pseudo ‘activation’ of the Cross) to response strengths for the

value of each item, v;:

ri(t) = ™0 —1 4)

Note that subtracting 1 ensures that input values of 0 result in response

10
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probabilities of 0 (another option is to skip this step and change 0 values
to small positive values, e.g., 0.0001). The response strength r;(t) is a
non-linear transformation of the base input value v;(t). The parameter k
amplifies differences between base values (boosting high values and
squashing low values). Larger values of k increase this amplification.
To obtain response probabilities that sum to 1.0 from the LCR, we
simply normalize response strengths at each time step t (note that the

Brain Research 1856 (2025) 149563

LCR with the k parameter is algebraically equivalent to the softmax
function with a temperature parameter).
_ n(Y)

Y;10)
J

Pi(t) (5)

Finally, we sample from the distribution {L;(t)} to select the fixation
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target when a fixation decision is triggered, as described above. A random
draw based on the probabilities L;(t) determines the fixation target (this
means that if the LCR probabilities are 0.6, 0.1, 0.1, 0.1, 0.1, there is a
60% chance that the first item will be selected, and a 10% chance for
each of the other items). Since the set of possible targets always includes
all 5 possible items, the decision can be for the ‘new’ fixation target be
the same as the previous fixation target.

Brain Research 1856 (2025) 149563
4. Simulating fixations

Here, we will compare two bases for generating fixations. First, we
will use predicted fixation proportions from Allopenna et al. (1998)
(plotted in Fig. 1C) as the basis for generating fixations, and assess
whether resulting mean predicted fixation proportions ‘recover’ the
underlying predicted fixation proportions. Second, we will examine a
much simpler approach that starts from unshifted TRACE activations
and requires fewer free and fixed parameters.
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Fig. 8. A: Input to the fixation generation simulator in Simulation 1b: the predicted fixation proportions calculated by Allopenna et al. (1998), but with the time shift
(of 200 ms) removed. See the caption of Fig. 7 for details of panels here. Note that panel H shows differences between Fig. 7A and panel G, just as in Fig. 7.
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4.1. Simulation 1: Using pre-calculated response probabilities

4.1.1. Simulation 1a

Fig. 7 shows the results of the first batch of simulations. These were
conducted using the predicted response proportions calculated by
Allopenna et al. I simulated 100 trials for 12 subjects. On a given trial,
fixation proportions to different items were 1 or O at any time step. At
time 0, I stipulate that the subject is fixating the cross. Then at each
subsequent time step, the process described above (with parameters h
and s) is used to determine whether a fixation decision is triggered.
When a fixation decision is triggered, I sample from the probabilities in
Fig. 7A, and the decision can either be to continue fixating the current
target or shift to another one. A little trial-and-error exploration
revealed robust results with h set to 400 and s set to 2. Changing h to be
less than ~350 or greater than ~450 leads to qualitatively different
results (lower values lead to more abrupt changes and higher peaks for
cohorts and rhymes; higher values lead to later fixation changes and
lower cohort and rhyme peaks).

Our key interest is panel E, showing the mean from 100 simulated
trials for 12 simulated subjects (though panel C gives a sense of how
individual subject simulations might vary). We can observe qualitatively
that the patterns in E are quite similar to those in A (predicted response
proportions) and G (human VWP data). Panel F shows the differences
between human data and the simulation data (G - E). Panel H shows the
differences between the Allopenna et al. calculated predicted fixation
proportions and the human data. We see somewhat larger discrepancies
in F than H. In particular, cross proportions are too high in the early time
course, while target proportions are too low in the later time course.

We can also see that in general, the patterns in E are shifted later in
time compared to panels A and G. This follows from the hysteresis
parameter inducing a lag between the input values and fixations. Recall
that Allopenna et al. built in a time shift in their predicted fixation
proportions, shifting the underlying activations such that the target
proportion would become greater than zero at 200 ms. Perhaps we could
improve the results if we only used one of these time-shifting parame-
ters. We need hysteresis to simulate saccade generation, so this raises the
possibility of not shifting the TRACE predictions.

4.1.2. Simulation 1b

In this simulation, we follow the same procedure as for Simulation
la, except we ‘unshift’ the Allopenna et al. predicted fixation pro-
portions, as can be seen in Fig. 8A. (Note that to then generate data for
the later time course, we need to pad the activation data to compensate
for the data removed at the beginning; to do so, I repeat the final values
to the end of the time window.) We in fact find improvement compared
to Simulation la. Comparing panels F of Figs. 7 and 8, we see similar
lower total error in 8F, with a trade-off between better cohort and rhyme
predictions and slightly worse cross and target predictions (as can be
seen in 8E, the point where the cross and target cross over is a bit early).

