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Two dimensions of uncertainty that observers can have about expectations
when making perceptual decisions. Source-dependent uncertainty (orange)
captures uncertainty about what an expectation predicts, whereas deployment-
dependent uncertainty (pink) captures uncertainty about which expectation to
use for each decision. The relative degree of uncertainty within a dimension is
represented by the opacity of its respective color, with highly uncertain condi-
tions in lighter shades and less certain conditions in darker shades. Gray-text
citations indicate existing findings of dynamic effects observed in each quad-
rant; we show that our model can capture each of these findings in Section
2.0
Graphical depiction of single-trial dynamics in our model. Quantities corre-
sponding to memory are plotted in blue, quantities corresponding to vision
are plotted in yellow, and quantities corresponding the decision variable are
plotted in green. Figures were generated using a vision sampling rate of 60Hz,
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a memory “sampling rate” of 6Hz (v = 10), and an encoding noise ratio e = 0.1 37

Steady-state dynamic weights on memory (blue) and sensory (yellow) evi-
dence. The rate at which memory evidence enters the decision process is
indicated by different line styles (solid = equal rate as vision, dashed = high
theta frequencies, dotted = low theta frequencies). (A) Weights when sen-
sory evidence is totally uninformative (6,;s = 0.5). (B) Weights when sensory
evidence is moderately informative (6,;s = 0.65). (C) Weights when sensory
evidence is strongly informative (6,,s = 0.8). Shaded regions correspond to
standard error computed across all levels of € and the subset of v correspond-
ing to each linetype. . . . . . . ... o
Dynamic reliability-weighted integration captures Hanks et al. (2011) dynamic
effect of expectations. In all figures, memory evidence (expectations; II) is
plotted in blue, vision evidence is plotted in yellow, and the decision variable
is plotted in green. (A) On the left, a stylized reproduction of the original
model used by Hanks et al. (2011) to explain their “late effect” of expecta-
tions. On the right, a representative trial from our model demonstrating the
same single-trial dynamics. (B) Model components involved in generating our
representative trial above. . . . . . . ..o
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Dynamic reliability-weighted integration captures time-varying effect of ex-
pectations observed by Rungratsameetaweemana, Itthipuripat et al. (2018).
(A) Original finding, left: violations of expectations increase frontal theta
amplitude at later timepoints in the trial. Our simulation, right: weights on
memory—interpretable as an incentive to sample evidence from memory—are
greater for unexpected stimuli (red) relative to neutral (gray) and expected
(blue). Crucially, the effect increases over time and is greatest at the end of
the decision. Shaded areas reflect standard error across 15 simulated subjects.
(B) Original finding, left: flicker rate and expectation manipulations induce
canonical modulations of accumulation-based choice behavior. Slow flicker
trials (purple), where fewer samples of visual evidence are presented per unit
time, lead to slower reaction times and lower choice accuracy relative to fast
flicker trials (green). Our simulation, right: choices and reaction times gener-
ated from our model replicate these behavioral effects, validating our choices
for sensory signal strength 6,;s and threshold z. Errorbars in both (A) and
(B) reflect standard error across n = 18 simulated “subjects”, each of which
had a unique valueof yand z. . . . . . . .. ... ... L
Dynamic reliability-weighted integration captures time-varying effects from
Bornstein et al. (2023). In all figures, memory evidence (expectations; II) is
plotted in blue, vision evidence is plotted in yellow, and the decision variable
is plotted in green. Vertical lines correspond to timepoints when memory
(blue) and sensory (yellow) evidence come “online” for the observer. Memory
samples in both simulations were generated at a rate of 6Hz (v = 10). (A)
Our model captures key dynamics produced by Bornstein et al.’s (2023) multi-
stage DDM (left). First, we show that expectations set the starting point for
sensory evidence accumulation in a trial-by-trial manner (right, both figures).
Then, we show that anticipatory sampling from a strong expectation expedites
the decision process once weak sensory evidence becomes available (left panel
under “our simulation”). Additionally, we show that sampling from memory
continues throughout the anticipation period when an expectation carries no
information about the likely choice outcome, such that choice dynamics are
dominated by the strong sensory evidence once it comes online (right panel
under “our simulation”). (B) Single-trial model components that generated
the left and right panels for the “our simulation” portion of A. Components
for the left panel—strong expectation with weak evidence—are plotted in the
top row, and components for the right panel—weak expectation with strong
evidence—are plotted in the bottom row. . . . . . . . . .. .. ... ... ..
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Steady-state dynamics of evidence weights and source reliability estimates
driving Bornstein et al.’s (2023) observation of uncertainty-adaptive anticipa-
tory memory sampling. Quantities corresponding to memory are plotted in
blue and quantities corresponding to vision are plotted in yellow. Solid lines
correspond to simulations with a weak sensory signal (6,;; = 0.55), dashed
lines correspond to simulations with a strong sensory signal (6,;s = 0.8). The
vertical line indicates the onset of sensory evidence after a 4000ms anticipa-
tion period; dynamics for longer anticipation durations are plotted in Figure
A.3. (A) Weights on each evidence source throughout a single decision. (B)
Source reliability estimates throughout a single decision. . . . . . . . . . ..
Dynamic reliability-weighted integration captures Hachisuka, Shor, Liu et al.
(2026) “late” effect of expectations. (A) Experimental design in Hachisuka,
Shor, Liu et al. (2026) . On each trial, human subjects were presented with
an image for 2 seconds and asked to verbally report the content of the im-
age. In the first block, participants viewed “degraded” images whose contents
are difficult to discern in the absence of prior knowledge. Then, in a sec-
ond block, participants were presented with denoised grayscale versions of the
same images, facilitating the one-shot learning characteristic of Mooney im-
ages. Finally, in the third block, participants were presented with degraded
images again. Crucially, 50% of the images had just been presented in full res-
olution during the learning block. This manipulation allows for discriminating
neural timecourses as a function of pre- and post-learning. Image reproduced
from Hachisuka, Shor, Liu et al. (2026) with colored borders added for clarity.
(B) Original finding: location of implanted electrodes across all patients (left),
average activity from frontoparietal (FPN) electrodes (right). Activity post-
learning (orange) ramps up more quickly than activity pre-learning (blue),
generating a “late” effect of one-shot learned expectations about ambiguous
sensory input. Our simulation: decision variables averaged across trials re-
produce the pre- and post-learning dynamics measured by FPN electrodes.
Shaded areas reflect standard error across n = 20 simulated subjects.

Expectation-heterogeneity induces sequential effects on RTs, regardless of
whether expectations are explicitly instructed (left) or learned through expe-
rience (right). Across all cue levels, switching cues across trials significantly
slows responses, whereas repeating cues across trials significantly speeds re-
sponses. In all panels, individual lines reflect subject means, points are group-
level marginal means estimated using fitted regression coefficients, errorbars
reflect 95% confidence intervals around that estimate. . . . . . . . .. .. ..
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Task design. (A) Participants first learn that different colored borders make
different predictions about the probability of observing one of two possible
scene images. The predictive strength 6,,., of each cue is defined by the
frequency with which it is followed by one of the two scene images. (B) After
learning, participants are presented with stochastic visual evidence inside of
the colored borders. Their task is to report which image is dominant (i.e.,
presented more frequently) in a 60Hz stream of visual evidence, followed by a
confidence rating in that perceptual decision. . . . . . . . . ... ... . ...
Response-coded model fits to simulated and human-subjects data. Shaded
gray areas depict modal onsets and durations of the sensory noise periods,
which followed a constant hazard rate across trials. Note the difference in
y-axis values across Figures B-D. (A) RT distributions split between low and
high threshold groups. (B) Fit of the response-coded model to data generated
by a serial process. (C) Fit of the response-coded model to data generated by
our parallel reliability-weighted process. (D) Fit of the response-coded model
to human subjects data, split by fitted threshold value. *** = p < .001,
FE=p < .01, *=p < .05, =p<.l... ... . . . ... ...
Fitted boundary values modulate model-free signatures of expectation inte-
gration. (A) RT distributions demonstrating that group-level differences in
choice dynamics are conserved across correct and error response. Gray regions
depict modal onsets and durations of sensory noise periods. (B) Observers
with lower thresholds demonstrated greater accuracy gains as a function of
Ocye- (C) Confidence in incorrect decisions is more strongly modulated by 6.,e
for observers with lower thresholds. . . . . . . ... ... ... ... ... ..

Graphical depictions of two standard forms of a diffusion model of speeded
two-alternative choice. Standard interpretations of the key variables are pro-
vided in the main text. (A) The extended drift diffusion model. This form
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fixed within the course of a single trial. Starting point (yellow) and non-
decision time (red) values are drawn from uniform distributions and drift rates
(blue) are drawn from normal distributions. Threshold values (green) are con-
stant within a trial, and can be allowed to vary as a function of experimental
condition and/or participant. (B) The diffusion model with collapsing deci-
sion boundaries. This form of the model features parameters whose values are
effectively fixed trial-by-trial and decision boundaries whose values decrease
(“collapse”) over the course of a single trial. Drift rate and, in some models,
starting point are permitted to vary as a function of experimental condition
but are assumed to have fixed effects across trials within an experimental
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ABSTRACT OF THE DISSERTATION

Reliability estimation as a normative principle in dynamic models of decision making
By
Ari Khoudary
Doctor of Philosophy in Cognitive Sciences
University of California, Irvine, 2026

Associate Professor Aaron M. Bornstein, Chair

Normative models are powerful tools for advancing cognitive science. But where do their
norms come from, and how well do they align with other constraints on the target system?
This dissertation examines these questions within the family of sequential sampling models
used to study the speed-accuracy tradeoff in decision-making. Across three chapters, we show
how relaxing a common assumption generates normative solutions that require within-trial
variability in the value of two key parameters (drift rate and decision threshold), and—
critically—that the dynamics of this variability are governed by observers’ evolving belief

about the reliability of evidence bearing on choice.

We begin by specifying a novel model formalizing the role of memory retrieval dynamics in
biasing decisions when observers have uncertainty about prior probabilities, and show that
it can reproduce dynamic effects of prior probability observed across different tasks, species,
and neuroimaging modalities. Then, we report empirical data from a novel task designed
to test the key prediction of our model—that choices ought to be most strongly biased by
prior probability at the moments in time when sensory evidence is maximally uncertain—
and report direct evidence in support of this prediction. Finally, we present a “philosophical
toolkit” forming the conceptual foundations of this work and demonstrate its utility by

using it to re-analyze a long-standing debate about time-varying decision thresholds. Taken

Xiv



together, this work jointly illustrates how normative models offer principled starting points
for developing and testing theories about neural and cognitive function, and how philosophy

offers meta-scientific support toward that end.

XV



Chapter 1

Introduction

There is no such thing as philosophy-free science; there is only science

whose philosophical baggage is taken on board without examination.

Daniel Dennett, Darwin’s Dangerous Idea, 1995

When making decisions, humans and other agents not only have to determine which option to
commit to but also how long to spend deliberating. Further, they must do so in environments
that are stochastic and dynamic, where possible outcomes and/or evidence quality can change
over the course of the decision. How do agents decide when to decide, and on what basis do

they make this choice?

Decades of cross-disciplinary research has approached these questions by studying simple
two-alternative decisions about low-level perceptual features like visual motion direction
(Gold and Shadlen, 2007; Ratcliff and McKoon, 2008; Hanks and Summerfield, 2017) or
auditory sound localization (Brunton et al., 2013; Pinto et al., 2022; Pagan et al., 2025).
These simple tasks have become paradigmatic in the study of “complex” decision-making
because they are exceptionally well-suited for careful experimental control and straightfor-

ward mapping onto theoretical models with varying levels of neurobiological detail. Indeed,



this subfield of cognitive neuroscience has a strong history of iterative model-based research,
with early models offering a formal framework for interpreting neural observations and guid-
ing the design of maximally-discriminatory follow-up experiments (e.g., Kiani et al., 2013;

Thura et al., 2012).

At the heart of this research program is the theoretical framework of sequential sampling,
which posits that the decision process involves sampling information from an evidence source,
integrating those samples over time, and committing to one of the alternatives once the
integrated evidence exceeds a threshold value (Wald, 1947; Bogacz et al., 2006; Shadlen and
Shohamy, 2016; Ratcliff et al., 2016). A powerful theoretical feature of models in this family
is that they conceptually dissociate the mechanism of accumulation (i.e., how information
is encoded and integrated over time) from the rule determining how a choice is made on
the basis of that accumulated evidence (i.e., where and how the threshold is set). Critically,
cross-species research has shown that both the mechanism of accumulation and the decision
rule accord with prescriptions of normative models (Bogacz et al., 2006; Brunton et al.,
2013; Hanks and Summerfield, 2017), such that humans and other mammals appear to make

optimal use of perceptual evidence when making decisions.

This dissertation uses theoretical, empirical, and philosophical research to critically examine—
and further refine—the normative models used to ascribe optimality (or lack thereof) to
choice behavior. We do this by examining the assumptions upon which normative models
rest, identifying the limitations of those assumptions with respect to questions of scien-
tific interest, and then discussing normative solutions on less-restrictive (or more realistic)
assumptions. Chapters 2 and 3 use this approach to interrogate the mechanism whereby
expectations—knowledge of prior probabilities—modify the mechanism of accumulation,
whereas Chapter 4 considers normative models for the decision rule. Importantly, we con-
duct these investigations not simply for the sake of explicating when choice processes are

“optimal” or not. Rather, we aim to advance the theoretical study of decision-making—and



its role in adaptive cognition more broadly—Dby incorporating principled constraints derived
from the contributions of learning and memory systems to solving the problem of latent state

inference under uncertainty.

In so doing, we also demonstrate the double-edged sword of model-based experimental design.
Because models support understanding by idealizing components of the modeled system
that lie “outside” the scope of a modelers’ intended application, tasks designed to meet
assumptions of those models likewise abstract away, or experimentally control, variability
presumed to be “external” to the scientific question under investigation. Without continual
critical reflection on what the questions of scientific interest are and how they are translated
into models and tasks, we run the risk of becoming drunkards chained to the streetlights

created by highly-simplified normative models.

A sizable body of existing work has taken exactly this approach to develop sequential sam-
pling models that offer normative guarantees on less-restrictive starting premises. This work
has focused primarily on the decision rule—or threshold—because this model component
determines how decision-makers solve the speed-accuracy tradeoff, which is precisely the
problem for which normative models provide optimal solutions. For several early models,
the optimal solution was given by the Sequential Probability Ratio Test (SPRT; Wald, 1945),
which minimizes the average amount of time needed to make decisions for a fixed accuracy
level, or maximizes average accuracy for a desired average reaction time. The SPRT achieves
this guarantee by assuming that the observer knows how informative the sensory evidence
will be before it is presented to them, and combines that information with their desired error

rate to optimally trade off sampling time with choice accuracy.

While there are certainly some decision contexts where observers have the requisite knowledge
to implement the SPRT (e.g., crossing the road at a familiar intersection), many decisions
involve deliberation upon sensory evidence whose properties are not known in advance.

How should agents decide when to decide in this more general case? Converging findings



have shown that when evidence strength (or informativeness) is not known ahead of time,
the optimal decision rule corresponds to a threshold value that changes over the course of
deliberation (Drugowitsch et al., 2012; Moran, 2015; Malhotra et al., 2018). The precise form
of the boundary depends on properties of the decision environment (e.g., the mixture of signal
strengths, task pacing, etc.), with highly noisy and uncertain environments requiring more
aggressively-changing boundaries relative to environments that are more stably informative
(or reliable). In other words, the dynamics of the optimal decision boundary are defined as

a function of the reliability of sensory evidence forming the basis of choice.

Within this collection of existing normative models, it has also been shown that expectations—
knowledge of the prior probability of choice outcomes—can be integrated into decisions by
biasing the initial value of the accumulator toward the threshold corresponding to the more
likely outcome in proportion to the log-odds of the prior belief (Edwards, 1965; Bogacz et al.,
2006). However, all existing findings supporting this mechanism—including its more com-
plex extension to uncertain environments (Moran, 2015)—also assume that observers have
perfect knowledge of what the true prior probability is for each decision. In doing so, they
tacitly assume that integrating this information into the decision process occurs instanta-
neously, e.g., that the neurons encoding accumulated evidence are already pre-potentiated
toward the outcome with a higher prior probability. Again, while it is certainly the case that
observers meet these conditions in some contexts, a normative solution to the more general

case of uncertainty about expectations remains lacking from the literature.

Chapter 2 of this dissertation explicitly addresses this gap by synthesizing theoretical princi-
ples of learning, memory, and cue combination to propose a novel sequential sampling model
formalizing the role of uncertainty about expectations in the decision process. At the heart
of our model are the ideas that retrieving information from memory takes time, and that the
dynamics of that retrieval process ought to modulate effects of expectations on perceptual

decisions. We capture these ideas by modeling expectations as their own dynamic source of



evidence that are sampled from in parallel to sensory information. Then, we propose that
evidence from both sources (memory and vision) are combined according to a time-varying
estimate of the relative reliability of each evidence source, such that expectations are weighted
most strongly at the moments in time when sensory evidence is most uncertain. We show
that this single model can reproduce time-varying effects of expectations observed in differ-
ent species performing different tasks while undergoing different neuroimaging procedures,

suggesting that it offers a unifying explanation for these previously-disparate findings.

In Chapter 3, we present results from a novel experiment that puts this model to empirical
test. Human observers learned probabilistic cue-image associations through experience, and
then had those associations cued trial-by-trial in a perceptual decision task. On each trial,
we keep the informativeness of both the expectation and sensory evidence constant, but
dynamically manipulate their relative reliability by inserting stochastic epochs of sensory
noise. The key prediction of our theory, contra existing normative models, is that the decision
variable should continue accumulating toward the option predicted by the expectation at a
rate proportional to the predictiveness of that expectation. We tested this prediction by
applying a generalized drift diffusion model with a time-varying drift rate to the human
subjects data, and found that human subjects indeed exhibit the signature of dynamic
integration predicted by our theory. In line with the theoretical fact that expectations most
strongly impact decisions when time is limited, we found that this effect was most prominent

in observers who adopted a lower threshold on the decision task.

Finally, in Chapter 4, we outline a “philosophical toolkit” that formed the foundation for this
dissertation work, and show how it can diffuse a long-standing debate about decision thresh-
olds in sequential sampling models. We review cross-disciplinary research from philosophy of
modeling, computational neuroscience, and cognitive modeling to demonstrate how reason-
ing goals necessarily structure the process and products of model-based research. Because

all models are incomplete—and because that incompleteness is how models support expla-



nation and understanding—model builders are forced to make representational decisions:
deciding what to represent in their model and how to represent it (Harvard and Winsberg,
2022). By examining the history of representational decisions leading to the development
of time-varying threshold models, and contrasting it to the development of the “extended
DDM” (Ratcliff et al., 2016), we show how the two models reflect different quantitative
and epistemic goals across sub-communities of model users. We conclude by showing how
reasoning goals shape both the form and content of formal model selection methods, and,
accordingly, propose that model users can solve this specific model selection problem (fixed
vs. time-varying boundaries) by considering how the commitments of each model correspond

with their own goals for reasoning about a target through a model.

This body of work is the product of our reflections on the commitments of normative models
of speeded decision-making. Where do their norms come from, and how well do they cap-
ture our desired theoretical commitments? We showed that for both the decision rule and
the accumulation process, relaxing the assumption of perfect knowledge of environmental
statistics—the informativeness of sensory and mnemonic evidence, respectively—produces a
normative solution that involves a time-varying adjustment to the decision process. Criti-
cally, the dynamics of that adjustment are governed by the uncertainty, or reliability, of the
evidence bearing on the decision. Reliability estimation thus appears to serve as a normative

principle unifying time-varying models of speeded decision-making.



Chapter 2

Reliability-weighted integration
explains time-varying effects of

expectations on perceptual decisions

2.1 Introduction

In order to stay alive, humans and other animals must make quick decisions about how to
act on the basis of noisy, ambiguous, and limited sensory information. Expectations—prior
knowledge about statistical regularities—are a powerful source of information that decision-
makers can use to reduce uncertainty and make more efficient decisions (e.g., Series and

Seitz, 2013; Summerfield and de Lange, 2014; de Lange et al., 2018).

Precisely how expectations enter into the decision process is a topic of active research. Early
theoretical, behavioral, and neural evidence suggested that expectations modulate decisions
by biasing the deliberation process before the onset of sensory evidence (Edwards, 1965;

Carpenter and Williams, 1995; Ratcliff and Rouder, 1998; Simen et al., 2009; Rao et al.,



2012). More recently, however, it has been shown that expectations can exert biases that
vary over the time it takes to make a single choice (Hanks et al., 2011; Bornstein et al.,
2023; Afacan-Seref et al., 2018; Rungratsameetaweemana, Itthipuripat et al., 2018; Diaz,
Pisauro et al., 2024). These time-varying effects of expectations have been observed across
different species, behavioral tasks, and neuroimaging modalities, but—critically—have been

explained by different formal and/or neural processes in each instance.

Here, we demonstrate that these disparate observations of dynamic effects of expectations can
be explained by a principled uncertainty-reduction process operating over parallel “streams”
of memory and sensory evidence. To do this, we first review “static” models of expecta-
tions in decision-making and highlight a common assumption made by all of them: that
observers have no uncertainty about their expectations. We then discuss why uncertainty
about expectations ought to induce time-varying effects on expectations by appealing to the
literature on memory sampling in two-alternative choice, before presenting a mathemati-
cal model specifying a principled process whereby observers combine uncertain expectations
with sensory evidence that is itself uncertain. Finally, we demonstrate our model’s ability
to capture several seemingly disparate observations of dynamic expectation effects across
species and measurement modalities (behavior and single-unit recordings in both monkeys
and humans, EEG, and fMRI), suggesting that it offers a unifying explanation of many

previously unconnected phenomena.

2.2 Static effects of expectations on perceptual deci-
sions: formal models and empirical data

To contextualize our model, we review the origins and development of static models of expec-
tations in perceptual decision-making. We first describe the sequential sampling framework

within which all models in this article are specified, and then introduce the diffusion decision



or drift-diffusion model (DDM). We focus on this model because it is the foundation upon
which starting point models of expectations were initially developed. Accordingly, we then
discuss the form, assumptions, and limitations of early starting point models, before turning
to review some of the empirical evidence supporting them. Finally, we discuss the subset of
drift rate models that also posit static, or time-constant, effects of expectations on the drift
rate of accumulation processes, as well as empirical evidence supporting them. Throughout
this section, we highlight the common principle of uncertainty-weighting as it appears in

different formally-specified decision processes.

2.2.1 Sequential sampling and the diffusion decision model (DDM)

of two-alternative choice

The most common framework for studying perceptual decisions based on dynamically-
evolving sensory evidence is sequential sampling, often termed evidence accumulation (Gold
and Shadlen, 2007; Forstmann et al., 2016; Ratcliff et al., 2016). This conceptual framework
for studying the psychology and neuroscience of (mainly) two-alternative decisions is based on
the mathematical framework of sequential analysis in statistics (Barnard, 1946; Wald, 1945;
Gold and Shadlen, 2002). Both frameworks posit that decisions are made by continuously
sampling information from an evidence source, extracting and integrating decision-relevant
information over time, and committing to one of the options once the accumulated evidence
surpasses a threshold value. The formal framework of sequential analysis yields normative
solutions to the accumulation process, and thus can be used to build models that optimize

the tradeoff between decision accuracy and deliberation time (the speed-accuracy tradeoff).

Importantly, not all sequential sampling models are normative. Some can be proven to non-
optimally trade off speed and accuracy (e.g., race models; Vickers, 1970; Bogacz et al., 2006),
whereas the normativity of others cannot be evaluated at all because of their mathematical

form (e.g., the extended diffusion decision model; Ratcliff and Tuerlinckx, 2002; Bogacz et



al., 2006). In an influential paper, Bogacz et al. (2006) demonstrated that the earliest form
of the diffusion decision model (or drift-diffusion model; DDM) optimally trades off speed
with accuracy under different formalizations of that trade-off. Additionally, they showed
that five other prominent models become equivalent to the DDM when their parameter
settings optimize those same criteria (Bogacz et al., 2006), providing strong evidence for
the normativity of the process specified by the DDM. Because early starting point models
were designed to retain the optimality of the DDM while still incorporating a bias toward
one option (Edwards, 1965; Link, 1975; Bogacz et al., 2006), we turn next to describing the
DDM.

The first application of a sequential sampling modeling to the study of human decision
processes is attributed to Stone (1960), who posited that the dynamics of two-alternative

deliberation could be captured by a Gaussian random walk:

dr = Adt + cdW, z(0) =0 (2.1)

where x(0) represents the starting point of the decision variable, dx represents a change
in the decision variable x over a unit of time dt, A represents the internal signal strength
(corresponding to the drift rate of the process), and cdW represents noise/diffusion in the ac-
cumulation process which follows a normal distribution with mean 0 and variance ¢ (Bogacz
et al., 2006). The process ends once the decision variable surpasses a threshold value z, at
which point the decision maker commits to the choice corresponding to the threshold value
reached (4z or —z). Throughout, we will call this model the “original” DDM to distinguish
it from the “extended” DDM which is a probabilistic extension designed to maximize the
model’s ability to fit behavior across a wide range of experimental conditions (Ratcliff and

Rouder, 1998; Ratcliff and Tuerlinckx, 2002; Ratcliff et al., 2016).
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The optimality of the original DDM comes from its equivalence with the sequential prob-
ability ratio test (SPRT; Bogacz et al., 2006; Moran, 2015). The SPRT gives the optimal
procedure for determining when enough evidence has been gathered to terminate a two-
alternative, discrete sampling process (Wald, 1945; Barnard, 1946; Wald and Wolfowitz,
1948). Optimality in the SPRT (hereafter “SPRT-optimality”) is defined as minimizing the
average amount of time needed to make a decision at a fixed level of accuracy, or maximiz-
ing the proportion of correct responses for a fixed decision time (Wald and Wolfowitz, 1948;
Bogacz et al., 2006). We discuss this form of optimality and its relationship to other forms
at length in Khoudary et al. (2025b); a comprehensive overview is also provided by Bogacz

et al. (2006).

Finally, it is worth mentioning that, in both the original and extended DDM, the drift rate
A and prior probability II terms are assumed to be functions of the decision environment.
The drift rate term A has been robustly shown to be proportional to the signal-to-noise ratio
in sensory stimuli (often termed the coherence of evidence; Palmer et al., 2005a; Gold and
Shadlen, 2007; Ratcliff et al., 2016). The prior probability term II likewise has been shown
to scale with the frequency at which each choice outcome is presented (often termed the bias
in the environment; Palmer et al., 2005b; Simen et al., 2009; Moran, 2015). The diffusion
noise term ¢? is almost always treated as a fixed parameter during model fitting and is not
commonly linked to properties of the decision environment (though see Zylberberg et al.,
2016). The threshold term z is optimally defined as a function of the decision environment,
but psychologically corresponds to individual differences in risk tolerance (Bogacz et al.,
2006; Ratcliff et al., 2016), and thus is commonly allowed to vary across individuals during
model fitting. In what follows, we focus on normative considerations for the drift rate A and

prior probability II terms.
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2.2.2 Starting point models of expectations

The most prominent approach to incorporating expectations into sequential sampling models—
and the DDM specifically—is adjusting the starting point x(0) of the decision process in
proportion to the magnitude of the expectation (Edwards, 1965; Bogacz et al., 2006; Simen
et al., 2009; Gold and Shadlen, 2007, Ratcliff et al., 2016). This section reviews the norma-
tive principles motivating this convention, the assumptions upon which its optimality rests,

and empirical evidence supporting starting point formalizations of expectations.

2.2.2.1 Normative grounding for starting point models

Edwards (1965) proposed one of the first extensions to the original DDM: adjusting the
starting point of the decision process x(0) to capture any existing biases that an agent might
have toward deciding in favor of one of the two outcomes. Let Il denote the probability
with which the choice option corresponding to 4z is correct on each trial. An environment
is considered biased if II # 0.5; i.e., if one of the two options is more frequently correct or
rewarded relative to the other. Conversely, an observer is inferred to be biased toward one
of the two options if IT = 0.5 but their choices are best described by a model where z(0) # 0.
Edwards (1965) showed that the optimality of the original DDM can be retained if, in a

biased environment, observers adjust their starting point z(0) according to:

rg = —log—— (2.2)

where A is the drift rate and ¢ is the variance of a Gaussian diffusion process (Bogacz
et al., 2006). A highly similar model was proposed by Link (1975), who instead posited
that the log-odds ratio be scaled by a factor of 4. These differences stem from different
formalizations of the speed-accuracy tradeoff, which we discuss in the next section. The

stmilarities in the models, however, reveal two general principles about how expectations
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are optimally integrated into perceptual decisions. First, the starting point should be offset
in proportion to the log-odds ratio of choice outcomes before observing any evidence. Second,
this offset should be scaled by the ratio of noise (¢?) to signal (A) in the decision environment
(Bogacz et al., 2006). Critically, this scaling factor leads to exponentially greater weighting
of expectations in decisions as the signal-to-noise ratio of evidence approaches zero (Figure
A.1). In other words, expectations ought to be weighted more strongly as the uncertainty

of sensory evidence increases.

2.2.2.2 Assumptions and limitations of the normative starting point model

The small difference in the forms of Edwards’ (1965) and Link’s (1975) models stem from
different choices about how to formalize the speed-accuracy tradeoff as an optimality crite-
rion. Edwards 1965 used the standard definition of SPRT-optimality (Section 2.2.1), whereas
Link’s (1975) model minimizes error rate for a fixed decision threshold. Although these differ-
ent definitions of optimality led to nearly identical solutions in this case, different definitions
of optimality lead to qualitatively different normative models (and, by extension, distinct
theories of optimal decision processes). A core argument of this article is that the normativ-
ity of the starting point model—along with its empirical utility—has overly simplified formal
theories of expectation-setting and integration. Specifically, we propose that formal models
and experimental settings alike have largely obscured the role that uncertainty about expec-
tations has in shaping how they are integrated with sensory evidence that is itself uncertain
(Figure 2.1). Incorporating uncertainty about expectations is important not only for cap-
turing real-world scenarios within which observers make decisions, but also for interpreting
the dynamics of information transfer across brain regions in more complex decision-making

settings (e.g., Hachisuka, Shor, Liu et al., 2026).

To demonstrate these points, we begin by discussing the two assumptions that models must
meet in order to be considered SPRT-optimal, and how these assumptions are violated in

settings of considerable scientific interest. Assumption 1 describes conditions the decision
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environment must meet, whereas Assumption 2 describes conditions that the observer’s
knowledge must meet in order to execute the SPRT-optimal procedure. In this way, SPRT-
optimality can be thought to be comprised of conditions on both external (Assumption 1)

and internal (Assumption 2) factors of the decision process.

2.2.2.2.1 Assumption 1: homogeneous decision environment The first assump-
tion that any SPRT-optimal model must make is that properties of the decision environment
are fized, constant, or homogeneous. This means that the drift rate A, diffusion magni-
tude ¢?, and prior probability IT should take on one scalar value that is constant across all
decisions made in that context. On this assumption, any trial-level variability in the accu-
mulation process is attributed solely to the noise term ¢2. When experimental conditions are
deliberately constructed such that this first assumption of SPRT-optimality is met, behavior
in humans and non-human animals appears largely SPRT-optimal (Link, 1975; Bogacz et al.,

2006; Simen et al., 2009; Brunton et al., 2013).

