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Abstract

The Theory of Visual Attention (TVA) typically treats processing speed as fixed within the modelled condition struc-
ture. This assumption may be too restrictive when effective processing speed varies from trial to trial. We introduce a
variability-augmented extension of a behavioural TVA count model in which trial-to-trial fluctuations in processing speed
are represented explicitly through a gamma-distributed speed parameter, while preserving the classical interpretation of
processing speed (C), visual short-term memory capacity (K), and perceptual threshold (). A Monte Carlo simulation
study evaluated both models, together with the trial-to-trial ¢y-variability model of Dyrholm et al. (2011), across whole-
report scenarios with negligible, mild, moderate, and strong trial-to-trial variability in processing speed, and with vari-
ability in ty. The extended model improved model selection and parameter recovery under strong variability, with the
advantage emerging when variability was large enough to induce systematic bias in the fixed-speed model’s estimates of
C and ty; under moderate variability the evidence was transitional, and with fewer trials per dataset the precision lost to
the additional parameter could outweigh the bias it removed. The two forms of variability left different traces in the data
and the two variability models were distinguishable: the ¢,-variability model did not register speed variability and left the
bias in C in place, whereas the extended model absorbed only part of the threshold variability. These findings suggest that
the proposed extension is best understood as a conditional complement to standard behavioural TVA, appropriate when
notable trial-to-trial variability in processing speed is present, rather than as a universal replacement.
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Introduction

Bundesen’s theory of visual attention (TVA) (Bundesen,
1990) is one of the most influential computational frame-
works for the analysis of visual selection and short-term
storage in behavioural data (Bundesen et al., 2005, 2015;
Bundesen, 1998). In contrast to verbal or purely descriptive
theories of attention, TVA provides an explicit quantitative
account of how objects compete for representation under
capacity limitations (Bundesen & Habekost, 2014; Vang-
kilde et al., 2013). This has made the framework especially
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valuable in experimental settings in which the goal is not
only to describe performance, but also to estimate theoreti-
cally meaningful latent parameters from observed behaviour.
In practice, TVA has been particularly important because it
links formal assumptions about attentional selection to mea-
surable outcomes in whole-report and partial-report tasks,
bridging theory, experimental design, and statistical estima-
tion (Bundesen, 1990; Bundesen et al., 2015; Habekost &
Starrfelt, 2009; Kyllingsbak, 2006).

At the core of TVA is the idea that visual processing can
be described as a race among categorisations, with the rate
of each categorisation determined by the joint influence of
sensory evidence, attentional weighting, and categorical
bias (Bundesen, 1990). In standard behavioural applica-
tions, this framework gives rise to a set of parameters that
have become central in the TVA literature, including pro-
cessing speed (C), visual short-term memory capacity (K),
and the perceptual threshold (¢;), with additional parameters
estimated under specific task designs such as selectivity in
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partial report (Bundesen & Habekost, 2014; Bundesen et
al., 2005; Kyllingsbaek, 2006). This parameterisation is one
of the main strengths of TVA. Rather than reducing perfor-
mance to a single summary score, it allows researchers to
separate distinct components of attentional efficiency and
storage and ask which part of the system changes across
observers, tasks, or experimental manipulations (Bundesen,
1990; Chechlacz et al., 2015; Vangkilde et al., 2013).

This quantitative structure is also the reason TVA has
remained useful across a broad range of behavioural con-
texts. Whole-report and partial-report paradigms have been
used to study normal visual attention, individual differ-
ences, and attentional deficits, and the formal estimation
framework has been refined to make such analyses more
accessible and robust (Bundesen et al., 2005; Habekost,
2015; Kyllingsbaek, 2006). More generally, TVA has had
enduring value because it offers a combination of theoretical
interpretability and empirical tractability. Researchers can
fit the model to trial-based or condition-based performance
data, obtain psychologically interpretable parameter esti-
mates, and compare competing explanations within a coher-
ent likelihood-based framework (Dyrholm et al., 2011). For
that reason, TVA remains one of the behavioural attention
models that can support both substantive theoretical claims
and explicit model-based inference.

At the same time, the strengths of TVA do not imply
that every standard implementation is equally adequate
for every data-generating process. In common behavioural
applications, the fitted model is often effectively treated as if
processing speed were fixed within the modelled condition
structure, apart from random sampling variability (Bunde-
sen, 1990; Kyllingsbak, 2006). That assumption may be
reasonable when the underlying process is relatively stable,
but it becomes more restrictive when effective processing
speed fluctuates from trial to trial. In such cases, a fixed-
speed model may still produce acceptable descriptive fits,
yet the latent variability may be absorbed indirectly into
shifts in estimated C, K, or ¢, rather than being represented
explicitly. Earlier methodological work has already pointed
to the relevance of parameter variability in TVA-related
estimation, suggesting that trial-to-trial heterogeneity is
not a technical nuisance but a potentially important part of
the behavioural process (Dyrholm et al., 2011; Habekost,
2015). The most developed example is the generalisation
proposed by Dyrholm et al. (2011), in which the perceptual
threshold t, varies from trial to trial. This formulation has
become the standard choice in current TVA-based analy-
ses of whole report, so that the fixed-parameter model is
now rarely fitted on its own. Variability in processing speed
has received less attention in whole-report analyses, but
evidence suggests speed is not constant within a session.
Dyrholm et al. (2015) modelled processing speed on single
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trials in a single-item recognition task and found system-
atic variation over the course of the experiment, and Blurton
et al. (2020) described trial-to-trial variation in processing
rates with a gamma distribution in a TVA-based model of
single-item recognition. Since the processing capacity C is
the sum of the item-level processing rates v, variability in C
can be understood as a common trial-level variation shared
by all these rates. To our knowledge, this form of variability
has not yet been built into the model that is used for the
whole report. The present work, therefore, is not whether
the standard TVA model is generally valid, but whether
its usual fixed-parameter implementation may become too
rigid under conditions of substantial trial-to-trial variability
in processing speed.

The simulations developed in the present work are moti-
vated by that specific problem. Our starting point is the pos-
sibility that a participant’s effective processing speed may
vary across trials even when the nominal task condition is
unchanged. If such variability is present, then a model that
assumes a single fixed processing-speed parameter may be
misspecified, especially when the variability is moderate to
strong. Conversely, when variability is negligible, the stan-
dard model should remain adequate and should not be dis-
placed by the addition of extra flexibility. This leads to a
clear methodological question: can an extension of the stan-
dard behavioural TVA model that accommodates trial-to-
trial variability in processing speed improve model fit and
parameter recovery when such variability is present, while
preserving the adequacy of the classical formulation when it
is not? A second question follows from the existence of the
to-variability model. Both formulations introduce trial-to-
trial variability in the amount of processing that takes place
during the exposure, and it is not obvious from the outset
whether whole-report data can tell them apart. We therefore
also ask whether the two forms of variability leave different
traces in the data, whether a model that allows only ¢, to
vary can absorb variability that actually resides in process-
ing speed, and what happens to the estimates of C, K, and ¢,
when the wrong form of variability is assumed.

The aim of the present paper is to address that question by
developing and evaluating a variability-augmented exten-
sion of the standard behavioural TVA count model. Our goal
is not to replace the classical TVA framework or to claim
that the standard model is broadly deficient. Rather, the aim
to identify a specific regime in which the usual fixed-speed
implementation may be too restrictive and to test whether
an explicit variability term improves inference under those
conditions. To do so, we compare the standard and extended
models in a Monte Carlo framework that examines model
selection and parameter recovery across scenarios with no
variability, mild variability, moderate variability, and strong
variability in processing speed. The f,-variability model
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of Dyrholm et al. (2011) is fitted to the same data, and the
design includes scenarios in which the generating process
contains variability in ¢, rather than in processing speed, so
that each model is evaluated on data produced by the other.
Part of the design is also repeated with fewer trials. This last
point matters because an additional variability parameter is
not free. In the diffusion model literature, across-trial vari-
ability parameters were introduced for good theoretical rea-
sons, and later work showed that data sets of ordinary size
often fail to constrain them Boehm et al. (2018). Whether
an extension of this kind is worthwhile therefore depends
on whether the data can support it. The central hypothesis
is deliberately narrow: the extended model should show an
advantage when trial-to-trial variability in processing speed
is sufficiently pronounced, whereas the standard model
should remain appropriate when the generating process is
effectively fixed-speed. For the comparison between the two
variability models, the expectation is that each should be
preferred on the type of variability it was built for, and that
neither should be able to stand in for the other.

Method and Model

The present model is formulated for the behavioural design
introduced above, in which participants are shown brief
arrays of letters and are asked to report as many letters as
they can correctly remember. In the current implementa-
tion, the task is a whole-report task without distractors, run
at two display sizes, six letters and four letters. Accord-
ingly, the present model targets the core behavioural TVA
quantities associated with whole-report performance,
namely processing speed, storage capacity, and perceptual
threshold, while parameters that require different designs,
such as selectivity in partial report with distractors or per-
sistence under unmasked conditions, are not estimated here
Bundesen (1990); Kyllingsbaek (2006). The model is there-
fore a count-based TVA implementation for whole-report
data, extended to allow trial-to-trial variability in process-
ing speed. In what follows, the fixed-speed formulation is
called the old model, the extension with variability in pro-
cessing speed is called the new model, and a third formula-
tion, the trial-to-trial ¢,-variability model of Dyrholm et al.
(2011), is specified at the end of this section as the second
comparison model. Throughout, cv denotes the coefficient
of variation of the trial-level processing speed, the realised
value of the trial-level speed is written u, and the shape
parameter of the gamma distribution is written 7, so that
none of these symbols is confused with the item-level pro-
cessing rate v.