4.1.3. Discussion

The results of Simulations 1a and 1b show that we can readily
generate a plausible pattern of predicted fixation proportions by
applying a simple fixation generator to the predicted fixation pro-
portions calculated by Allopenna et al. (1998). Simulation 1b shows that
we can dispense with 1 of their parameters: the temporal shift, which is
no longer (or at least less) needed when we simulate fixations with a
hysteresis parameter. Could we improve the fit with exhaustive
parameter space exploration or even parameter optimization? Almost
certainly. However, it is questionable whether this would yield sub-
stantial payoff in terms of advancing our understanding, especially since
the fixation generation model is tremendously over-simplified.

Arguably, improving the details of the simplistic fixation generation
component of the model would also have limited utility. What is crucial
is that we see that we can robustly simulate human VWP data with two
modular components: a speech processing component (TRACE in this
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case) and a decision process to link lexical activations to fixation be-
haviors. We also see, crucially, that there is very little difference be-
tween calculating response probabilities vs. simulating individual
fixations. However, could this simply be due to using calculated pre-
dicted fixation proportions as the input to the fixation model? We will
explore this possibility with even fewer parameters in Simulation 2.

Another crucial consideration is that the Allopenna et al. predicted
fixation proportions are not meant as a basis for simulating individual
trials. They are meant to describe the output that would result from a
decision process applied to lexical activations. This is also a fundamental
motivation for Simulation 2, where we will simulate fixations directly
from model activations.

4.2. Simulation 2

Recall that Allopenna et al. included four free parameters when they
calculated their predicted fixation proportions from TRACE activations
(k, a scaling factor in the LCR; x, a steepness parameter for their ‘dy-
namic’ k; At, a scaling factor based on the ratio of maximum activation
value at a time step relative to the maximum activation at any time step;
and Temporal shift, how far TRACE activations were shifted later in
time). In Simulation 1b, we dropped the temporal shift because hysteresis
in the fixation generation component also induces a ‘rightward’ tem-
poral shift, raising the possibility that a shift parameter is unnecessary.
Let’s now ask whether we can drop any of the other parameters.

First, let’s drop as many parameters as possible: x, At, and even the
LCR and its k parameter. Doing this implies that we will use the raw
TRACE activations — which we will, but with a minor modification.
Rather than using raw activations, we will rescale them so that the
maximum activation value (0.59) is transformed to 1.0 and the mini-
mum value is (still) 0.0 (without normalization; this is purely for nu-
merical convenience). We will again compensate for the time steps
removed at the beginning of the TRACE data by repeating the final
activation values to the end of the time window.

For the fixation generation simulations, we will keep h set to 400 and
sto 2. We will still fill in cross values as we did in Simulation 1, and again
simply normalize the cross and activation values so they sum to 1 at
every time step (for the fixation generation outputs, not the underlying
activations; as noted above, these have been rescaled but not normal-
ized). The results are shown in Fig. 9. The key results are in panels E and
F. Panel E shows the mean time course based on 12 simulated subjects
with 100 trials each. With only the h and s fixation parameters, and no
decision parameters, we observe a predicted time course of phonological
competition that is remarkably similar to human VWP data. The dif-
ferences between panel E and panel A represent the impact of the fixa-
tion sampling procedure on the underlying activations.

There are two key discrepancies when we compare the simulated
time course (E) to the human time course (G, differences in F). First, the
simulated patterns are shifted earlier compared to the human data,
leading to greater target proportions and lower cross proportions in the
middle time course. This might be addressable with a simple temporal
shift, perhaps motivated by a proposal that there is an additional delay
for initial fixations (perhaps as participants begin mapping weak lexical
activations to pictures).

Second, cohort and rhyme proportions are overestimated in the later
time course. The fact that this is the case for cohorts even though in the
underlying activations, cohort activation approaches 0 by 600 ms shows
how sluggish the h and s parameters make the link between activations
and fixations. For rhymes, this might be mitigated slightly if we applied
the LCR, but only slightly, as we can see that the target and rhyme ac-
tivations change only slightly in the late time course. Mitigating this
significantly might require something like the dynamic k approach used
by Allopenna et al. (if we used the LCR and could make k stronger in the
later time course, this would squash rhyme proportions and boost target
proportions). Whether such modifications are warranted or desirable is a
question I defer for future research.
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Fig. 9. Results of Simulation 2, with minimal parameters. See text for detail.