However, the utility of SPRT-optimality for reasoning normatively about human behavior is
limited for at least two reasons. First, real-world choice environments hardly—if ever—are
homogeneous on all the dimensions that SPRT-optimality requires. Second, experimental
tasks are also rarely homogeneous in an SPRT-compatible way. Unless an experiment ex-
plicitly sets out to test a prediction of an SPRT-optimal model, it is likely to manipulate the
signal strength or difficulty of a decision at least pseudorandomly across trials. An important
implication, then, is that arguments for starting point models that appeal to optimality are
only valid for behavioral data collected in homogeneous decision environments. Once some
trial-level variability in the signal strength A, evidence volatility ¢, or prior probability II
is introduced, the starting point model is no longer the optimal procedure for integrating

expectations about choice outcomes into the decision process (Moran, 2015).
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2.2.2.2.2 Assumption 2: full access to properties of the environment The second
assumption required for SPRT-optimality is that decision-makers have access to the fixed,
true values of the environmental properties corresponding to the parameters A, ¢, and II:
sensory signal strength, sensory signal volatility, and the prior probability of either choice
option. This assumption follows directly from the procedure on which SPRT optimizes the
speed-accuracy tradeoff. An observer who has access to the true values of A, ¢2, and II,
along with their desired proportion of correct responses, can, in theory, compute the precise
threshold value z that leads to SPRT-optimal behavior (minimizing the average amount of

time needed to respond at a desired level of accuracy).

A core limitation on the utility of this assumption is that humans and other animals rarely—
if ever—have direct access to this information when making perceptual decisions in the real
world. Instead, multiple learning and memory systems work together to store and flexibly
utilize information about statistical regularities, both about the decision-maker and their
environment, acquired across different timescales of experience (Seriés and Seitz, 2013; de
Lange et al., 2018; Wang et al., 2021; Bakkour et al., 2019; Yoo and Bornstein, 2024; Glascher
et al., 2010; Bornstein and Daw, 2013, 2012; Noh et al., 2023). A more realistic starting
premise, then, is that decision-makers learn about the values of A, ¢, and II through
experience and—critically—treat these sparsely-informative expectations as appropriately
uncertain. Accordingly, observers must rely on their learning processes to optimize behavior,
while also incorporating their uncertainty about the learned values into the optimization
process (e.g., Hanks et al., 2011; Khodadadi et al., 2014; Findling et al., 2025). We expand

upon these points in Sections 2.2.3.2.2 and 2.3.2.1.

2.2.2.3 Empirical support for starting point models

A number of empirical findings support the idea that expectations bias perceptual deci-
sions by modifying the starting point of the evidence accumulation process (Carpenter and

Williams, 1995; Ratcliff and McKoon, 2008; Simen et al., 2009; van Ravenzwaaij et al., 2012;
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Mulder et al., 2012; de Lange et al., 2013; Bornstein et al., 2023). Early work initially identi-
fied starting point biases via fits to human behavior (Carpenter and Williams, 1995, Ratcliff
and McKoon, 2008, Simen et al., 2009, van Ravenzwaaij et al., 2012), with later work link-
ing starting point effects to neural activity in humans (de Lange et al., 2013, Mulder et al.,
2012, Bornstein et al., 2023) and non-human primates (Rao et al., 2012). This section briefly
reviews these findings, which demonstrate that (1) humans do appear to optimally integrate
expectations with sensory evidence and (2) expectations exert effects on the starting point

even when the conditions for SPRT-optimality are not met.

One of the few experiments that explicitly created an environment that meets the assump-
tions for SPRT-optimality was conducted by Simen et al. (2009). The authors fixed sig-
nal strength A across trials, and manipulated the prior probability of choice outcomes II
across blocks of trials. In support of optimal behavior, the authors found selective effects
of prior probability II on the starting point of the decision process: starting point values
were selectively greater in the biased blocks than in the neutral blocks (Simen et al., 2009).
The authors additionally manipulated the amount of trials—and the time elapsed between
them—across blocks, such that some blocks contained several trials presented quickly in
succession, whereas other blocks contained fewer trials with greater amounts of time elapsed
between them. Combining this manipulation with that of the prior probability makes a
somewhat surprising prediction: as the amount of elapsed time between trials becomes suf-
ficiently low, and the prior probability I becomes sufficiently high, observers should opt for
a non-integrative decision procedure: responding immediately with the choice that has a

higher IT (Simen et al., 2009).

This prediction follows directly from (1) the optimality of lowering thresholds for faster-paced
choice environments with more opportunities to make a decision and (2) the optimality of

biasing the starting point toward the more likely option in proportion to II.! RT distributions

!Prediction (1) here derives from the reward-rate formalization of the speed-accuracy tradeoff, which
posits that observers’ objective function is to maximize their total amount of reward (i.e., correct choices) per
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across conditions demonstrated that observers indeed increasingly adopted non-integrative
strategies: at the highest levels of II and task-pacing, most responses were made immediately
at the onset of sensory evidence (Simen et al., 2009). Conversely, as the pacing of the
task slowed down—and observers had fewer opportunities to make correct responses—the
proportion of non-integrative responses decreased, an effect that is particularly pronounced
in the most biased environments (IT = 0.9; Simen et al., 2009). Taken together, these findings
suggest that humans can optimally modify their decision processes to account for temporal

and statistical properties of different choice environments.

A study by Mulder et al. (2012) used functional neuroimaging to further investigate the
neural correlates of starting point effects. The authors contrasted two types of expectations:
one consisting of information about the likely outcome (i.e., prior probability) and another
consisting of information about the outcome more likely to be rewarded (i.e., potential pay-
off). To do this, they incorporated a cue at the start of each trial of a motion discrimination
task. The cues consisted of a left- or right-pointing arrow and either a “%” (indicating prior
probability) or “€” (indicating potential payout). Although this trial-level manipulation of
expectations makes the SPRT no longer optimal, Mulder et al. (2012) found that both types
of cues induced effects on the starting point. Further, they found that starting point offsets
returned by the model parametrically modulated BOLD activity in frontoparietal regions
and anterior cingulate gyrus, suggesting these areas may encode information about prior

probability during decision-making (Mulder et al., 2012).

Finally, a study by Rao et al. (2012) revealed neural evidence of a starting point effect in
rhesus macaques performing a motion discrimination task. The authors obtained electro-
physiological measurements from neurons in measurements from neurons in cortical areas

previously shown to dissociably encode sensory and decisional information (middle tempo-

unit time (e.g., Drugowitsch et al., 2012. In homogeneous environments, reward-rate and SPRT-optimality
are equivalent (Moran, 2015); the reward-rate formalization simply adds the ability to make predictions
about how task timing ought to impact optimal choice procedures.
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ral (MT) and lateral intraparietal cortex (LIP), respectively). Rao et al., 2012 found that
trial-varying cues induce directional activity in LIP, such that firing rates are increased for
neurons selective to the cued motion direction and decreased for neurons selective to the
alternative. The authors did not find an effect of expectations on firing rates in M'T, which
led them to conclude that expectations modulate decisions by selectively biasing the starting

point of evidence.

Taken together, the work reviewed in this section lends empirical support for a starting point
effect of expectations. Model fitting to human behavior reveals that starting point biases
describe effects of expectations well, further suggesting that human perceptual decision-
making is largely optimal. Neuroimaging work has linked these starting point effects to
neural activity in frontoparietal regions, suggesting that expectations enter into the decision
process as an additional source of evidence that’s integrated with sensory information to
optimize the decision process. However, a growing body of work suggests that expectations
might also exert effects on the drift rate of the decision process (Hanks et al., 2011; Moran,
2015; Dunovan and Wheeler, 2018; Diaz et al., 2024; Kelly et al., 2021; Bornstein et al.,
2023). We discuss these findings and how they relate to optimal decision models in the next

section.

2.2.3 Drift rate models of expectations

Whereas starting point models posit that expectations simply shift the initial value of the
decision process z(0), drift rate models posit that the time-evolving evidence itself is accu-
mulated more efficiently for outcomes that have a higher prior probability II. Conceptually,
drift rate models posit that expectations amplify the signal of expectation-congruent evi-
dence and attenuate the signal of expectation-incongruent evidence. This type of effect on

decisions is qualitatively similar to models that posit a sharpening of sensory representations
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as a function of expectations (e.g., Kok et al., 2012; Afacan-Seref et al., 2018), but changes

the locus of the effect from the sensory stage to the decisional stage.

Before discussing the theoretical and empirical evidence supporting drift rate effects of ex-
pectations, it is worth briefly discussing the distinction between static and dynamic effects
of expectations and how they have been mapped to different models in the literature. In this
article, we use the term “static” to refer to an effect of expectations that remains constant
across the amount of time it takes to complete a single trial. Static effects can be contrasted
against “dynamic” effects of expectations, which we use to mean an effect that changes over
the time it takes to make a choice. The literature often maps the static vs. dynamic dis-
tinction onto effects on the starting point vs. drift rate of the accumulation process (e.g.,
Dunovan et al., 2014; Moran, 2015; Malhotra et al., 2018). This mapping reflects the gen-
eral interpretation that starting point effects modify the initial conditions of the process,
whereas drift rate effects modify its dynamics. Importantly, however, effects on drift rate can
themselves be dynamic, such that the rate of accumulation changes over the time it takes
to make a single choice (e.g., Afacan-Seref et al., 2018; Hanks et al., 2011). Accordingly,
we will use the terms static drift and dynamic drift to refer to these two different classes of
drift rate effects. Finally, our usage of “dynamic” is intended to apply only to effects that
occur within a single trial, rather than effects that change over the course of an experimental

session (e.g., Alister and Evans, 2026).

2.2.3.1 Normative grounding for static drift models of expectations

Moran (2015) combined formal decision theory with numerical simulations to investigate
how the original DDM can maximize reward rate in an environment that fails to meet the
assumptions of SPRT. This was achieved by introducing one simple modification to the for-
mal decision problem: permitting the sensory signal strength to vary across trials. Adding
trial-level variability in the sensory signal relaxes the assumption of a homogeneous decision

environment (Section 2.2.2.2.1), which in turn generates uncertainty in the observer’s knowl-
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edge of the statistical properties of the environment (Section 2.2.2.2.2). When an observer
does not know in advance how decisive the sensory evidence will be, they cannot appro-
priately set their threshold in accordance with SPRT, and thus the original DDM fails to
provide a normative solution for trading off speed and accuracy in heterogeneous environ-
ments (Moran, 2015; Drugowitsch et al., 2012). Despite this, Moran (2015) used numerical
simulations to investigate how the process specified by the DDM might approximate opti-
mality (i.e., maximize reward rate) in environments that are both heterogeneous and biased
(i.e., IT # 0.5). The author found that an additive bias on both the starting point and drift
rate parameters were necessary for maximizing reward rate in this environment, in contrast
to previous findings suggesting that no offset on drift was required (van Ravenzwaaij et al.,
2012; see Section 4.3.2 of Khoudary et al. (2025b) for an extended discussion of these two

findings).

2.2.3.2 Assumptions and limitations of the normative drift model

The results of Moran (2015) thus indicate that, in biased and heterogeneous environments,
a static drift model—coupled with a starting point offset—maximizes reward rate (and thus
optimizes the decision process). While these findings advance theoretical knowledge of op-
timal behavior in more realistic environments, they necessarily rest on simplifying assump-
tions about the environment and the observer. We discuss each of these assumptions—and
their conceptual limitations—Dbefore turning to the theoretical framework and computational

model we developed to address the gaps left by Moran’s 2015 analysis.

2.2.3.2.1 Assumption 1: expectation-homogeneous decision environment The
first assumption underlying Moran’s (2015) findings is that there is one fixed level of prior
probability II (or bias) in the environment, but that the sensory evidence strength (and,
by extension, the drift rate A) varies unpredictably across trials. This corresponds to an

environment that is expectation-homogeneous but evidence-heterogeneous: observers use the
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same expectation for all decisions made in the environment, but the difficulty of the decision
varies from trial to trial. We will use the term fully heterogeneous to describe environments
that have trial-level variability in both the sensory signal strength and the prior probability

(which we shall denote I1.,. to differentiate from the block-level expectation IT).

As with Assumption 1 for starting point models, basing the normative solution on expectation-
homogeneous but evidence-heterogeneous environments restricts the scope of Moran’s (2015)
findings to behavior measured in these environments. Experimentally, this corresponds to
block-level manipulations of prior probability II with trial-level manipulations of sensory
signal strength. While the lion’s share of early work on expectations in perceptual decisions
used exactly this type of decision environment (Carpenter and Williams, 1995; Ratcliff and
McKoon, 2008; Simen et al., 2009; Hanks et al., 2011; van Ravenzwaaij et al., 2012), it is be-
coming increasingly common to measure behavior in fully heterogeneous environments (Kok
et al., 2013; Dunovan et al., 2014; Dunovan and Wheeler, 2018; Kelly et al., 2021; Bornstein
et al., 2023; Diaz et al., 2024; Khoudary et al., 2025a). To our knowledge, a normative model

for this type of behavioral problem has yet to be specified.

2.2.3.2.2 Assumption 2: perfect knowledge of II The second assumption underlying
Moran’s (2015) findings is that observers have perfect knowledge of the prior probability II,
but imperfect (or uncertain) knowledge of the signal strength (and corresponding drift rate
A) on each trial. It is precisely this trial-level uncertainty in sensory signal strength that
distinguishes Moran’s findings from the SPRT, and that justifies an effect of expectations

on the drift rate in addition to the starting point.

Unlike the assumption of expectation-homogeneity, experimental conditions only sometimes
relax this assumption of perfect prior knowledge. Indeed, the dominant approach has been to
explicitly instruct humans on prior probabilities, regardless of whether they are manipulated

at the block- or trial-level (e.g., Carpenter and Williams, 1995; Ratcliff and McKoon, 2008;
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Simen et al., 2009; Hanks et al., 2011; Dunovan et al., 2014; Dunovan and Wheeler, 2018;
Diaz et al., 2024). In studies using non-human animals, observers are trained on tens of
thousands of trials until the experimenters are confident that the animals have sufficiently
learned environmental biases (Hanks et al., 2011; Rao et al., 2012), such that there is little to
no uncertainty in their knowledge of either II or Il.,.. As discussed in the context of starting
point models (§2.2.2.2.2), the assumption that observers have near-perfect knowledge of prior
probabilities completely elides the questions of where expectations come from and how the
source of expectations might impact their integration with sensory evidence. The theoretical
framework and computational model we present in the following sections aim to address this
gap directly, positing a central role of memory retrieval dynamics in shaping the integration

of uncertain expectations with sensory evidence that is itself uncertain.

2.2.3.3 Empirical support for static drift models of expectations

Before detailing our framework and model, it is worth briefly reviewing some of the recent
work supporting static effects of expectations on the drift rate. One of the first studies
to report an effect of expectations on drift was conducted by Dunovan et al. (2014), who
measured both behavior and neural activity in fully heterogeneous environments where cues
unambiguously informed observers about Il on a trial-by-trial basis. The authors found
that a “multi-stage model” where both the starting point and drift rate varied as a func-
tion of trial-level expectation cue outperformed several simpler models on both quantitative
model comparisons and qualitative match to behavioral data. A later study by Dunovan
and Wheeler (2018) linked these effects to BOLD activity in category-selective regions of
inferotemporal cortex. The authors showed that cue-evoked BOLD timecourses were sys-
tematically modulated by the predictiveness of a cue, whereas sensory-evoked timecourses
were more strongly modulated by the mismatch between a cue’s prediction and the subse-

quent contents of perception. An EEG study by Rungratsameetaweemana, Itthipuripat et
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al. (2018) provided corroborating evidence for this “mismatch” effect, which we show that

our model captures in Section 2.5.2.

A study by Kelly et al. (2021) further revealed effects of expectations on drift rate that are
modulated by the difficulty of the decision task. Across three blocks, Kelly et al. (2021)
manipulated choice difficulty by manipulating the signal strength and amount of time al-
lotted to make each choice. Expectations were manipulated trial-by-trial, with predictive
probabilities learned during the practice phase of the task (Kelly et al., 2021). The authors
then built a “neurally-informed” sequential sampling model that used EEG measurements
to constrain the threshold, non-decision, and starting point terms, and compared the perfor-
mance of this model to that of the extended DDM (eDDM). In addition to showing that the
neurally-informed model outperformed the eDDM on measured and simulated data, the au-
thors reported positive biases on drift rates as a function of expectations across all difficulty
blocks (Kelly et al., 2021). Further, these biases were linked to changes in the amplitude of
the centroparietal positivity (CPP), an event-related EEG component that has been well-
established to co-vary with evidence strength (O’Connell et al., 2012; van Vugt et al., 2019).
Specifically, expectation-based effects on the CPP were strongest when observers (1) had a
limited amount of time to make a choice and (2) there was a mismatch between the cue’s pre-
diction and the subsequent content of perception (Kelly et al., 2021), further corroborating

the findings discussed above.

Finally, a recent study by Liu et al. (2025) showed that effects of expectations on the drift
rate and starting point can also be observed in rodents. The authors investigated brain-wide
recordings from rodents who learned expectations within a decision environment, and used
several formal models to characterize the effects of learned expectations on neural activity.
Liu et al. (2025) found that learned expectations modulate the initial value and gain on
firing rates both for single neurons and populations thereof, but only if those firing rates

appeared to encode accumulated evidence or action initiation rather than sensory evidence.
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These findings further support the idea that expectations can modify decision—but not
sensory-related—processing by modulating both the starting point and drift rate of evidence

accumulation on a trial-by-trial basis (Liu et al., 2025).

2.2.4 Section summary

This section reviewed the formal and empirical evidence supporting a static effect of expec-
tations on perceptual decisions. Again, our usage of static in this article pertains to how the
effect of expectations is modeled; a static effect corresponds to an offset on the decision pro-
cess that does not change over the course of a single decision. On this definition, expectations
can—and should—exert static effects on both the starting point and drift rate (Wald and
Wolfowitz, 1948; Bogacz et al., 2006; Moran, 2015). We reviewed literature demonstrating
behavioral and neural evidence that human and non-human observers optimally incorporate
expectations into the decision process, either as a static offset solely on the starting point or
on both the starting point and drift rate (Simen et al., 2009; Mulder et al., 2012; Rao et al.,
2012; Moran, 2015; Dunovan et al., 2014; Dunovan and Wheeler, 2018; Kelly et al., 2021;

Liu et al., 2025).

Mounting evidence, however, suggests that effects of expectations might vary within the
time it takes to make a choice (Hanks et al., 2011, Rungratsameetaweemana, Itthipuripat
et al., 2018, Bornstein et al., 2023, Hachisuka, Shor, Liu et al., 2026). Static starting
point models categorically cannot capture such time-varying effects of expectations. Static
drift rate models can approximate time-varying effects, but are limited in positing effects
that are strictly linear in time (Moran, 2015). In the following sections, we suggest—and
then show—that time-varying effects of expectations might be driven by the dynamics of
memory retrieval processes that function to reduce uncertainty during latent state inference
processes (Wang et al., 2021; Shadlen and Shohamy, 2016). To do this, we first introduce

sequential sampling approaches for modeling the role of memory retrieval in action selection
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in Section 2.3.1. Then, we discuss how wuncertainty about expectations has been omitted
from the theoretical study of perceptual decision-making despite its ubiquity in real-world
settings, and delineate two dimensions of expectation-uncertainty that have been obscured
by assumptions of normative models (Section 2.3.2; Figure 2.1). We then present a novel
sequential sampling model formalizing the most general construal of our framework (Section
2.4) and use simulations to show that it reproduces dynamic effects of expectations observed
across several different species, tasks, and neuroimaging modalities (Section 2.5). Finally,
we present a secondary analysis of behavioral data to empirically validate a novel prediction
generated by our framework of uncertainty-driven memory sampling to further demonstrate

its utility for understanding the dynamics of decision-making under uncertainty.

2.3 Conceptual gap: role of memory retrieval dynam-
ics

All mathematical modeling—and normative modeling in particular—requires idealizing prop-
erties of the system being modeled (i.e., the target; Khoudary et al., 2025b). Idealizations
simplify aspects of target systems by omitting and/or distorting their properties, resulting
in formal representations that “selectively attend” to aspects of the system about which
model users aim to reason (Portides, 2021). Omitting uncertainty about expectations from
formal models—and the experiments used to test them—is a powerful idealization that has
led to great progress in understanding the neural and computational mechanisms of opti-
mal decision-making. In doing so, however, the field has systematically ignored the role
that memory retrieval might play in shaping the dynamics of expectation-guided perceptual

decisions.

The relevance of memory for expectation-guided decisions becomes obvious when consider-

ing the question of where expectations come from outside of laboratory settings; one answer
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could be previous outcomes of similar decision problems. Because human memory systems
store information about past experiences at multiple levels of detail (Tarder-Stoll et al.,
2026), precisely what information about the past comes to mind during decision-making—
and in what form—is an area of active research (Zeithamova, Schlichting, Preston, 2012;
Aronowitz, 2019; Biderman et al., 2020; Wang et al., 2021; Shushruth et al., 2022; Bakkour
et al., 2019). For present purposes, we focus on a relatively simple type of information:
probabilities of choice outcomes conditioned on a specific context. These “contextual expec-
tations” (Series and Seitz, 2013) are acquired through repeated experience with a decision
environment (de Lange et al., 2018), and have been shown to facilitate various types of per-
ceptual judgments such as object recognition (Oliva and Torralba, 2007), visual search (Zhou
and Geng, 2024), and two-alternative discrimination (Bornstein et al., 2023). Expectation-
setting in the real world thus involves retrieving information from memory, but the role of
memory retrieval dynamics in shaping perceptual decisions remains largely underexplored.
Sequential sampling, or evidence accumulation, provides a common formalism for building
theories about how agents trade off speed and accuracy when making decisions based on
both external (sensory) and internal (memory) information. Combining this formalism with
theoretical insights from learning and memory can help advance understanding of the general
principles that support flexible and adaptive decision-making in humans, which is what we

aim to achieve with the framework and model presented in this article.

2.3.1 Memory as a dynamic source of internal evidence

Retrieving information from memory takes time. Formalizing the relationship between the
strength of a memory and the amount of time needed to retrieve it was the goal of the
earliest form of the extended drift diffusion model (Ratcliff, 1978), which is now commonly
used to analyze behavior in value-based decision-making tasks where the relevant “evidence”
used to make a choice is strictly internal to decision-makers (Ratcliff et al., 2016; Krajbich

et al., 2010). The memory sampling framework explains the ability of accumulator models
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to fit this class of data by positing that observers sequentially sample information from
memory to make predictions about the outcome of each choice, terminating deliberation
once the predicted value of one choice sufficiently outweighs the predicted value of the other
(Shadlen and Shohamy, 2016; Bakkour et al., 2019; Wang et al., 2021; Biderman et al., 2020;
Zylberberg et al., 2024).

Crucially, evidence supporting memory sampling theories of action selection comes from
experiments where memory strength is permitted to vary across trials (Wang et al., 2021;
Shadlen and Shohamy, 2016; Bakkour et al., 2019). This variability derives both from
structured manipulations of experimental stimuli (e.g., Nicholas and Mattar, 2026) and the
stochasticity of memory retrieval processes both within and across individuals (Wang et al.,
2021; Bornstein and Pickard, 2020). Measuring and manipulating memory as a source of
decisional evidence has revealed that memory-based decisions obey the same dynamics gov-
erning sensory-based decisions: stronger memories lead to faster and more accurate decisions,
whereas weaker memories lead to slower and less accurate decisions (Shadlen and Shohamy,

2016; Biderman et al., 2020; Wang et al., 2021).

More recently, it has been shown that humans can adaptively control this memory sampling
process, engaging in prolonged sampling only when the expected utility of doing so outweighs
the costs of investing more time and effort into the retrieval process (Bornstein et al., 2023;
Callaway et al., 2024). The framework of sequential sampling—and its formal equivalence
with partially observable Markov decision problems (Rao, 2010; Drugowitsch et al., 2012;
Huang et al., 2012)—permits interpreting this adaptive control of memory retrieval in terms
of minimizing uncertainty during latent state inference. When sampling information from
an evidence source, observers can take three possible actions: choose latent state +, choose
latent state —, or keep sampling. These actions a are determined by the distance of the

decision variable z; from the threshold z at each point in time as follows:
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;

choose+ if x; > z

at = § choose— if z; < —z (2.3)

sample if z; < |z]
\

Interpreting the decision variable x; as reflecting observers’ probabilistic, time-varying belief
about the true state of the world (+ or —) further permits interpreting SAMPLE actions
as decisions to continue acquiring information to reduce uncertainty in z; (Drugowitsch
et al., 2012; Bornstein et al., 2023; Rao, 2010; Kaelbling et al., 1998). Accordingly, pro-
longed sampling from memory—measured via response times and/or neural activity—can
be interpreted as reflecting greater uncertainty about the true value of the data-generating
distribution (i.e., the outcome predicted by the set of relevant associative and/or episodic
memories). The relationship between sampling time and uncertainty is well-established in
the perceptual decision literature, where agents of all species demonstrate robust, systematic
relationships between sensory evidence uncertainty and sampling or deliberation time (Gold
and Shadlen, 2002, 2007; Hanks et al., 2011; Fetsch et al., 2014; Kiani et al., 2014; Hanks
and Summerfield, 2017).

2.3.2 Two dimensions of uncertainty about expectations

Again, a core argument of this article is that the assumptions required for optimal decision
processes have obscured the role of uncertainty-driven sampling from memory. To help
address this gap, we distinguish two dimensions along which uncertainty about expectations
can vary (Figure 2.1). First, we posit that the source of an expectation—or how it is
acquired and stored in memory—entails uncertainty about what the expectation predicts.
Second, we posit that environmental demands on the deployment of expectations—or how
they are used to guide future decisions—entails uncertainty about which expectation to use

across consecutive decisions. As shown in the gray text of Figure 2.1, neural and behavioral
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evidence for time-varying effects of expectations have been observed in experimental settings
corresponding to each of the four quadrants delineated by these dimensions. Section 2.5
shows that our sequential sampling model formalizing this framework reproduces each of the
time-varying effects reported by these studies, suggesting that uncertainty-driven memory
sampling offers a unifying explanation for time-varying effects of expectations. In support
of this ultimate claim, the rest of this section elaborates upon the dimensions of uncertainty
picked out by our framework. For each dimension, we discuss how it relaxes the assumptions
of previous normative models, along with the theoretical and empirical motivations for doing

SO.

2.3.2.1 Source-related uncertainty

The dimension of source-related uncertainty (orange axis in Figure 2.1) is intended to cap-
ture uncertainty associated with how expectations are acquired and subsequently stored (or
represented) in memory. Accordingly, it relaxes the assumptions of perfect knowledge of
IT or II., that are required for normative static effects of expectations (Sections 2.2.2.2.1
and 2.2.3.2.2). Relaxing this assumption is especially important because it has obscured in-
vestigation into where expectations come from and how the uncertainty associated with an

expectation ought to impact its integration with sensory evidence during decision-making.

An observer can be said to have source-related uncertainty about their expectations if they
acquire those expectations on the basis of implicit, experience-based learning rather than

2 This type of uncertainty is thus about the true prior probability

explicit instruction.
of stimulus occurrence in the decision environment (II) or the predictive probability of a
learned cue with respect to its associated stimulus (Il.,.). A core idea behind our framework

is that when prior probabilities are not immediately accessible or directly known by the

observer, they must estimate these probabilities on the basis of past experience. Doing so

2This dimension of uncertainty roughly corresponds to the description-experience gap as used in the
literature on risky, value-based choice (Hertwig and Erev, 2009; Heilbronner and Hayden, 2016).
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requires retrieving relevant information from memory in order to construct an estimate of
the prior probability. This process should be jointly modulated by (1) the strength of the
true prior probability and (2) the amount of information an observer has stored in memory
(or, the precision of their belief). Accordingly, more certain probabilities (closer to 0 or
1) should take fewer samples to estimate, whereas less certain probabilities (closer to 0.5)
require prolonged sampling for observers to obtain steady-state estimates. As an observer
gains more experience—either with the relevant associations comprising the memory or with
estimating probabilities based on a specific set of associations—their belief becomes more
precise, and there should be less overall uncertainty in the estimate regardless of its true
value. “Structural” expectations—reflecting general statistical information that is preserved
across contexts (Series and Seitz, 2013)—can be thought to reflect an asymptotic form of

these expectations learned through experience.

As mentioned above, the majority of experimental work has ignored this dimension of uncer-
tainty about expectations, opting instead to give human observers explicit knowledge of prior
probabilities or extensively training non-human animals such that any uncertainty about Il
in minimized. One exception to this trend comes from a small handful of experiments where
observers implicitly learn environmental biases while performing the main decision task. Be-
havior and neural activity in both humans (Rungratsameetaweemana, Itthipuripat et al.,
2018; Wert et al., 2025) and rodents (Findling et al., 2025) has been shown to be sensitive
to these latent environmental biases, with observers of both species demonstrating evidence
of learning within as few as 20 trials. Yet how these learned biases manifest in neural repre-
sentations and the decision process remains underexplored. In humans, for example, these
implicitly learned expectations appear to selectively impact decisional, rather than sensory,
EEG components (Rungratsameetaweemana, Itthipuripat et al., 2018). Rodent studies, in
contrast, have shown that information about the latently-learned environmental bias can be
decoded from up to 30% of the entire brain, spanning early sensory to higher-level corti-

cal areas (Findling et al., 2025) rather than being confined to decisional circuitry. These
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findings thus shed some light on the neural mechanisms involved in integrating uncertain
expectations with sensory evidence, but leave open the question of which computations drive
this integration. In humans, there is the additional question of which representations these
computations operate over; the framework and model we develop in this article suggests that
this representation is a dynamic, probabilistic “stream” of evidence samples retrieved from

associative memory.

2.3.2.2 Deployment-related uncertainty

The dimension of deployment-related uncertainty (purple axis in Figure 2.1) captures un-
certainty associated with how expectations are cued in advance of decisions. Namely, an
observer can be said to have deployment-related uncertainty if they are making decisions in
an environment where the prior probability II.,. differs across decisions in a manner unknown
to them. This dimension of uncertainty relaxes the assumption of expectation-homogeneity
that is ubiquitous among normative models of expectations in decision-making (Edwards,
1965; Bogacz et al., 2006; Simen et al., 2009; Moran, 2015; Malhotra et al., 2018), along with
foundational experiments designed to test their predictions (Carpenter and Williams, 1995;
Ratcliff and McKoon, 2008; Simen et al., 2009). As shown in Figure 2.1, deployment-related
uncertainty is much lower in experiments that manipulate expectations on the level of blocks
of trials, such that observers make hundreds to thousands of consecutive decisions using the

same expectation.