Let participant i € {1,..., N} complete trials indexed by
j €41,..,T;}. On each trial, the observed data are

Dyj = (nij» Lijs yij)» (1)

where n;; is the number of letters shown on trial ; for partici-
pant i, t;; is the exposure duration in seconds, and y;; is the
number of letters correctly reported. In the present design,
n;; € {4,6}. The response variable y;; is the behavioural
score obtained by comparing the participant’s report with the
set of letters presented on that trial, so that y;; € {0,...,n;;}.
If no letter is correctly reported, then y;; = 0; if all shown let-
ters are correctly reported, then y;; = n;;. The model treats
this score as the observed outcome to be explained.

The starting point is the classical TVA idea that visual
categorisations proceed in parallel and that performance
is constrained by both processing speed and limited stor-
age capacity (Bundesen, 1990). For the present whole-
report task, we use a count formulation in which each
displayed letter is assumed to be processed at the same
average rate within a given trial. Let C > 0 denote the
participant-level processing speed parameter, measured
in letters per second; let K > 0 denote visual short-term
memory capacity; and let t, > 0 denote the perceptual
threshold, that is, the time before effective encoding
begins. The effective exposure available for encoding on
trial (4, j) is defined by

Tij = maX(O, tl.j - to) . (2)

As shown in Eq. 2, 7;; is zero whenever the physical
exposure duration does not exceed the threshold ¢, and
otherwise equals the part of the exposure that is available
for effective encoding.

Under the old fixed-speed model, the total processing
speed C is distributed evenly across the n;; displayed let-
ters. The per-letter processing rate on trial (7, j) is therefore

c

Vij = ey 3

Given the exponential-race assumption, the probability that
a particular letter finishes processing before the effective
exposure ends is

=) @

pij =1 —exp(—v;7;;) =1— exp(— y
As shown in Eq. 4, completion probability increases with
effective exposure 7;; and with processing speed C, and
decreases with display size n;; because the available pro-
cessing speed is shared across more letters.

Let M;; denote the number of letters that complete encod-
ing before the exposure ends, prior to any storage trunca-
tion. Because all letters are treated symmetrically within the
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present task, and because each letter has completion prob-
ability p;; as given in Eq. 4, the completed-count variable
follows a binomial distribution,

Mij | nij,tij,C,toNBinomial(nij,p,-j). (5)
Equivalently, the probability of m completed letters is

n;; L
PI’(MU =m | nij,tij,C, tO) = ( l’)l’lj )pl"}n(l —pij)nlf m, (6)

form = 0,..., 1.

To connect the completed-count variable to the
observed score, the model assumes that only the first K
completed letters can be retained. Following standard
TVA practice, non-integer estimates of K are interpreted
as adjacent-integer mixtures rather than as literal frac-
tional storage slots (Bundesen, 1990; Kyllingsbak, 2006).

K=k0+¢, k0=lKJ, ¢=K—k0, 0§¢<1 (7)

The trial-specific effective capacity K7 is then defined as

with probability 1 — ¢,

® kO’
Kjj = { ko +1, with probability . ®)

The observed score Y;; is the number of correctly
encoded letters that survive this storage limitation. Given
the completed-count variable M;; and the effective capac-
ity K7, the score is

Y ;; = min(M;;,K};). 9)

For a fixed integer capacity value £, the score distribution
is therefore

Pr(M;; =y | ..), 0<y<k,
nij
Pr(Y ij =y | myj,tij, C, to, Kjj = k) = ZPF(MijZWl\-u). y=k, (10)
m=k
0, otherwise.

For the continuous parameter K, the final score distri-
bution is obtained by averaging over the two adjacent
capacities in Eq. 8,

Pr(Y; =y | nj.t;;,C.K, tg) = (A — ¢) Pr(Y y; an
=y |Kjj=ko)+¢ Pr(Yj =y | Kjj = ko + 1).

The new model relaxes the assumption that processing
speed is constant across trials. Instead, it assumes that
each trial has its own latent processing speed, denoted
Cij, drawn from a gamma distribution with mean C and
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coefficient of variation cve. We parameterize the gamma
distribution by shape 7 and scale @ such that

1
n= o w=Ccvi. (12)

Under this parameterization, C;; ~ Gamma(n, ).

The gamma distribution was chosen for three reasons.
First, it is a natural distribution for a positive rate param-
eter and has been used before for trial-to-trial variation
of processing rates in a TVA-based model of single-item
recognition (Blurton et al., 2020). Second, its Laplace
transform has a closed form, so the marginal distribution
of the completed count can be written without numerical
integration, as shown below. Third, the mean and the coef-
ficient of variation determine the distribution completely,
so that variability is captured by a single additional
parameter. Other positive distributions with a closed-
form Laplace transform, such as the inverse Gaussian,
could be substituted in the same derivation; a log-normal
distribution has no closed-form Laplace transform and
would require numerical integration at every evaluation
of the likelihood.

Conditional on a specific trial speed value Cj; = u, the
per-letter completion probability on trial (7, j/) becomes

pijw) =1- eXP(‘%‘Hj) . (13)
ij

To simplify notation, define a;; = :Li Using this definition,
ij

the conditional completed-count probability is

Pr(M;; =m | Cjj=u) = ( " )(1 — emautymema(mmmu - (14)

The marginal completed-count probability is then obtained
by integrating over the gamma density:

PI'(MU =m | nij,tij,C, IO,CVc)

=< r::/lj )/ (1_e—aiju)me—aij(nij—m)ufr(u;7},a))du. (15)
0

Expand the term (1 — e‘“U”)m by the binomial theorem:
m
m
(1= = >y (7 )ere (16)
r=0

Substituting equation 16 into Eq. 15 yields

Prvty = m |y = ( );«w(’:‘)([ O e wydu. (17
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The remaining integral is the Laplace transform of a gamma
distribution. For any s > 0, and with w treated as the scale

parameter (so that the gamma density is proportional to
un-1 e_”/“’),

/ e fo(u;m, @) du = (1 + ws) ™. (18)
0

As cve — 0, the right-hand side of Eq. 18 approaches e=5C,

so that the old model is nested in the new model as the bound-
ary case cve = 0. In the implementation, the right-hand side
is evaluated as exp[—7 log(1 + ws)] with a numerically stable
logarithm of 1 + ws, which keeps the expression accurate for
very small values of cve, where ws is close to zero and 7 is
very large.

Applying Eq. 18 gives the completed-count distribution
for the new model:

Pr(Mij =m | nij,tij,C, to,CVC)

=< r,l;lj )rzr:;(—l)r< r:z )[1+caaij(nij—m+r)]_n, (19)

for m =0,...,n; ;- Equation 19 is the central mathematical
extension proposed in the present work.

The score distribution for the new model follows the
same mixing logic:

Pr(Yj =y | nij,tij,C,K, ty,cve) = (1 = ¢) Pr(Y ; 20
=y |Kjj=ko)+¢ Pr(Y;; =y | Kjj = ko + 1). 20)
The ty-variability model keeps processing speed fixed at C
and instead lets the perceptual threshold vary from trial to
trial. Following (Dyrholm et al., 2011), the trial-level thresh-
old ty;; is drawn from a normal distribution with mean
and standard deviation o;, and the effective exposure on
trial (7, /) becomes

73(t,ij) = max(0, t;; — to;;) to,ij ~ Normal(y,,o7,) . (21)

Conditional on £y ;;, the completed count follows Eq. 6 with
7;; replaced by 7;;(¢;;), and the marginal completed-count
distribution is

Pr(M;j = m | nyj, t;;,C, g, 9,) =/ ( ';;l’ ) Pij(Z)m(l—Pij(Z))nij_m
X fr(Z; Uty O1y) A2, (22)

C
pij(z)=1- exp(—; max(0, t;; — z)).
ij

This integral has no closed form and is evaluated by Gauss—
Hermite quadrature with 48 nodes, which reproduces the

distribution obtained by direct simulation of the generating
process to within Monte Carlo error. The score distribution
is obtained from Eq. 22 by the same capacity mixing as in
Egs. 10 and 11. The model has the parameters (C, K, My Ut(,),
and the old model is nested in it as the boundary case o;, = 0.
The same distributional form is used when data are generated
under ¢, variability and when the model is fitted, so that draws
of t ;; below zero, which the normal distribution allows, are
treated identically in both steps.
The corresponding log-likelihood is

N Ti
Coew(@new) = Y Y 1ogPr(Y i = yij | Opew) - (23)
i=1 j=1

The same expression defines the log-likelihood of the old
model with 6,4 = (C, K, t,) and of the ty-variability model
with 6, = (C,K, u,,0;,), with the score probability taken
from Eq. 11 or from the t,-variability analogue of Eq. 20,
respectively.

For computational efficiency, trials can be collapsed into
unique cells:

G
5(9) = Z wg log PI‘(Y = yg | ng: tg’ e)a (24)
g=1

where a cell g is a combination of display size, exposure
duration, and score, wy is the number of trials in that cell,
and G is the number of cells.
Model selection is performed using AIC and BIC:

AIC,, = 2Py = 26,(8).  BICy, = Py 10g(Nysiais) — 26m(B).  (25)
Here p,, is the number of free parameters, three for the old
model and four for each of the two variability models, and
Nisals 18 the number of trials in the data set. Because the
two variability models have the same number of param-
eters, AIC and BIC lead to the same decision when com-
paring them. When either variability model is compared
with the old model, the two criteria differ by a constant,
ABIC = AAIC + log(Nyias) — 2. A further consequence
of the nesting is that the null values cve =0 and o;) =0
lie on the boundary of the parameter space. Under a fixed-
speed truth, the likelihood-ratio statistic between a variabil-
ity model and the old model therefore does not follow a x?
distribution with one degree of freedom but a 50:50 mixture
of a point mass at zero and that distribution (Self & Liang,
1987). This result is used in the Results section to derive the
rate at which AIC and BIC are expected to prefer a variabil-
ity model when the data contain no variability.
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Finally, the expected score is calculated as:

n
E[Y [ n,t,0]=> yPr(Y =y |n,t,0). (26)
y=0

Simulation Study

We evaluated the proposed variability-augmented model
using a Monte Carlo simulation study designed to test two
related questions. The first question was whether the new
model would avoid spurious dominance when the data
were generated by the standard fixed-speed formulation.
The second question was whether the new model would be
advantageous for model selection and parameter recovery
when trial-to-trial variability in processing speed was pres-
ent. A third question concerned the relation between the
new model and the t,-variability model of Dyrholm et al.
(2011): whether the two forms of variability can be distin-
guished from whole-report data, and what each model esti-
mates when it is fitted to data generated by the other. The
simulation was therefore constructed to include both old-
model and new-model data-generating regimes, together
with a ty-variability regime, so that the extension could be
evaluated under conditions favourable and unfavourable to
its additional flexibility.