4.2.1. Discussion

We observed here that we can drop all decision-level parameters
from previous approaches and transform activation inputs to excellent
fixation proportion predictions using just a fixation generation compo-
nent. This implements a trial-level decision mechanism that, with just 2
parameters, provides a linking hypothesis that maps activation patterns
(which already provide the key phonological competition time course)
to highly accurate fixation proportion predictions over time. While I
noted ways we could potentially improve fit, as I noted in Simulation 1,
there is little apparent utility in doing so. That said, the simulation code
is freely available, and others may wish to explore these details.
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5. General Discussion

Simulations 1a and 1b demonstrate that a simple, 2-parameter fix-
ation generation model driven by predicted fixation proportions derived
from the linking hypothesis of Allopenna et al. (1998) robustly simulates
VWP fixation proportions. On the one hand, this was an exercise in
demonstrating the nearly obvious: probabilistically sampling repeatedly
from categories of quantities that vary over time recovers something
close to the underlying quantities. On the other, we also discover
something new: the assumption that there is a refractory period between
saccades of probabilistic duration allows us to dispense with the
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‘temporal shift’ parameter used by Allopenna et al. However, sampling
from predicted response proportions is somewhat strange; those pro-
portions represent the prediction of the outcome of a decision process.

Thus, in Simulation 2, I used normalized activations to drive the
fixation model. This allowed me to drop all decision parameters, leaving
only the parameters of the fixation model. The mildly surprising result
was that this yields predicted fixation proportions that are only slightly
less precise than the predictions Allopenna et al. calculated via their
linking hypothesis, without requiring the use of the Luce choice rule.
Virtually the simplest possible decision process is implemented, and the
outcome actually closely resembles the LCR-based predictions from
Allopenna et al. This makes sense if we consider the LCR a descriptive
mathematical model of principles in biological decision making rather
than an algorithmic process model.

The correspondence between simulated fixations and fixation pro-
portions over time in Simulation 1 does not somehow validate the
Allopenna et al. linking hypothesis; no such validation was required. Its
validity was already demonstrated by Allopenna et al. It seems that the
critique of Norris (2005) was based on a misunderstanding of the rela-
tion between predicted fixation probabilities (which map to fixation
proportions over time) and perhaps predicted saccade probabilities,
which were not the target of the linking hypothesis.

That said, simulating trial-level saccades and fixations rather than
using the LCR to derive a linking hypothesis has been a useful exercise. It
should assuage any lingering doubts about whether the LCR-based
approach corresponds closely to a trial-level approach. More usefully,
Simulation 2 shows that a simple trial-level fixation decision module
lacking the parameters of the LCR results in predicted fixation pro-
portions that closely correspond to LCR predictions and human VWP
data. An intriguing potential extension of this approach might be to
examine individual differences in VWP data, as discussed earlier. In-
dividuals who appear to show weak and/or delayed competition may
have atypical underlying lexical activations — or they may have a slug-
gish fixation decision process.

To get a sense of this potential, consider Fig. 10. If we lower h to 300,
the simulation appears to show greater cohort competition. If we in-
crease h to 500 or 800, we substantially diminish apparent cohort
competition. In each case, the underlying lexical activations are iden-
tical; only the sampling parameters for fixation decisions have changed.
Thus, this approach opens the possibility of distinguishing ‘output’-level
bases vs. lexical activation bases for individual differences (cf. Mirman
et al.,, 2011, who found that the LCR response selectivity parameter
provided the most parsimonious basis for simulating differences in
cohort competition between Broca’s and Wernicke’s aphasia patients).

6. Conclusions

In conclusion, the VWP critique that motivated this paper (Norris,
2005) appears to have been itself motivated by a misinterpretation of
VWP data (possibly due to Allopenna et al. describing fixation pro-
portions as fixation probabilities, or an interpretation of predicted fixa-
tions as predicted saccades). Nonetheless, it inspired the detailed
comparisons presented here between VWP and other psychological data
(such as lexical decision data), and the relative merits of focusing on
central tendencies, specific items, and trial-level behavior. It also
inspired the fixation-generation simulations presented here, which serve
as a possible foundation for deeper investigations into trial-level
behavior and individual differences.

Such an effort could also provide a foundation for explorations of the
proposal by Spivey (2025) that there is interaction between fixations
and language processing (e.g., the object one is fixating will influence
lexical processing via feedback to lexical processing). However, if an
investigation is not concerned with individual differences that might
emerge from trial-level behavior, or Spivey’s deep interaction hypoth-
esis, there is arguably no need to simulate trial-level behavior. As I have
discussed, central tendencies are appropriate and standard targets for
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