Relaxing the assumption of expectation-homogeneity is important for two reasons. First,
the assumption itself strongly constrains the space of real-world problems to which existing
normative models can be applied. Human observers are rarely tasked with making more than
a handful of consecutive perceptual decisions using the same exact expectation, much less
hundreds or thousands as in block-level experimental manipulations. Second, and relatedly,
it is becoming increasingly common to measure behavior and neural activity of observers

making decisions in expectation-heterogeneous environments (Dunovan et al., 2014; Dunovan
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and Wheeler, 2018; Aitken and Kok, 2022; Kok et al., 2012; Kok et al., 2013; Bornstein et al.,
2023; Diaz, Pisauro et al., 2024). Although the prescriptions of existing normative models
can offer some guidance for interpreting findings from these environments, a principled model
of how deployment-related uncertainty ought to impact decision processes would allow for

finer-grained prescriptions guidance for future experimental designs.

Two dimensions of uncertainty about expectations

. instruction
source:
Quadrant IV Quadrant |
instructed expectation instructed expectation
deployment block-level deployment
Hachisuka, Shor, Liu et al. (2026) Hanks et al. (2011)
deployment: Smmmm) biock-level
Quadrant Il Quadrant Il
expectation expectation
deployment block-level deployment
. Bornstein et al. (2023) Rungratsameetaweemana,
. uncertainty ltthipuripat et al. (2018)
high W low

Figure 2.1: Two dimensions of uncertainty that observers can have about expectations when
making perceptual decisions. Source-dependent uncertainty (orange) captures uncertainty
about what an expectation predicts, whereas deployment-dependent uncertainty (pink) cap-
tures uncertainty about which expectation to use for each decision. The relative degree of
uncertainty within a dimension is represented by the opacity of its respective color, with
highly uncertain conditions in lighter shades and less certain conditions in darker shades.
Gray-text citations indicate existing findings of dynamic effects observed in each quadrant;
we show that our model can capture each of these findings in Section 2.5.

2.3.3 Dynamic reliability estimation as a unifying normative prin-
ciple

A final motivation for relaxing the assumption of expectation-homogeneity comes from the
form of previous normative solutions to decision problems in heterogeneous sensory environ-
ments. Multiple converging studies have shown that optimal decision-making in evidence-

heterogeneous environments—where observers have uncertainty about the strength or du-
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ration of sensory evidence—requires some dynamically-changing component of the decision
process (Frazier and Yu, 2007; Drugowitsch et al., 2012; Huang et al., 2012; Deneve, 2012;
Glaze et al., 2015; Malhotra et al., 2018; Kilpatrick et al., 2019; Barendregt et al., 2022;
Callaway et al., 2024; Fang et al., 2026). The intuition behind the need for a dynamic
component is the same across all models: when an observer doesn’t know in advance how
informative the evidence will be, they must estimate its informativeness per unit time—or
its reliability—over the course of evidence sampling. This evidence reliability estimate is
then used to optimize the speed-accuracy tradeoff by dynamically modulating the decision
process in real-time. Specifics of how the dynamic adjustment is incorporated vary across
model applications and objective functions (see Kilpatrick et al., 2019 for a review), but the
general premise of modifying the decision process in proportion to the estimated reliability
of evidence remains constant. Our work extends this principle to the integration of expecta-
tions into perceptual decisions. We show that multiple disparate empirical observations of
time-varying effects of expectations can be explained by a single model that (1) treats expec-
tations as arising from a series of samples from memory and (2) dynamically adjusts their
weighting in the decision process according to a time-evolving belief about the reliability of

sensory evidence relative to that of the expectation.

2.4 Dynamic reliability-weighted multi-source sequen-
tial sampling model

This section presents a sequential sampling model formalizing the conceptual framework
developed above. One of its core features is modeling expectations as an independent source
of probabilistic information that observers sample from and accumulate in parallel to sensory
evidence. This process thus equips observers with two sources of probabilistic evidence
that they have to combine to make decisions. We draw on well-established theoretical and

empirical findings in multisensory integration to propose that these two evidence sources—
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memory and sensation—are combined according to their relative reliability (e.g., Fetsch et al.,
2011; Landy et al., 2011; Angelaki et al., 2009). We model the reliability estimation process
as dynamically updating with each new sample of noisy evidence from each source (Figure
2.2); this eliminates the need for using elapsed time as a proxy variable, and encompasses
cases where proxies such as time diverge from evidence reliability. The following section
shows how this dynamic, relative reliability-weighted process captures time-varying effects
of expectations observed by Hanks et al. (2011), Rungratsameetaweemana, Itthipuripat et

al. (2018), Hachisuka, Shor, Liu et al. (2026) , and Bornstein et al. (2023).

2.4.1 Model specification

In our model, simulated agents sequentially sample evidence from two sources s = {memory, vision}.
Samples for both sources are generated by a Bernoulli distribution with parameter 6,, which
we assume to be unknown by the observer (Figure 2.2A, left). Additionally, we assume that

these samples are noisily encoded at a proportion defined by ¢, such that:

0s, ~ Bernoulli((1 — €)8s + ¢(1 — 05)) (2.4)

Next, we posit that observers use these samples to form and update a Beta-distributed
belief gs(t) about the value of 5 for each evidence source (Figure 2.2, middle). On this
specification, 8 corresponds to the “signal strength” for each evidence source: the true 6,
value is identical to signal strength A for sensory evidence, and the true ,,.,, value is
identical to predictive probability Il.,.. Each new sample from each source updates the

belief g(t) according to:

9s(t) = p(0s]0s,, 05,y - - -, 04, ) ~ Beta(ay, Bs) (2.5)
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Beta(as, , +1,0s,,), if o5, >0
9s(t) = (2.6)
Beta(as, ,,Bs,., +1), if o5, <0
The central tendency of g4(t) captures the observer’s posterior belief about each source’s
likely signal strength at each moment in time, and the variance of gs(t) captures the
observer’s uncertainty about the inferred signal strength. We define internal evidence

reliability A;, as a term that captures both the central tendency and variance of g,(t)

(Figure 2.2A, right):

Ao = Y (95(t) - H(X))™! (2.7)

where X is a vector of probability values ranging from 0 to 1 and H is the information
entropy function. Each source’s dynamic reliability estimate thus corresponds to the dot
product of the observer’s belief about that source’s signal strength 6 with the information
entropy function H(X). This specification creates a reliability estimate that quantifies how
informative an ideal observer ought to believe a particular evidence source is, based on how
informative it has been up to this point in the trial. Then, we define the optimal weighting
of each evidence source ws, using the standard ideal-observer model of cue integration

(Figure 2.2B, left):

Amsmor t Avisiont
Y ; (2.8)

y Wyision =

Wmemory; —

)\visiont + Amemoryt /\visiont + )\memoryt

Observers weight each observation from each evidence source by these source-specific
weights, creating a decision variable x; that is a time-varying reliability-weighted sum of

samples from independent streams of memory and visual evidence (Figure 2.2B, right):

Ty = Tt + Omemorytwmemoryt + Ovisi(mtwm’siont (29)

The decision process terminates according to
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2| > 2 (2.10)
where z is a scalar defining the boundary separation (threshold) value.

In addition to the integration of x; over time, our model posits independent
reliability-weighted accumulators for memory and vision that represent the unimodal

evidence sampled from each source (Figure 2.2B, right):

xmemoryt = mmemoryt_ 1 + Omemoryt wmemoryt

Lvisions — Lvisions_1 + Oyision: Woisions

Additionally, the model assumes that memory samples are generated at a fraction of the
rate that visual samples are received by the observer, such that the total number of

samples generated by each evidence source (memory and vision) is given by:

Nmemory = Nwision * ’7_1 (211)

where ~ is a scalar that, in this model, we treat as a fixed, exogenously-set value. Unless
otherwise specified, all findings in this article assume that + scales the “rate” of memory
evidence generation such that memory samples are delivered along the range of theta oscil-
latory frequencies that have been associated with task-induced memory retrieval in primates
(2-12Hz; Jacobs, 2014; Kragel et al., 2020; Vivekananda et al., 2021; Seger et al., 2023).
For the majority of simulations, this corresponded to vy € {30, 20,15,12,10,8,7,6,5}. In so
doing, we demonstrate that our findings are robust to many possible settings of v within a

physiologically-observed range.
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Figure 2.2: Graphical depiction of single-trial dynamics in our model. Quantities corre-
sponding to memory are plotted in blue, quantities corresponding to vision are plotted in
yellow, and quantities corresponding the decision variable are plotted in green. Figures were
generated using a vision sampling rate of 60Hz, a memory “sampling rate” of 6Hz (v = 10),
and an encoding noise ratio e = 0.1

. (A) Model components involved in the dynamic reliability estimation process specified by
our model. The momentary evidence o, is generated by a Bernoulli distribution with

p = 05, and some proportion of the encoded evidence is assumed to be corrupted by
Bernoulli noise € (Equation 2.4). The true value of 6, defines how informative each
evidence source s is with respect to the two-alternative choice. Each new sample o,
updates a Beta-distributed belief g, about the value of §. We assume that the observer’s
internal estimate of each source’s reliability As, is equivalent to the inverse of the dot
product of g, with the information entropy function. The relative magnitude of each of
these reliability estimates A, then defines how an observer weights each source of evidence
at each moment in time (ws, ). (B) Model components depicting the reliability-weighted
evidence integration process. We assume that observers weight each evidence source by the
dynamic relative reliability estimate computed above, and sum these samples over time to
create a decision variable (green) that is a reliability-weighted blend of memory (blue) and
sensory (yellow) evidence.
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2.4.2 Steady-state model dynamics
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Figure 2.3: Steady-state dynamic weights on memory (blue) and sensory (yellow) evidence.
The rate at which memory evidence enters the decision process is indicated by different line
styles (solid = equal rate as vision, dashed = high theta frequencies, dotted = low theta
frequencies). (A) Weights when sensory evidence is totally uninformative (6,;s = 0.5). (B)
Weights when sensory evidence is moderately informative (6,,; = 0.65). (C) Weights when
sensory evidence is strongly informative (6,;; = 0.8). Shaded regions correspond to standard
error computed across all levels of € and the subset of v corresponding to each linetype.

To further elucidate the dynamics generated by our model, we display steady-state timeseries
of the relative evidence weights generated across different combinations of memory and
sensory evidence strength (Figure 2.3). Steady-state timeseries were obtained by averaging
across 5,000 simulations of 100 decision trials for each combination of memory evidence
strength ,,..,, sensory evidence strength 6,;s, encoding noise €, and memory “sampling

rate” 7. We simulated the process with 65 € {0.5,0.65,0.8}, € € {0.01,0.06,0.11,0.15,0.2},
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and v € {30,20,15,12,10,8,7,6,5}, and z = oco. For simulations where 6,,.,, > 0.5, we
included only the subset of trials where memory and sensory evidence were in agreement

¢

about the correct decision (i.e., cues expectations were “valid” or “congruent” with sensory

evidence).

Figure 2.3 demonstrates how the steady-state timeseries change across different combinations
of f, and v. Importantly, we display timeseries with v = 1—corresponding to identical
memory and vision “sampling rates”—in solid lines to aid in interpreting the effects of ~
on our process. These timeseries, along the diagonal of Figure 2.3 where 0, = Oem,
validate that there ought to be equal weight on both evidence sources when they are equally
informative and enter the decision process at the same rate. The dashed and dotted lines
on the diagonal plots, however, show that slowing the rate of memory evidence sampling
relative to vision generates a transient upweighting in one of the sources relative to the other.
Specifically, for sufficiently weak sensory evidence (6,;s < 0.8), expectations are upweighted
early on relative to vision, with the degree of upweighting scaling inversely with 6,5 (top
left and middle panels of Figure 2.3). When sensory evidence is sufficiently strong, however,
vision is transiently upweighted before they quickly collapse to being identical (bottom right
panel of Figure 2.3). Further, the degree to which equally-informative expectations are
upweighted relative to vision scales with how quickly memory samples become available for
the observer: memory is more strongly upweighted for evidence generated at the low theta

frequency (dotted lines) relative to the high theta frequency (dashed lines).

Panels off the diagonal in Figure 2.3 further display dynamics when memory and sensory
evidence differ in their informativeness. The top row of Figure 2.3 shows that, when sensory
evidence is completely uninformative, memory remains consistently upweighted through-
out the decision process. Comparing across moderate (top row, middle) and strong (top
row, right) expectations shows that both the magnitude and rate at which memory is up-

weighted scales as a function of its informativeness. The middle row of Figure 2.3 shows
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that moderately strong sensory evidence elicits heterogeneous dynamics across differently-
informative expectations. When expectations carry no information (middle row, left) and
they become available at a slower rate than sensory information (dashed and dotted lines),
they are again transiently upweighted relative to sensory information. However, as the reli-
ability estimates Ay converge on their steady-state values over the course of sampling, vision
becomes upweighted relative to memory. And again, the rate with which this “crossover”
occurs depends on how quickly memory evidence becomes available to the observer (dashed
vs. dotted lines). When expectations are more informative than sensory evidence, however,
memory is quickly and persistently upweighted relative to vision (right panel in Figure 2.3B).
Finally, the bottom row of Figure 2.3 shows that when sensory evidence is sufficiently strong
(Oyis), it always ought to be weighted more than memory evidence that is uninformative (left
panel of Figure 2.3C), moderately informative (middle panel of Figure 2.3C), or even equally

informative but arriving at a slower rate (right panel of Figure 2.3, dotted and dashed lines).

Taken together, the dynamics in Figure 2.3 capture core theoretical ideas in our model.
When an evidence source has continuously provided reliable information throughout a de-
cision (i.e., when 6; is large), that source should increasingly bias one’s decision over time.
However, when an evidence source has continuously provided weak or unreliable information
throughout a decision (i.e., when 6 is small or null), the alternative evidence source should
increasingly be relied on over time. That these effects are modulated by the relative rate
at which samples become available to the observer further underscores the importance of
considering the temporally-extended nature of memory retrieval, and how those dynamics

shape the integration of uncertain expectations with sensory evidence that is itself uncertain.
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2.5 Dynamic reliability-weighted integration unifies time-
varying effects of expectations

This section simulates the model specified above under four different experimental condi-
tions, each corresponding to a unique quadrant in Figure 2.1. In doing so, we demonstrate
that theconceptual framework of uncertainty-based memory sampling—and the dynamic
reliability-weighted model it inspired—offers a unifying explanation for time-varying effects
of expectations on perceptual decisions. Crucially, each of the findings simulated below come
from different research groups, experimental designs, and neuroimaging modalities (local field
potentials, EEG, fMRI, and intracranial recordings), and were accordingly explained by dif-
ferent neurocomputational processes. The ability of our model to capture latent dynamics
across this broad range of explanatory targets suggests that it identifies a core computational

process driving the integration of prior knowledge with incoming sensory information.

All simulations were carried out in MATLAB 2023B and 2025A using scripts available on

Github. Details about each simulation are contained in its corresponding subsection below.

2.5.1 Quadrant I: block-level instructed expectations

The first quadrant of Figure 2.1 corresponds to instances when we predict time-varying ef-
fects of expectations to be most subtle: expectations come from a source with high certainty
(direct instruction) and there is no uncertainty about which expectation to use across deci-
sions (block-level deployment). Intriguingly, however, one of the first and most influential
observations of time-varying effects of expectations were reported from a task using exactly

these settings (Hanks et al., 2011).
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2.5.1.1 Study design & key findings

Hanks et al. (2011) measured behavior and local field potentials from humans and macaques
performing a standard motion discrimination task. Humans were explicitly instructed about
the block-level prior probabilities, and macaques were extensively trained until their behav-
ior demonstrated successful learning of block-level reward probabilities, effectively equip-
ping them with instructed expectations. Sensory evidence coherence, or signal strength,
was allowed to vary across trials, generating an evidence-heterogeneous but expectation-
homogeneous decision environment in each block. With this design, Hanks et al. (2011)
reported behavioral, neural, and computational evidence indicating that observers nonlin-
early increase their weighting of the prior probability II as a function of elapsed decision
time (Figure 2.4A, left). Further, this effect was greatest on trials where sensory evidence

was maximally uncertain (Hanks et al., 2011).

2.5.1.2 Computational modeling

The authors explained these findings by theorizing that observers learn a time-dependent
accuracy (TDA) function as they make decisions in evidence-heterogeneous environments.
Learning such a function is behaviorally advantageous because it allows observers to op-
timize their speed-accuracy tradeoffs without having full knowledge of the statistics of the
environment. Instead, they can leverage the systematic—and even idiosyncratic—association
between sensory evidence strength and the amount of time needed to commit to a decision
to infer signal strength A based on elapsed time (Hanks et al., 2011). A dynamic bias signal
(DBS) can then be defined based on the ratio of the prior probability to time-dependent

accuracy. Formally,

log(1%55)
TDA(1) )Z(t)

DBS(1) =
log(=7pA0

(2.12)

42



where II is the prior probability of a motion direction, z is the height of decision boundary,
and k is a constant that scales II to accommodate cases where primate observers misestimate
the true prior probability. The time-dependent accuracy function (TDA) was computed
based on observers’ behavior in the unbiased blocks, and then was used to fit behavior in

the biased blocks (Hanks et al., 2011).

Although not explicitly described as such, Hanks et al.’s (2011) dynamic bias signal imple-
ments a dynamic reliability-weighted process very similar to the one we specify in Section
2.4.1. Rather than estimate evidence reliability directly, however, Hanks et al., 2011 suggest
that evidence reliability is inferred based on elapsed decision time. The inference about
evidence reliability is thus given by the association of longer deliberation time with lower
coherence stimuli, which also generally are associated with a lower degree of choice accuracy.
However, as we will show next, these same dynamics can be generated by our reliability-
weighted process which does not assume or require that observers learn time-dependent

accuracy functions.

2.5.1.3 Simulation methods

The goal of our simulations was to show that our relative reliability-weighted process gener-
ates the same “late effect” observed by Hanks et al. (2011): greater weighting of expectations
late in the decision process, especially when sensory evidence is weakly informative. To do
so, we generated timeseries data using 6,;; = 0.50, 0,,c,, = 0.8, € = 0.11, and v = 10 with
a visual presentation rate of 60 Hz (effective memory “sampling rate” = 6Hz). These pa-
rameter settings correspond to the experimental conditions where the late effect was most
prominent (Hanks et al., 2011). We discretized the continuous-time simulation such that
each timestep corresponded to one “frame” of presented visual evidence; each trial’s three
second simulation thus consisted of nyision = 180 and Nymemory = 18. Importantly, our ex-
planation for the effects observed by Hanks et al. (2011) (Figure 2.4) are independent of

threshold z, which was set at an arbitrary value of z = 250.
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2.5.1.4 Simulation results

Figure 2.4A demonstrates that, at a single-trial level, our model (right) produces the same
dynamics as Hanks et al.’s (2011) dynamic bias model (left). Crucially, however, our model
suggests that the “dynamic bias signal” is comprised of an independent memory accumulator
that samples and integrates evidence generated by memory in parallel to the sensory evidence

presented by the observer.

Figure 2.4B displays the corresponding model components for this representative trial. The
model components generating these dynamics are displayed in (Figure 2.4B). Just as each
sample of visual evidence 0y;sion, contributes to the observer’s estimate of visual evidence
reliability guision,, S0 too does each “sample” of memory evidence 0Opemory, Update the ob-
server’s estimate of memory evidence reliability gmemory,- Because the signal strength of
vision is so low relative to the evidence provided by memory, the expectation is continuously
estimated as being more reliable (or informative) throughout the trial, leading to consistently
higher weights on memory than sensory evidence (Figure 2.4B, rightmost plots). When these
dynamic, relative-reliability defined weights are used to integrate the sensory and memory
evidence over time, they generate the timeseries plotted in Figure 2.4A (right), where the
decision variable becomes increasingly biased toward the expectation over the course of a
single decision. Further, the rightmost panel in Figure 2.3A further demonstrates that the
increased weighting over time is present in the steady-state dynamics of our model averaged

across several plausible values of v and z.

Taken together, these simulation findings demonstrate that the relative reliability-weighted
process we specified to account for the role of uncertainty about expectations can capture
a canonical time-varying effect of expectations: increased weighting as a function of elapsed
decision time (Hanks et al., 2011). Crucially, these effects were observed in experimen-
tal settings where we predict uncertainty-driven time-varying effects to be the most subtle

(Quadrant I of Figure 2.1), and thus serve as a strong test of the plausibility of the frame-
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work and model that we propose. The following simulation findings further demonstrate
the ability of our model to capture time-varying effects observed in even more uncertain

circumstances.

(A) Single-trial dynamics capture Hanks et al. (2011) dynamic bias effect
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Figure 2.4: Dynamic reliability-weighted integration captures Hanks et al. (2011) dynamic
effect of expectations. In all figures, memory evidence (expectations; II) is plotted in blue,
vision evidence is plotted in yellow, and the decision variable is plotted in green. (A) On
the left, a stylized reproduction of the original model used by Hanks et al. (2011) to explain
their “late effect” of expectations. On the right, a representative trial from our model
demonstrating the same single-trial dynamics. (B) Model components involved in generating
our representative trial above.

2.5.2 Quadrant II: block-level learned expectations

An active debate in the perceptual decision-making literature is whether expectations can
modulate sensory responses themselves (Kok et al., 2012; Kok et al., 2013; Afacan-Seref et
al., 2018) or only “post-sensory” decision processes (Summerfield and de Lange, 2014; Run-

gratsameetaweemana and Serences, 2019). Specifically, it has been argued that trial-level
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expectation cues can elicit attentional effects on sensory responses that are conceptually
distinct from those driven by prior knowledge of stimulus probabilities (Summerfield and
de Lange, 2014). To address this question, Rungratsameetaweemana, Itthipuripat et al.
(2018)designed an experiment where observers had to learn block-level expectations dur-
ing a perceptual decision task. This in-context learning of prior probabilities bypasses the
concern about attentional effects elicited by cue-based manipulations of expectations, such
that any effects on sensory responses must be attributed to learned expectations about prior

probabilities.

2.5.2.1 Study design & key findings

Rungratsameetaweemana, Itthipuripat et al. (2018) report behavioral and EEG data from
n=17 human subjects performing the task. Sensory stimuli were comprised of small red and
blue bars whose locations and orientations were refreshed at slow (33.33 Hz) and fast (50
Hz) refresh rates. Across all decisions, the signal-to-noise ratio of sensory evidence was fixed
at 0.685. The authors independently manipulated expectations about color, orientation, and
motor response across blocks comprised of 60 trials each, but fixed the magnitude of the prior
probability to IT = 0.7 across all blocks. This means that in biased blocks, n = 42 trials were
presented with the dominant stimulus feature whereas n = 22 trials were presented with the
other stimulus feature. Crucially, neutral blocks presented both stimulus features equally,

and subjects completed 4 blocks of 60 trials under neutral expectations as well.

With this design, the authors showed that expectations can exert robust effects on choice be-
havior in the absence of modulations to sensory processing as measured by EEG. Specifically,
Rungratsameetaweemana, Itthipuripat et al. (2018) showed that expectations had no effect
on the early visual negative potential, an event-related EEG component that indexes sen-
sory information processing. However, the authors did observe effects of expectations on the
centroparietal positivity (CPP), a different event-related EEG component that is strongly

associated with the decision variable in accumulator models (O’Connell et al., 2018), as well
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as effects of expectations on the amplitude of parietal alpha and frontal theta measurements.
Crucially, all of these effects occurred after each component reached its peak value for the
decision, and were driven by trials where the sensory evidence was unezpected (or incongru-
ent with the learned expectation for that block). In what follows, we show that our dynamic
reliability-weighted integration process can capture the dynamics observed in frontal theta

amplitude.

2.5.2.2 Simulation methods

Simulations were run with 6,,; = 0.685, 0,,..,, = 0.7 for biased blocks, and 6,,.,, = 0.5 for
neutral blocks. Although the signal-to-noise ratio of sensory evidence was held constant
across trials, the authors manipulated the rate of sensory evidence presentation randomly
across trials. Accordingly, we ran simulations with both the low (33.33 Hz) and high (50 Hz)
flicker rates used in the original study. This simulation’s aim of capturing neural activity in
the theta frequency further aided in constraining the range of v values used in the low and
high flicker rate conditions. We defined the range of v values such that memory evidence
was generated across the range of theta activity observed in humans (1.5-8Hz; Rungrat-
sameetaweemana, [tthipuripat et al., 2018; Jacobs, 2014). Simulations with low flicker rates
used v € {4,6,8,10, 12,20} corresponding to activity at 8.25, 5.5, 4.125, 3.3, 2.5, and 1.5Hz,
and simulations with high flicker rates used v € {4,6,8,10,12,20} to generate memory

samples at 8.3, 6.25, 4.16, 3.5, 2.5, and 1.5Hz, respectively.

With these free parameters of the model constrained by the original study, we then defined
the range of threshold values z € {3,4,5} based on the similarity between trial-averaged
behavioral data produced by the model in simulation and by human observers in the ex-
periment. Importantly, this trial-averaged behavior was generated by simulated n = 18
“subjects”, each with a unique combination of memory sampling rate v and threshold z.
Each “subject” contributed the same number of trials as completed by human subjects in

the experiment: 360 biased trials and 120 neutral trials at each flicker rate (720 biased and
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240 neutral total). We additionally varied evidence encoding noise € at the whole-sample
level, such that each run used € € {0.01,0.06,0.11,0.15,0.2}. Figure 2.5 displays results
generated with ¢ = 0.11, and Figure A.2A displays results averaged across all values of e.
As in the original experiment, the first 1000ms of each trial were comprised of sensory noise
(6vis = 0.5). Then, sensory evidence was presented for 850ms at either the low or high flicker
rate, before being replaced by sensory noise for 600ms (Rungratsameetaweemana, Itthipuri-
pat et al., 2018). Each timestep in the simulation corresponded to one frame of evidence,

such that slow flicker trials had n = 82 timesteps and fast flicker trials had n = 124 timesteps.

The timeseries plotted in Figure 2.5A (right) used a normalization procedure to align memory
weights generated in the low and high flicker simulations onto a common numerical space.
For each subject, weights were averaged across trials in each of the expectation x flicker rate
conditions, and then interpolated onto a common grid comprised of n=100 timesteps. Once
normalized, weights were then averaged across flicker levels within each participant, and then
averaged across participants to obtain condition-specific group means and standard errors.
Group-averaged timeseries for each of the low and high flicker conditions in their native

numeric spaces are displayed in Figure A.2B.

2.5.2.3 Simulation results

Figure 2.5A shows that our model’s time-evolving weights on memory capture the “late”
effect that Rungratsameetaweemana, Itthipuripat et al. (2018) observed on frontal theta
amplitude. After the initial period of sensory noise, weights on memory slowly increase
over time in all three expectation conditions. However, the rate of increase is largest on
trials when the expectation is invalid with respect to sensory evidence (red line), relative
to trials where the expectation carries no information about sensory evidence (gray line) or

valid/congruent information about sensory evidence (blue line).
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This effect emerges naturally from positing that observers use the same time-constant bound-
ary to terminate their decisions across different experimental conditions (low/high flicker,
expected /neutral /unexpected). Because evidence weights in our model are estimated dy-
namically over the course of sampling, trials where observers take longer to make a choice
naturally generate weights on memory that continue to increase relative to trials where
observers terminate their decisions earlier. Crucially, this only holds if the expectation mag-
nitude 6,,.,, and sensory evidence 6,,;, are held constant across trials, which is precisely the
case when comparing valid and invalid trials. Neutral trials appropriately generate weights
whose magnitudes are intermediate between valid and invalid. However, because there is
no true information in the neutral expectation signal, its timeseries is quantitatively indis-
tinguishable from valid expectations that don’t need to be sampled because a choice has

already been made.

Figure 2.5B additionally shows that the ranges of v and z used in our simulation capture
the key behavioral effects, validating the link between our model’s latent processes and the
EEG measurements in the original study. Crucially, in doing so, we demonstrate that our
model can reproduce both behavior and neural dynamics in environments corresponding to
Quadrant II in Figure 2.1: learned expectations manipulated on the level of blocks. Our
findings further raise an alternative interpretation of the frontal theta effects observed by
Rungratsameetaweemana, Itthipuripat et al. (2018) : rather than reflecting executive control
processes, the late increase in theta amplitude may reflect prolonged sampling of learned

expectations on unexpected trials relative to neutral and expected.
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(A) Trial-averaged weights on memory capture Rungratsameetaweemana,
Itthipuripat et al. (2018) “late” effect on frontal theta amplitude
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Figure 2.5: Dynamic reliability-weighted integration captures time-varying effect of expecta-
tions observed by Rungratsameetaweemana, Itthipuripat et al. (2018). (A) Original finding,
left: violations of expectations increase frontal theta amplitude at later timepoints in the
trial. Our simulation, right: weights on memory—interpretable as an incentive to sample
evidence from memory—are greater for unexpected stimuli (red) relative to neutral (gray)
and expected (blue). Crucially, the effect increases over time and is greatest at the end of
the decision. Shaded areas reflect standard error across 15 simulated subjects. (B) Origi-
nal finding, left: flicker rate and expectation manipulations induce canonical modulations
of accumulation-based choice behavior. Slow flicker trials (purple), where fewer samples of
visual evidence are presented per unit time, lead to slower reaction times and lower choice
accuracy relative to fast flicker trials (green). Our simulation, right: choices and reaction
times generated from our model replicate these behavioral effects, validating our choices for
sensory signal strength 6,;; and threshold z. Errorbars in both (A) and (B) reflect standard
error across n = 18 simulated “subjects”, each of which had a unique value of v and z.
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2.5.3 Interim summary

Taken together, Sections 2.5.1 and 2.5.2 show that dynamic, relative reliability-weighted
integration of independent memory and sensory accumulators can reproduce dynamic effects
of expectations observed in multi-modal, cross-species neural measurements. Both of these
simulations focused on dynamics observed in expectation-homogeneous environments, where
observers have no uncertainty about which expectation to use across decisions. The key factor
differentiating the two simulations is whether those expectations were acquired through
instruction (Section 2.5.1) or learned through experience with the decision environment
(Section 2.5.2). Both types of block-level expectations exerted time-varying effects that
occurred late in the decision process: with the Hanks et al. (2011) increasing nonlinearly over
elapsed time, and the Rungratsameetaweemana, Itthipuripat et al. (2018)effect occurring
after the peak of the ERP signal on each trial. We turn next to demonstrating that our
model can capture existing findings corresponding to the remaining two quadrants in Figure

2.1, where observers have uncertainty about which expectation to use for each decision.

2.5.4 Quadrant 1II: trial-level learned expectations

On our framework, experimental settings corresponding to Quadrant III are those where we
expect time-varying effects of expectations to be most pronounced: there is source-related
uncertainty about what the true value of the expectation is, as well as deployment-related
uncertainty about which expectation will be used on every trial. A recent study by Bornstein
et al. (2023) measured human behavior and neural activity in precisely these settings and
found evidence for adaptive, uncertainty-mediated time-varying effects of expectations that
occur early in the decision process, before any sensory evidence has been presented. We
expand upon this finding below, and show that our model offers the first formal explanation

for it.
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2.5.4.1 Study design & key findings

Bornstein et al. (2023) utilized a two-phase task design, where observers first learn proba-
bilistic cue-stimulus relationships in a learning phase, and then make cue-guided perceptual
decisions in a decision-making phase. The expectation cues consisted of colored fractals, and
the perceptual stimuli were grayscale scene and face images. The decision task consisted of
two-alternative discrimination between two images from the same category, e.g., reporting
whether the dominant stimulus on each trial was Face A or Face B. Accordingly, observers
learned that each fractal makes a unique prediction about which image is more likely. Cru-
cially, images from the same category (faces vs. scenes) were equally predicted by their
corresponding fractal, such that, for example, faces were strongly predicted by their fractals
(Ileye = 0.8) whereas scenes were weakly predicted by their fractals (Il.,e = 0.6). These
learning conditions thus created both item- and category-specific predictions, such that, for
example, the correct answer for face decisions was more predictable than the correct answer
for scene decisions. Finally, during learning, participants only had a small amount of ex-
posure to each cue-stimulus pairing (~ 30 trials) to ensure that there was learning-related

uncertainty around each expectation.