The simulated task matched the behavioural structure
used throughout the present work. Each simulated dataset
consisted of one observer performing a whole-report let-
ter task without distractors at two display sizes, six letters
and four letters. Exposure duration varied across seven lev-
els, namely 20, 40, 60, 80, 120, 180, and 260 ms. For each
exposure duration and each display-size condition, 30 trials
were generated. Because there were two display-size condi-
tions and seven exposure durations, each simulated dataset
contained

Niials = 2 X7 X 30 =420 27

trials. As shown in Eq. 27, each replication provided 420
trial-level observations for model fitting.

On every simulated trial, a set of letters was sampled
without replacement from a fixed alphabet, so that no dis-
play contained repeated letters. The letters I and O were
excluded from the stimulus pool in order to avoid trivial
ambiguities in alphanumeric identity, leaving the set ABC
DEFGHJKLMNPQRSTUVWXYZ. If the display size on trial
() was n;, then n; distinct letters were drawn and treated
as the set of shown items. The response on each trial was
generated as a subset of the shown letters, so the simulation
did not introduce commission errors in the form of reporting
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letters that had not been presented. The observed score was
then defined as the number of correctly reported letters, and
the number of incorrect items was computed as the differ-
ence between the display size and the number correct. Thus,
if no letter was reported on a six-letter trial, the score was 0,
and the number incorrect was 6.

The underlying encoding mechanism followed the count-
based TVA formulation described in the model section. For
each trial, the effective exposure duration was defined as

Tj = max(0, tj— to), (28)

where ¢; is the physical exposure duration and ¢, is the per-
ceptual threshold. Given a trial-specific processing speed C;,
the per-letter processing rate was

so that the finishing times of the displayed letters were gener-
ated as exponential random variables beginning after ¢,. Let-
ters whose finishing times exceeded the physical exposure
duration were treated as not encoded. Among the letters that
did finish in time, only the first K}“ were retained, where KJ*
was the adjacent-integer realisation of the participant’s capac-
ity parameter K. The simulated response was the set of stored
letters, presented in randomised order. In this way, the gen-
erated trial-level data were fully consistent with the count-
based assumptions of the fitted models. In the scenarios with
to variability described below, the fixed threshold ¢, in Eq.
28 was replaced on every trial by a draw £, ; from a normal
distribution with mean y,, and standard deviation o, , and the
finishing times were generated as exponential random vari-
ables beginning after t, ;, as assumed by the fy-variability
model.

The Monte Carlo design contained eight generating sce-
narios. We generated three scenarios under the old fixed-
speed model. These scenarios were intended to test whether
the new model would incorrectly outperform the standard
model when no meaningful trial-to-trial variability existed. In
these three scenarios, the coefficient of variation of trial-level
processing speed was set to a near-zero value, cve = 0.0001,
so that trial-specific processing speed was effectively con-
stant. The first old-truth scenario used C = 32, K = 3.4, and
to = 15 ms. The second used C =42, K = 3.6, and t, = 18
ms. The third used C = 52, K = 3.8, and ¢ty = 20 ms. These
three settings represent low, typical, and high processing-
speed regimes while retaining plausible values of storage
capacity and threshold.

We generated three scenarios under the new variabil-
ity-augmented model. These scenarios were intended to
test whether the new model could recover trial-to-trial
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variability and improve model selection when such vari-
ability was present. In all three variability scenarios, the
mean processing speed, capacity, and threshold were held
constant at C = 42, K = 3.6, and t, = 18 ms. The coefficient
of variation of trial-level processing speed differed across
scenarios, set to cvg = 0.15, cve = 0.30, and cve = 0.45,
respectively. The first value represented mild variability, the
second moderate variability, and the third strong variability.
Trial-specific speed was generated from a gamma distribu-
tion with mean C and coefficient of variation cv¢, so that

C; ~ Gamma(n, ), (30)
with shape and scale chosen to satisfy

- L w = Ccv?
n CVé ) C- (3 1)

As shown in Egs. 30 and 31, the variability scenarios differed
only in the amount of trial-to-trial heterogeneity around the
same mean processing speed. In terms of the distribution
of the trial-level speed, these three values imply that the
central 95% of trials fall between 0.73 and 1.31 times the
mean speed for cve = 0.15, between 0.50 and 1.67 times the
mean for cve = 0.30, and between 0.32 and 2.06 times the
mean for cve = 0.45 (Fig. 1a). The labels mild, moderate,
and strong are descriptive only; the three values were cho-
sen to bracket the range over which the additional parameter
goes from undetectable to clearly detectable with 420 trials,
rather than to represent empirically established magnitudes.

The final two scenarios were generated under the t,-vari-
ability model. Mean processing speed, capacity, and mean
threshold were again C = 42, K = 3.6, and u,, = 18 ms, with
no variability in processing speed, and the standard devia-
tion of the trial-level threshold was set to o;) = 10 ms and
g;, = 20 ms, respectively. We calibrated these two values so

cve = 0.15 (95% interval 0.73-1.31)
—— cvc = 0.30 (95% interval 0.50-1.67)
= cvc = 0.45 (95% interval 0.32-2.06)

5

Probability density

the evidence against the old model would be comparable to
that in the moderate and strong speed-variability scenarios.
For this purpose, we computed, for each variability scenario,
the expected log-likelihood gain of the true model over the
best-fitting old model for a dataset of 420 trials. This gain
is 1.80 for cv- = 0.30 and 7.39 for cve = 0.45, and 1.64 for
o, = 10 ms and 8.16 for o; ) = 20 ms, so that the two moder-
ate scenarios and the two strong scenarios carry similar evi-
dence for their respective form of variability. With u, =18
ms, a standard deviation of 20 ms implies that about 18% of
the trial-level thresholds are negative; such draws were used
as they were, in both the generating process and the fitted
model, and the consequences are taken up in the Discussion.

For each of the eight scenarios, 25 independent replica-
tions were generated, yielding a total of

Ndatasets =8 X 25 =200 (32)
simulated datasets. Each dataset was treated as one simu-
lated participant for fitting purposes. Across all replications,
the simulation therefore generated

Nt trials = 200 X 420 = 84,000 (33)
trial-level observations. The random-number generator was
initialised from a fixed master seed, and each replication
was assigned its own derived seed, so that the complete sim-
ulation could be reproduced while preserving independence
across replications. To examine how the results depend on
the number of trials, four of the scenarios were repeated
with 10 instead of 30 trials per cell, that is, with 140 tri-
als per dataset: the typical old-truth scenario (C = 42), the
moderate and strong speed-variability scenarios (cve = 0.30
and 0.45), and the strong f,-variability scenario (o;, = 20
ms). Each was replicated 25 times, adding 100 datasets and
14,000 trials, so the complete study comprised 300 datasets

speed variability, cv = 0.15

to variability, o, = 10 ms
—=— speed variability, cve = 0.30  —#-- t, variability, o;, = 20 ms
—=— speed variability, cve = 0.45

10°

)

Divergence from the fixed model
(KL, nats per trial, log scale)
S

0.0 0.5 1.0 15 2.0 25
Trial-level processing speed relative to its mean, C;/C

(a)

Fig. 1 (a) Gamma distributions of the trial-level processing speed C
relative to its mean C for the three simulated variability levels; shaded
regions cover the central 95% of trials. (b) Kullback—Leibler diver-
gence per trial between the score distribution under each type of trial-

20 40 60 80 120 180 260
Exposure duration (ms)

(b)
to-trial variability and the fixed-speed model with the same C = 42

, K =13.6, and ty, = 18 ms (display size 6), as a function of exposure
duration. Values below 10™* are drawn at the axis floor
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and 98,000 trials. The seeds of the reduced-trial datasets
were derived after those of the main run, so that the main
run is unaffected by this addition.

Both the old model and the new model were fitted to
every simulated dataset. The ty-variability model was fit-
ted to every dataset as well, so that each of the three mod-
els was evaluated on data generated by each of the three
generating processes. In each case, fitting was performed
by maximum likelihood on the trial-level score distribu-
tion, with repeated trials collapsed into unique likelihood
cells defined by display size, exposure duration, and num-
ber correct in order to improve computational efficiency,
using the collapsed log-likelihood of Eq. 24. Optimisation
was carried out using the L-BFGS-B algorithm (Fei et al.,
2014) with parameter bounds enforced directly. For the old
model, C was constrained to the interval (0.01, 200) letters
per second, K to (0.50, 6.00), and ¢, to (0, 150) ms. The new
model added the constraint cve € (0.0001, 2.00); the lower
bound determines the minimum detectable variability and
should be kept in mind when interpreting estimates near
zero. The ty-variability model used the same bounds for C
and K, constrained u,, to (0, 150) ms and o;; to (0.1, 60)
ms, and evaluated the integral in Eq. 22 by Gauss—Hermite
quadrature with 48 nodes. No estimate of cv¢ or oy reached
its upper bound in any dataset; the largest estimates were
cve = 0.66 and oy = 36 ms, both in the reduced-trial run.
Estimates at the lower bound, by contrast, were common
whenever the corresponding variability was absent, which
is the expected behaviour of a variability parameter whose
true value lies on the boundary of the parameter space.
To reduce sensitivity to starting values, optimisation was
repeated from multiple starting points. For the old model,
a grid of 27 structured starts spanning plausible ranges of
C, K, and t, was combined with 6 random starts drawn uni-
formly within the parameter bounds. For the new model,
we constructed 99 structured starts by combining a range of
cve values with perturbations around the old model’s esti-
mates, supplemented by 8 additional random starts. For the
to-variability model, 96 structured starts were constructed
in the same way from a range of o, values and perturbat1g-
2ions around the old model’s estimates, supplemented by 8
random starts. The solution with the lowest negative log-
likelihood across all starts was retained. The old model was
always fitted first, and its parameter estimates were used to
anchor part of the starting grid for the new model and for
the ty-variability model, improving numerical stability for
the extended models.