Sensory evidence during the decision-making phase was presented at an effective rate of
30Hz: frames were updated at 60Hz, but each frame of signal was forward- and backward-
masked by noise (phase-scrambled superpositions of the to-be-discriminated images). The
difficulty of the decision was manipulated by varying the proportion of frames containing the
target image, such that trials with closer to equal frames of target and lure images were more
difficult to resolve. Each trial in the decision phase began with a brief (750ms) presentation
of a fractal image followed by an interstimulus interval that varied uniformly across 4000,
6000, and 8000ms. Once the ISI elapsed, sensory evidence appeared on screen and observers
had up to 3000ms to make their response. Crucially, the authors yoked decision difficulty

to the category membership of the sensory evidence; e.g., in a given block, face evidence
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would always have a low signal-to-noise ratio whereas scene evidence would always have
a high signal-to-noise ratio. Combined with the category-level expectations created during
learning, this manipulation created joint about sensory evidence on each trial: a probabilistic
expectation about the correct answer (defined by I1.,.) and a deterministic expectation about

the difficulty of the upcoming decision (learned through experience in the decision phase).

Because each cue gives observers deterministic information about the relative signal strength
of the upcoming decision, this design allowed Bornstein et al. (2023) to identify behavioral
effects in line with predictions of normative starting point models. Specifically, on as many
as a third of trials with a high II.,. that also predicted a low upcoming signal strength
A, observers opted to make a response before observing any sensory evidence at all. This
prediction follows directly from normative starting point models, which show that as II
approaches 1 and decisions approach maximum difficulty, the optimal procedure is to respond

immediately on the basis of the expectation (Simen et al., 2009).

An important goal of Bornstein et al.’s (2023) study, however, was to show that the start-
point setting process is itself one of evidence accumulation. To do this, they computed a
metric termed the reinstatement index, the integrated evidence of stimulus reinstatement over
the cue period, measured at each timepoint as the correlation between multi-voxel patterns
measured when subjects directly perceived each target image with those observed when
subjects engaged in putative cue-based retrieval of that target. Reinstatement indices were
computed for neural activity in two regions of interest only—the fusiform face area (FFA)
and the parahippocampal place area (PPA)—whose activity is known to be specialized for
discriminating similar faces and scenes, respectively. Importantly, the authors theorized
that the reinstatement index should be inversely related to associative memory strength:
weaker associations require more sampling from memory, whereas stronger associations can
be retrieved after a smaller number of memory samples (Bornstein et al., 2023; Bornstein

and Daw, 2013). Consistent with this hypothesis, Bornstein et al. (2023) found that the
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reinstatement index was lower on trials with a stronger predictive probability and increased
as a function of time between onset of cue and response time. Interestingly, the authors
also found that the reinstatement index was greater on trials with a long cue-stimulus ISI
only when a cue signaled weak upcoming sensory evidence. The authors offered no formal
explanation for this phenomenon, which we term uncertainty-adaptive anticipatory memory

sampling.

2.5.4.2 Computational modeling

The authors did, however, test variants of a diffusion model to investigate their hypothesis
that expectation-setting proceeds via evidence accumulation. Their core model (multi-stage
DDM; MSDDM) was comprised of two diffusion processes with independent drift rates, one
corresponding to an expectation-setting phase and the other corresponding to the sensory
accumulation phase. Importantly, the terminal value of the decision variable in the first
process sets the starting point for the sensory accumulation process on a trial-by-trial basis,
effectively positing a two-stage process whereby memory dynamically biases sensory evidence
accumulation on a trial-by-trial basis (Bornstein et al., 2023; Srivastava et al., 2017; (Figure
2.6A, left)). The model assumes one common threshold for the whole process, and was
tested against two other models that selectively disabled key features of the MSDDM: a
standard DDM with a constant drift rate across trials (1IDDM) and two different DDMs
that were fit independently to the expectation-setting and sensory-accumulation phases of
each trial (2DDM), critically without information passing from the first stage to the next.
These comparison models thus allowed for testing the necessity of (1) a time-varying drift
rate and (2) a direct link between expectation-setting and sensory-accumulation processes,

respectively.

To link the reinstatement index with predictions of the MSDDM, Bornstein et al. (2023)
quantified the relationship between the reinstatement index and response times for choices

made after the onset of sensory information. First, the authors found that the reinstatement
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index predicted faster response times even when controlling for cue strength or evidence
coherence, indicating that this metric captures meaningful trial-level variability in choice
behavior. Next, Bornstein et al. (2023) found that this speeding was unique to trials where
the cue validly predicted the choice outcome, consistent with a hypothesis that the reinstate-
ment index corresponds to a start-point setting process. Finally, the authors found that the
effects of reinstatement index were strongest for valid trials with weak sensory evidence.
Taken together, these findings strongly support the idea that humans use their expectations
in an uncertainty-adaptive manner: drawing more strongly on internal evidence when sen-
sory evidence is insufficient to make the decision, but not bothering to do the extra effort of

memory retrieval when decisions are likely to be easy to resolve with sensory evidence alone.

2.5.4.3 Simulation methods

We used both trial-level and steady-state simulations to demonstrate our model’s ability to
capture the uncertainty-adaptive anticipatory sampling reported by Bornstein et al. (2023).
Sensory evidence was generated at 60 Hz, and memory evidence was generated at frequencies
ranging from 2-12 Hz (y € {30,20,15,12,10,8,7,6,5} and with evidence encoding noise
e € {0.01,0.06,0.11,0.15,0.2}. We fixed the threshold to an arbitrarily large value of z = 250
because, in a fixed-period task, the dynamics we aimed to capture are largely independent
of threshold. The authors tested expectation levels Il.,. = {0.5,0.6,0.7,0.8} and sensory
evidence levels individually calibrated to two separate strengths corresponding to low (65%)
and high (85%) decisional accuracy in the absence of any expectation (Bornstein et al., 2023).
We focus on capturing the two dynamics that comprise the uncertainty-adaptive anticipatory
sampling finding: a strong expectation predicting a low accuracy (i.e., weak evidence) trial,
and a neutral expectation predicting a high accuracy (i.e., stronger evidence) trial. The
corresponding steady-state timeseries were generated using the same process described in
Section 2.4.2. As in Bornstein et al. (2023), we fixed the duration of sensory evidence

presentation to 3000ms and ran separate simulations for each of the short, medium, and
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long anticipation durations (4000, 6000, and 8000ms) used in the study. Main text findings
report simulations from the shortest cue-stimulus interval (4000ms); steady-state dynamics

for the longer two intervals can be found in Supplemental Figure A.3.

Additionally, to capture the joint nature of cues in Bornstein et al. (2023), we added antic-
ipated coherence to the relative reliability computations occurring during the cue-stimulus
interval. Rather than set sensory evidence weights to zero, we assume that each new sample
of evidence from memory gives observers information how reliable the upcoming sensory sig-
nal will be. Specifically, for each timestep where a memory sample is drawn before the onset
of sensory evidence, simulated agents receive one noisy sample from a Bernoulli distribution
where 6, is defined by the sensory signal reliability on that trial. Importantly, this sample
is used only to update the belief about upcoming signal reliability g(t),:., the time-varying
reliability of each evidence source A(t)s, and the time-varying weights on evidence w(t),
defined by the relative values of A\, at each point in time; it does not enter into either the

sensory accumulator or the decision variable.

We do, however, assume that the decision variable is continuously updated with each new
piece of information from memory during the period of time between the onset of the cue

and the onset of sensory evidence. Specifically, we update the decision variable as follows:

Tt—1 + Winemory, * Omemory; + Woision, * Bernoulli(0.5) if ¢ < tgm
x(t) = (2.13)

Ti—1 + wmemoryt * Omemoryt _I' wvisiont * Ovisiont lf t 2 tstim

where 4, denotes the timepoint at which sensory evidence becomes available.

2.5.4.4 Simulation results

Figure 2.6A shows that single-trial dynamics of our model (right) capture key properties of
Bornstein et al.’s (2023) MSDDM (left). First, both panels in Figure 2.6A (right) show that
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our model creates a process where the memory accumulator (blue lines) sets the starting point
for the vision accumulator (yellow lines) on a trial-by-trial basis. When a strong expectation
about choice outcome also predicts weak upcoming sensory evidence (first panel, right side
of Figure 2.6A), the decision variable (green line) is increasingly biased toward the choice
predicted by the expectation as a function of elapsed time between cue onset (vertical blue
line) and sensory evidence onset (yellow vertical line). However, when an expectation carries
no information about likely choice outcome, but signals strong upcoming sensory evidence
(second panel, right side of Figure 2.6A), the decision variable is much less biased by memory

during the interval between cue and sensory evidence.

Figure 2.6B displays the corresponding model components for these single-trial dynamics.
When memory evidence is consistently more reliable than sensory evidence (top row), the
model continuously places more weight on memory than vision throughout the trial (last
panel, top row). However, when memory is uninformative, the model switches to placing
more weight on sensory evidence during the anticipation period (last panel, bottom row).
If we consider weights on each evidence source as corresponding to observers’ incentive to
sample information from that source (as we did in Section 2.5.2), then these dynamics
can be interpreted as reproducing Bornstein et al.’s (2023) observation uncertainty-adaptive

anticipatory sampling effect on the single-trial level.

Figure 2.7 shows that these dynamics are also present in steady-state model simulations.
Specifically, comparing the solid and dashed lines in the right panel of Figure 2.7A displays
the uncertainty-adaptive sampling effect: weights on informative expectations increase with
elapsed time between cue and stimulus onset, and the magnitude of these weights is greater
when sensory evidence is anticipated to be highly noisy (dashed line). The steady-state
evidence weights for the inverse case of an uninformative expectation paired with strong
sensory evidence (left panel of 2.7A) are interestingly non-monotonic. In the case where a

cue makes no prediction about the likely choice outcome, but signals that upcoming sensory
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evidence will be strong (solid lines), increasingly more weight is placed on vision relative
to memory during the cue-stimulus interval. However, once the sensory evidence becomes
available (vertical line), the model slightly and briefly downweights vision for immediately
after evidence onset, before returning to the same dynamics of increasing the weight on
vision relative to memory. This transient downweighting is also observed—albeit to a lesser

degree—for longer cue-stimulus interval durations (Figure A.3).

The steady-state source reliability estimates displayed in Figure 2.7B elucidate the time-
evolving quantities driving these different dynamics in evidence weights. In the case of a weak
cue predicting strong sensory evidence (solid lines, left panel), vision is consistently estimated
as being more reliable than memory throughout the trial. Crucially, however, these reliability
estimates are formed on the basis of an expected value about sensory evidence strength
that is estimated at the frequency of the memory sampling process. These slower evidence
generation dynamics lead to inflated source reliability estimates, as discussed in Section 2.4.2
and found in other work where small numbers of memory samples drive behavior (Bornstein
and Daw, 2013; Vul et al., 2014). Once sensory evidence actually comes online and presents
the observer with far more samples per unit time, the reliability estimate \,;s quickly reaches
its asymptotic value, which is less than the original estimates based on memory samples.
This same principle explains the inflated reliability estimate A,¢;, for 0,,e,, = 0.8 relative to

/\Uis for Qvis =0.8.

Taken together, both the single-trial and steady-state simulations in this section demonstrate
that our model can capture the core time-varying effect observed by Bornstein et al. (2023):
uncertainty-adaptive anticipatory sampling of learned expectations on a trial-by-trial basis.
Additionally, we showed that our parallel process generates the same trial-level start-point
setting specified by Bornstein et al.’s 2023 MSDDM, suggesting that our model might be a

more general case of the two-stage process they identify.
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(A) Single-trial dynamics capture Bornstein et al. (2023) effects
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Figure 2.6: Dynamic reliability-weighted integration captures time-varying effects from Born-
stein et al. (2023). In all figures, memory evidence (expectations; II) is plotted in blue, vision
evidence is plotted in yellow, and the decision variable is plotted in green. Vertical lines cor-
respond to timepoints when memory (blue) and sensory (yellow) evidence come “online”
for the observer. Memory samples in both simulations were generated at a rate of 6Hz
(v = 10). (A) Our model captures key dynamics produced by Bornstein et al.’s (2023)
multi-stage DDM (left). First, we show that expectations set the starting point for sensory
evidence accumulation in a trial-by-trial manner (right, both figures). Then, we show that
anticipatory sampling from a strong expectation expedites the decision process once weak
sensory evidence becomes available (left panel under “our simulation”). Additionally, we
show that sampling from memory continues throughout the anticipation period when an ex-
pectation carries no information about the likely choice outcome, such that choice dynamics
are dominated by the strong sensory evidence once it comes online (right panel under “our
simulation”). (B) Single-trial model components that generated the left and right panels
for the “our simulation” portion of A. Components for the left panel—strong expectation
with weak evidence—are plotted in the top row, and components for the right panel—weak
expectation with strong evidence—are plotted in the bottom row.
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(A) Steady-state evidence weights capture uncertainty-adaptive
anticipatory sampling in Bornstein et al. (2023)
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Figure 2.7: Steady-state dynamics of evidence weights and source reliability estimates driving
Bornstein et al.’s (2023) observation of uncertainty-adaptive anticipatory memory sampling.
Quantities corresponding to memory are plotted in blue and quantities corresponding to
vision are plotted in yellow. Solid lines correspond to simulations with a weak sensory signal
(0vis = 0.55), dashed lines correspond to simulations with a strong sensory signal (6,,; = 0.8).
The vertical line indicates the onset of sensory evidence after a 4000ms anticipation period;
dynamics for longer anticipation durations are plotted in Figure A.3. (A) Weights on each
evidence source throughout a single decision. (B) Source reliability estimates throughout a
single decision.
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2.5.5 Quadrant IV: trial-level instructed expectations

A recent study by Hachisuka, Shor, Liu et al. (2026) measured human behavior and neural
activity in experimental settings that correspond to the fourth and final quadrant in Fig-
ure 2.1: an expectation-heterogeneous environment where observers have uncertainty about
which expectation to use for each consecutive choice, but little to no uncertainty about what

each expectation predicts.

2.5.5.1 Study design & key findings

Hachisuka, Shor, Liu et al. (2026) combined high resolution fMRI, intracranial recordings,
and deep neural network modeling to investigate the neural and computational mechanisms
of one-shot perceptual learning in humans. To do this, they used “Mooney images”: photo-
graphic stimuli that initially appear ambiguous or abstract, but are actually just degraded
versions of images that are instantly recognizable when presented without degradation (ex-
amples are shown in Figure 2.8A). Crucially, the apparent ambiguity of Mooney images
disappears after just one exposure to the full-resolution image, such that observers can-
not “unsee” the true contents of degraded image after being exposed to its full-resolution
counterpart. This property of Mooney images makes them well-suited for studying the neu-

rocomputational mechanisms involved in one-shot perceptual learning.

Hachisuka, Shor, Liu et al. (2026) developed a task where neural activity is recorded upon
initially viewing a Mooney image (“pre-Mooney”), then viewing the full-resolution corre-
sponding image in grayscale (“gray”), and then finally viewing the Mooney images again
after having seen their full-resolution counterparts (“post-Mooney”; Figure 2.8A, right). On
our framework, this corresponds to an initial “no expectation” block (blue border, Figure
2.8A), followed by a “one-shot learning” block (gray border, Figure 2.8A), and then finally
a “test” block (orange border, Figure 2.8A). In each block, trials began with a fixation

cross presented for 1000-2000ms followed by presentation of a Mooney or grayscale image for
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2000ms (Figure 2.8A, left). Patients with intracranial electrodes were prompted to answer
the question “Can you name the object hidden in the image?” with Yes/No keyboard presses
made using different hands, whereas non-patients were prompted to verbally respond to the
question “What did you see?”. Crucially, the test block following grayscale image presen-
tation contained Mooney images observed in the first block (now post-Mooney) as well as
brand new “pre”-Mooney images that had not been previously presented to the observer.
Thus, the “post” images in the test block are those for which observers have an unambiguous

expectation, whereas there is no such expectation for the “pre” images.

The authors report cross-modal evidence suggesting that one-shot perceptual expectations
are encoded in higher-level visual cortex (Hachisuka, Shor, Liu et al., 2026). The main
finding of interest for the present analysis, however, comes from intracranial recordings
from the frontoparietal network (FPN), which encompasses several key regions implicated in
perceptual decision-making (Hanks and Summerfield, 2017; Polania et al., 2014). As shown
in the left panel Figure 2.8B (“original finding”), FPN neurons exhibited accumulation-
like responses to the Mooney images, with responses to post-Mooney images (orange line)
increasing nonlinearly over time relative to pre-Mooney images (blue line). The authors
suggest that this difference in slope later in the trial “may be related to recognition-triggered
decision-related activity” (Hachisuka, Shor, Liu et al., 2026, p.7), which is precisely what our
model predicts ought to occur. To test the ability of our model to capture these dynamics,

we conducted the simulations described below.

2.5.5.2 Simulation methods

The original timeseries data were generated from approximately 500 FPN electrodes im-
planted across n = 19 patients. Each patient completed at least 30 trials of the pre/post
Mooney task, and timeseries were averaged across trials in each condition for each electrode
in each subject (Hachisuka, Shor, Liu et al., 2026). Because the form of our model is de-

signed to capture individual-level processes, we treated each run of the simulation as the

62



average of all electrodes implanted in a single patient. Further, we assumed that each sub-
ject contributed data using some unique contribution of relative memory “sampling rate” -~
and threshold z. For all subjects, we defined the strength of sensory and memory evidence
as follows: Oyision = 0.545, O, = 0.55, and 0,0, = 0.9. We chose values slightly greater
than the minimum of 0.5 for sensory evidence and pre-Mooney expectation to capture the
effects of low-level visual signals and repetition-based familiarity, respectively (Hachisuka,
Shor, Liu et al., 2026). As in the original study, sensory evidence was generated at a rate of

75Hz and presented for 2000 simulated ms (n = 150 maximum timesteps per trial).

Given the rate of sensory evidence presentation, we generated data using v = {6,7,8,9, 10,
12,15,18,21,30} such that memory samples were generated at rates spanning 2.5-12.5Hz
across all subjects. The decision process was terminated using threshold values z = {4,6}.
As in Section 2.5.2, we manipulated evidence encoding noise € on the whole-sample level,
running different simulations for e € {0.01,0.06,0.11,0.15,0.2}. As with all other findings,
we report results from the simulation with ¢ = 0.11; timeseries averaged across all € values
are displayed in Figure A.4. For each cue type (pre- vs. post-Mooney), we simulated 30 trials
using each unique combination of v and z, which created a sample size of n = 20 simulated
subjects. We averaged the decision variable of our model across runs of the simulation within
each subject, and then display the group averages in Figure 2.8B, which also contains shaded

regions depicting the standard error across simulated subjects.

2.5.5.3 Simulation results

We focused our simulation only on the pre- and post-Mooney timeseries (blue and orange lines
in Figure 2.8B), since these recordings are the most relevant to our theory. The pre-Mooney
timeseries correspond to accumulation of weak sensory evidence with only a weak expectation
about its content, whereas the post-Mooney timeseries correspond to accumulation of the

same weak sensory evidence but with a strong expectation about its content. Importantly,
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observers are not told which grayscale image to use as their expectation for any given trial

in the test block; they simply observe the Mooney image and then make a report.

Our sampling-based theory of expectation retrieval, setting, and integration predicts that
time-varying effects of memory retrieval on choice dynamics ought to be observed in precisely
this kind of experimental setting. Figure 2.8B quantitatively validates that prediction by
showing that our dynamic reliability-weighted process can reproduce similar dynamics as
those observed by Hachisuka, Shor, Liu et al. (2026) in neural recordings. When observers
have learned a strong expectation for a particular sensory input, but are not instructed
ahead of time to deploy that expectation for an upcoming choice, then their choices become
increasingly biased by that expectation as a function of elapsed decision time (orange lines
in Figure 2.8B). However, when an observer does not have the relevant expectation for a
particular sensory input, the decision variable increases at a lower and more constant rate
(blue lines in Figure 2.8B). Figure A.4 further demonstrates that these effects are present in

steady-state dynamics of our model as well.

Hachisuka, Shor, Liu et al. (2026) speculated that these time-varying dynamics might
be driven by recognition-related neural activity. Although we do not explicitly include
recognition-driven retrieval dynamics in our model, our ability to reproduce the “late” effect
observed by Hachisuka, Shor, Liu et al. (2026) lends support to the authors’ original inter-
pretation of memory-related dynamics. Further, we offer a formal account for why these
dynamics occur when they do: expectation-setting takes time, and uncertainty about which
expectation to use across decisions will increase the amount of time it takes to set & integrate
the relevant expectation into the decision process. These recent findings from Hachisuka,
Shor, Liu et al. (2026) nicely complement the late effect of expectations first reported by
Hanks et al. (2011). Whereas the late effect in Hanks et al. (2011) was driven by heterogene-
ity in the sensory evidence strength across trials, the late effect in Hachisuka, Shor, Liu et al.

(2026) is driven by heterogeneity in the expectation across trials. While it is possible that
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some Mooney images are more easily discernible than others in the pre-learning stage, this
incidental variability in sensory evidence strength is unlikely to drive robust effects across
observers. Taken together, the Hanks et al. (2011) and Hachisuka, Shor, Liu et al. (2026)
findings lend converging support for the core theoretical argument of this paper: dynamic
effects of expectations are driven by the time-varying relative uncertainty of memory and

sensory evidence.
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(A) Behavioral task: one-shot learning of Mooney images block 3: test
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Figure 2.8: Dynamic reliability-weighted integration captures Hachisuka, Shor, Liu et al.
(2026) “late” effect of expectations. (A) Experimental design in Hachisuka, Shor, Liu et al.
(2026) . On each trial, human subjects were presented with an image for 2 seconds and
asked to verbally report the content of the image. In the first block, participants viewed
“degraded” images whose contents are difficult to discern in the absence of prior knowledge.
Then, in a second block, participants were presented with denoised grayscale versions of the
same images, facilitating the one-shot learning characteristic of Mooney images. Finally, in
the third block, participants were presented with degraded images again. Crucially, 50%
of the images had just been presented in full resolution during the learning block. This
manipulation allows for discriminating neural timecourses as a function of pre- and post-
learning. Image reproduced from Hachisuka, Shor, Liu et al. (2026) with colored borders
added for clarity. (B) Original finding: location of implanted electrodes across all patients
(left), average activity from frontoparietal (FPN) electrodes (right). Activity post-learning
(orange) ramps up more quickly than activity pre-learning (blue), generating a “late” effect
of one-shot learned expectations about ambiguous sensory input. Our simulation: decision
variables averaged across trials reproduce the pre- and post-learning dynamics measured by
FPN electrodes. Shaded areas reflect standard error across n = 20 simulated subjects.
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2.5.6 Interim summary

The previous two subsections (2.5.4 and 2.5.5) show that our model can reproduce dynamic
effects of expectations observed in expectation-heterogeneous environments, where observers
face deployment-related uncertainty about which expectation will be used on each trial
(left side of the quadrants in Figure 2.1). First, we reproduced the uncertainty-adaptive
anticipatory sampling finding reported by Bornstein et al. (2023), where observers increase
their sampling of memory over elapsed time before evidence onset only when a predictive cue
signals weak upcoming sensory evidence (Figure 2.6A, right; Figure 2.7A, right). Then, we
generated timeseries that reproduce the difference in pre- and post-learning activity observed
in frontoparietal electrodes while humans discriminated Mooney images (Hachisuka, Shor,
Liu et al., 2026), lending formal support to the original authors’ interpretation of memory-

related processing.

Combined with earlier findings that our model captures captures dynamic effects in expectation-
homogeneous environments (Sections 2.5.1-2.5.2), this section has shown that our principled
model can reproduce time-varying effects of expectations on perceptual decisions observed
across different experiments, species, neuroimaging modalities, and research groups. Each
of these findings were initially explained using distinct cognitive and/or computational pro-
cesses: learning time-dependent accuracy functions (Hanks et al., 2011), conflict monitor-
ing (Rungratsameetaweemana, Itthipuripat et al., 2018), two-stage evidence accumulation
(Bornstein et al., 2023), and memory recognition (Hachisuka, Shor, Liu et al., 2026). What
we have shown, however, is that these findings can be unified through our principled theory

of uncertainty-driven memory sampling and integration (Figures 2.1 and 2.2).

Importantly, our results do not necessarily imply that previous explanations are incorrect. In-
deed, most of them already invoke different theoretical dimensions of our model: uncertainty-
driven dynamic weighting on expectations (Hanks et al., 2011), expectation-setting via evi-

dence accumulation (Bornstein et al., 2023), and memory retrieval /reinstatement as a pro-
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cess that contributes evidence to the perceptual decision variable (Hachisuka, Shor, Liu et
al., 2026). Our model can thus be interpreted as synthesizing existing theories about time-
varying effects into a single principled computational framework, rather than invalidating

the previous findings or explanations.

2.5.7 Uncertainty about expectations induces sequential effects on

RTs

In addition to unifying previously-disparate observations into a common principled process,
the broader framework of uncertainty-driven memory sampling generates a testable empirical
prediction: if the process of setting expectations itself involves evidence accumulation over
time, then switching expectations across consecutive decisions ought to slow reaction times
relative to when expectations remain unchanged across decisions. Further, this effect should
be observed independently of other behavioral and cognitive factors known to modulate
reaction time. We tested this prediction using linear regressions on publicly-available data
from two studies that measured human behavior in expectation-heterogeneous environments,
but differed in whether observers used learned cues through instruction (Diaz, Pisauro et
al., 2024) or experience (Bornstein et al. (2023)); details about each study can be found in
Section A.2.

Regressions were fit using the 1m() function in R 4.4.2. Estimated marginal means, 95%
confidence intervals, and contrast coefficients were computed using the emmeans package.
All reaction times were log-transformed and z-scored within subject before entered into
the regression, and thus we did not include any random effects for subjects. All models
contained fixed effects of predictors of interest (previous cue and previous target), as well
as for factors known to affect reaction time (cue validity, cue level, choice accuracy, sensory
evidence strength, accuracy of choice on immediately preceding trial, and total amount of

time on task). Sensory evidence strength and time on task (defined as raw trial number) were
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modeled as continuous regressors, whereas all other variables were modeled categorically so
as not to enforce a linearly-increasing effect of cue probability. Data and code to reproduce

these results can be obtained from Github.

Figure 2.9 shows that both instructed and learned expectations induce sequential effects on
reaction times. For both the Diaz, Pisauro et al. (2024) and Bornstein et al. (2023) datasets,
RTs were significantly slower when cues switched across two consecutive trials relative to
when they were repeated (Binstructea = 0.029, tigesr = 3.858, p < .001; Biearnea = 0.055,
tyers = 3.172, p = .002). Crucially, we did not observe any significant effects of switching
or repeating choice targets across trials (Bistructea = 0.003, ti166s7 = 0.516, p = 0.606;
Biearnea = —0.007, t4578 = —0.363, p = .717) in either dataset, suggesting that the observed
effects are driven solely by switching expectations—but not sensory choice outcomes—across

trials. Full summaries of fitted coefficients can be found in Section A.2.

Taken together, these findings lend empirical support to the core theoretical motivation
behind our model: uncertainty about expectations ought to induce effects on the dynam-
ics of perceptual choice. We focused our analyses on behavior measured in expectation-
heterogeneous environments, where observers have uncertainty about which expectation they
will need to use for each decision. The framework of uncertainty-driven memory sampling
predicts that behavior should exhibit “switch costs” related to the time it takes to adjust
expectations across trials with different cues, which is precisely what we observed in both
the Diaz, Pisauro et al. (2024) and Bornstein et al. (2023) datasets. Further, these effects
were observed independently of canonical experience-related effects on RT, providing evi-
dence for effects of uncertainty at both the trial- and task-level. It is worth noting that these
predictions are not generated directly by our model, which assumes that reliability estimates
are constructed anew on each trial and thus predicts uniform effects on choice dynamics
regardless of the preceding choice. Incorporating a mechanism specifying how the reliabil-

ity estimates are learned over the course of sampling and then retrieved at the moment of
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choice (Section 2.6.3.3 is a promising direction for future work to formally model these serial
effects. These findings demonstrate the theoretical utility of considering how uncertainty

about expectations modulates the dynamics of perceptual choice.

Switching instructed and expectations across decisions slows reaction times
instructed: Diaz, Pisauro et al. (2024) learned: Bornstein et al. (2023)
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Figure 2.9: Expectation-heterogeneity induces sequential effects on RTs, regardless of
whether expectations are explicitly instructed (left) or learned through experience (right).
Across all cue levels, switching cues across trials significantly slows responses, whereas re-
peating cues across trials significantly speeds responses. In all panels, individual lines reflect
subject means, points are group-level marginal means estimated using fitted regression co-
efficients, errorbars reflect 95% confidence intervals around that estimate.

2.6 Discussion

We have shown that uncertainty-driven memory sampling can explain time-varying effects
of expectations on perceptual decision-making. A core theme throughout the article has
been interrogating the assumptions behind extant models specifying the optimal procedure
for integrating beliefs about prior probability (or expectations) into evidence accumulation
processes. In doing so, we identified uncertainty about expectations as a critical feature
that has been omitted from existing normative models. We then used the framework of
sequential sampling to develop a verbal theory and formal model articulating how uncertainty

about expectations ought to impact evidence accumulation. Regression analyses on existing
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behavioral data provided empirical support for a novel prediction generated by our verbal
theory, and simulation results demonstrated that our model can reproduce time-varying
effects of expectations observed under various experimental conditions and neuroimaging

modalities.

This section further articulates the contributions that our framework and model make to
broader literature on expectations in perceptual decision-making. To do this, we first discuss
how our model is related to—and distinct from—mneighboring models in the literature. Then,
we discuss insights our model offers for neural investigations into evidence accumulation.
Next, we discuss the simplifying assumptions upon which our model rests, articulating both
how those assumptions constrain the scope of phenomena the model can capture and how
they might be relaxed to capture more complex phenomena of interest. Finally, we conclude
with novel predictions that our model makes about choice behavior and neural dynamics,

further demonstrating its utility for advancing research on memory-guided visual behavior.

2.6.1 Related models

The sequential sampling family of models is broad and structurally heterogeneous, with each
model specifying a slightly different process whereby evidence is accumulated to commit to
a choice. Further, different models within this family have been developed to support dif-
ferent approaches to scientifically studying decision making. We have previously shown how
considering the difference in reasoning goals motivating model specification and application
can resolve apparent tensions in model comparison and selection, especially concerning the

inclusion of components that vary as a function of time within the trial (Khoudary et al.,

2025b).

In this work, we use sequential sampling to specify a formal theory about a data-generating
process whereby two sources of dynamic, probabilistically-evolving evidence are combined

based on first principles from statistics and psychology (i.e., reliability-weighted cue combi-
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nation). We structure our discussion of related models along this axis of use cases, beginning
first by addressing other simulation-based findings of time-varying diffusion models. Then,
we discuss “multi-stage” diffusion models that are often used to approximate continuously-
changing processes when models are applied to data. Finally, we discuss “psychometric”
diffusion models, a term we use to refer to models designed specifically for purposes of latent

variable estimation.

2.6.1.1 Dynamic diffusion models

The first class of models we survey are those where the drift rate and/or decision threshold
change continuously as a function of time (Deneve, 2012; Huang et al., 2012; Malhotra et al.,
2017). One of the most similar previously-specified models was proposed by Deneve (2012),
who investigated the question of how the dynamic bias signal identified by Hanks et al. (2011)
might be implemented via Bayesian neural inference. In addition to inferring the probability
of the correct choice conditional on all observed evidence thus far, Deneve’s (2012) model
also infers the sensory evidence strength on a trial-by-trial basis. The model then uses this
time-varying estimate to scale the decision thresholds and weighting of evidence within the
course of a single decision. This results in a process where both sensory weights and decision
thresholds increase with time on trials with highly certain sensory evidence, but decrease
with time on trials with highly uncertain sensory evidence (Deneve, 2012, Figure 3). Deneve
(2012) further shows that this process also generates time-varying weights on expectations,
such that they become more strongly weighted in the decision process as a function of
elapsed time on a single choice. Finally, Deneve (2012) shows how these computations
can be implemented using both spike trains of single motion-selective neurons as well as
populations of neurons that share motion-selective properties, offering proof-of-principle for
the feasibility of (1) jointly inferring uncertainty and motion direction and (2) using these
quantities to dynamically modulate decision boundaries and drift rates (i.e., weighting of

evidence at each moment in time).
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Complementary analyses by Huang et al. (2012) and Malhotra et al. (2017) used partially ob-
servable Markov decision processes (POMDPs) to further demonstrate that the dynamic bias
signal reported by Hanks et al. (2011) can be generated via time-varying decision boundaries.
As discussed in Section 2.3, POMDPs permit framing the evidence accumulation process as
one of action selection: at each moment in time, an observer chooses whether to continue
sampling or commit to one of the two choice outcomes based on the evidence they have accu-
mulated thus far (Equation 2.3). The policy of a POMDP defines which action the observer
takes at each timestep, and optimal policies are those that maximize expected future reward
(Rao, 2010; Huang et al., 2012; Malhotra et al., 2017). Huang et al. (2012) showed that
the optimal policy for a POMDP in an expectation-homogeneous, evidence-heterogeneous
environment corresponds to decision boundaries that (1) decrease exponentially over time
and (2) are shifted in proportion to the prior probability II, effectively implementing a start-
ing point offset. A more recent study from Malhotra et al. (2018) built upon these findings
to show that the rate of bound collapse depends jointly on the prior probability and the
mixture of sensory evidence strength in the decision environment. The authors first showed
that decision boundaries only exhibit exponential collapse in environments where one of the
signal strengths is sufficiently low; otherwise, reward rate is optimized by using boundaries
that are constant over time (Malhotra et al., 2018). Then, they showed that adding a strong
prior probability linearizes the collapse of boundaries over time (Figure 9 in Malhotra et al.,
2018), such that for sufficiently high prior probability (in this case, I = 0.7) the optimal
boundaries remain parallel but decrease monotonically over time. Accordingly, increasingly
more evidence is required to overcome the prior as deliberation time increases—precisely the

dynamic effect observed by Hanks et al. (2011) and reproduced by our model.

Taken together, the simulation-based findings of dynamic diffusion models strongly suggests
that a time-varying modification to the decision process is needed when observers have
uncertainty about sensory evidence (Drugowitsch et al., 2012; Deneve, 2012; Huang et al.,

2012; Malhotra et al., 2018). Although our model does not explicitly incorporate time-
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varying decision boundaries, we have shown that it reproduces both the original finding these
models aimed to explain (Hanks et al., 2011) in addition to explaining several other time-
varying effects of expectations on perceptual decisions (Section 2.5). Critically, our model
suggests that several of the dynamics predicted by expectation-induced effects on decision
boundaries could also be generated by a dynamic reliability-weighted process integrating
samples from parallel streams of memory and sensory evidence. Because time-varying drift
rates can often mimic time-varying thresholds, carefully designed experiments coupled with
high-resolution neuroimaging will likely be required to adjudicate these formally similar—but
conceptually different—theories of how expectations modify the dynamics of choice. Further,
as Deneve (2012) suggests, it could be the case that expectations exert time-varying effects
on both the drift rate and decision thresholds. Ome possibility is that expectations with
low source-related uncertainty act primarily on decision thresholds, whereas expectations
with high source-related uncertainty act primarily on the drift rate, owing to this latter

parameter’s weaker dependence on observers’ explicit knowledge or decisional strategies.

2.6.1.2 Multi-stage diffusion models

Multi-stage diffusion models correspond to a stochastic process where the drift rate, diffusion
coefficient, and threshold change discretely—rather than continuously—over time (Srivastava
et al., 2017). We focus specifically on the class of multi-stage drift models, which generate
“switches” in the slope and direction of the decision variable at specific points in time (Rat-
cliff, 1980; Diederich and Busemeyer, 2006; Diederich and Oswald, 2014, 2016; Srivastava
et al., 2017).

2.6.1.2.1 Two-stage models of expectations A study by Diederich and Busemeyer
(2006) was among the first to apply this kind of model to the question of how asymmetries in
response outcomes—defined as differences in expected payoffs—modulate choice dynamics.

The authors found that a two-stage model where payoffs were initially processed with one
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drift rate, and then stimuli were processed with a different drift rate outperformed models
that incorporated the payoffs as offsets on both the starting point and drift rate (Diederich
and Busemeyer, 2006). This finding is a conceptual predecessor to the results of Bornstein
et al. (2023), who used a model developed by Srivastava et al. (2017) to show that brain and
behavioral data were best captured by a two-stage process whereby evidence accumulation
from memory sets the starting point for sensory evidence accumulation on a trial-by-trial

basis.

The right panel of Figure 2.6A shows that the decision variable of our model effectively im-
plements a time-continuous version of the two-stage model used by Bornstein et al. (2023):
anticipatory accumulation from memory biases the starting point of the sensory evidence ac-
cumulator jointly as a function of expectation strength and sampling time. Two key features
distinguish our model from the multi-stage models developed by Srivastava et al. (2017) and
Diederich and Busemeyer (2006). First, our model posits two independent accumulators for
each evidence evidence source, and a decision variable that is a dynamic reliability-weighted
combination of samples from each source. This leads to the second difference, which is that
we posit an effect of memory that continues on once the sensory evidence has been presented.
Rather than suggest that the decision process involves discrete “switches” based on sampling
one source versus another, we propose that both sources of evidence are continuously sam-
pled and integrated throughout the deliberation process. We discuss this assumption of our

model, and possible extensions beyond it, in later parts of the Discussion.

2.6.1.2.2 Opposing process theory Although not expressed using the formalism of
sequential sampling, Press et al.’s (2020) “opposing process theory” can be thought to cor-
respond to a process with a multi-stage drift rate. Press et al. (2020) developed opposing
process theory to resolve an apparent paradox between “Bayesian” and “cancellation” the-
ories of how expectations modulate the gain of sensory information. Whereas Bayesian

theories—prominent in sensory perception research—assert that expected information ought
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to have a higher gain, cancellation theories—prominent in action research—assert that unex-
pected information ought to have higher gain. Opposing process theory resolves this tension
by positing a two-stage process whereby sensory evidence for expected outcomes initially
is processed with a higher gain, but that surprising inputs (quantified using the Kullback-
Leibler divergence of an observer’s posterior relative to their prior) generate increased gain

later on during processing, potentially via phasic release of catecholamine (Press et al., 2020).

The findings we display in Figures 2.5A and 2.6B suggest that our model is capable of formal-
izing the dynamics predicted by opposing process theory using a time-continuous modeling
framework. The right panel of Figure 2.5A shows that our model generates greater weights
on unexpected, followed by unezpectable, sensory evidence as a function of elapsed time. The
rightmost panel of Figure 2.6B (top) additionally shows that strong expectations generate
early weights that prioritize predictions from memory relative to contents of perception.
Indeed, the conjunction of these dynamics—early upweighting of expected information and
later upweighting of unexpected information—was recently observed via EEG decoding of a
task specifically designed to test opposing process theory (Rittershofer et al., 2026). Given
that our model can reproduce both of these dynamics in independent cases, it follows that

it should be able to capture their conjunction as well.

2.6.1.3 Psychometric diffusion models

The final class of models we consider are those that we term psychometric models, deriving
from their development for purposes of latent variable estimation across a variety of exper-
imental settings (Khoudary et al., 2025b; Batchelder, 2010). The first model we discuss,
the attentional DDM (aDDM), posits a time-varying offset onto the decision variable as a
function of fixation location (Krajbich et al., 2010; Tavares et al., 2017; Yang and Krajbich,
2023). The second, the extended DDM (eDDM), posits trial-level variability in the drift rate

and starting point terms of the original DDM (Ratcliff and McKoon, 2008; Ratcliff et al.,
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2016). Our work in this article motivates alternative applications and/or interpretations of

each model, which we discuss in turn.

2.6.1.3.1 The attentional DDM (aDDM) An increasingly prominent time-varying
drift rate model is the “attentional DDM” (aDDM), which formalizes the effects of eye
movements on the dynamics of value-based choice (2010). The aDDM posits that fixations on
a specific option induce transient biases on the drift rate, such that evidence is accumulated
more quickly for an option when an observer is overtly attending to it with their gaze.
More recently, a multi-attribute generalization has been developed which further permits
estimating the weighting of specific attributes—as opposed to entire outcomes—on the drift
rate (Yang and Krajbich, 2023). A core feature distinguishing our model from the aDDM is
how the dynamic effects on drift are generated: the aDDM uses measurements of fixations
to infer time-varying biases on the drift rate, whereas our model posits that drift rate biases
are a function of the time-evolving evidence itself. Further, the aDDM posits that the
magnitude of drift modulations is governed by the subjective value of the attended choice
option, whereas we suggest that the relative evidence reliability governs how strongly drift

rates are biased.

These differences can be understood as reflecting the different cognitive processes—operationalized
via different experimental tasks—that the models are designed to explain. In contrast to per-
ceptual decision tasks that present one dynamically-evolving stimulus on each trial, stimuli in
value-based decision tasks are comprised of two static, full-color images. Further, perceptual
decision tasks have an objectively correct answer (defined via experimental manipulations),
whereas value-based tasks are designed to elicit stable differences in subjective estimations
of stimulus value. An interesting direction for future work would be developing a single
model that unifies both types of decision processes into a common framework, perhaps by
considering the role of uncertainty in scaling dynamic effects both of memory and attention

on deliberation.
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Further, given the close empirical link between eye movements and memory retrieval (Barker
et al., 2025; Kragel et al., 2020; Hannula et al., 2010), as well as memory retrieval and dy-
namic construction of subjective value (Shadlen and Shohamy, 2016; Wang et al., 2021),
it would be fruitful to consider the role of memory retrieval dynamics in guiding fixations
during both value-based and perceptual choice. In particular, it would be interesting to con-
sider how memory sampling may dynamically guide eye movements during sensory evidence
accumulation, perhaps by directing gaze to areas that in space that are maximally informa-
tive for discriminating whether a trial is congruent or incongruent with what is predicted
by memory. Another possible direction for future research is using the aDDM to identify
moments in time when observers’ attention switches from external sensory information to
internal information generated by memory (Verschooren et al., 2026; Kumle et al., 2025), a
process that has been linked to differential recruitment of the hippocampus by subcortical

and cortical brain regions, respectively (Poskanzer and Aly, 2023).

2.6.1.3.2 The extended DDM (eDDM) The extended DDM (eDDM; Ratcliff and
Rouder, 1998; Ratcliff and Tuerlinckx, 2002; Ratcliff and McKoon, 2008) builds upon the
original DDM (Equation 2.1) in two ways. First, it specifies an additional non-decision
time term Ty that additively offsets the first-passage time of the Gaussian walk to account
for delays in RT attributable to putatively non-decision related processing, such as sensory
evidence encoding and motor command execution. Second, it defines the drift rate, starting
point, and non-decision time terms as probability distributions rather than constant values,
such that the decision process can exhibit structured variability across trials. Both of these
modifications enhance behavioral goodness-of-fit across several tasks, but a principled theory
about why trial-level variability in these parameters (and of their specific probabilistic form)

is still largely lacking.

Anticipatory, simultaneous, and/or post-decisional memory sampling may offer some insight

into this question. Specifically, trial-level variability in the starting point may reflect indi-
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vidual differences in how quickly memory information comes to mind and/or is weighted
relevant to the upcoming decision. Drift rate variability could also be explained by periodic
“bursts” of internal evidence generated by memory that direct observers’ attention away
from their external environment, contribute internal evidence bearing on the externally-
oriented decision, or some combination thereof. As such, it may be the case that the eDDM
improves goodness-of-fit not because it better captures facts about the data-generating pro-
cess, but rather that it more flexibly accommodates stable individual differences that are
not accounted for by simpler models. Although hierarchical Bayesian approaches to pa-
rameter estimation handle concerns about individual differences in a statistically elegant
and principled manner, they do not on their own provide answers to the deeper theoretical
question of why individuals exhibit the differences that they do. Process models based on
first principles—coupled with tasks designed to tease apart structured deviations from their

predictions—are powerful complementary tools toward this end.

2.6.2 Relationship to neural data

Principled process models have been highly useful for advancing research into the neural
bases of evidence accumulation, and in linking neural activity with observed behavior across
species (Brody and Hanks, 2016; Gold and Shadlen, 2007; Forstmann et al., 2016; Hanks and
Summerfield, 2017). Foundational research in non-human primates demonstrated signatures
of evidence accumulation in single-cell and population-level activity (Newsome et al., 1989;
Britten et al., 1996; Gold and Shadlen, 2002), and mapped different computational steps of
the formal process onto distinct cortical regions comprising a decision-making circuit (Gold
and Shadlen, 2007). More recent research using large-scale recordings in rodents has both
challenged and supported the early image developed based on primate work, primarily by
demonstrating that signatures of evidence accumulation can be observed across the entire
brain instead of a specialized decision circuit (Liu et al., 2025; Findling et al., 2025; Bondy
et al., 2025).
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The framework, model, and findings we develop here contribute to this line of research by
identifying the specific circumstances in which memory retrieval dynamics are most likely
to modulate the dynamics of sensory evidence accumulation. Further, our model permits
making specific predictions about what a candidate timeseries might look like under different
assumptions about the relative reliability of both evidence sources, the observer’s uncertainty
about that reliability, and the relative rate at which information is retrieved from memory.
And because we aimed to keep our model as minimal as possible, future work can refine its
predictions by incorporating neural observations about the timescales of activity in different

brain regions (e.g., Shi et al., 2025), which is a core conceptual idea motivating our model.

2.6.3 Model assumptions and extensions

A core motivation for our model is identifying a principled process for integrating expec-
tations with sensory evidence under less-idealized assumptions. Taking a formal approach,
however, requires that we still make use of simplifying assumptions in order to make the
modeling tractable. This section discusses these assumptions and suggests directions that

future work can take to address them.

2.6.3.1 Independence of memory and sensory evidence accumulation

First, our model assumes that each source generates and accumulates evidence independently
of the other. That is, the generating distribution for memory samples remains constant over
the course of a single decision and does not change as a function of the content of sen-
sory information. We justified this assumption on the basis of our goal to model simple
pattern completion and/or associative retrieval processes, rather than a more complicated
memory search process. We believe this assumption of a static generating distribution for
memory—or the independence of memory and sensory evidence samples—is warranted for
quick perceptual decisions on the order of a few seconds. However, it is likely that more

prolonged perceptual deliberation might involve sequentially searching through relevant in-
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formation in memory (Wang et al., 2021; Callaway et al., 2024). Future work can investigate
this possibility by dynamically manipulating the content of sensory evidence and/or the rel-
evant expectation within the course of a single trial (e.g., Kiani et al., 2013; Kilpatrick et al.,
2019), as well as considering cases where observers have more richly structured expectations
about the dynamic contents of sensory evidence (e.g., Chen and Bornstein, 2024; Kaper and

Peters, 2026).

2.6.3.2 Memory “sampling rate”

Next, to capture putative differences in the timescales of sensory and mnemonic evidence
generation, our model assumes that memory evidence is generated at a fraction of the rate
that sensory evidence becomes available to the observer, captured by the v parameter. For
simulation findings aimed at re-producing empirical time-varying effects (Figures 2.5 and
2.8), we incorporated a wide range of memory “sampling rates” for two reasons. First,
to show that our findings are robust across a range of plausible ratios in sampling rate,
and second, to capture putative heterogeneity in this ratio across individuals and species
(2014, 2020). We did, however, restrict the set of possible ratios to the broadest range of
empirically-observed theta-band oscillatory activity (2-12Hz; Seger et al., 2023). While it is
possible that the type of memory sampling we invoke here occurs at other relative “sampling
rates”, we chose to restrict this set of findings to the theta frequency because of robust neural
evidence implicating theta-band activity in task-evoked memory retrieval, particularly in the
context of memory-guided visual behavior (Ter Wal et al., 2021; Zhang et al., 2018; Kragel
et al., 2020; Kerrén et al., 2018; Zubair et al., 2026; Senoussi et al., 2025). An interesting
direction for future research is to consider how memory “sampling rate” might be controlled
by observers in a task- or uncertainty-dependent manner, or if it is better understood as a

trait-level property that moreso functions as a “bottleneck” on the memory sampling process.
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2.6.3.3 Evidence reliability estimation

Finally, our model makes a handful of assumptions about the reliability estimation process.
First, we assume that observers dynamically estimate the reliability of each evidence source
on every single decision; essentially, that observers treat the evidence-generating distributions
as nonstationary with unknown time variation. This is a simplifying assumption because the
evidence-generating distributions are commonly stationary at the single-trial level, so it is
possible that reliability estimates may carry over from trial-to-trial. Indeed, the secondary
behavioral analyses conducted in Section 2.5.7 corroborate the idea that reliability estimates
are “cached” across trials, as evidenced by the RT advantage for repeating learned cues
relative to switching them (Figure 2.9). Modeling and measuring how observers learn to
estimate the reliability of time-evolving evidence—perhaps via a process akin to Kalman

filtering (Roweis and Ghahramani, 1998)—is a promising direction for future research.

Second, and relatedly, we assume that observers estimate the reliability of evidence online
during the decision process. This assumption follows directly from our aim of consider-
ing how expectation-heterogeneity—or uncertainty about which expectation to use on each
trial—ought to impact the dynamics of perceptual choice: when the environment dictates
which expectation to retrieve on a trial-by-trial basis, any estimation of mnemonic evidence
reliability must be done during the retrieval process itself. It would be interesting, how-
ever, to consider cases where observers themselves determine which information to retrieve
from memory, either in anticipation of or simultaneously with perceiving ambiguous sensory
evidence. Our model predicts that observers ought to retrieve information that maximally re-
duces uncertainty in their deliberation process, but leaves open the question of how observers
determine which information is useful toward this end. Tasks that utilize multidimensional
expectations, along with sensory evidence that evolves along longer timescales, can help
shed light on these questions (e.g., Finn et al., 2018; Nicholas and Mattar, 2026; Mazor

et al., 2026). Further, it would be interesting to investigate whether the same dynamic ef-
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fects emerge when evidence reliability is used to guide memory retrieval, rather than being

estimated online as a function of it.

Finally, our model assumes that there is no noise or error in observers’ reliability estimation
process. This assumption follows directly from Equation 3.3, which states that the Beta-
distributed belief g;(¢) about source reliability 65 is perfectly updated with each new sample
of sensory and memory evidence. This is one of the strongest simplifying assumptions of
our model, since it is unlikely that observers place equal weight on every sample at every
timestep when constructing their belief about #,. A simple extension could be introducing
stochasticity into the belief-updating process, perhaps by incorporating a softmax function
into the update rule defined in Equation 3.3. Another possibility could be that observers
differentially attend to or weight evidence based on its congruence with the other source, and
that this affects the accuracy with which observers construct their belief g,(t). Investigating
principled approaches to incorporating asymmetry in belief updating is a promising direction
for understanding both the basic mechanisms of reliability-weighted evidence integration, and

how they are altered in psychopathology.

2.7 Summary and Conclusion

We have proposed that dynamic reliability-weighted integration of parallel streams of mem-
ory and sensory evidence offers a unifying explanation for time-varying effects of expectations
on perceptual decisions. To do this, we first discussed how expectations—beliefs about the
prior probability of observing a particular outcome—are typically modeled as exerting static
effects on perceptual decision processes by biasing either the starting point or drift rate of
the decision process before any sensory evidence is observed (Section 2.2). We ended our
review by discussing recent findings of dynamic effects of expectations on perceptual choice
that cannot be explained by static models, and then presented a theoretical framework and

computational model suggesting that dynamic effects could be driven by reliability-weighted
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integration of evidence dynamically retrieved from memory (Sections 2.3-2.4). Finally, we
showed that our model can reproduce dynamic effects observed across four different experi-
mental tasks, research groups, and neuroimaging modalities, with each effect corresponding

to a unique subspace of our broader theoretical framework (Figure 2.1; Section 2.5).

These findings suggest that the dynamic reliability-weighted process specified by our model
offers a unifying explanation for time-varying effects expectations on perceptual decisions.
However, direct empirical evidence supporting our model over multi-stage and/or static
alternatives is still lacking, in large part because of how expectation-uncertainty has been
omitted from normative models of perceptual decision-making (Section 2.3). Future work can
combine the framework and model we developed in this article with emerging methods for
studying decision-making in dynamic and uncertain environments to test the core prediction
of our model: the rate of evidence accumulation is driven by fluctuations in relative reliability

of memory and sensory information.

A promising candidate measurement toward this end is the centroparietal positivity (CPP),
an event-related EEG signal whose slope has been shown to scale with the strength of
both sensory and memory evidence independently (Tsvinev et al., 2025; van Vugt et al.,
2019). The conceptual framework we develop in Section 2.3 predicts that effects of memory
sampling should be strongest in fully heterogeneous environments, i.e., those where observers
have uncertainty over the true predictive probability of expectation cues, where the cues are
manipulated across trials, and where the sensory evidence strength also varies across trials.
As suggested above, a behavioral task that dynamically manipulates the relative reliability
of memory and sensory evidence evidence within a single trial will be necessary to distinguish

our parallel integrated model from the serial two-stage models discussed above.
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Chapter 3

Expectations dynamically modulate

visual evidence accumulation

3.1 Introduction

How do expectations shape perceptual decisions? Decades of neural, behavioral, and theo-
retical evidence have shown that expectations—beliefs about the prior probability of choice
outcomes—enter the decision process by setting the starting point of evidence accumulation
(Edwards, 1965; Link and Heath, 1975; Carpenter and Williams, 1995; Ratcliff and Rouder,
1998; Bogacz et al., 2006; Gold and Shadlen, 2007; Ratcliff and McKoon, 2008; Simen et al.,
2009; van Ravenzwaaij et al., 2012; Moran, 2015; Bornstein et al., 2023). More recent work,
however, suggests that expectations might also modulate the rate with which evidence is
accumulated toward the more likely choice (Hanks et al., 2011; Deneve, 2012; Moran, 2015;
Afacan-Seref et al., 2018; Malhotra et al., 2018; Bornstein et al., 2023; Rungratsameetawee-
mana, [tthipuripat et al., 2018; Diaz, Pisauro et al., 2024). While both theories agree that

expectations contribute evidence bearing on the perceptual decision, they disagree about
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whether that evidence statically or dynamically modulates the sensory accumulation pro-

cess, respectively.

Although static theories are grounded in the optimality of a starting-point offset (Edwards,
1965; Simen et al., 2009), more recent work has shown that dynamic effects are also necessary
for optimizing the speed-accuracy tradeoff on less restrictive assumptions. Both Moran
(2015) and Malhotra et al. (2018) showed that when sensory evidence strength (or coherence
c) varies across decisions and observers have knowledge of unequal prior probabilities between
the choice outcomes (i.e., expectations), the process that maximizes reward rate is one in
which the effect of expectations changes over the course of sensory evidence sampling. These
findings lend formal theoretical support to an earlier proposal by Hanks et al. (2011) that
dynamic effects of expectations are driven by implicit computation of a time-dependent
accuracy function (TDA) which is learned over the course of decision-making in uncertain
environments. The core idea behind the TDA function is that, in an evidence accumulation
framework, elapsed decision time can serve as a proxy for sensory evidence uncertainty: the
longer it takes to make a choice, the more likely it is that the evidence forming the basis of
choice is highly uncertain (Hanks et al., 2011). This theory was developed to explain the
authors’ findings that both human behavior and primate neural recordings showed evidence
of an increased weighting of expectations late in the decision process (Hanks et al., 2011).
Such “late” effects on the decision process directly contradict prescriptions of starting point
models, which predict that the influence of the expectation should decrease with sensory

evidence sampling time.

Critically, however, both Moran’s (2015) and Malhotra’s (2018) findings assume that ob-
servers have perfect knowledge of the prior probabilities. Although this assumption is justi-
fied for experimental tasks where observers are explicitly instructed on prior probabilities—as
in Hanks et al. (2011)—it fails to capture the experience-dependent uncertainty that char-

acterizes real-world expectations generated by retrieving information about past experiences
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from memory (e.g., Wang et al., 2021; Bornstein et al., 2023; Biderman et al., 2020; Tarder-
Stoll et al., 2026; Ladyka-Wojcik et al., 2025). The systematic omission of expectation-
uncertainty in the theoretical study of perceptual decision-making reflects a broader histori-
cal trend whereby research in perception is conducted in isolation from research on learning
and memory, a gap that is actively being bridged by research into how the two systems
function in concert with each other (Aly et al., 2026; Martin and Barense, 2023; Press et al.,
2020). The conceptual framework and mathematical model we propose in Khoudary et al.
(2026) contributes directly to this effort by developing a formal framework for theorizing
about the role of uncertainty-driven memory sampling in perceptual inference. Specifically,
we show that reliability-weighted integration of parallel “streams” of memory and sensory
evidence can reproduce several previously-disparate neural and behavioral observations of
dynamic effects of expectations (Hanks et al., 2011; Rungratsameetaweemana, Itthipuripat
et al., 2018; Bornstein et al., 2023; Hachisuka, Shor, Liu et al., 2026), and that uncertainty
about expectations induces sequential effects on reaction times (RTs) in perceptual decision

tasks (Khoudary et al., 2026).

We developed this model based on first principles deriving from both theoretical and empiri-
cal research on memory and perception. First, drawing on decades of research demonstrating
the active, temporally-extended nature of memory retrieval (Schacter and Addis, 2007), and
more recent work linking this process to deliberation during value-guided decision-making
(Bakkour et al., 2019; Shadlen and Shohamy, 2016; Wang et al., 2021), we posit that ex-
pectations are themselves a dynamic “stream” of internal evidence that observers sample in
parallel to sensory information when making perceptual decisions. Then, building off rich
theoretical work on optimal cue combination in multisensory perception (Angelaki et al.,
2009; Landy et al., 2011), we suggest that memory and sensory evidence are combined ac-
cording to a dynamically-updating estimate of the relative reliability of the two evidence
sources. Although this model can reproduce the dynamic bias effect reported by Hanks

et al. (2011), it does not require that observers use elapsed time as a proxy for evidence
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uncertainty. Instead, we suggest that observers automatically update their beliefs about the
reliability of each evidence source, and use those beliefs to determine how much weight to

place on memory vs. sensation at different points during the deliberation process.

Our theory thus diverges from Hanks et al.’s 2011 TDA model by positing that weights
on expectations can be non-monotonic in time, ebbing and flowing with the dynamics of
sensory evidence rather than strictly increasing with elapsed time on task. Further, it differs
from starting-point (van Ravenzwaaij et al., 2012) or multi-stage models (Bornstein et al.,
2023; Diederich and Busemeyer, 2006) in assuming that expectations continue to be sampled
throughout the duration of the decision, rather than ceasing to be consulted once sensory
evidence becomes available. Here, we develop a behavioral task that allows us to test a
key prediction of our theory: perceptual decisions should be most strongly influenced by
expectations during moments in time when sensory evidence is maximally uncertain. Further,
the degree of this influence should be modulated by the uncertainty of the expectation itself,

with more certain expectations inducing stronger effects than less certain ones.

Observers first learned probabilistic cue-image associations (Figure 3.1A), which we then
used to manipulate expectations trial-by-trial in a perceptual decision task (Figure 3.1B).
We ensured memory information was persistently cued by presenting sensory evidence inside
the learned, probabilistic prior cues (colored borders), and used a calibration procedure to
ensure sensory evidence reliability was constant across trials and choice outcomes. Then,
we dynamically manipulated their relative reliability by stochastically inserting epochs of
pure noise into the sensory evidence stream (Figure 3.1B). Because the onset and duration
of these noise periods followed a fixed hazard rate across trials (Maniscalco and Peters,
2024), elapsed time did not provide observers with information about the timing with which
sensory evidence would transition from signal to noise. The key test of our hypothesis,

then, is whether the decision variable during periods of sensory noise exhibits a significantly
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positive slope toward the choice option predicted by the expectation, and if the magnitude

of this slope is modulated by the strength of the expectation itself.

A. Learn expectations 0, through experience

| latent structure | trial structure ‘

p(B | color;) = 1-8 P(A | color,) = 1-6
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B. Make cued perceptual decisions
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Figure 3.1: Task design. (A) Participants first learn that different colored borders make
different predictions about the probability of observing one of two possible scene images. The
predictive strength 6,,.,, of each cue is defined by the frequency with which it is followed by
one of the two scene images. (B) After learning, participants are presented with stochastic
visual evidence inside of the colored borders. Their task is to report which image is dominant
(i.e., presented more frequently) in a 60Hz stream of visual evidence, followed by a confidence
rating in that perceptual decision.

3.2 Methods: experimental design

In our task, observers first learn expectations by observing an interleaved series of prob-

abilistic cue-image pairings (Figure 3.1A). After making subjective reports for all learned
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cues, observers perform a cued perceptual decision task that stochastically manipulates the

reliability of sensory evidence in a trial-by-trial manner (Figure 3.1B).

3.2.1 Stimuli

Visual evidence consisted of two grayscale scene images. There were two sets of possible
scene images (i.e., four images total), with pairs of images and their mappings to keyboard
responses randomized across participants. The probability of a given image being the ‘dom-
inant” image in a stream of visual evidence displayed to the observer on each trial varied
across three possible conditions, which were communicated to the observer via a colored bor-
der that circumscribed the visual evidence during the stream. There were two sets of possible
borders, with each set comprised of of triadic colors (setl = red, blue, yellow; set2 = orange,
green, purple). The set of border colors, along with the borders’ assignments to dominance
probabilities for particular images in the visual evidence stream, were randomized across par-
ticipants. Half of the subjects learned a set of borders with true values of II = {0.8,0.8,0.5}

and the other half learned a set of borders with true values of II = {0.65,0.65,0.5}.