The numerical accuracy of the likelihood computations
was verified before the simulation was run. The closed-form
completed-count distribution of Eq. 19 agreed with direct
numerical integration of Eq. 15 to within 5.3 x 1078 in abso-
lute probability over a grid of display sizes, exposures, speeds,
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and values of cv¢ between 0.05 and 2.0. At the lower bound
cve = 0.0001, the new model reproduced the old model to
within 8.0 x 10~°, and at o;, = 0.1 ms the fy-variability model
reproduced the old model to within 1.4 x 1073, Both variabil-
ity models also reproduced the score distributions obtained by
direct simulation of their generating processes with 400,000
trials per condition to within Monte Carlo error. The vecto-
rised likelihood used in the present run agreed with the scalar
implementation of the original analysis to within 3.2 X 10712,

The old model was evaluated in terms of its estimates of
C, K, and t,. The new model was evaluated on its estimates
of C, K, ty, and cve. The ty-variability model was evalu-
ated in terms of its estimates of C, K, y; , and oy, with p;
compared with the generating value of t,. Model compari-
son was carried out with both the Akaike information crite-
rion (Akaike, 2025) and the Bayesian information criterion
(Neath & Cavanaugh, 2011),

AAIC = AIC,,,, — AIC 4, (34)
and
ABIC = BIC,,, — BIC4. (35)

The same differences were computed for the t,-variability
model relative to the old model, and for the new model rela-
tive to the ty-variability model. In addition, the model with
the lowest AIC and the model with the lowest BIC among the
three were recorded for every dataset, which yields a cross-
classification of generating truth against selected model. For
the old-truth scenarios, the observed rates at which a vari-
ability model was preferred were compared with the rates
expected from the boundary result described in the Method
section. Under a fixed-speed truth, AIC prefers a variability
model when the likelihood-ratio statistic exceeds 2, which

happens with probability %Pr( x? > 2) = 0.079; BIC prefers

it when the statistic exceeds 1log Ny;,15, Which happens with
probability 0.007 for 420 trials and 0.013 for 140 trials. In
addition to information criteria, the fitted models were com-
pared on condition-level predictive accuracy by computing
the root mean squared error between observed and model-
predicted mean scores across the combinations of display
size and exposure duration. We included this additional mea-
sure because a model can sometimes improve descriptive
accuracy without necessarily being preferred once parame-
ter-count penalties are imposed. Accordingly, the simulation
distinguished between descriptive gains and evidence that
the additional variability parameter was warranted.

We assessed parameter recovery by comparing estimated
values with the known generating values in each scenario.
For each parameter, we summarised both bias and root mean
squared error across replications. For the old model, we did
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this for C, K, and t,. For the new model, the same quantities
were computed, and the recovery of cve was additionally
examined in the variability scenarios. For the t,-variability
model, the same quantities were computed for C, K, and y;,
together with the recovery of o; . Because every model was
fitted to every dataset, these summaries also show what each
model estimates when it is applied to data containing the
other form of variability, or no variability at all. This allowed
the simulation to address two separate but related questions.
The first was whether the new model could correctly iden-
tify trial-to-trial variability when it existed. The second was
whether, by modelling that variability explicitly, it could
improve recovery of the core TVA parameters relative to the
standard fixed-speed formulation.

Results

Before turning to the Monte Carlo results, Fig. 1 shows
what the two forms of trial-to-trial variability assume and
where they leave their trace in whole-report data. Panel A
shows the gamma distributions of the trial-level process-
ing speed for the three simulated values of cvc. Panel B
shows, for each exposure duration and display size 6, the
Kullback—Leibler divergence between the score distribution
under each type of variability and the score distribution of
the fixed-speed model with the same C = 42, K = 3.6, and
to = 18 ms. The two forms of variability have opposite pro-
files. Speed variability leaves almost no trace at the short-
est exposures and grows steadily with exposure duration,
because the multiplicative fluctuation of the rate has more
time to act and because the average of 1 — e™"% over a vari-
able rate falls below the value at the mean rate. Variability
in ¢, is concentrated at the shortest exposures, where a jit-
ter of a few milliseconds decides whether encoding starts at
all, and becomes negligible at long exposures. Because the

Fig.2 Mean number of correctly
reported letters as a function of
exposure duration at display size 6
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present design spans both regions, the two forms of variabil-
ity are in principle separable from the data, and the simula-
tions below test whether this holds in practice.

Figure 2 shows the mean number of correctly reported
letters as a function of exposure duration at display size 6
for one scenario of each generating truth: the typical fixed-
speed scenario (C = 42), the strong speed-variability sce-
nario (cve = 0.45), and the strong t,-variability scenario
(0, = 20 ms), all with the same C, K, and mean . In all sce-
narios, performance increased monotonically with exposure
duration, consistent with the capacity-limited race archi-
tecture of TVA. The three curves are close to each other,
and the differences between them are of the size predicted
by Fig. 1b. Speed variability lowered the mean score at the
longer exposures by just under 0.2 letters at 260 ms, while
leaving the shortest exposures unchanged. Variability in ¢,
raised the mean score at the shortest exposure, from 0.07 to
0.34 letters at 20 ms, because on trials with a low threshold
some encoding took place within 20 ms, and left the lon-
ger exposures almost unchanged. This similarity at the level
of condition means is expected, because the gamma-dis-
tributed speed fluctuations average out across replications,
leaving the mean score relatively stable. The distinguishing
effects of variability are therefore not immediately visible
in the average performance curves but instead manifest in
model selection and parameter recovery, as shown in the
following sections.

Model Selection

The model-selection results are summarised in Table 1
and Fig. 3. In the three old-model scenarios, AIC rarely
preferred the new model, and BIC never did. In Scenario
1 (old model, low processing speed), the new model was
selected by AIC in only 1 of 25 replications and by BIC
in 0 of 25 replications. The same pattern was observed in

—&— S02: C = 42 (no variability)
—ii— S06: cvc = 0.45 (speed variability)
—&— S08: 0y, = 20 ms (t, variability)
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80

120 180 260
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Table 1 Scenario-level model-selection summary for the new model relative to the old model. Negative values of AAIC and ABIC favour the new
model. In the old-truth scenarios and in Scenarios 4 and 7, many of the RMSE comparisons are ties to within 10~® because cv¢ was estimated at
its lower bound and the two models then make the same predictions; the RMSE win counts in those rows are therefore not informative

Scenario Truth New wins AIC ~ New wins BIC ~ New wins RMSE ~ Mean AAIC ~ Mean ABIC
Scenario 1: old, low C old 1/25 0/25 13725 1.7271 5.7674
Scenario 2: old, typical C old 1/25 0/25 15/25 1.4963 5.5366
Scenario 3: old, high C old 5/25 0/25 15/25 1.1021 5.1424
Scenario 4: new, mild variability new 1/25 1/25 15/25 1.2959 5.3362
Scenario 5: new, moderate variability new 14/25 7/25 13/25 -1.8246 2.2156
Scenario 6: new, strong variability new 25/25 22/25 22/25 -13.5665 -9.5263
Scenario 7: £y var., moderate (o;, = 10 ms) £ var.  1/25 0/25 7/25 1.6861 5.7264
Scenario 8: £ var., strong (o;, = 20 ms) tovar.  10/25 5/25 4/25 -1.3875 2.6527
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Fig. 3 Three-way model selection with 420 trials per dataset and 25 datasets per scenario: proportion of datasets in which each of the three models

had the lowest AIC (a) or BIC (b). Error bars are 95% Wilson intervals

Scenario 2 (old model, typical processing speed), again
with 1 of 25 AIC wins and no BIC wins. In Scenario 3
(old model, high processing speed), the new model was
selected somewhat more often by AIC, but still only in 5 of
25 replications, while BIC again preferred the old model
in every replication. Thus, when the generating process
was effectively fixed-speed, the old model remained the
appropriate description. The corresponding 95% confi-
dence intervals on the AIC win rates for Scenarios 1-3
were (0.007, 0.195), (0.007, 0.195), and (0.089, 0.391)
respectively, confirming that even the upper bound of
plausible win rates remained modest in the old-truth sce-
narios. These rates are close to what is expected when the
variability parameter lies on the boundary of its parameter
space. Under a fixed-speed truth, AIC is expected to prefer
the new model in 7.9% of datasets (about 2 of 25), and BIC
in 0.7%, as derived in the Method section. Pooled over the
75 old-truth datasets, the new model was preferred by AIC
in 7 (9.3%, 95% CI 0.046-0.180) against 5.9 expected,
and by BIC in none against 0.5 expected. The 5 of 25 AIC
wins in Scenario 3 are therefore within the range produced
by sampling variation around the boundary null, and not a
sign that the new model becomes systematically preferred
at higher processing speeds.
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As shown in Table 1 and Fig. 3, the mild-variability sce-
nario did not yet provide meaningful support for the new
model. In Scenario 4 (new model, mild variability), both
AIC and BIC selected the new model in only 1 of 25 rep-
lications, and the mean values of both AAIC and ABIC
remained positive. This indicates that, under the present
design, mild trial-to-trial variability in processing speed was
not sufficient to consistently justify the added parameter.

The pattern changed in Scenario 5 (new model, moder-
ate variability). Here, the new model was selected by AIC
in 14 of 25 replications (95% CI: 0.37-0.73), although BIC
selected it in only 7 of 25 replications (95% CI: 0.14-0.48).
The mean AAIC was negative (—1.8246), whereas the mean
ABIC remained positive (2.2156). The wide confidence
intervals on both win rates reflect the small number of rep-
lications and indicate that this scenario is genuinely tran-
sitional rather than providing consistent support for either
model.

The clearest support for the new model appeared in
Scenario 6 (new model, strong variability). In this condi-
tion, the new model was selected in all 25 replications by
AIC (95% CI: 0.87-1.00) and in 22 of 25 replications by
BIC (95% CI: 0.70-0.96). The corresponding mean val-
ues, AAIC = —-13.5665 and ABIC = —9.5263, show that
the gain in fit was sufficiently large to justify the additional
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parameter even under stronger penalisation. The narrow
confidence intervals here confirm that this result is stable
across replications rather than driven by a small number of
favourable outcomes.

The condition-level RMSE summaries in Table 1 should
be interpreted more cautiously. In the old-model scenarios,
the new model sometimes improved RMSE even though
the information criteria did not prefer it. This indicates
that the additional flexibility could occasionally improve
descriptive fit without being justified once model com-
plexity was accounted for. In addition, whenever cvc was
estimated at its lower bound, which happened in 14, 12,
and 6 of the 25 datasets of Scenarios 1 to 3 and in 13 data-
sets of Scenario 7, the new model reduced to the old model
and the two RMSE values were equal to within 107;
which model is counted as the winner in those datasets
is then decided by rounding. For inferential purposes, the
AIC and especially the BIC patterns are therefore more
informative than RMSE alone.

Figure 4a shows the dataset-level evidence behind
these counts, for the new model and for the ty-variability
BIC throshold (4.01)
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Fig. 4 (a) Dataset-level AAIC of each variability model relative to the
old model (boxes: interquartile range and median; points: individual
datasets). Values below the dashed line favour the variability model by
AIC; values below the dotted line (—4.04) favour it by BIC as well. (b)

model relative to the old model. In the old-model scenarios,
where cve & 0, replication-level AAIC values clustered
around small positive values, confirming that the additional
parameter was generally penalised. As the true variability
increased through the mild, moderate, and strong regimes,
the distribution of AAIC shifted progressively downward.
At cve = 0.45, nearly all replications fell well below zero.
Because the two variability models each add one param-
eter to the old model, ABIC equals AAIC + 4.04 for 420
trials, and the dotted line in Figure 4a marks the value of
AAIC below which BIC also prefers the variability model.
This figure therefore provides a replication-level view of
the transition from negligible to decisive evidence for the
variability-augmented model, complementing the scenario-
level summaries in Table 1 and Fig. 3.

Comparison with the t,-Variability Model
Table 2 summarises the same datasets from the point of

view of the ty-variability model. In the three old-truth sce-
narios, the t,-variability model was preferred over the old
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Direct comparison of the two variability models on the datasets gener-
ated with variability, AAIC = AIC,,, — AIC; ,.; both models have
four parameters, so AIC and BIC decisions coincide

Table 2 Model selection involving the ty-variability model (420 trials per dataset, 25 datasets per scenario). Columns 3 to 6 compare the ¢(-vari-
ability model with the old model (negative values favour the t,-variability model). Columns 7 and 8 compare the new model with the ¢,-variability
model (negative values favour the new model). The last two columns give the number of datasets in which the old, the new, and the t,-variability
model had the lowest AIC and the lowest BIC among the three

Scenario Truth ¢, var. wins Mean AAIC ~ Mean ABIC ~ New wins AIC  Mean AAIC Selected by AIC  Selected by BIC
AIC BIC  (tgvar.—old) (ty var.—old) wvs.tq var. (new — to var.) old/new/ty var. old/new/tq var.
Scenario 1 old 2/25  0/25 1.5899 5.6302 16/25 0.1372 22/1/2 25/0/0
Scenario 2 old 125 0/25 1.7738 5.8140 21/25 -0.2775 23/1/1 25/0/0
Scenario 3 old 0/25 0/25 2.0369 6.0772 25/25 -0.9348 20/5/0 25/0/0
Scenario 4 new 0/25 0/25 1.7439 5.7841 21/25 -0.4479 24/1/0 24/1/0
Scenario 5 new 3/25  1/25 1.2353 5.2756 22/25 -3.0600 8/14/3 17/7/1
Scenario 6 new 025 025 1.7477 5.7879 25/25 -15.3142 0/25/0 3/22/0
Scenario 7 to var. 12/25 3/25  -1.0555 2.9848 7/25 2.7416 13/0/12 22/0/3
Scenario 8 to var. 25/25 23/25 -15.5413 -11.5011 1/25 14.1538 0/1/24 2/1/22
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model by AIC in 2, 1, and 0 of 25 replications and by BIC
in none, so that its false-alarm rate (3 of 75 by AIC, 4.0%,
95% C10.014-0.111) was, like that of the new model, in the
range expected under the boundary null. In the three speed-
variability scenarios, the ty-variability model gained noth-
ing over the old model: it was preferred by AIC in 0, 3, and 0
of 25 replications, its mean AAIC relative to the old model
stayed close to the penalty value of 2 (1.7439, 1.2353, and
1.7477), and in Scenario 6, where the new model was pre-
ferred in every dataset, the ty-variability model was pre-
ferred in none. The variability that the new model detected
in these data was therefore not visible to a model that allows
only the threshold to vary.

The two ty-variability scenarios mirror the two speed-
variability scenarios to which they were calibrated. In
Scenario 7 (g;, = 10 ms), the f,-variability model was pre-
ferred over the old model by AIC in 12 of 25 replications
(95% CI 0.30-0.67) and by BIC in 3 of 25, with a mean
AAIC of —1.0555; this is the same transitional picture as in
Scenario 5 (14 of 25 and 7 of 25). In Scenario 8 (o;, = 20
ms), it was preferred by AIC in all 25 replications and by
BIC in 23 of 25, with a mean AAIC of —15.5413, matching
the decisive result of Scenario 6. The new model, fitted to
the same fy-variability data, behaved differently from the
to-variability model fitted to speed-variability data: in Sce-
nario 8 it was preferred over the old model by AIC in 10 of
25 replications and by BIC in 5 of 25 (Table 1), so that part
of the threshold variability was absorbed as apparent speed
variability. This absorption was partial. In the direct com-
parison of the two variability models (Fig. 4b, Table 2), the
to-variability model was preferred in 24 of 25 datasets of
Scenario 8, with a mean advantage of 14.15 AIC units, and
the new model was preferred in all 25 datasets of Scenario
6, with a mean advantage of 15.31 AIC units. Because both
models have four parameters, these decisions are the same
under AIC and BIC. In Scenario 4 and Scenario 7, where
the amount of variability was small, the two variability
models were close to each other, and both were close to
the old model.

Table 3 collects these outcomes in a cross-classification
of generating truth against the model selected among the
three. With 420 trials, misattribution between the two forms
of variability was rare: of the 75 datasets generated with
speed variability, 3 (4.0%) were assigned to the ty-variabil-
ity model by AIC and 1 by BIC, and of the 50 datasets gen-
erated with t, variability, 1 (2.0%) was assigned to the new
model by either criterion. The errors that did occur were
almost entirely failures to detect variability at all, that is,
selections of the old model, and they were concentrated in
the mild and moderate scenarios. On data without variabil-
ity, BIC selected the old model in all 75 datasets and AIC
in 65 (86.7%).
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Table 3 Cross-classification of generating truth against the model
selected among the three (number of datasets, with proportions in
parentheses). Rows pool all scenarios of the same truth type: 75 data-
sets without variability (Scenarios 1 to 3), 75 with speed variability
(Scenarios 4 to 6), and 50 with t variability (Scenarios 7 and 8) in the
main run; 25, 50, and 25 datasets in the reduced-trial run

Trials per Generating truth  Old New to var.
dataset, selected selected selected
criterion
420, AIC no variability 65 (0.87) 7(0.09) 3(0.04)
speed variability 32 (0.43) 40 (0.53) 3 (0.04)
to variability 13(0.26) 1(0.02) 36 (0.72)
420, BIC no variability 75 (1.00) 0 (0.00) 0(0.00)
speed variability 44 (0.59) 30 (0.40) 1(0.01)
to variability 24 (0.48) 1(0.02) 25 (0.50)
140, AIC no variability 19 (0.76) 1(0.04) 5(0.20)
speed variability 21 (0.42) 27 (0.54) 2 (0.04)
to variability 3(0.12) 1(0.04) 21(0.84)
140, BIC no variability 24(0.96) 1(0.04) 0(0.00)
speed variability 38 (0.76) 12 (0.24) 0 (0.00)
to variability 8(0.32) 0 (0.00) 17 (0.68)

Parameter Recovery

The parameter-recovery results are shown in Table 4 and
Figure 5. In the three old-model scenarios, the old model
generally recovered the generating parameters at least as
well as, and often better than, the new model. In Scenario 1
(old model, low processing speed), the old model produced
lower RMSE for C and t,, whereas the two models were
nearly identical for K. In Scenario 2 (old model, typical
processing speed), the same general pattern held: the old
model showed smaller RMSE for C and K, whereas the
two models were effectively equal for ;. In Scenario 3 (old
model, high processing speed), the difference became more
pronounced, with the old model clearly outperforming the
new model for C and t,. These results are consistent with
the model-selection findings in showing that the extended
model did not offer a general advantage when the generating
process was fixed-speed. The f,-variability model behaved
in the same way on these data for C and K, but it recovered
to less well than the old model (RMSE of 2.2562, 1.3514,
and 1.6742 ms in Scenarios 1 to 3, against 1.4519, 0.8699,
and 1.6645 ms), because its estimate of the mean threshold
moves together with its estimate of o, when the latter is
pushed away from zero by sampling noise.