3.2.2 Participants

A sample of 44 undergraduate students (age M=20.6 years; SD=1.69 years; 35 female, 7 male,
3 non-binary) were recruited from the University of California, Irvine. Four subjects were
excluded from the analysis due to chance-level responding during decision-making, resulting
in a final sample size of n=40 (n=21 in the 0.8/0.5 condition; n=19 in the 0.65/0.5 condition).
Participants were compensated for their time either with course credit or a pro-rated cash
payment of $15/hour. This study was approved by the Institutional Review Board at the

authors’ University and all subjects provided written informed consent.
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3.2.3 Task design

Data were collected in a single experimental session ranging between 60-90 minutes. Each
session began by instructing participants on the mapping between the two scene images and

the 1 and 2 number keys on a US keyboard.

3.2.3.1 Calibration

We used two interleaved QUEST staircases (Watson and Pelli, 1983) to identify values of
visual evidence coherence that, for each image, resulted in 70% accuracy on the perceptual
decision task (described in more detail below). Evidence coherence 6,;s was defined as
the proportion of signal frames in the visual evidence stream that contained the target
stimulus. The calibration procedure ensured that decision difficulty in the Cued Inference
phase would be identical for both target stimuli, effectively controlling for low-level visual
differences between the images that might systematically bias choices toward one of the
options. Participants completed 80 trials of the decision task (40 trials per staircase) during

the calibration procedure and received feedback on their choices.

3.2.3.2 Cue Learning

Next, participants learned the predictive probability 0,,e, of each cue (i.e., each colored
border) by observing a series of cue-image pairings in which the cue was presented prior to the
image it was probabilistically paired with (Figure 3.1, top). To ensure active engagement—
and to build up associative motor memories—participants were instructed to respond on each
trial indicating which image appeared on screen after the cue using the previously-learned
image-key mappings. Participants were told that there was a predictive relationship between
the cues and scene images, and that their broader goal for this phase of the experiment was
to learn that relationship. Finally, participants were also told that they were permitted to

respond in the inter-stimulus interval (ISI) between the onset of the cue and scene image
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if they desired. Regardless of when participants responded, they received feedback on their

response accuracy on each trial.

In order to maximally align learning and decision environments, we permitted the ISI between
cue and image onset to vary across trials according to a truncated exponential distribution.
This approach ensures a fixed hazard rate across learning trials, such that participants
are maximally uncertain about the temporal onset of scene images across learning trials
(Maniscalco and Peters, 2024). ISIs ranged from 750ms to 1500ms (mean = 892ms, mode
= 783ms). After a scene image appeared on screen, participants had up to 1500ms to make
their response. Post-trial feedback was displayed for 1500ms, and participants were told
that they should respond faster on the next trial if the feedback screen appeared before they

made a response.

Each cue was presented a total of 30 times and the order of cues was fully randomized,
providing participants 90 total observations of cue-image pairings. The objective probability
of each cue was defined as the frequency with which it preceded one of the two scene images:
each 80% cue thus preceded its dominant image 24/30 times it was presented and the 50%

cue preceded each image 15 times. Colors were randomly assigned to cue probabilities.

3.2.3.3 Cued Inference

In the final phase of the experiment, participants observed a rapidly-alternating (60Hz)
“stream” of the two scene images interleaved with pure noise frames (phase-scrambled su-
perpositions of the images) (Figure 3.1, bottom). Observers’ task was to report which of
the two scene images was presented more frequently (i.e., was the “target”) on each trial.
The proportion of target frames on each trial was defined by the calibrated coherence value
for that target’s trial, as estimated during the preceding Calibration phase. Crucially, this
visual evidence was presented inside the colored borders, ensuring that information about

the prior probability was always accessible to the observer. Participants were told that the
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predictive relationships they just learned between the colored borders and scene images also
applied in this phase of the experiment (i.e., “the correct answer is usually the one predicted
by the cue”). They were also instructed to respond as quickly and accurately as possible.
However, because we also elicited decision confidence ratings on each trial, participants did

not get feedback about their choice accuracy.

We incorporated two periods of stochastic visual noise into each Cued Inference trial. The
durations of these noise periods, as well as the brief signal period in between them, were
all drawn from separate truncated exponential distributions in order to guarantee a fixed
hazard rate across trials (Maniscalco and Peters, 2024). The maximum duration of any trial
was 4100ms, and any remaining time after the second noise period consisted of threshold-
level visual evidence. Immediately after making a decision, participants had up to 3000ms
to report their confidence in that decision’s accuracy on a scale of 1-4 (not confidence-quite

confident). Trials were separated by 1000ms intertrial interval.

Each subject completed 150 trials for each predictive cue (80% or 65%) and 75 trials for the
50% cue, thus completing 375 trials in total. The assignment of cue and target was fully
randomized across trials, with the probability of a scene image being a target for a particular
cue being defined by that cue’s true probability. This means that, for 20% of trials with
an 80% cue, the cue was incongruent with respect to the true trial target (i.e., its effective

prediction was 0.2).

3.3 Methods: computational modeling

We used two classes of computational models to interpret the experimental data. One class
of models was used to simulate data under the parallel and serial integration processes, and
the other class was used to perform parameter estimation (or “fitting”), on both human

subjects and simulated data. Simulation models used custom scripts run using MATLAB
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2025a,b and parameter estimation models were built using the pyddm package in Python
(Shinn et al., 2020).

3.3.1 Model specifications: simulation models

We simulated data from two models that correspond to unique theories about how expecta-

tions modulate perceptual decisions.

3.3.1.1 Simulation model: parallel process

The model in this section is introduced in Khoudary et al. (2026) and reproduced here for
convenience. Simulated agents sequentially sample evidence from two Bernoulli-distributed
evidence sources s = {memory,vision}. Each evidence source has a unique generating
parameter #,, which we assume to be unknown by the observer. We assume that observers
have varying degrees of evidence encoding noise €, and that stochastic periods of sensory
noise are treated as samples from a perfectly uncertain Bernoulli distribution, such that

vision evidence is generated according to:

Bernoulli(0.5) ift <ty Vit <t<teo
Ovist ~ (31)

Bernoulli(0ys(1 —€) + (1 — Oyis)e), if t >taq At <tpa V t>1g

where t4; is the onset of sensory evidence, t,o is the onset of the intermediate noise period,

and ts is the onset of the sensory evidence after being interrupted by the sensory noise.

A core idea of the parallel model, however, is that memory functions as its own independent
source of evidence. Accordingly, we assume that memory evidence is comprised of a stream
of samples that are uninterrupted by sensory noise, but still corrupted by evidence encoding
noise €. Crucially, we assume that memory samples are generated at a fraction of the rate

of visual evidence generation, such that:
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Omem, ~ Bernoulli(Opem(1 — €) + €(1 — Opem)) if (v ] 1) (3.2)

where 7 is a positive-valued integer. For all simulations in this paper, we assume v €
{5,6,7,8,10,12,15,20,30}. Relative to a visual evidence sampling rate of 60Hz, this gener-
ates memory samples 2-12Hz, which spans the low and high range of theta-oscillatory activity
that has been empirically linked to task-related associative memory retrieval (Vivekananda

et al., 2021; Seger et al., 2023).

Next, we posit that observers use samples from both evidence sources to form and continuously-
update a Beta-distributed belief gs(¢) about the value of 0, for each source (memory and

vision). Each new sample from each source updates the belief g,(t) according to:

Beta(as, , +1,08s,,), if o5, >0

9s(t) (3.3)

Beta(as, ,,Bs,_, +1), if o5, <0
We define internal evidence reliability A, as a term that captures both the central

tendency and variance of g,(t):

As = ) (g,(t) - H(X))™! (3.4)

where X is a vector of probability values ranging from 0 to 1 and H is the information
entropy function. Each source’s dynamically-estimated reliability value thus corresponds to
the dot product of the observer’s belief about that source’s signal strength 6, with the
information entropy function H(X). This creates a reliability estimate that quantifies how
informative an ideal observer ought to believe a particular evidence source is, based on how
informative it has been up to this point in the trial. We then define the weights on each

evidence source wg, using the standard ideal-observer model of cue integration:
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Amemoryt X o Avisiont
y Wyision =

(3.5)

Wmemory; —
/\fuisiont + )\memoryt

)\visiont + )\memoryt
We posit that observers weight each observation from each evidence source by these
source-specific weights, creating a decision variable x; that is a time-varying

reliability-weighted sum of samples from independent streams of memory and visual

evidence:

Ty = T—1 + Omemorytwmemoryt + Ovisiontwvisiont (36)
The decision process terminates according to
|z > 2 (3.7)

where z is a scalar defining the boundary separation (threshold) value.

3.3.1.2 Simulation model: serial process

To test whether reliability-weighted integration is restricted only to pre-evidence anticipation—
rather than continuously-evolving in parallel with sensory evidence accumulation—we spec-
ified a model where reliability-weighted integration stops once sensory evidence becomes
available. Visual evidence was modeled identically as in Equation 3.1. Memory evidence
was again generated using Equation 3.2, but terminated once t > t5;. We assumed that the
initial value of the decision variable is given by the terminal value of the memory accumulator

(Bornstein et al., 2023), such that:

Ti=s1 = Tmemorysi_¢ (38)

We then assume that the decision variable is a cumulative sum of samples from Equation

3.1, such that:
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Ti>sl = Tp—1 + Oypisy (39)

again with the process terminating once |z;| > z.

3.3.2 Model specifications: fitting models

We used two different models with a piecewise-constant approximation of the continuously-
varying drift rate specified by the parallel process. One model (“simple drift”) enforces
an identical effect of cue across all trials, whereas the other (“congruence-modulated drift”)
allows the effect of cue on drift to depend on the congruence of the sensory evidence with the
prediction from memory. Both models assume that observers use a fixed decision threshold
that is identical across levels of 6,,.,,, that the starting point of the process zq is fixed to
0, and that the “non-decision” time is 0. These settings allow for the most conservative
statistical test of the core ideas in our dynamic integration model: that memory is sampled
during the first noise (anticipation) period, that this sampling sets the starting point for
visual evidence accumulation (i.e., it is not set immediately upon the start of the trial),
and that time-varying effects of expectations are driven solely by modulating the drift rate
(rather than, e.g., the rate of threshold collapse). Internal evidence noise/diffusion was fixed

to ¢ =1 for all fits.

3.3.2.1 Fitting model: simple drift

The simple drift model specifies one drift rate per epoch (Figure 3.1C) on a trial-by-trial

basis, such that:
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Un1 if t < ts1

Vs1 if t> ts1 N <tpo

Vy = (310)
Vp2 if ¢ >tpo NT<tg

Vs2 if ¢ 2 tsQ

where t41, t,2, and 4 are the onsets for the first signal period, second noise period, and second
signal period respectively. Coupled with estimating the value of the boundary separation

parameter B, this model has n = 5 free parameters.

3.3.2.2 Fitting model: congruence-modulated drift

The congruence-modulated drift model further allows epoch-level drift rates to vary as a

function of the congruence between sensory and memory evidence, such that:

( (
Unl:cong if congruent Vsi:cong if congruent
Ynl =  —Vni:cong 1if incongruent Vsl = § Vsiiincong if incongruent
Upl:neut if neutral Vsl meut if neutral (3.11)
Un2:cong  if congruent Vsa:cong  if congruent
Yn2 = \ Up2iincong 1f incongruent ¥s2 = § Veoiineong  if incongruent
Vno:meut if neutral Vsoneut if neutral
\ \

where the conditionals on v; are identical to Equation 3.10. Note that in the first trial epoch—
the anticipation period—we constrain the value of v,; to be identical between congruent and
incongruent trials. This constraint reflects the fact that observers have no information about

cue-stimulus congruence during the initial anticipation period, and thus would not be able
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to modulate their drift rates by this factor at that point in time. Coupled with boundary

separation B, this model has n = 12 free parameters.

3.3.3 Model fitting

When fitting these models to data, we used the default method provided by pyddm which
has been shown to reliably recover time-varying drift rates (Shinn et al., 2020). The method
uses differential evolution to perform maximum likelihood estimation on the negative log
likelihood of simulated choice-RT distributions. Both models constrained the range of pos-
sible drift rate values to v = [0,12] and boundary separation B = [0.5,12]. Each subject
was fit individually, using their specific trial-level evidence changepoints for 4, t,2, and .

Trials where no response was made were omitted prior to fitting.

3.3.4 Data simulation procedure

We used a two-part procedure to simulate the serial and parallel models on the same
stochastically-varying evidence timeseries used in the experiment (see Section 3.2.3.3). First,
we identified combinations of sensory evidence strength 6,;s and decision threshold z that
resulted in 70% choice accuracy for a vision-only model when presented with noisy, but unin-
terrupted, sensory evidence. This mimics the calibration procedure used in human subjects
to fix the time-constant reliability of sensory evidence across trials. Then, we ran simulations
on the stochastically-varying sensory evidence using the paired 6,;; and z values to identify
steady-state model behavior across a range of plausible values for v and €. The following

subsections detail the procedure used in each step.

3.3.4.1 Threshold-coherence calibration

To identify pairs of sensory evidence strength 6,,;; and threshold z that fixed vision-only choice
performance to 70% accuracy, we ran 5,000 simulations of 100 trials for each combination

of 6,s, z, and e. Visual evidence presentation rate was set to 60Hz which, for a stimulus
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duration of 3000ms, resulted in n = 180 frame-level timesteps on each simulated trial. We
simulated the full-factorial combination of 6,;; € [0.52,0.65] with a step size of 0.01 and
z € [3,30] with a step size of 0.5. and € € {0.01,0.0575,0.1050,0.1525,0.2}. Within each
O,is * 2z * € combination, we computed the running average probability of making a correct
response across each run of 100 trials (n = 150,000 trials per cell). A response was classified
as correct if the decision variable exceeded the positive threshold value z, or, in the case of
trials where the boundary was not reached, if it had a positive sign at the last timestep of
the simulation. With these steady-state choice probabilities in hand, we then identified four

unique values of z that lead to 70% choice accuracy at varying levels of 6,,:

sensory evidence 0,; | threshold z | p(correct)
0.58 5 0.699
0.6 3.5 0.705
0.62 4 0.714
0.54 2.5 0.699

Table 3.1: Calibrated threshold-coherence tuples used to generate data from both the serial
and parallel models. Proportion correct responses averaged over 150,000 simulated trials.

3.3.4.2 Simulating behavior on the experimental task

After obtaining the calibrated threshold-coherence tuples, we then simulated both the se-
rial and parallel model on our experimental task. For each model, we simulated behav-
ior with the threshold-coherence tuples in Table 3.1, with 6,,.,, € {0.5,0.65,0.8}, with
v € {5,6,7,8,10,12,15,20,30} and with ¢ € {0.01,0.082,0.155,0.227,0.3}. To capture
differences in evidence encoding rate between the simulation and human subjects, we added
a variable x that slows down the rate of sensory evidence encoding identically to how ~ slows
memory evidence generation, and simulated both processes with x = [2,4]. For each of these

combinations, we ran 1000 simulations of 150 trials.
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3.4 Results

We developed a perceptual decision task where the relative reliability of expectations and
sensory evidence varied stochastically within the course of a single trial. Trial-level expec-
tation strength was set using the predictive probabilities 0,,.,, associated with each colored
border (Figure 3.1A), and trial-level sensory evidence strength was identical across all signal
epochs in the experiment. Thus, stochastically interrupting the visual evidence with epochs
of pure sensory noise (6,;s = 0.5) modulates the relative reliability of sensory and memory
evidence in a time-varying manner on each trial (Figure 3.1C). Because both starting point
and serial models predict that the decision variable should plateau during this period of time,
the key test of our reliability-weighted integration theory is whether the drift rate during
these intermittent noise periods (1,2) is greater than 0. To test this, we fit two comple-
mentary time-varying drift rate models to the data and compared their performance against
serial and start point alternatives. We also report exploratory analyses investigating whether

true and estimated values of 0, (Figure 3.1B) exert dissociable effects on behavior.

3.4.1 Learned cues modulate model-free choice behavior

An initial series of mixed-effects linear regression models confirmed that the learned cues
exerted canonical effects on choice-RT behavior. When modeling 6,,.,, = [0, 1], such that
values less than 0.5 correspond to incongruent trials, a logistic regression with a fixed effect
of 0,,em and random intercepts for subjects confirmed that choice accuracy increased with
the predictive match between expectation and sensory evidence (6 = 0.838, 215204 = 4.28,
p < .001). Further, log-transformed and z-scored reaction times (RT) were significantly
speeded as a function of O, (6 = —0.20, t14991 = —4.5, p < .001) as estimated by a
linear model with fixed effect for cue only. Random effects for subjects were omitted due
to the within-subject transformation of RTs prior to analysis. Finally, a linear model with

random slopes for subjects revealed that decision confidence also increased as a function of
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Omem (B = 0.23, t15145 = 5.96, p < .001), such that observers were generally more confident
as a function of cue-evidence congruence. Together, these findings confirm that observers’

learned expectations modulated behavior on the decision task.

Because choice, RT, and confidence are known to interact with each other in evidence ac-
cumulation tasks (e.g., Kiani and Shadlen, 2009), we additionally investigated how their
interactions were modulated by expectations (0,,emm). A linear model of RTs using 0em
and choice accuracy revealed a significant interaction, such that the effect of 6,,.,, on RTs
was significantly modulated by choice accuracy (Beorrect = —0.76, t14989 = —7.95, p < .001).
Pairwise contrasts at each level of 0,,.,, confirmed that incorrect responses were speeded by
incongruent cues and slowed by congruent cues (Table 3.2). Critically, the neutral cue did
not generate any differences in RT as a function of choice accuracy (Table 3.2, middle row),
further demonstrating behavioral sensitivity to the strength of cue predictiveness. The full

regression summary table can be found in Table B.1.

Qmem Aacc SE t p
0.20 | -0.23 | 0.04 | -5.81 | < .001
0.35 | -0.12 ] 0.02 | -4.18 | < .001
0.50 | -0.00 | 0.02 | -0.11 | 0.92
0.65 | 0.11 | 0.02 | 5.55 | < .001
0.80 | 0.23 | 0.03 | 7.78 | <.001

Table 3.2: Contrasts (error - correct) on estimated marginal mean RT (z-scored and log-
transformed within subject) at each value of 6,y

We then fit a linear regression with a three-way interaction among 6,,e.,, choice accuracy,
and RT as fixed effects with random intercepts for subjects. The model returned a significant
interaction between 0,,.,, and accuracy (5 = 0.89, t14400 = 11.02, p < .001), indicating that
observers became increasingly confident in correct responses as a function of cue-stimulus
congruence (Table 3.3). Interestingly, there was no significant interaction between 6,,c.,
and RT nor a significant three-way interaction, suggesting that RT did little to modulate

confidence in this task. Full regression summary is available in Table B.2.
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emem Aacc SE t p

0.20 | -0.25 | 0.03 | -7.43 | < .001
0.35 | -0.38 | 0.02 | -16.25 | < .001
0.50 | -0.52 | 0.02 | -30.84 | < .001
0.65 | -0.65 | 0.02 | -37.46 | < .001
0.80 | -0.78 | 0.03 | -31.56 | < .001

Table 3.3: Contrasts (error - correct) on estimated marginal mean confidence at each value
of Oprerm-

3.4.2 Predictive cues induce expectation-driven responding dur-

ing intermittent sensory noise

Having confirmed that behavior reflects canonical effects of expectations, we then conducted
the first statistical test of our reliability-weighted integration theory by fitting a response-
coded version of the “simple drift” model (Equation 3.10) to human subjects data. The
upper boundary corresponded to participants making a response that agrees with the cue’s
prediction, and the lower boundary corresponds to choosing the alternative not predicted
by the cue. Accordingly, positive drift rates reflect a choice bias in the direction of the cue.
In direct support of our theory, second noise drift rate v, averaged across participants and
cues was significantly greater than 0 (7,2 = 1.91, 40 = 4.9, p < .001). Table 3.4 shows that
other drift rates during all other periods of the trial were also significantly greater than 0,
indicating that observers were persistently biased toward responding according to the cue’s

prediction.

epoch v SEM | ¢t | df P
noisel | 0.854 | 0.23 | 3.76 | 40 | .001
signall | 2.21 | 0.40 | 5.53 | 40 | < .001
noise2 | 1.91 | 0.39 | 4.93 | 40 | < .001
signal2 | 1.84 | 0.29 | 6.44 | 40 | < .001

Table 3.4: Fitted drift rates from the response-coded model in each epoch, averaged across
subjects. P-values reflect a one-sample t-test against 0; SEM = standard error of the mean
(n=41).
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Next, we fit the congruence-modulated drift model (Equation 3.11) to the same choice data:
whether participants made a response according to the cue’s prediction. This more flexible
model allows us to test whether the probability of responding according to cue varies be-
tween congruent and incongruent trials, and addresses potential concerns that the previous
drift rate was driven by the necessarily unequal proportion of congruent trials relative to
incongruent. Critically, two-sample t-tests returned no significant difference in fitted drift
rates between congruent and incongruent trials, indicating that observers were equally likely
to respond according to the cue’s prediction regardless of whether that prediction accorded
with the correct answer as defined by sensory evidence (Table 3.5). Further, the model
specifying equal effects across trial types was preferred both by AIC (Agume—cong = —111.77)
and BIC (Agume—cong = —457.67), suggesting that the additional complexity introduced by
allowing drifts to vary by congruence was not warranted given the data.

epOCh ‘ Aﬂcongfincong ‘ t ‘ 95% CI ‘ df ‘ P

signall 1.02 1.72 | [-0.15, 2.19] | 77 | .089
noise2 0.39 0.65 | [-0.80, 1.58] | 77 | .515
signal2 0.23 0.47 | [-0.74, 1.20] | 77 | .6421

Table 3.5: No difference in fitted drift rates for the probability of making a cue-congruent
response between congruent and incongruent trials.

3.4.2.1 Threshold values reveal distinct response strategies

Our theory further makes the prediction that the drift rate during periods of sensory noise
should increase with the predictiveness of the expectation 6,,.,. Testing this prediction,
however, requires that drift rates are on approximately the same numeric scale. Inspection
of the fits revealed that (1) fitted boundary values exhibit a strong positive skew (Shapiro-
Wilk W = 0.79, p < .001; Figure B.1B) and (2) fitted drift rates across all epochs are
positively correlated with fitted boundary (all » > 0.6, all p < .001; Table B.3). Accordingly,
we median-split our sample into subjects with relatively low vs. relatively high fitted bound-
ary values in order to investigate effects of 6,,., on drift rates v. Figure 3.2A shows that

participants with low vs. high thresholds appeared to take qualitatively different approaches
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to completing the task, and that these trends are preserved across both experimental condi-
tions. Observers with higher thresholds generated RT distributions that are clearly bimodal,
with peaks during the second noise period (shaded gray region between x=1 and x=2, left
panel of Figure 3.2A) and the second signal period (white area after shaded region). Harti-
gan’s dip test on RTs in the high threshold group only rejected the null hypothesis of uni-
modality, providing statistical evidence for a bimodal response strategy (Dpighrhresn = 0.24,
p < .001). The same test returned a null result when applied to the low threshold group
(Diowrhresn = 0.003, p = 0.98), further corroborating a different response strategy between
the two groups. Observers with a low threshold appeared to treat the sensory evidence as
one continuous “stream,” with responses also peaking during the second noise period (Figure
3.2A, right panel). Interestingly, approximately one-fourth of responses were made during
the modal duration of the first noise period (shaded gray region from x = 0 to = = 0.75),

corroborating a similar finding reported by Bornstein et al. (2023).
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RT distributions: human subjects data
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Figure 3.2: Response-coded model fits to simulated and human-subjects data. Shaded gray
areas depict modal onsets and durations of the sensory noise periods, which followed a

constant hazard rate across trials. Note the difference in y-axis values across Figures B-D.

(A) RT distributions split between low and high threshold groups. (B) Fit of the response-

coded model to data generated by a serial process. (C) Fit of the response-coded model to
data generated by our parallel reliability-weighted process.

model to human subjects data, split by fitted threshold value. *** = p < .001, **=p < .01,

*=p < .05, =p<.l
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3.4.2.2 Threshold values are robustly recoverable for both serial and parallel

processes

Because our theory is agnostic about how threshold values should be set, we first assessed the
recoverability of the threshold parameter using data simulated according to the procedure
described in Section 3.3.4. For each combination € % v * k % 6,;,, we applied the response-
coded simple drift model to the binary outcome of whether a cue-congruent response was
made on that trial to 10 unique runs of 150 trials. Across all runs and combinations, the
correlation between generating and fitted threshold was strong for both the serial (r = 0.912,
10346 = 225.91, p < .001) and parallel (r = 0.894, t19797 = 207.28, p < .001) processes. Thus,
regardless of whether observers in our task deployed the parallel process under investigation
or the serial process previously reported by Bornstein et al. (2023), our fitting model should

reliably estimate group-level differences in the threshold /boundary separation parameter.

3.4.2.3 Cue strength modulates drift rates in observers with a low threshold

Now that we have shown that our model reliably discriminates high vs. low boundary values
across data-generating sources, we can investigate cue-driven differences in drift rates within
the low and high threshold groups. Figures 3.2B and C display fits of the response-coded
drift rate model to data generated from the serial and parallel processes, respectively, and
Figure 3.2D displays fits to human subjects data. To assess the effect of 6,,.,, on drift rate in
the simulated data, we first averaged the fits in each epoch across each of n = 10 independent
fits per v % € % Kk * 0,5 cell, and then used linear regression with fixed effects of each binning
variable as control regressors. For the human subjects data, we ran separate linear models

with a simple effect of 6,,.,, only on data pooled within each threshold group (low vs. high).

The key test of interest for our theory is whether human observers’ fitted drift rates during
the second noise period are significantly modulated by 6,,¢,, (or “cue”). As shown in Figure

3.2D, this effect was observed in the low threshold human subjects group (right; § = 3.91,
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tis = 2.26, p = .037) but not the high threshold human subjects group (left; 5 = —8.51,
tig = —0.96, p = 0.35). Interestingly, this trend carried over into the second signal period,
again with the low threshold group showing a significant effect of cue (8 = 3.37, t15 = 2.29,
p = .035) that was not present in the high threshold group (8 = —7.89, t;9 = —1.73,

= .101). Taken together, these findings indicate that observers with lower threshold values
were not only increasingly more likely to choose the cue-predicted option during the second
noise period, but also after the signal became available again post-noise. This finding lends
support both to our reliability-weighted integration theory, and conceptually replicates the

original Hanks et al. (2011) finding in a substantially different perceptual decision task.

3.4.3 Threshold modulates model-free effects of learned expecta-

tions on choice behavior

Given that neither our own nor Hanks et al.’s (2011) theory offer guidance on interpreting
qualitatively different choice dynamics as a function of response threshold, we conducted
another series of linear regressions to investigate one possible interpretation of the group-
level differences in threshold: that observers with higher thresholds for making a cue-based
response relied primarily on sensory information to make their choice. If this is the case,
then we ought to observe that the model-free signatures of expectation integration reported
in Section 3.4.1 differ between the low and high threshold groups. As shown in Figure
3.3, this is precisely what we found. A linear regression on raw RT returned a significant
interaction among between threshold group, accuracy, and Oer, (8 = —0.31, t14985 = —2.18,
p = .029). This interaction can be interpreted visually by contrasting the effect of cue on
error RT density in Figure 3.3A. Whereas both threshold groups demonstrated some amount
of slowing as a function of cue-evidence congruence (6., — 1), this difference only reached
statistical significance in the low threshold group, consistent with an interpretation that

these observers more strongly incorporated expectations into their decision process.
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Further evidence comes from the regressions on choice accuracy and confidence presented in
Figures 3.3B and C. The low threshold group (light green) exhibited a significantly steeper
increase in choice accuracy as a function of 0,,e, (8 = 0.66, 214980 = 3.4, p = .001). This
trend is particularly notable because the sensory evidence was calibrated to a level that
fixes choice accuracy to 70%, which is the value the high threshold group clustered around
for all values of 0,,¢,,. It follows, then, that the low threshold group exhibited the drop in
choice accuracy because they were more strongly weighting the evidence from their highly

incongruent expectations when making the perceptual decision.

One final piece of evidence comes from a significant three-way interaction among €,em,
choice accuracy, and threshold in predicting choice confidence. Whereas both the high and
low threshold groups demonstrated an increase in choice confidence as a function of cue-
evidence congruence (Figure 3.3C, right panel), the low threshold group became increasingly
less confident in their incorrect decisions, the high threshold group was uniformly uncon-
fident in their incorrect decisions (8 = 0.75, ti4043 = 4.18, p < .001). This interpretation
was confirmed on post-hoc contrasts on the interaction term, which returned a significant
difference in the slope over 6., between the groups in both incorrect (Apigh—ionw = 0.5,
t14943 = 3.482, p < .001) and correct (Apigh—tow = —0.22, t14943 = —2.31, p < .021) decisions.
This finding lends yet further support to the idea that the low threshold group more strongly

weights expectations in their choice behavior relative to the high threshold group.
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Figure 3.3: Fitted boundary values modulate model-free signatures of expectation integra-
tion. (A) RT distributions demonstrating that group-level differences in choice dynamics are
conserved across correct and error response. Gray regions depict modal onsets and durations
of sensory noise periods. (B) Observers with lower thresholds demonstrated greater accuracy
gains as a function of 0.,.. (C) Confidence in incorrect decisions is more strongly modulated
by 6., for observers with lower thresholds.

3.5 Discussion

We developed a cue-guided perceptual decision task that manipulated the relative reliability
of expectations and sensory evidence within a single decision by stochastically interrupting

the sensory evidence with periods of pure sensory noise. Critically, the onsets and durations
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of these noise epochs followed a fixed hazard rate across trials, meaning that observers could
not use elapsed time as a proxy for when sensory evidence would cease being informative.
This design allowed us to conduct a behavioral test of our time-varying reliability-weighted
alternative to Hanks et al.’s (2011) explanation for dynamic effects of expectations, which
posits that observers use elapsed time to infer the reliability of sensory evidence on a trial-

by-trial basis.

In direct support of our theory, we found that observers exhibited significant cue-based
responding during these periods of intermittent sensory noise (Figure 3.2). Further, this
increased probability of cue-based responding persisted through the end of the trial, concep-
tually replicating the original finding of Hanks et al. (2011) under conditions of substantially
greater uncertainty. Interestingly, these trends were significantly modulated by the threshold
that observers adopted when performing the decision task. Only observers with thresholds
below the median fitted value demonstrated behavioral signatures of dynamic effects of ex-
pectations. Observers with higher thresholds had higher drift rates overall, but they were
not modulated by the predictiveness of the cue. Further, their reaction time distributions
exhibited significant bimodality that was not observed in the lower threshold group, sug-
gesting that the boundary parameter distinguished between two classes of strategies that

observers used to complete our task.