In Scenario 4 (new model, mild variability), the new
model still did not show a clear overall recovery advantage.
It yielded a slightly smaller RMSE for K than the old model
(0.0571 vs 0.0589), but performed worse for C (2.4488 vs
2.0483) and was essentially indistinguishable for ¢, (0.8726
vs 0.8694 ms). Thus, the mild-variability regime did not yet
provide strong evidence that explicitly modelling trial-to-
trial variability improved inference.
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Table 4 Scenario-level parameter-recovery RMSE for the three fitted models (420 trials per dataset, 25 datasets per scenario). For the new model, recovery of cv¢ is reported only for the extended

model because the old model does not estimate this parameter. For the to-variability model, ¢, refers to the estimated mean threshold g, , and the RMSE of oy is given in the last column. The true

value of cv¢ is 0 in Scenarios 1 to 3 (generated with 0.0001) and in Scenarios 7 and 8; the true value of o; is 0 in Scenarios 1 to 6
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5.4384
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0.4258
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2.9868

1.9459
2.7354
4.3310
2.4488
3.0167
2.4605
2.5217
32421

1.7932
2.3461
2.5054
2.0483
42137
6.8408
2.9330
5.0400

old
old
old

Scenario 1: old, low C

Scenario 2: old, typical C
Scenario 3: old, high C

new

Scenario 4: new, mild variability

new

Scenario 5: new, moderate variability

new

Scenario 6: new, strong variability

to var.

Scenario 7: t, var., moderate

to var.

Scenario 8: t, var., strong

The results changed in Scenario 5 (new model, moder-
ate variability). Here, the new model reduced RMSE for C
from 4.2137 to 3.0167 and for ¢, from 1.0494 to 0.8314 ms,
although it was slightly worse for K (0.0732 vs. 0.0681).
This pattern suggests that the added flexibility began to
recover the generating structure more effectively, but that
the advantage was still selective rather than uniform across
all parameters.

The clearest recovery advantage again appeared in Sce-
nario 6 (new model, strong variability). In this condition,
the new model markedly outperformed the old model for
all three core parameters. RMSE for C decreased from
6.8408 to 2.4605, RMSE for K decreased from 0.0929 to
0.0574, and RMSE for ¢, decreased from 2.0121 to 0.8627
ms. Figure 5 shows these differences directly. The t,-vari-
ability model provided no such improvement on speed-vari-
ability data. Its RMSE for C in Scenarios 5 and 6 (3.8052
and 6.7629) was almost the same as that of the old model
(4.2137 and 6.8408), and its RMSE for t, in Scenario 6
(2.0045 ms) was nearly identical to that of the old model
(2.0121 ms). Conversely, in the two ty-variability scenarios
the ty-variability model had the lowest RMSE for C (2.8101
and 2.9868 against 2.9330 and 5.0400 for the old model)
and for ¢, (2.9919 and 3.3853 ms against 3.1115 and 6.4530
ms), whereas the new model removed only part of the error
in C (2.5217 and 3.2421) and little of the error in ¢, (2.9504
and 5.6924 ms). The recovery results therefore support the
same conclusion as the information criteria: the extended
model becomes useful when variability in processing speed
is sufficiently large, but not when it is absent or only weakly
expressed, and each variability model improves recovery
only for the type of variability it was built for.

Although RMSE summarises the magnitude of esti-
mation error, it does not reveal the direction of that error.
Figure 6 and Table 5 show the signed mean bias, defined
as the mean of estimated minus true values, for C and ¢,
under the three models. In the old-model scenarios, where
no meaningful variability existed, all three models exhib-
ited only small biases for C and ¢, consistent with generally
adequate recovery. The biases of the two variability models
were, however, not smaller than those of the old model. For
C, the new model was biased upward by 0.36, 1.23, and 2.93
letters per second in Scenarios 1 to 3 (1.1% to 5.6% of the
true value), compared with —0.01, 0.43, and 0.62 for the old
model; for t,, its bias was 0.51, 0.20, and 1.78 ms, compared
with 0.41, 0.13, and 1.01 ms. The reason is the coupling
between € and V¢ noted in the section on the recovery of
trial-to-trial variability below: whenever sampling noise is
absorbed as spurious variability, the estimate of mean speed
rises with it. The ty-variability model showed the corre-
sponding coupling between f,, and &;,, with biases in £, of
1.18, 0.50, and 1.09 ms in Scenarios 1 to 3. As the true level
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Fig.5 Recovery RMSE for C (a) and ¢, (b) under the three fitted models across the eight generating scenarios (420 trials per dataset). For the ¢,
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Fig. 6 Mean signed bias (estimated minus true) for C (a) and tq (b)
under the three fitted models across the eight generating scenarios.
Values near zero indicate unbiased recovery. Error bars are 95% confi-
dence intervals across the 25 datasets of each scenario. The old model

developed a systematic negative bias for C as true trial-to-trial vari-
ability increased, and a systematic negative bias for ¢ as ty variability
increased; only the correctly specified variability model removed the
respective bias

Table 5 Mean signed bias (estimated minus true) of C (letters per second) and ¢, (ms) for the three fitted models (420 trials per dataset, 25 datasets
per scenario). For the ty-variability model, tq refers to the estimated mean threshold

Scenario Truth Cog Coen C., to.old fomew fou,
Scenario 1: old, low C old -0.0089 0.3638 0.3824 0.4139 0.5072 1.1753
Scenario 2: old, typical C old 0.4347 1.2283 0.7314 0.1329 0.2012 0.5045
Scenario 3: old, high C old 0.6232 2.9332 0.7004 1.0057 1.7792 1.0859
Scenario 4: new, mild variability new -0.5194 0.4972 -0.0629 0.2632 0.3435 0.9008
Scenario 5: new, moderate variability new -3.6697 -0.5960 -3.1682 -0.4317 -0.0217 0.3274
Scenario 6: new, strong variability new -6.6528 0.2558 -6.5518 -1.4364 -0.1796 -1.2761
Scenario 7: t, var., moderate to var. -2.0750 -1.5237 -0.4567 -2.6130 -2.4785 -0.5415
Scenario 8: t, var., strong to var. -4.7503 -1.9423 -0.0455 -6.2152 -5.4119 -0.1598

of variability increased, however, the old model developed
a systematic negative bias for C, reaching —6.65 letters per
second in Scenario 6. This indicates that, when process-
ing speed fluctuated across trials, the fixed-speed model
consistently underestimated mean processing capacity. A
corresponding negative bias emerged for t, under the old
model in the variability scenario (—1.44 ms), suggesting that
some of the unmodelled speed variability was absorbed as
a compensatory shift in the estimated perceptual threshold.
The new model kept the bias in C small in these scenarios
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(0.50, —0.60, and 0.26 letters per second in Scenarios 4 to
6) and the bias in t;, below 0.35 ms in absolute value. The
to-variability model, fitted to the same data, reproduced the
bias of the old model almost (—6.55 letters per second for
C and —1.28 ms for ¢, in Scenario 6): allowing the thresh-
old to vary offers no protection against the bias caused by
speed variability. The ty-variability scenarios show the mir-
ror image. There, the old model underestimated ¢, by 2.61
and 6.22 ms and C by 2.08 and 4.75 letters per second in
Scenarios 7 and 8, the new model reduced the bias in C
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(to —1.52 and —1.94) but left most of the bias in ¢, in place
(—2.48 and —5.41 ms), and only the f,-variability model
was close to unbiased for both parameters (—0.46 and —0.05
letters per second for C, —0.54 and —0.16 ms for f,). This
directional pattern is important because it shows that the old
model’s increased RMSE under variability was not merely
due to increased scatter around the true value, but reflected
a systematic distortion of the parameter estimates. Such dis-
tortion would be consequential in any application in which
the absolute level of estimated processing speed is used to
compare groups or conditions that differ in the amount of
trial-to-trial variability. If two groups share the same cvc,
the bias is common to both and cancels in their difference; if
a clinical group shows more variability than a control group,
the fixed-speed model would attribute part of that difference
to a lower mean processing speed.

Recovery of Trial-to-Trial Variability

Because the defining addition of the new model is the vari-
ability parameter cvc, its recovery is central to the interpreta-
tion of the simulation. Figure 7a shows the replication-level
distributions of the fitted values across scenarios together
with the true values, and Figure 7b shows the same for oy
under the t,-variability model.

In the three old-model scenarios, where the generating
variability was effectively zero, the new model still esti-
mated small positive values of cve. The corresponding
RMSE values were 0.1146, 0.1424, and 0.1773 for Sce-
narios 1-3, respectively. This indicates that the extended
model can absorb a modest amount of random fluctuation
as apparent variability even when the generating process is
fixed-speed. However, this tendency did not lead to system-
atic model-selection dominance, as shown above, because
the information criteria still generally penalised the unnec-
essary parameter. Because cve was constrained to be non-
negative with a lower bound of 0.0001, estimates in the
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old-truth scenarios are necessarily bounded away from the
true generating value of approximately zero, which par-
tially contributes to the reported RMSE for this parameter
in those scenarios. The distribution of these estimates is the
one expected for a parameter whose true value lies on the
boundary: in 14, 12, and 6 of the 25 datasets of Scenarios
1 to 3 the estimate was at the lower bound, and the remain-
ing estimates were spread between 0.03 and 0.33 (Figure
7a). Sampling noise that happens to look like overdisper-
sion is absorbed as positive cvc, whereas noise in the other
direction cannot be absorbed because cvq cannot become
negative, so that the mean estimate is positive even though
the true value is zero. The estimates of o, under the £y-vari-
ability model showed the same pattern on the same data,
with 16, 20, and 22 of 25 estimates at the lower bound and a
mean bias of 3.19, 1.09, and 0.23 ms.

In Scenario 4 (new model, mild variability), the true
value was cve = 0.15, and the RMSE of the fitted variabil-
ity parameter was 0.0966. This recovery was limited and
consistent with the weak model-selection evidence in this
scenario. In Scenario 5 (new model, moderate variability),
the RMSE of cve improved to 0.0864, indicating that the
variability parameter had become more identifiable. In Sce-
nario 6 (new model, strong variability), recovery was clear-
est, with an RMSE of 0.0698. As shown in Figure 7a, the
estimated variability parameter tracked the increase in the
true generating variability and did so with increasing preci-
sion as variability became stronger. The mean bias of ¢V,
in these three scenarios was small and slightly negative
(=0.015, —0.020, and —0.010). The estimates of o;, in the
two fy-variability scenarios behaved in the same way (Fig-
ure 7b): in Scenario 8 they were centered on the true value
of 20 ms (bias 0.67 ms, RMSE 4.21 ms, no estimate at the
lower bound), whereas in Scenario 7, with a true value of 10
ms, 6 of 25 estimates fell to the lower bound and the mean
estimate was biased downward by 2.96 ms (RMSE 6.01
ms), which is the boundary effect seen from the other side.
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Fig. 7 Dataset-level estimates of the variability parameters (420 tri-
als per dataset) with true values as black bars. (a) cve from the new
model. (b) oy, from the ty-variability model. Boxes show the inter-
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quartile range and median; points are individual datasets. Estimates
pile up at the lower bound when the corresponding type of variability
is absent
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Figure 7 also shows what each variability model esti-
mates when the data contain the other form of variability.
In the speed-variability scenarios, the t,-variability model
estimated oy, at or near the lower bound (18, 16, and 12 of
25 estimates at the bound in Scenarios 4 to 6; median 0.4 ms
in Scenario 6), so that it did not register speed variability as
threshold variability. In the t,-variability scenarios, the new
model estimated substantial spurious speed variability: in
Scenario 8, the median estimate of cve was 0.25 and only 3
of 25 estimates were at the lower bound, with a mean bias of
0.24. Threshold variability can therefore partly masquerade
as speed variability, but speed variability does not masquer-
ade as threshold variability. This asymmetry follows from
Figure 1b: a heavy-tailed distribution of speeds produces
some trials with very fast encoding and thereby mimics part
of the raised performance at short exposures that threshold
variability produces, whereas no distribution of thresholds
can produce the overdispersion at long exposures that speed
variability produces, because at long exposures the thresh-
old no longer matters.

Effect of the Number of Trials

Table 6 shows the results of the reduced-trial run, in which
four scenarios were repeated with 140 instead of 420 trials
per dataset. Detection of variability weakened as expected.
In Scenario 6, the new model was preferred over the old
model by AIC in 18 of 25 datasets (95% CI 0.52-0.86)
instead of 25 of 25, and by BIC in 9 of 25 instead of 22 of
25; in Scenario 5 the counts fell from 14 and 7 to 9 and 3 of
25; and in Scenario 8 the t,-variability model was preferred
in 21 instead of 25 datasets by AIC and in 17 instead of 23
by BIC. Misattribution between the two forms of variabil-
ity remained rare (Table 3). The false-alarm rate of the new
model on the fixed-speed data of Scenario 2 stayed within
the boundary-null expectation (1 of 25 by AIC and 1 of 25
by BIC), whereas the t,-variability model was preferred by

AIC in 5 of 25 of these datasets (95% CI 0.09-0.39), above
the 2 expected, although not by BIC in any.

Parameter recovery with 140 trials makes the cost of the
additional parameter visible. On the fixed-speed data of
Scenario 2, the RMSE of C was 3.16 letters per second for
the old model but 5.70 for the new model and 4.82 for the
to-variability model, and the upward bias of the new model
in C grew to 2.85 letters per second. In Scenario 5, the new
model removed most of the bias in C (1.32 against —2.48
for the old model) but had the larger RMSE (5.10 against
4.13), because the variance added by the poorly constrained
variability parameter outweighed the bias it removed. Only
in Scenario 6 did the new model still have the lower RMSE
for C (6.83 against 8.14), with a bias of —0.56 against —7.00
for the old model, and even there its advantage was much
smaller than with 420 trials (2.46 against 6.84). In Scenario
8, all three models had a similar RMSE for C with 140 trials
(5.72,5.77, and 6.93), and the ¢,-variability model retained
its advantage only for ¢, (6.55 ms against 8.25 ms for the
old model). With few trials, the variability models therefore
pay for their extra parameter in precision, and this cost is
recovered only when variability is strong.

Discussion

The present study introduced and evaluated a variability-
augmented extension of a behavioural TVA count model
in which trial-to-trial fluctuations in processing speed are
modelled explicitly. The main result is that this extension
is useful under specific conditions rather than universally.
As shown in Table 1 and Figures 3 and 4, the new model
was not systematically favoured when the generating pro-
cess was effectively fixed-speed, was not clearly supported
when variability was only mild, and became increasingly
advantageous as the true level of trial-to-trial variability
increased. This pattern is important because it shows both

Table 6 Effect of the number of trials per dataset (140 vs 420; 25 datasets per scenario and trial count). Columns 3 and 4 give the number of
datasets in which the variability model under evaluation, the new model in Scenarios 2, 5, and 6 and the t-variability model in Scenario 8, was
preferred over the old model. In Scenarios 5, 6, and 8 this model matches the generating truth; Scenario 2 contains no variability, so its counts are
the false-alarm rate of the new model. The remaining columns give the RMSE and the bias of C (letters per second) for the three fitted models

Scenario Trials Var. model Var. RMSE RMSE RMSE Bias Cyy Bias Cp,, Bias
wins AIC  model Coid Chew Ct, Ci,
wins
BIC
Scenario 2: old, typical C 140 1/25 1/25 3.1607 5.7046 4.8249 1.0303 2.8549 2.7865
420 1/25 0/25 2.3461 2.7354 2.5969 0.4347 1.2283 0.7314
Scenario 5: new, moderate variability 140 9/25 3/25 4.1262 5.1009 42727 -2.4780 1.3213 -1.3073
420 14/25 7/25 42137 3.0167 3.8052 -3.6697 -0.5960 -3.1682
Scenario 6: new, strong variability 140 18/25 9/25 8.1365 6.8291 7.6942 -6.9962 -0.5646 -6.1497
420 25/25 22/25 6.8408 2.4605 6.7629 -6.6528 0.2558 -6.5518
Scenario 8: t, var., strong 140 21/25 17/25 5.7199 5.7738 6.9254 -4.3792 -2.4623 2.1557
420 25/25 23/25 5.0400 3.2421 2.9868 -4.7503 -1.9423 -0.0455
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specificity and sensitivity. The new model did not simply
dominate because it had an additional parameter; it became
beneficial once the data were generated under conditions
in which the fixed-speed assumption became too restric-
tive. A second result concerns the relation between the new
model and the trial-to-trial ¢y-variability model of Dyrholm
et al. (2011), which is the formulation most commonly fit-
ted to whole-report data today. The two models proved to
be distinguishable from whole-report data and, more than
that, asymmetric. The t,-variability model did not register
speed variability at all: on data with strong speed variability
it was preferred over the old model in none of the 25 data-
sets, and its estimates of C carried the same bias as those
of the old model. The new model, in turn, registered part
of the threshold variability in the ¢y-variability scenarios as
spurious speed variability, but in the direct comparison the
correctly specified model was preferred in 24 or 25 of 25
datasets whenever variability was strong (Table 2, Table 3).

This pattern is consistent with the broader logic of TVA as
a computational framework. Classical TVA has been valu-
able because it provides interpretable parameters for pro-
cessing speed, storage capacity, and threshold, and because
these parameters can be estimated from behavioural report
data within an explicit likelihood-based structure (Bunde-
sen, 1990, 1998; Bundesen et al., 2005; Kyllingsbak, 2006).
At the same time, the usefulness of such parameters depends
on the adequacy of the assumptions under which they are
estimated. In the present case, the relevant assumption is
not the general TVA architecture itself, but the more specific
behavioural implementation in which processing speed is
treated as fixed within the modelled condition structure. Our
results suggest that this implementation remains appropriate
when the data are generated under effectively stable pro-
cessing speed, but may become too rigid when appreciable
trial-to-trial variability is present.

The recovery results strengthen this interpretation. As
shown in Table 4 and Figure 5, the old model recovered
the generating parameters as well as or better than the new
model in the old-truth scenarios, especially for C and ¢.
This is the expected and desirable result if the extension is
not merely overfitting. By contrast, in the moderate- and
strong-variability scenarios, the new model improved recov-
ery of C and ¢y, and under strong variability it also improved
recovery of K. Inspection of the replication-level correlation
between estimated C and ¢V under the new model revealed
a positive association that strengthened with true variability,
ranging from 0.27 to 0.55 in the old-truth scenarios to 0.60
to 0.72 in the mild-, moderate-, and strong-variability sce-
narios. This positive correlation indicates that replications
yielding higher estimated processing speed also tended to
yield higher estimated variability, suggesting that the two
parameters capture partially overlapping aspects of the

score distribution rather than compensating for each other.
The same coupling explains the small upward bias of the
new model in C on data without variability (0.36 to 2.93 let-
ters per second, Table 5): when sampling noise is absorbed
as spurious variability, the estimate of mean speed rises with
it, because a higher mean is needed to produce the same
average performance once part of the trials are assumed to
be slow. While this does not invalidate the recovery results,
it implies that joint uncertainty in C and V¢ is larger than
their marginal RMSEs alone suggest, and that individual-
level estimates of these two parameters should be inter-
preted with this dependence in mind. The strong-variability
scenario is particularly informative because the advantage
was visible in both model selection and parameter recovery.
Under those conditions, the old model no longer provided
only a simpler representation of the same process; instead, it
became measurably less accurate as a model of the generat-
ing mechanism.