What might those strategies be, and how do they relate to the psychological questions of
interest? One possibility is that observers with higher boundary values opted to rely more on
vision than memory for performing this task. We conducted a series of additional regression
analyses to investigate this possibility, and found that threshold group significantly modu-
lated the effect of expectations on all three behavioral measures collected in the experiment
(choice accuracy, RT, and confidence). The form of these interactions across all three mea-
surements lend converging support to an interpretation that higher thresholds for making

cue-based responses were associated with dampened behavioral signatures of expectation-
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guided choice (Figure 3.3) or—by the same token—increased time-constant weighting of

sensory information in the decision process.

These findings raise a number of interesting questions to be addressed by future research.
Do these group-level differences in evidence weighting generalize to other tasks, in the labo-
ratory or beyond, such that they reflect stable individual differences in dispositions to attend
to internal versus external information? Or do they reflect rational, context-sensitive ad-
justments based on metacognitive monitoring of learning, memory, and decisional processes?
Although the specific model we test in this article is agnostic with respect to these questions,
the broader theoretical framework to which it belongs—experience-dependent uncertainty as
a normative constraint in and of itself—suggests that these two possibilities are not mutually
exclusive. Individual differences in weighting of internal and external information can—and
should—reflect the expected value of acquiring information from that source (Landy et al.,
2011; Wang et al., 2021; Sutton and Barto, 2018; Kobayashi et al., 2021). These “unimodal”
expectations about how reliable internal evidence is relative to the information available from
the sensory environment are learned and updated across multiple timescales, from early-life
experiences that scaffold our development over time (Harhen and Bornstein, 2024) to highly
localized, task-specific beliefs formed in laboratory settings (Rouault et al., 2019). Elu-
cidating the neural and computational principles driving—and constraining—the learning
and integration of these expectations can thus advance basic scientific understanding of how
learning, memory, and perceptual systems work in concert to facilitate flexible, robust, and

adaptive behavior.

3.6 Conclusion

We have shown that learned expectations exert time-varying effects on perceptual decisions.
Contra early starting point models, which posit a time-constant, pre-decisional locus of

expectation-integration, we provided experimental evidence supporting a theory whereby
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expectations function as their own independent source of internal evidence that observers
sample from in parallel to sensory information. Critically, our theory posits that expectations
and sensory evidence are combined according to a time-varying estimate of the relative
reliability of the two evidence sources, where reliability is defined as how informative that

source is with respect to the ongoing decision.

While these findings constitute preliminary empirical support for the theory, they are also
limited in their scope. First, although we demonstrated statistical support for the key signa-
ture of our theory, we did not compare its quantitative performance against other plausible
fitting models (e.g., enforcing that expectations have their effects only only the starting point
or during the anticipation period). Ongoing work specifying appropriately-parameterized al-
ternative models, and determining the relevant methods of model comparisons, will address
this gap. A second limitation of the current findings is that effects of cue strength were ma-
nipulated between-subjects, potentially confounding effects of expectation strength with the
overall uncertainty in the decision environment. We plan to run a follow-up study manipulat-
ing expectation strength within-subjects, and also including some proportion of trials where
the second noise period continues on until the decision times out. This latter manipula-
tion ought to minimize the prevalence of “waiting” strategies observed in the high-threshold

group, thus allowing for a more statistically powerful test of our hypothesis.
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Chapter 4

Reasoning goals and representational
decisions in computational cognitive
neuroscience: lessons from the drift

diffusion model

4.1 Introduction

Formal theorizing via computational modeling is often lauded as a solution to meta-scientific
challenges in the brain and behavioral sciences (Forstmann et al., 2011; Grahek et al., 2021;
Guest and Martin, 2021; Muthukrishna and Henrich, 2019; Press et al., 2022; Robinaugh
et al., 2021; Turner et al., 2019b). While formal computational models indeed have much to
offer toward this end, we also recognize them as incredibly powerful and flexible tools that—
when misused—can create even worse problems that they were initially applied to solve.
Further, subfields of psycholgy that rest upon decades of formal modeling work face their own

meta-scientific challenges that—Dby their natures—cannot be resolved by use of a model alone.
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In this article, we aim to demonstrate the utiltiy of philosophical research for mitigating
and /or resolving such meta-scientific challenges. To do this, we have compiled insights from
foundational and recent work in philosophy of modeling to develop a “philosophical toolkit”
for computational cognitive modeling. We take as an applied example sequential sampling
models of choice-reaction time, with a focus on the drift diffusion or diffusion decision model

(DDM).

A number of factors motivated our goal to focus on sequential sampling models. First,
this family of models, and the DDM in particular, is highly prominent in computational
cognitive (neuro)science. This fact, together with the aforementioned goal of integrating
formal models into psychological research, has created demand for a number of different
software packages that increase the accessibility of these formal modeling tools (e.g., the
“EZ-DDM” by Wagenmakers et al. (2007) and the “PyDDM” by Shinn et al. (2020)). A
philosophical and conceptual analysis of how these models work and what factors need to
be considered when using them both supports newer researchers’ entry to this research area
and helps mitigate confused applications or erroneous conclusions that might arise in the
course of learning how to use these tools.! We further hope that our toolkit offers experienced
researchers an opportunity to reflect on their own modeling practice and the goals that shape
it. Finally, we aim to contribute to the philosophical literature a rich case study about a
family of models that have been almost entirely overlooked by the discipline. Whereas the
merits and limitations of, e.g., connectionist and Bayesian models have received substantive
philosophical attention, the DDM has has only featured marginally in recent work, primarily
as an example of cognitive models more broadly (Figdor, 2018; Drayson, 2020; Gamboa,
2024). Thus, we hope this introduction to the DDM and its broader model family can serve
as a starting point for future philosophical research about the role(s) of these models in

computational cognitive (neuro)science.

IThis article is not intended as a guide for software usage. Conceptual and practical considerations
related to implementing computational cognitive models can be found in Cooper and Guest (2014), Lee and
Wagenmakers (2014), Lin and Strickland (2020), and Wilson and Collins (2019).
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We first provide readers with a collection of philosophical tools for thinking about the practice
and products of computational cognitive neuroscience research. We then demonstrate the
utility of such a “toolkit” in two ways: philosophically introducing the DDM, and then
presenting a novel conceptual analysis of a long-standing debate about the form of decision
boundaries in the DDM (the collapsing bounds debate; Figure 4.1). This analysis is also
one of the first contributions to the debate that does not aim to argue in favor of one form
versus the other. Rather, by explicating the reasoning goals motivating each “side” in the
debate, we argue (1) that the forms offer complementary rather than competing explanations
and (2) that the difference in those explanations reflect the different aims of two groups of
users (cognitive psychometricians and theoretical decision/neuroscientists). We conclude our
analysis with a principled heuristic for choosing between forms of the model implicated in

the debate.

4.2 Philosophical tools for thinking about computa-
tional cognitive models

The term “model” is used to refer to a number of related but functionally distinct objects
involved in scientific research. One thing common to most models is that they are representa-
tions of a target—some phenomenon in the natural world—that make it easier for a human
(or group of humans) to reason about that target (e.g., van Rooij, 2022). This article focuses
on models that are abstract representations of the latent entities and processes generating
an organism’s behavior, often called cognitive or process models. Scientists use these models
both to predict how an organism (or agent) will behave in response to experimental manipu-
lations, and to explain why a particular manipulation induced the behavioral response that
it did. In some cases, these models are also tasked with predicting and explaining changes in
neural activity related to changes in behavior. Finally, scientists sometimes use these models

simply as measurement devices for quantifying individual differences in latent properties or
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processes that are relevant for a broader type of explanation. Thus, the same model can be
used in the service of different goals (prediction, explanation, measurement) directed toward
targets at different conceptual /spatiotemporal scales (cognitive processes and/or neural ac-
tivity). This multiplicity is both what makes models so useful for scientific practice and
is a primary factor contributing to confusion and debates about how best to use models in
scientific research. Reviewing some philosophical research concerned with the questions of
what models are and how they work can help mitigate these confusions while also offering a
salve against the “existemic”? concerns that model-based cognitive (neuro)science research

can so frequently incur.

Based on the uses described above, the types of models we consider in this article are
simultaneously (i) abstract representations of latent entities and processes that generate
an organism’s behavior, (ii) theories that predict and explain changes in the organism’s
behavior, and (iii) devices for measuring the latent entities and processes represented in
the model. Based on the topics discussed in our case study, we focus our attention on
properties (i) and (ii), with a particular focus on how these properties relate to model-based
explanations. Following Weisberg (2013), we consider these models computational if their
theoretical content appeals to transition rules or an algorithm (i.e., a series of steps specifying
how an initial state is transformed into an output)®. Importantly, these properties do not
apply to all of the models used in the behavioral and brain sciences, and certainly not to

all of the objects reasonably considered scientific models.* But they do aptly characterize

2We coin “existemic” to refer to feelings of existential dread brought about by reflecting on the epistemic
limitations of particular ways of knowing about the world.

3Weisberg (2013) considers computational models a special case of mathematical models because of
how scientists use them to explain. On his account, mathematical models use sequences of states or an
equilibrium as the explanation, whereas computational models use the procedure that specifies how an input
is transformed into an output. See also Richmond (2024) for a complementary perspective.

4For example, some models are concrete representations, like scale models used in architectural engineering
and rodent models used in translational neuroscience research. Other models are abstract representations
that compactly summarize many observations about a target process, or describe how a target responds
when it is intervened upon, rather than comprising theories that can be used to explain why the target
responded how it did. These types of models are often called “descriptive”, “phenomenological”, or “data”
models.
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the use of sequential sampling models in contemporary computational cognitive neuroscience
(see also Forstmann et al. (2016), and Turner et al. (2019a) for additional examples). The
rest of this section introduces the philosophical research that has clarified our own thinking
about these models. Readers primarily interested in learning about the DDM can skip ahead

to Section 4.3.

4.2.1 Tools for thinking about models as representations

Our toolkit begins with a survey of some philosophical literature concerned with the rep-
resentational nature of formal models, with a focus on concepts most relevant to our case

study in the next chapter.

A large body of research spanning philosophy of science, philosophy of mind, and philosophy
of language is devoted to explicating the concept of representation; Frigg and Nguyen (2021)
offer a helpful overview for readers interested in the role of representations in science. For
our purposes, it suffices to say that a model becomes a representation of a target when a
model user—a human who builds or interprets the model-—decides that they are going to
map components and processes of the target onto components and processes of the model,
ultimately with the goal of using properties of the model to reason about corresponding
properties of the target (Winsberg and Harvard, 2024). On this view, a model represents
a target by “standing in” for the target in a way that permits the model user to reason
about their target on the basis of interacting with the model. This process has been called
surrogative reasoning in the philosophical literature. When coining this term, Swoyer (1991)

offers a helpful example:

By using numbers to represent the lengths of physical objects, we can represent
facts about the objects numerically, perform calculations of various sorts, then

translate the results back into a conclusion about the original objects. In such
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cases, we use one sort of thing as a surrogate in our thinking about another (p.

87).

Computational cognitive models use mathematical objects (numbers, distributions, vectors,
etc.) and equations to represent the cognitive entities and operations that generate an
organism’s behavior. Scientists thus use these mathematical representations as surrogates
for thinking about what processes “under the hood” are driving behavior. Recent work in
philosophy helpfully distinguishes between a model’s structure and its construal: the first
being the mathematical objects and equations comprising the representation, and the second
being how those abstract objects are meant to be mapped onto objects and processes in the
physical world, respectively (Weisberg, 2013; Andrews, 2021). The simple example above
demonstrates how construals are necessary for interpreting the structure of a model. If a
user was presented only with the set of numbers that correspond to the length of physical
objects, but was not told what properties of the physical world those numbers are correspond
to, they would (1) have little to no guidelines for constraining the types of mathematical
reasoning appropriate to perform with that representation and (2) have no way of translating
the results of even simple mathematical operations on the representation into actions in the
real world. Construals thus function as a “bridge” between the mathematical domain where
we construct and manipulate a representation of the target and the physical domain wherein
we intervene upon and collect measurements from it. As such, they are central to the practice

of model-based scientific research.

On Weisberg’s (2013) account, a model’s construal consists of three components: assignment,
scope, and fidelity criteria. The assignment of a model explicitly specifies how parts of the
target system are mapped onto parts of the model; in other words, it states what each
variable in the model is supposed to correspond to inside an organism’s head. The scope of a
model specifies which aspects of the target the model aims to represent (and, by extension,

which aspects it does not aim to represent). Considering a model’s intended scope is essential
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for determining which types of measurements from the target are meaningful for assessing
the performance of the model. The final components of a construal, fidelity criteria, are the
benchmarks that model users reference in order to determine whether they have a “good”
model of their target. Our case study in the next chapter demonstrates how differences in
fidelity criteria between different subgroups of researchers using the DDM have resulted in

current “competing” forms of the model.

A point we wish to emphasize is that both a model’s structure and its construal are the
products of decisions made by users who build and apply the model to data. And just
like in cognitive decision-making, these representational decisions—determining what
properties of the target to include in the model and how to represent those properties math-
ematically (Harvard and Winsberg, 2022)—are subject to variation across users in different
subfields, across users within the same subfield, and even within a single user applying the
same model in different contexts. We argue that this variability reflects the multifaceted roles
that models play in scientific reasoning, and that understanding the factors contributing to
variability in representational decision-making is essential for informed, critical engagement
with model-based scientific research. Echoing recent work in philosophy (Danks, 2015; Po-
tochnik and Sanches de Oliveira, 2020; Weisberg, 2013; Winsberg and Harvard, 2024) and
computational neuroscience (Blohm et al., 2020; Kording et al., 2018), we aim to demon-
strate how model users’ reasoning goals—which aspect(s) of the target they aim to reason
about and how they wish to perform that reasoning via the model—are primary drivers of
variability in representational decisions. Because representational decisions determine both
a model’s structure and its construal (which itself specifies fidelity criteria), this position
implies that reasoning goals shape the model-based research process all the way down to

quantitative model comparison procedures.

One might worry that permitting even quantitative model comparison procedures to vary

according to a user’s goals might be too flexible of a philosophy of modeling for the prac-
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ticing scientist. On our view, however, this position is an inevitable consequence of the fact
that most—if not all—formal models are incomplete representations of their target systems.
Because this property of models makes them technically false with respect to their target
(Frigg and Hartmann, 2020; Wimsatt, 1987), model users cannot rely simply on the “truth”
or falsity of models in order to select the best among them. A prominent line of reasoning
in philosophy thus suggests that models be evaluated by their adequacy for purpose rather
than verisimilitude (i.e., true or accurate representation of the target) alone (e.g., Parker,
2020)°. By positing that the goal of modeling is to identify representations that are useful,
rather than strictly-speaking true, the adequacy-for-purpose view further emphasizes the
central role of reasoning goals in model-based science: they define the purpose against which
a model’s adequacy is evaluated. Because different models are built and/or applied in the
service of different reasoning goals, it is desirable to allow fidelity criteria to vary according to
the reasoning goal being pursued. The task of model-based science thus becomes identifying
which representations are adequate for which purposes, and, at a higher-level, identifying the

reasoning goals that are most useful for making progress on particular scientific questions.

Further motivation for the adequacy-for-purpose view comes from the heavy use of ideal-
ization in formal models of complex systems (Cartwright, 1983; Potochnik, 2018). When
scientists build idealized representations of their target systems, they build representations
that intentionally misrepresent features of their target in order to make reasoning about it
easier. It can be useful to distinguish between omissive and disortive idealizations: those
that remove certain properties of the target from the representation (e.g., choosing not to
represent neural dynamics in a cognitive model) and those that represent known properties
in a way that is known to be inaccurate (e.g., assuming that observers have perfect knowl-
edge of the environment), respectively. These complementary forms of idealization—at play

in nearly all formal models—permit users to build representations that “selectively attend”

SReaders might already be familiar with this position on the basis of the popular aphorism “all models
are wrong, but some are useful” (Box and Draper, 1987, p. 424)
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to components of the objects that the model user wishes to reason about (Portides, 2021).
In doing so, the model reduces the complexity of the target such that reasoning about it
becomes more tractable for the model user. The task of modeling, again, becomes identifying
the degree and type(s) of idealizations that are most useful for one’s purposes. The rest of

this chapter aims to provide tools for thinking about this set of decisions.

4.2.2 Tools for thinking about models as explanations

Equipped with some tools for thinking about models as representations, we next turn to
research in computational neuroscience and philosophy to consider the types of reasoning
goals enabled by formal models. Kording et al. (2018) helpfully identify twelve different
reasoning goals most commonly pursued in computational neuroscience, while noting that
“it is impossible to produce an exhaustive list” (p.3). Wimsatt (1987) also proposes “Twelve
things to do with false models” (pp. 7-8) based on his work with formal models in engineering.
That these two lists minimally overlap both reflects how broad the space of possible reasoning
goals is in model-based science, and highlights the utility of integrating insights developed
independently in neuroscience and philosophy. Based on the argument we develop in the case
study, we will focus our discussion here on reasoning goals related to explanation.® First we
discuss how formal models give explanations of empirical targets and then contrast different

types of explanations formal models can give.

Foundational work in the philosophy of scientific explanation distinguishes between an ob-
servation or phenomenon that scientists aim to explain (i.e., an explanandum) and the expla-
nation that scientists give of it (i.e., the explanans; Hempel and Oppenheim, 1948).” When

a formal model is used as an explanation for some explanandum, the model’s structure func-

SExplanation is one of the oldest topics in philosophy of science and thus cannot be exhaustively covered
here. Helpful introductions to ongoing philosophical work on explanation in the cognitive and brain sciences
can be found in Kaplan (2017) and a special issue edited Colombo and Knauff (2020).

"Whether an explanandum is different from a model’s target depends on what the user construes as the
target of a particular model. In the case when the target is a particular pattern of observations observed in
particular experimental contexts, there is no meaningful difference between a target and an explanandum.
However, when the target of a model is a general (neuro)cognitive process (e.g., speeded two-alternative deci-
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tions as the explanans (Weisberg, 2013). In other words, the target’s behavior is explained
by virtue of the structure of its formal /mathematical representation. Weisberg (2013) argues
that, in computational models, this structure is comprised of the procedures (or algorithms)
that specify how an input state is transformed into an output, a position we adopt here as
well. On this account, computational cognitive models explain the behavior of their targets
by relating (or “mapping”) changes in observed behavior onto changes in the parameter val-
ues and/or configurations of the latent procedures represented in the model’s structure. This
mapping can be achieved both by simulating the target’s behavior on different parameter
values or configurations of the model’s structure (i.e., “simulation”) and/or by identifying
parameter values of components of the structure that maximize the likelihood of observing

a particular set of observations from the target (i.e., “model fitting”).

At the heart of both these approaches to model-based explanation is the notion of a model
“capturing” properties of its target. Weisberg (2013) proposes that scientists use two differ-
ent types of fidelity criteria to assess whether—and in what ways—a model “captures”
features of its target. Dynamical fidelity refers to the quantitative similarity between mea-
surements taken of the target and numerical estimates generated by the model (e.g., its nu-
merical “goodness-of-fit”), whereas representational fidelity refers to how closely a model’s
structure matches the causal structure of the real-world phenomenon (Weisberg, 2013). For
our purposes, the relevant sense of “causal structure” is synonymous with the “type of ex-
planation” a user wishes to attain by reasoning with the model, a topic we treat in the next
paragraph. We will call our notion “explanatory fidelity” to differentiate it from Weisberg’s
(2013) causal notion of representational fidelity. Importantly, these notions of fidelity are
defined independently of the methods used to evaluate them, meaning that model users have

to make representational decisions in order to evaluate the fidelity of their model: decid-

sion making), then particular observations of the target in particular contexts constitute different explananda
that the model is tasked with unifying into a single generative formal structure.
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ing what kind of criteria are most appropriate for their overall goals and how they wish to

evaluate their model with respect to those selected criteria.

Our case study in the next chapter demonstrates the utility of fidelity criteria as tools for
thinking about model-based research. In particular, we highlight how the two “competing”
forms of the DDM (with and without collapsing decision boundaries) reflect differences in
fidelity criteria between communities of scientists using the model, and argue that these dif-
ferences reflect the different explanatory aims of each community. To do this, we make use
of a popular taxonomy that distinguishes what, how, and why approaches to giving explana-
tions (Dayan and Abbott, 2005; Ross and Woodward, 2023). The “what” approach focuses
on characterizing how the target behaves under various circumstances, and is commonly
thought to be the goal of descriptive models that are not generally thought to be explana-
tory. The “how” approach focuses on decomposing a target’s behavior into its constituent
parts and processes, and can be said to explain the behavior of the target by virtue of those
constituent components; this is commonly considered as the goal of mechanistic models in
neuroscience (Craver, 2007; Dayan and Abbott, 2005). The “why” approach focuses on
identifying properties of the target that require it to behave in particular ways under partic-
ular circumstances; this is how we understand the goal of normative models in neuroscience

(Anderson, 1990; Dayan and Abbott, 2005).

In computational neuroscience, labels from the above taxonomy are commonly used to refer
to the entirety of a model’s structure. Our case study, however, demonstrates that these
properties can also be applied to individual components of a model’s structure, such that
a particular stage in the input-transformation process can be normative (or mechanistic,
or descriptive) even if the structure as a whole is not. Although this perspective might
complicate usage of the taxonomy, it reflects growing agreement among philosophers that
not all components of a model need to contribute to the user’s ultimate purpose in the same

way (Weisberg, 2013). Some model components, for example, are included simply because
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the fitting process would be intractable without them; they are thus included for practical
reasons. Other components might be included because a user thinks that component is
important for their ability to reason about their target with the model, but particular details
about the component might be irrelevant for how it ultimately figures into the primary
reasoning goal (e.g., the non-decision term in the DDM). Ideally, model users are explicit
about how they intend for each component of their model to be construed with respect to
their target, and models are constructed in such a way that these “convenience variables” are
not central to the explanation a particular model provides. But because this is not always
the case, it is crucial that users keep the heterogeneity of justifications for representational

decisions in mind when engaging with the products of model-based research.

4.2.3 Tools for thinking about models as normative explanations

This final section of the toolkit provides a brief conceptual analysis of the practice of nor-
mative modeling. Our motivations for doing so are (1) to equip readers with the necessary
resources for engaging with key topics in the case study, (2) to articulate our own perspec-
tive on the role of normative models in computational cognitive neuroscience, and (3) to
give readers tools for thinking about a concept that figures heavily in both scientific and

meta-scientific debates about perceptual decision making (e.g., Rahnev and Denison, 2018).

Like the term “model”, the term “normative” has a number of different but closely related
meanings. In general, a normative statement is one that prescribes a particular course of
action in a particular scenario. These statements (or logical attitudes) thus take the form:
if your goal is X, then you ought to Y. Norms thus create a standard or benchmark for
evaluating behaviors as good/correct or bad/incorrect. Crucially, as the logical form makes
clear, the accuracy or “goodness” of a particular action is determined relative to a particular

goal. Normative models in computational cognitive science leverage this property to offer
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explanations about why the target behaved as it did. Users achieve this goal by formally

specifying

1. an objective function: the problem the target is trying to solve (e.g., choosing between

two options in the shortest possible amount of time)

2. the environment in which it is tasked with solving that problem (e.g., one with or

without feedback after each choice)

3. the procedure that a target uses to solve that problem (e.g., sequential sampling to a

fixed threshold).

Optionally, users can add a fourth component capturing any constraints they wish to impose

on the procedure (e.g., leakage or loss of accumulated evidence over time)®.

This compre-
hensive formal representation allows users to identify the logical or mathematical limit of
the specified target’s ability to solve the specified problem in the specified environment, i.e.,
optimal behavior on the experimental task. A common explanatory approach is thus to state

that the target exhibited a particular pattern of behavior because it is the optimal solution

to the formally-specified problem.

This type of optimality explanation is made possible by formal frameworks, which can be
defined a set of axioms/postulates (i.e., statements accepted as true), formal /mathematical
objects, and rules constraining the relationships among those objects. In other words, formal
frameworks offer model users a “grammar” for expressing questions and answers in a format
that permits quantitative assessment (Guest and Martin, 2021; Press et al., 2022). Sutton

and Barto’s (2018) textbook on reinforcement learning offers a helpful example?:

81dentifying normative solutions to formal problems that represent different types of constraints a user
wishes to incorporate into their model is the premise of the resource-rational approach to cognitive modeling
(Lewis et al., 2014; Lieder and Griffiths, 2019)

9Some common formal frameworks in psychology and neuroscience include signal detection theory, se-
quential analysis, information theory, Bayesian inference, and Markov decision processes.
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The MDP [Markov decision process| framework is a considerable abstraction
[idealization] of the problem of goal-directed learning from interaction. It pro-
poses that whatever the details of the sensory, memory, and control apparatus,
and whatever objective one is trying to achieve, any problem of learning goal-
directed behavior can be reduced to three signals passing back and forth between
an agent and its environment: one signal to represent the choices made by the
agent (the actions), one signal to represent the basis on which the choices are
made (the states), and one signal to define the agent’s goal (the rewards). (p.

50, bracketed text added)

The above quotation also highlights the central role that idealization plays in normative
modeling. Because axioms of formal frameworks primarily function to promote mathematical
expressivity, modelers often have to make a number of distortive assumptions about their
targets in order to build normative models of its behavior. A common example is the
widely-used assumption that agents have perfect knowledge of the statistical properties of
their environment (e.g., Wald and Wolfowitz, 1948). This assumption exemplifies a distortive
idealization of the target because modelers do not often think that the target actually has
this perfect knowledge—either in the real world or in the experiment—but still represent
their target in this way because it allows them to compute a normative benchmark for
performance on the task. Our case study demonstrates two approaches users of the DDM

have taken when the assumptions of existing models are inadequate for their reasoning goals.

The pervasiveness of idealization in normative models complicates the question of how to
interpret the failure of a normative model to explain its target. Discussions concerning the
“Great Rationality Debate” in economic decision making!'® suggest three classes of possible

interpretations: (1) that the target is generally suboptimal on this task, (2) that more

10This is one of the first debates in the behavioral and brain sciences to turn a critical eye to notions of
optimality shaping the collective scientific project. The debate concerned whether human economic decisions
are “rational” according to formal theories developed in economics. Overviews of the debate can be found
in Stanovich and West (2000) and Tetlock and Mellers (2002).
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empirical data are needed to understand what factors drive suboptimal performance on this
task, or (3) that the formal definition of optimality is inadequate for explanatory purposes.
A complementary debate has recently begun in the study of perceptual decision making, with
researchers questioning broadly-scoped claims about the optimality of perceptual decisions.
Rahnev and Denison (2018) comprehensively review evidence demonstrating that humans
behave suboptimally on every type of task where their behavior has been considered optimal.
The authors do not suggest that the data license an inference that humans are perceptually
suboptimal (option 1 from the rationality debate), but instead that the field drop its emphasis
on optimality in favor of building detailed models that capture all aspects of the perceptual

decision process (a model-focused version of option 2 from the rationality debate).

Rahnev and Denison (2018) identify two conceptual challenges of normative models that mo-
tivate their suggestion. The first pertains to the variability of optimality definitions across
model specifications, and the second pertains to the utility of optimality claims for predicting
and explaining behavior. At a broader level, Rahnev and Denison’s (2018) critique can be
understood as a much-needed reminder for the field that optimality is not a property of tar-
gets that can be “discovered” using scientific methods because it is not something that exists
independently of the mathematical models that are used to define it. This is exemplified by
optimality claims being inherently contextual in nature (i.e., dependent on formal specifica-
tions of the objective function and the environment) and based on idealized representations
of the target. Our suggestion, in line with option 3 from the rationality debate, is that users
leverage these properties to build normative models that better align with their goals in
reasoning about a target. Exploring normative solutions to formally-specified questions not
yet addressed in the literature is a principled and straightforward way to advance theorizing
in neuroscience, and often motivates the creation of novel experiments that measure the
target’s behavior in these differently-idealized settings (e.g., Harhen and Bornstein, 2023;

Khoudary et al., 2022). Our case study, which we turn to in the next chapter, demonstrates
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how this approach to normative modeling has been pursued by communities of users of the

DDM.

4.3 A philosophical introduction to the DDM

We now turn to the target of our case study: the diffusion decision (or drift diffusion)
model of decision making (DDM). The DDM is one member of a family of models that
represent decision-making as a process of evidence accumulation, or adding up information
over time. These models typically assume that decision-makers are forced to decide between
two possible options (i.e., two-alternative forced decision-making), but variants that permit
reasoning about more than two options continue to be developed (e.g., Tajima et al., 2019;
Villarreal et al., 2024). Models in this family are conceptually united by the sequential
sampling framework in psychology and neuroscience (Forstmann et al., 2016; Gold and
Shadlen, 2007; Ratcliff et al., 2016; Shadlen and Shohamy, 2016), which itself draws on the

framework of sequential analysis in statistics (Barnard, 1946; Wald, 1945).

The conceptual framework of sequential sampling posits that humans and other animals
make decisions by continuously sampling information from an evidence source, extracting
and integrating decision-relevant information over time, and committing to one of the op-
tions once the accumulated evidence surpasses a threshold value. The formal framework of
sequential analysis permits specifying normative solutions to the accumulation process, and
thus can be used to build models that optimize the tradeoff between decision accuracy and
deliberation time (i.e., the speed-accuracy tradeoff). Importantly, however, not all models in
this family are normative. A major strength of the sequential sampling framework is the gen-

erality and flexibility of its conceptual entities (e.g., “evidence”), both of which permit users

L An interesting and relevant bit of history is that two different goals led to independent developments
of the sequential analysis framework during World War II. One goal was enhancing efficiency of industrial
output (Barnard, 1946; Wald, 1945), and another was cryptanalysis to decode enciphered German messages.
This latter method was derived by Alan Turing, and the relationship of Turing’s framework to sequential
sampling is detailed quite nicely in Gold and Shadlen (2002).

129



to specify a wide range of models that can be construed at various spatiotemporal scales. In
what follows, we use Weisberg’s (2013) notions of structure, scope, and assignment both to
offer a philosophical introduction to the DDM. On Weisberg’s account, a construal consists
of a scope, assignment, and fidelity criteria; we use this final component to structure the

case study in Section 4.4.

A. Extended Drift Diffusion Model B. Diffusion model with collapsing boundaries
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Figure 4.1: Graphical depictions of two standard forms of a diffusion model of speeded two-
alternative choice. Standard interpretations of the key variables are provided in the main
text. (A) The extended drift diffusion model. This form of the model features parameters
whose values vary trial-by-trial but remain fixed within the course of a single trial. Starting
point (yellow) and non-decision time (red) values are drawn from uniform distributions and
drift rates (blue) are drawn from normal distributions. Threshold values (green) are constant
within a trial, and can be allowed to vary as a function of experimental condition and/or
participant. (B) The diffusion model with collapsing decision boundaries. This form of
the model features parameters whose values are effectively fixed trial-by-trial and decision
boundaries whose values decrease (“collapse”) over the course of a single trial. Drift rate and,
in some models, starting point are permitted to vary as a function of experimental condition
but are assumed to have fixed effects across trials within an experimental condition.