The cross-fitting results add a practical point to this pic-
ture. When speed variability is present, the bias of the fixed-
speed model in C (—6.65 letters per second in Scenario 6,
about 16% of the true value) is not removed by switching to
the ty-variability model, which produced a bias of —6.55 on
the same data. A researcher who fits the standard ¢,-variabil-
ity model and finds it adequate has therefore not ruled out
speed variability, and the estimate of C may still be biased
downward. When threshold variability is present, the situa-
tion is reversed: the fixed-speed model then underestimates
to (by 6.22 ms in Scenario 8, about a third of the true value)
as well as C. The new model removes part of the bias in C
but leaves most of the bias in ¢, and only the ¢y-variabil-
ity model is unbiased for both. The two extensions are thus
complementary rather than interchangeable. The reason
lies in the different signatures shown in Figure 1b. Speed
variability enters the race multiplicatively and is expressed
at long exposures, where it depresses the approach to the
asymptote and increases the dispersion of scores; threshold
variability enters additively and is expressed at the shortest
exposures, where it smooths the onset of encoding. Because
the present design covers both regions, the two forms can
be told apart, and the asymmetry in absorption follows from
the same picture: a heavy-tailed speed distribution can imi-
tate part of the smoothed onset, whereas no distribution of
thresholds can produce dispersion at exposures long enough
for the threshold not to matter.

The recovery of the variability parameter itself also
deserves comment. Figure 7 shows that the new model
tracked the increase in true variability across scenarios, but
that this recovery was weak in the mild-variability condi-
tion and much clearer in the moderate- and strong-variabil-
ity conditions. This implies that, under the present design,
mild trial-to-trial variability in processing speed is not
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easily distinguishable from ordinary sampling noise or from
small distortions in the core parameters. In methodological
terms, the detectability of variability appears to depend not
only on whether variability exists, but also on whether it is
large enough to leave a stable signature in the behavioural
score distributions. That finding helps explain why the new
model was not selected consistently in the mild-variability
scenario even though it was the true generating model there.
The behaviour of the variability parameters on data with-
out variability also deserves comment, because it could be
mistaken for a defect of the estimator. In the old-truth sce-
narios, about half of the estimates of cvc were at the lower
bound, and the rest were positive, so that the mean esti-
mate exceeded the true value of zero. This is the expected
behaviour of a maximum-likelihood estimate whose true
value lies on the boundary of the parameter space: noise
that resembles overdispersion is absorbed as positive vari-
ability; noise in the opposite direction cannot be absorbed.
The same argument predicts the rate at which the informa-
tion criteria should prefer a variability model when none is
present, 7.9% for AIC and 0.7% for BIC with 420 trials, and
the observed rates (9.3% and 0% for the new model, 4.0%
and 0% for the ty-variability model) agree with these predic-
tions. The upper bound of the parameter space, by contrast,
played no role: no estimate of cv¢ or g;, came close to it in
any dataset.

These results are also relevant to previous methodologi-
cal discussions within the TVA literature. Earlier work has
already shown that introducing trial-by-trial parameter
variability can matter for estimation and can alter the inter-
pretation of fitted TVA parameters (Dyrholm et al., 2011).
However, prior work did not establish that variability in pro-
cessing speed should always be modelled in every behav-
ioural application, nor did it imply that a fixed-parameter
model is generally inadequate. The present findings fit that
more cautious view. They suggest that explicit modelling of
trial-to-trial variability in processing speed can be useful,
but only in regimes where the variability is sufficiently pro-
nounced to justify the added complexity. In this respect, the
current model is better understood as a conditional exten-
sion of behavioural TVA rather than as a replacement for
the classical framework. The present results also place the
extension next to the existing generalisation of Dyrholm et
al. (2011) rather than in competition with it. Trial-to-trial
variation in processing rates has been modelled before with
a gamma distribution in a TVA-based account of single-item
recognition (Blurton et al., 2020), and single-trial analyses
have shown that processing speed is not constant within
a session (Dyrholm et al., 2015). The present work adds
a closed-form count model for the whole report in which
such variability is carried by a single additional param-
eter, together with evidence that this parameter captures
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something the ty-variability model does not. Whether a
model with variability in both ¢, and processing speed can
be estimated from whole-report data of ordinary size is a
separate question that the present design was not built to
answer.

The reduced-trial run bears on the question of when the
extension should be used. Adding a variability parameter is
not free, a point made forcefully in the diffusion-model liter-
ature, where across-trial variability parameters introduced on
good theoretical grounds turned out to be poorly constrained
by data sets of the size typically collected (Boehm et al.,
2018). The same trade-off appears here. With 420 trials, the
new model reduced the root-mean-square error of C from
4.21 to 3.02 under moderate variability and from 6.84 to 2.46
under strong variability. With 140 trials, it still removed the
bias, but its error in C was larger than that of the old model
under moderate variability (5.10 against 4.13) and only mod-
estly smaller under strong variability (6.83 against 8.14), and
on data without variability its error was almost twice that of
the old model (5.70 against 3.16). The practical recommen-
dation that follows is conditional on the data. With several
hundred trials per participant and a design that includes both
short and long exposures, the variability parameter is worth
estimating, and AIC and BIC will indicate whether it is
needed. With trial numbers on the order of one hundred per
participant, as is common in clinical work, the fixed-speed
model is the better default unless there is an independent rea-
son to expect large variability, because the precision lost to
the extra parameter is likely to outweigh the bias it removes.

Two further points concern the size and the consequence
of the variability that was simulated. The three values of cv¢
imply that 95% of trial-level speeds lie within 0.73 to 1.31,
0.50 to 1.67, and 0.32 to 2.06 times the mean (Figure 1a).
Whether variability of the upper end of this range occurs in
practice is an empirical question that whole-report data have
not yet answered; the single-trial evidence available so far
comes from single-item recognition (Dyrholm et al., 2015).
The values were chosen to bracket the range over which
the parameter passes from undetectable to clearly detectable
with 420 trials, not as claims about typical observers, and
the labels mild, moderate, and strong should be read in that
sense. As to the consequence, the bias of the fixed-speed
model in C matters for comparisons between groups or con-
ditions only if these differ in the amount of variability. If
two groups share the same cv¢, the bias is common to both
and cancels in their difference. The case of concern is the
one in which a clinical or ageing group shows more trial-to-
trial fluctuation than a control group; the fixed-speed model
would then report part of that difference as a difference in
mean processing speed.

At the same time, the present findings should be inter-
preted within the limits of the current design. First, the
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simulation study was deliberately targeted at a count-based
whole-report setting without distractors, at two display
sizes. Accordingly, the present model does not address
selectivity parameters such as o, which in standard TVA
applications require partial report with distractors, nor does
it address persistence parameters such as p, which require
unmasked or iconic-memory manipulations (Bundesen et
al., 2005; Kyllingsbak, 2006). The contribution of the pres-
ent work is therefore narrower: it concerns the behaviour of
C, K, and t;, in a count-based report model when processing
speed may vary across trials. An extension to partial report
would require the per-letter rates to differ between targets
and distractors, with the trial-level fluctuation acting on all
rates at once; the marginalisation of Eq. 15 carries over, but
the completed-count distribution is no longer binomial, and
we leave this to future work.

Second, the present study is a simulation-based proof
of principle rather than an empirical validation on human
data. This means that the new model was evaluated under
controlled generating conditions, including conditions that
matched its own assumptions. Such an approach is appropri-
ate for asking whether the model can, in principle, recover
the intended structure and whether it avoids spurious domi-
nance when that structure is absent. However, it does not by
itself establish that the same pattern will necessarily hold in
empirical datasets, where additional sources of misspecifi-
cation may be present. For that reason, the current findings
support the new model as a methodological extension that is
worth testing on real data, not as a definitive statement that
behavioural TVA data in general are governed by trial-to-
trial variability in processing speed.

Third, several choices of the simulation set limits on what
can be concluded. The speed-variability data were gener-
ated from the same gamma distribution that the new model
assumes, so the recovery results for that model describe the
best case; how the gamma model behaves when the true
distribution of speeds has a different shape (for example,
log-normal) was not examined. The ¢y-variability data were
generated from, and fitted with, a normal distribution of
thresholds, following (Dyrholm et al., 2011); with a mean
of 18 ms and a standard deviation of 20 ms, about 18% of
the trial-level thresholds were negative, which is a property
of that distributional choice rather than a claim about the
perceptual process, and a truncated or skewed distribution
would remove it at the cost of a closed-form mean. The
identifiability of cve and oy, shown here is empirical, for
one exposure range and one pair of display sizes, and not
a formal result. With 25 datasets per scenario, proportions
carry confidence intervals of roughly +0.15 to 0.20, so that
the transitional scenarios in particular should be read as
indicating a region rather than a point. Finally, the estimate
of o, under its own model fell to the lower bound in 6 of

25 datasets of the moderate ty-variability scenario and was
biased downward by about 3 ms there, which shows that the
boundary problem discussed above affects both variability
parameters and is not specific to the new model.

The results support a restrained interpretation. The old
model remains a reasonable and parsimonious description
when the generating process is effectively fixed-speed. The
new model becomes useful when trial-to-trial variability in
processing speed is appreciable, and its strongest advantage
emerges when such variability is large enough to distort
recovery under the fixed-speed formulation. The t,-variabil-
ity model, which is the current standard, does not cover this
case, and the new model does not cover the case of thresh-
old variability; each detects and corrects the form of vari-
ability it was built for. Thus, the contribution of the present
work is not to show that standard behavioural TVA is broadly
deficient, but rather to identify a specific regime in which a
fixed-speed count model may become too restrictive and to
provide a mathematically explicit extension for that regime.

Conclusion

We proposed a variability-augmented extension of a behav-
ioural TVA count model in which processing speed varies
across trials. The simulation results indicate that this exten-
sion is not uniformly superior to the standard fixed-speed
model. Instead, its value is conditional. When the generat-
ing process is effectively fixed-speed, the old model remains
appropriate and is generally preferred once model complex-
ity is penalised. When trial-to-trial variability in processing
speed is strong, however, the new model improves model
selection and parameter recovery, particularly for C and
to; at moderate variability the evidence with 420 trials is
transitional, and with fewer trials the precision lost to the
additional parameter can outweigh the bias it removes. The
extension is complementary to the established f,-variability
model: the two forms of variability leave different traces in
whole-report data, the two models are distinguishable from
such data, and neither can stand in for the other. The choice
between them, and the decision to fit either, should therefore
be made on the data at hand, using the information criteria
and the number of trials as the guide.
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