4.3.1 Formal structure of the DDM

Recall that on Weisberg’s (2013) account, the structure of a model refers to the mathematical
objects and relations that comprise the formal representation of a target. In the DDM, this
representation consists of components commonly termed starting point, decision variable,

drift rate, internal noise, decision threshold, and non-decision time. This formal represen-
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tation is presented graphically in Figure 4.1. Mathematically, the evidence accumulation

process operating in the DDM is expressed as:

dr = Adt + cdW, z(0) =0 (4.1)

where z(0) represents the starting point of the decision variable, dz represents a change in
the decision variable x over a unit of time dt, A represents the drift rate, and cdW represents
noise/diffusion in the accumulation process which follows a normal distribution with mean
0 and variance c*dt (Bogacz et al., 2006). This mathematical structure is equivalent to
a random walk in probability theory or Brownian motion in physics. In the DDM, the
structure commonly corresponds to a continuously-updating log likelihood ratio quantifying
the probability that one of the two possible outcomes is correct, based on the evidence
observed thus far. In other words, the decision variable reflects the time-evolving difference
of evidence in favor of either option. The sampling/accumulation process ends when the
value of the decision variable x exceeds a scalar threshold value z, at which point the decision
maker commits to the choice corresponding to the threshold value reached (42 or —z). The
procedure whereby a sequential sampling model specifies how the accumulation process will

be terminated and converted into a choice can be called the decision rule of the model.

This structure permits the DDM to generate predictions both of which option a decision-
maker will choose and how long it takes them to commit to that choice on a trial-by-trial
basis. This is what is meant when it is referred to as a joint model of choices and reaction
times. Importantly, because of the noise term in the structure, the DDM assumes that choice
behavior is stochastic (i.e., subject to random variation). This structure permits the DDM
to jointly predict a decision-maker’s overall decision accuracy and the reaction time (RT)

distributions corresponding to correct and incorrect decisions.

131



When the DDM is used to fit behavioral data, the starting point, drift rate, threshold, and
non-decision time are commonly treated as “free parameters,” meaning that the model fitting
process aims to identify the values of these components that maximize the likelihood of the
data being fitted. These can be contrasted with “model variables” which are components
specified in the model whose values are either fixed by the user or vary probabilistically.
Because the DDM formalizes the relationship between choices and RTs, the quantitative
model fitting process is often tasked with fitting measurements from both of these elements,
such that the model is really tasked with identifying parameter values that best describe
how a decision maker traded off speed and accuracy. The resulting parameter values thus
reflect the model’s best estimate of the “settings” of the decision process that generated a
particular pattern of target behavior. Based on the research question, it is often desirable to
permit one or more the free parameters to vary as a function of experimental condition; this
is what permits decomposing behavioral effects of experimental interventions into specific

changes in the configuration of the latent decision process.

The structure we describe above corresponds to the “original” DDM (Stone, 1960). Presently,
there are two variations of this original DDM that are most prominently used. Both of
these forms retain the evidence accumulation process described in Equation 4.1, but posit
different procedures within which that accumulation process generates choice behavior. The
first process—commonly called the “extended DDM”—allows the drift rate, starting point,
and non-decision time components to vary probabilistically on a trial-by-trial basis (Figure
4.1A). The second form—commonly called a “collapsing bound” diffusion model—posits that
the threshold value for committing to a choice decreases over the course of a single decision
(Figure 4.1B). This latter form initiated the “collapsing bound debate” that we conceptually

analyze in Section 4.4.
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4.3.2 Structure of the random dot motion task

Much of the empirical success of the DDM is due to the development of the random dot
motion discrimination task (Britten et al., 1992). In this task, observers are presented
with a display of stochastically moving visual elements (usually dots), some proportion
of which consistently move from one direction to another (e.g. left to right). On each
trial, observers report which direction of motion appeared on the display, a judgment whose
difficulty scales with the proportion of consistently moving dots (i.e., the coherence of the
stimulus; Palmer et al., 2005a). Importantly, although the overall proportion of coherently-
moving elements remains constant within a trial, the actual elements whose position is
displaced varies randomly with each refresh of the digital display. This “limited lifetime”
property of the stimuli ensures that observers cannot make the decision via smooth visual
pursuit: they must continuously sample the stimulus in order to accumulate evidence about

the overall direction of coherence motion.

This task is useful for a number of reasons. First, it requires integrating evidence over time, so
researchers have good reason to believe that the task utilizes the core mechanism of evidence
accumulation (although see Stine et al., 2020 for challenges to this idea). Next, it is simple
enough that rodent, primate, and human observers are all capable of performing it (Hanks
and Summerfield, 2017), allowing for powerful cross-species comparisons. Finally, it permits
a clean one-to-one mapping of stimulus properties onto components of the model, thus giving
both experimenters and theorists alike a powerful tool for probing decision making processes
under various tightly-controlled circumstances. The next subsection offers an overview of
the wide-ranging pieces of empirical support for the DDM, the vast majority of which was

generated using behavior in some variant of a motion discrimination task.
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4.3.3 Assignment of components in the DDM

Recall that, on Weisberg’s (2013) account, a model’s assignment specifies what each compo-
nent of a model structure is meant to represent with respect to its target. It’s important to
note the standard assignment of components in the DDM that we describe here are specified
with respect to the random dot motion task. Different applications of the DDM warrant
slightly different assignments of model components, a point that can be overlooked in the
meta-scientific writing that touts the utility of models for standardizing interpretations of
behavior across task contexts. While it is true that the structure of the DDM provides
common grounding for different measurements of behavior, how that structure is construed
with respect to the target crucially depends on the measurements a user has of that target.
For this reason, we highly encourage users to think critically about how components of the
DDM are assigned to neural and/or cognitive processes as measured within a particular task

setting (Bompas et al., 2023; Jones and Dzhafarov, 2014).

With those caveats in mind, we can now introduce the standard assignment of DDM com-
ponents in the context of a motion discrimination task. The threshold separation variable
defines the quantity of accumulated evidence required for an observer to commit to a choice,
and thus is commonly interpreted as reflecting the observer’s response caution or decision
policy under different speed-accuracy regimes. The starting point variable (z(0) in Equation
4.1) defines the initial value of the decision variable, and thus is conventionally interpreted
as quantifying the bias an observer has toward one of the two choice options. The decision
variable represents the decision maker’s internal representation of accumulated evidence,
sometimes called their time-evolving belief about the correct answer. The drift rate quanti-
fies the rate of change in the decision variable per unit time, and thus is commonly thought
to reflect the “quality” of the internal evidence driving a particular decision.'? The non-

decision time variable is intended to aggregate various kinds of delays in response times

I2More recently, the drift rate variable has also been construed to represent how quickly an observer
internally processes information in general (Schubert et al., 2015).
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due to processing occurring before and after evidence accumulation. Processes believed to
contribute to the non-decision time include encoding of sensory information and initiating
a motor response; in this sense, it can be thought of as a “convenience parameter,” though
some work has successfully decomposed this “non-"decision time into decision-relevant com-
ponents (e.g. Kraemer and Gluth, 2023; Yoo and Bornstein, 2024). Finally, the internal
noise variable is thought to reflect imperfections in the encoding and representation of sam-
pled evidence, and also can be thought of as a “convenience variable” because its values are

commonly fixed when the DDM is fit to human data (Ratcliff et al., 2016).

4.3.4 Empirical scope of the DDM

On Weisberg’s (2013) account, the scope of a model is the component of its construal that
specifies which aspects of the target a user aims to capture in the model. Models thus have
an intended empirical and/or theoretical scope and are initially evaluated with respect to
those originally intended explananda. One of the reasons why the DDM is considered so suc-
cessful is because it has continued to display explanatory adequacy for targets well outside its
originally intended scope: identifying a formal relationship between choice accuracy and re-
action time in human memory retrieval (Link and Heath, 1975; Ratcliff, 1978). Importantly,
the DDM was developed as a purely cognitive model-—mnothing about the original construal
mentioned neural activity or measurements as a desired component for the model to capture.
It was not until the random dot motion task was developed by Britten et al. (1992) that the
DDM was used also to reason about neural processes involved in two-alternative decision

making.

Careful early studies conducted on non-human primates offered the first pieces of evidence for
the DDM as a model of neural activity (Britten et al., 1996; Gold and Shadlen, 2001; Roit-
man and Shadlen, 2002; Shadlen and Newsome, 2001). These foundational studies provided

evidence suggesting that both single-unit and population level recordings from distinct cor-
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tical regions exhibit activity that strongly resembles and correlates with distinct components
of the DDM (see Gold and Shadlen, 2007 for a review of this line of work). Since these early
findings, the DDM has been used to link behavior with population-level neural responses
in rodents (Brunton et al., 2013; Hanks et al., 2015; Khilkevich et al., 2024), as well as in-
tracranial recordings, scalp oscillations, and blood oxygen level dependent signals in humans
(Krueger et al., 2017; O’Connell and Kelly, 2021; Polania et al., 2014; Weber et al., 2024).
The early and growing evidence for the DDM as a model of the neural processes generating
decision behavior has even led some researchers to posit evidence accumulation as a basic

mechanism of decision making that is conserved across species (Hanks and Summerfield,

2017).

While this broad empirical scope lends a great deal of support to the DDM as a theory of
speeded decision making, it can also result in confusion, ambiguity, and/or disagreement
about precisely what inferences a user can make on the basis of applying the DDM to data.
For this reason, among several others, it is desirable for modelers to explicitly discuss a

model’s intended construal when communicating their findings from the model.

4.4 Reasoning goals and representational decisions in
the collapsing bounds debate

In this section, we further demonstrate the utility of our philosophical tools for reasoning
by using them to provide a novel conceptual analysis of the so-called “collapsing bounds”
debate in the DDM. As shown in Figure 4.1, this debate concerns whether the threshold in
the DDM ought to remain fixed over the course of a single decision (Figure 4.1A) or change
as a function of time spent accumulating evidence (Figure 4.1B). Importantly, anyone who
uses a DDM to explain or interpret behavioral data necessarily has to “take a stance” in

this debate by deciding whether to use fixed or collapsing boundaries in their model. This
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ubiquitous representational decision is complicated by two facts: (1) each form of the model
makes highly accurate predictions about both behavioral and neural observations and (2)
each form has been proven, under different definitions of optimality, to optimize the two-
alternative decision problem. Accordingly, much ink has thus been spilled about which
form “correctly” represents the decision process (Evans et al., 2017; Hawkins et al., 2015;
Mileti¢ and van Maanen, 2019; Palestro et al., 2018; Ratcliff et al., 2016). Our review of the

philosophy literature, however, suggests that this question is misguided.

We argue that the two forms of the model implicated in the debate offer complementary—
rather competing—explanations of the processes generating speeded two-alternative choices.
To do this, we demonstrate how each form was developed with respect to different sets
of fidelity criteria that reflect the different explanatory aims (or “styles”, Potochnik and
Sanches de Oliveira, 2020) of its users. Although the community of DDM users is broad and
heterogeneous, we focus on a distinction between two subgroups implicated in the debate:
cognitive psychometricians and theoretical neuroscientists. Cognitive psychometrics, as a
field, aims to develop models that offer interpretable and statistically robust decompositions
of observed behavior into latent cognitive processes. By extension, the primary explana-
tory fidelity criterion motivating representational decisions is that of parsimony: striking a
balance between goodness-of-fit (i.e., dynamical fidelity) and model simplicity (e.g., Van-
dekerckhove et al., 2015). Theoretical neuroscience, by contrast, aims to explain behavior
and brain function using normative models based on formal principles (e.g., Abbott, 2008),
the most common of which is optimality (see Section 4.2.3). Models developed toward this
end still must exhibit dynamical fidelity with respect to the relevant patterns of behavior,
but they might do so by using formal representations that are more mathematically complex

than those preferred by psychometricians.

Our case study explicates how reasoning goals have shaped representational decisions along

three complementary dimensions of the collapsing bounds debate: definitions of optimality
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(Section 4.4.1), structural modifications to the original DDM (Sections 4.4.2-4.4.2.2), and

formal model comparisons (Section 4.4.3).

4.4.1 Two types of optimality in the DDM

Recall that the DDM establishes a formal link between decisions and the time it takes to make
them; that is, it is a joint model of choices and reaction times. The speed-accuracy tradeoff
in the DDM is determined by the threshold, the value of which specifies the “decision rule”:
at each point in time, determining whether an agent should keep sampling information or
commit to a choice on the basis of already-accumulated evidence. Higher thresholds always
result in increased choice accuracy, but often at the cost of taking longer to make a decision.
Conversely, lower thresholds allow subjects to make decisions more quickly but often come
at the expense of a greater number of errors. Formal definitions of optimality in the DDM
thus aim to define a quantitative benchmark for determining whether decision makers use
threshold values that maximally balance decision speed and accuracy. Optimality therefore
figures prominently in the collapsing bounds debate precisely because it is a debate about

the appropriate structure of thresholds in the DDM.

The rest of this section demonstrates how each threshold structure in the debate (fixed /static
or collapsing/dynamic) meets different definitions of optimal speed-accuracy tradeoffs. Un-
derstanding the sense in which each form is optimal is crucial for understanding when the
DDM gives a normative explanation and what notion of normativity (or optimality) the
explanation invokes. Recall that normative models use optimality to answer the question of
why the target behaved in a particular way: it deployed a process that optimizes the objec-
tive function (Section 4.2.3). The explanatory fidelity of a normative model thus corresponds
to how well its objective function—and the assumptions required to prove its optimality—
align both with properties of the target and how the user wishes to reason about them using

the model. We turn next to demonstrating how and why objective functions in normative
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DDMs have changed over time, and how that change has resulted in multiple definitions of

optimality that are met by different forms of the DDM.

4.4.1.1 SPRT Optimality: definition and idealizing Assumptions

The first formalization of an optimal speed-accuracy tradeoff comes from the sequential
probability ratio test (SPRT). The SPRT was developed independently by Barnard (1946)
and Wald (1945) originally for purposes of quality control in manufacturing. Shortly after
its introduction, the SPRT was mathematically proven to minimize a weighted, linear sum of
decision time and error rate (Wald and Wolfowitz, 1948; Bogacz et al., 2006). The optimality
of the SPRT as a decision process explicitly motivated the development of the original DDM
(Stone, 1960; Laming, 1968), which is the continuous-time equivalent of the SPRT. In both
the SPRT and the original DDM, the decision variable is a running estimate of the log-
likelihood ratio of one choice option relative to another, which is equivalent to the difference
of evidence in favor of each choice. This decision variable continues to accumulate until it
surpasses a threshold quantity that is fixed both within a single decision and across different

decisions.

Although the SPRT was immensely useful as a starting point for developing the large and
successful family of sequential sampling models, its explanatory fidelity has been called into
question for a number of reasons. First, the SPRT is only optimal in cases where the
signal-to-noise ratio of sensory evidence is identical for every choice (i.e., in a homogeneous
environment; Moran, 2015). In the real world and in most common laboratory settings,
the strength of sensory signal will vary from decision to decision, and the SPRT does not
achieve the optimal speed-accuracy tradeoff in these heterogeneous environments. Next,
the SPRT is only optimal if observers have an infinite amount of time to sample evidence
before committing to a choice (Frazier and Yu, 2007). But again, for speeded perceptual
decisions made in real life and the lab, there is often a hard limit on how long an observer

can keep sampling (e.g., if the real-world stimulus is no longer present in the visual field or
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if the laboratory trial times out). Finally, implementing the optimal speed-accuracy tradeoff
using the SPRT requires that observers define ahead of time either their desired level of
average decision speed or average decision accuracy (Bogacz et al., 2006). Once this is done,
employing the SPRT process ensures that an agent will make decisions that either maximize
accuracy for that pre-specified decision time, or minimize decision time for that pre-specified
level of accuracy. The assumption of observers pre-defining some level of speed or accuracy
that they wish to optimize might be plausible in some decision settings, but it also creates
a methodological issue of optimality being specific to each observer’s internal criteria. This
issue is not insurmountable, but it does create an optimality benchmark that can only be

evaluated after estimating the value of a free parameter individually for each observer.

4.4.1.2 Reward Rate Optimality: definition and idealizing assumptions

The above-listed limitations of the SPRT motivated the development of reward rate as an
alternative metric for assessing the optimality of speed-accuracy tradeoffs in two-alternative
decision making. Reward rate is defined as the average expected reward (or proportion of
correct responses) divided by the average amount of time that elapses between each decision
(Gold and Shadlen, 2001; Bogacz et al., 2006). Accordingly, it corresponds to the change in

probability of being rewarded and/or correct per unit of time.

A major advantage of reward rate relative to the SPRT is that it is a parameter-free op-
timality benchmark: i.e., assessing the optimality of behavior on the individual or group
levels does not require estimating the weights that different observers place on speed versus
accuracy. Reward rate can also be optimized in decision environments that limit sampling
time and that are heterogeneous, thus overcoming the conceptual issues faced by the SPRT.
Further, the reward rate formalization of speed-accuracy tradeoffs has two properties that
make it a more powerful theoretical tool. First, its representation of time permits theo-
retically and empirically investigating how different environmental dynamics shape choice

behavior, which is not possible with the SPRT. Second, by invoking the notion of reward, it
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aligns sequential sampling models more closely with other formal models of decision making
(e.g., expected utility theory) which enhances the prospects for inter-theoretic model build-
ing (more on this in Section 4.4.3). All of these properties enhance the explanatory fidelity

of a reward rate formalization of the speed-accuracy tradeoff relative to the SPRT.

Reward rate has thus become the standard formalization of speed-accuracy tradeoffs in
the sequential sampling literature. We have two things to note about this. First, when a
community of model users adopt a standard formalism for a key concept in their research,
they often cease to make explicit both its construal with respect to the target (Weisberg,
2013) and, we argue, their justification for that representational decision. This means that
when model users communicate findings using the standardized notion, they can write, for
example, “We assume that the aim of the decision maker is to maximize the net reward over
all trials” (Drugowitsch et al., 2012, p. 3620) without needing to explain why they made
this particular assumption and what alternative assumptions might be. A core argument
of this article is that these standardized formalisms are hallmarks of “healthy” model-based
science, and that users must remain cognizant of their necessarily incomplete nature in order

to avoid limiting their scientific imagination.

Second, and relatedly, reward rate optimality rests upon an assumption that all properties
of the environment (distribution of signal strengths, timing, reward structure, etc.) are
known to the observer. As shown above, this distortive idealization gives model users a
more powerful formalism for reasoning normatively about the speed-accuracy tradeoff in
two-alternative decision making. Another core goal of this article is to demonstrate that
there are a variety of ways to engage with idealizing assumptions of formal models. First, as
we show in Section 4.4.2, model users can choose not to pursue normative reasoning goals
that require strong idealizations about their target, and instead build models that aim to
maximize dynamical fidelity with as minimal assumptions as possible. Alternatively, we show

in Section 4.4.2.2, model users can posit less-distortive (or “relaxed”) idealizations about the
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target and develop new models that offer normative solutions to less-idealized problems. A
third, related approach is to investigate what properties of the target cause it to deviate
from predictions of normative models (e.g., Balci et al., 2011; Holmes and Cohen, 2014;
Drugowitsch et al., 2016). Findings from this last line of research can then be integrated
as constraints on future normative models, as in resource-rational approaches to cognitive

modeling (Lieder and Griffiths, 2019; Section 4.2.3).

Altogether, this section articulated the role of optimality in the collapsing bounds debate,
defined the two notions of optimality at play in the debate—and the broader literature—
along with their idealizing assumptions, and articulated different ways that model users can
define their reasoning goals with respect to idealizing assumptions required for normative
modeling. We turn next to demonstrating how the debate about collapsing bounds can
be diffused by recognizing the different reasoning goals motivating the forms of the models

implicated in the debate.

4.4.2 Reasoning goals motivating structural changes to the origi-

nal DDM

As discussed in Section 4.4.1, the original DDM (Stone, 1960; Laming, 1968) is the SPRT-
optimal procedure for two-alternative decision making. This section demonstrates two ap-
proaches that DDM users have taken to modify the original DDM in order to enhance its
fidelity (i.e., ability to support particular reasoning goals) with respect to the target. In
doing so, we show how the two models implicated in the collapsing bounds debate can be

understood as complementary, rather than competing, explanations of the same target.

4.4.2.1 Parsimony and dynamical fidelity motivated the Extended DDM

Although the original DDM is commonly attributed to Ratcliff (1978), the model structure

detailed in Ratcliff (1978) does not correspond to the structure that most authors refer to as
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the original DDM. Descriptions of the original DDM—where log-likelihoods are continuously
estimated and decision boundaries are symmetric around a starting point of 0—can be found
in Stone (1960) and Laming (1968). The structure of Ratcliff’s (1978) model already reflects
representational changes made to enhance the model’s dynamical fidelity at the expense of

SPRT-optimality: allowing drift rates to vary on a trial-by-trial basis.*®

Throughout every iteration of the DDM’s development, Ratcliff’s representational decisions
were guided by the goal of creating a representation that can reproduce all measured aspects
of human behavior on the two-alternative forced choice task (Ratcliff and McKoon, 2008;
Ratcliff and Rouder, 1998; Ratcliff and Tuerlinckx, 2002). Of uniquely high importance
to Ratcliff is the ability of the DDM to reproduce patterns of RT distributions across task
conditions, a point he emphasizes in nearly all papers involving the model (Ratcliff, 1978;
Ratcliff and McKoon, 2008; Ratcliff et al., 2016). An empirically robust pattern in this
regard is the mixture of slow and fast errors present in a sample of measurements. This
mixture varies both across individuals performing a task with the same instructions, and
within a single individual when they are instructed to prioritize either the speed or accuracy
of their responses. Ratcliff’s solution to capturing this empirical property of his target
was to allow the drift rate and the starting point of the evidence accumulation process
to vary probabilistically from trial-to-trial according to a uniform and normal distribution,
respectively (Ratcliff and Rouder, 1998). A later modification—uniform trial-wise variability
in the non-decision term—was added to increase the DDM'’s ability to fit RT distributions
with a high amount of variance in the 0.1 quantile (Ratcliff and Tuerlinckx, 2002). The
extended DDM encompasses all of these changes and functions as the standard form of the

model in current research (Ratcliff et al., 2016).

This series of representational changes that made the extended DDM satisfy Ratcliff’s fi-

delity criteria also break the SPRT-optimality of its initial form (the original DDM). The

13We thank Barbara Dosher for directing our attention to this detail.
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mathematical form of the decision variable in the extended DDM, however, still corresponds
to the optimal procedure for accumulating evidence for two-alternative forced decisions in
any environment (Moran, 2015). It is thus the details about how that process is converted
into decisions (i.e., with trial-wise variability in key parameters and fixed decision thresholds)
that break the optimality of the extended DDM as a whole. Interestingly, a formal analysis
undertaken by Jones and Dzhafarov (2014) showed that if the form of trial-wise variability in
the extended DDM (i.e., the probability distributions from which starting point, drift rate,
and non-decision time are drawn on each trial) is left unconstrained, the model can fit any
pattern of speed-accuracy data. The authors used these findings to argue that “the explana-
tory or predictive content of these models is determined not by their structural assumptions,
but, rather, by distributional assumptions that are traditionally regarded as implementation
details” (Jones and Dzhafarov, 2014, p.1). In response, developers of the extended DDM
argued that the form of the distributions governing trial-wise variability were not chosen ad
hoc, but rather on the basis of their ability to robustly and reliably fit human data (Smith

et al., 2014).

Taken together, the history of the development of the extended DDM—and how its form
is defended against critics—reveals a strong commitment to dynamical fidelity on the part
of its developers. This has led to a formal structure that, if used to explain why choice
behavior exhibits particular patterns, can only do so by appealing to intrinsic stochasticity
of the system whose form was derived from best-fit to large amounts of data. We argue that
this structure reflects the aims of cognitive psychometrics as a whole: developing principled
models of cognitive processes that permit robust and reliable decomposition of behavior
into meaningfully different component parts. Researchers in this subcommunity of DDM
users often use statistical parsimony to guide their formal theory building, a position that
naturally lends itself to structures with components that prioritize compact description over
normative guarantees (Palminteri et al., 2017; Vandekerckhove et al., 2015). In this sense,

statistical parsimony is a primary explanatory fidelity criterion for users with these goals.
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Because the extended DDM satisfies both the high standards of dynamical fidelity and a
guiding explanatory fidelity criterion, it can be considered to have been “optimized” for the

explanatory goals of cognitive psychometrics.

4.4.2.2 Explanatory fidelity of optimality motivated collapsing bounds

The structure of the collapsing bound diffusion model, we argue, has likewise been developed
to meet the explanatory goals of users we call theoretical decision (neuro)scientists. This
community is considerably more heterogeneous than the one discussed above, comprised both
of users whose focus is on behavior (e.g., Frazier and Yu, 2007) and those who use the DDM to
link behavior with neural activity (e.g., Drugowitsch et al., 2012). The feature uniting these
users is their commitment to optimality as an explanatory fidelity criterion. This section
thus discusses how the collapsing bound diffusion model is the result of representational
decisions that aim to preserve the normative status of the model under assumptions that are

less restrictive than those required for SPRT-optimality.

The first specification of a diffusion model with collapsing decision boundaries was proposed
by Frazier and Yu (2007). These authors targeted the SPRT’s idealizing assumption that
observers have an infinite amount of time to sample evidence before committing to a choice
(formally, the assumption of infinite horizon). Frazier and Yu (2007) developed a normative
model that incorporates stochastic (i.e., randomly varying) time limits and found that the
optimal procedure in this specification involves decision thresholds that decrease over the
course of a single choice (i.e., collapsing bounds). Drugowitsch, Moreno-Bote et al. (2012)
then targeted the SPRT’s assumption of environmental homogeneity (i.e., same signal-to-
noise ratio on each trial). Their solution also relaxes the assumption of infinite horizon as
in Frazier and Yu (2007), but did so by adding an assumption that each sample of evidence
incurs some cost to the observer. Drugowitsch, Moreno-Bote et al. (2012) found that, on
this specification of the formal problem, the optimal procedure also involves thresholds that

decrease over the course of a decision.
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In order to identify normative solutions to these differently-formalized problems, Frazier and
Yu (2007) and Drugowitsch, Moreno-Bote et al (2012) both made use of a notion of optimality
known as Bellman optimality. This formalism posits that an optimal procedure is one that
maximizes an agent’s expected return, i.e., the amount of reward earned over the course of
an experiment, which is conceptually equivalent to maximizing reward rate. Whereas the
SPRT’s optimality can be proven using standard mathematical techniques (Bogacz et al.,
2006; Edwards, 1965; Wald and Wolfowitz, 1948), identifying Bellman-optimal solutions
requires using a computational procedure known as dynamic programming. Details of the
procedure vary across applications, but the general idea is that agents recursively update
an estimate of their expected return with each new piece of information they get from
the environment (Sutton and Barto, 2018). Crucially, this means that the precise form of
the Bellman-optimal procedure will depend on details of the environment (e.g., strength of
evidence on each trial, reward scheme, timing, etc.), and thus will vary across tasks. But
if the mathematical form is determined using a Bellman equation, users have a guarantee
that the form maximizes expected return in that environment. In the case of the DDM,
collapsing bounds thus maximize expected return—and thus are both Bellman and reward-
rate optimal—for evidence accumulation decisions made both within a fixed amount of time

and in heterogeneous environments.*

A procedure whereby evidence accumulates to a threshold value that decreases over time
thus emerges as a generally normative solution to slightly less idealized formalizations of the
speeded two-alternative decision problem. This structure reflects the explanatory aims of
DDM users who desire normative explanations for choice behavior. When the assumptions
required for the original DDM’s normativity (i.e., SPRT optimality) were too restrictive,
users in this community opted to identify optimal structures on weaker assumptions (i.e.,

finite amount of time to decide and different stimulus difficulty on each trial) and with more

“Frazier and Yu (2007) do not explicitly frame their Bellman-optimal solution as one that optimizes
reward rate, opting instead to discuss optimality in the Bayesian sense of appropriately updating belief
about a latent property of the environment.
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a more flexible notion of optimality (i.e., reward rate). This approach preserves the model’s
normative status while also enhancing its fidelity with respect to explanatory aims of its

users.

4.4.3 Reasoning goals motivating approaches to representational

decisions in model comparison

In the previous two sections, we demonstrated how consideration of reasoning goals and
fidelity criteria can provide insight into variability in representational decisions made by
different users modeling the same target. We first discussed this in the context of optimal
speed-accuracy tradeoffs in the DDM (Section 4.4.1), and then contrasted approaches that
users can take when they deem the assumptions of normative/optimal models too idealized
for their reasoning goals (Sections 4.4.2-4.4.2.2). The present section extends the discussion
to demonstrate how reasoning goals shape fidelity criteria and approaches to representational

decision-making employed in model comparison.

Recognition of sources of variability in representational decisions involved in model compar-
ison is essential because (1) the explanatory success of a particular model is almost always
defined relative to alternative possible models, and (2) the space of possible alternative mod-
els is—in theory—infinite. Accordingly, the representational decisions that users make when
constructing alternative models defines the space of possible alternatives against which the
theory encoded in a model is tested. In much the same way that experimental scientists must
carefully consider how to construct their control conditions, model users must carefully re-
flect on the specifications of alternative models when interpreting the results of model-based

research.
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4.4.3.1 Parsimonious dynamical fidelity motivates data-driven approaches

In response to the growing popularity of collapsing-bound accumulator models, Hawkins
et al. (2015) undertook a large-scale quantitative comparison of model performance on a
variety of perceptual decision making datasets. The authors took great care to ensure the
statistical robustness of their results, utilizing data from different research groups and species,
specifying multiple forms of collapsing bounds models, and running several computationally
intensive sensitivity analyses. Further, they used well-established metrics for assessing how
models in the comparison trade off goodness-of-fit with complexity: Akaike Information
Criterion (AIC), Bayesian Information Criterion (BIC), and nested likelihood ratio tests.
Taken together, the authors’ decisions reflect a “bottom-up” approach to model comparison:
tiling the space of possible models, fitting them on large and heterogeneous datasets, and
assessing each model’s fidelity on the basis of how parsimoniously it accounts for the wide
range of data. Again, we argue, this approach reflects the aims of cognitive psychometrics as
a whole: maximizing dynamical fidelity and relying on parsimony as an explanatory fidelity

criterion.

One challenge with this approach to model comparison pertains to how the notion of model
complexity is formalized. Two of the three quantitative metrics used by Hawkins et al.
(2015)—AIC and BIC—define complexity in terms of the number of parameters in a model,
and linearly penalize models according to how many free parameters they use to explain
the data. While this is a standard notion of model complexity, particularly in the field of
mathematical psychology, it is not the only formal way to reason about complexity. Villareal
et al. (2023), for example, propose that complexity can be formalized in terms “the predic-
tions a model makes and the ability of empirical evidence to falsify those predictions” (p.1),
and present a metric that uses Kullback—Leibler divergence to quantify complexity in these
terms. The authors go on to show that this approach challenges traditional intuitions about

how complexity relations among nested models (i.e., those where one model is a specific case
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of another), which is the logical basis of the third metric used by Hawkins et al. (2015) in
their large-scale model comparison endeavor. The point we wish to emphasize here is that
model complexity—much like optimality—can be formally defined in a number of different
ways, some of which are better suited to particular reasoning goals than others. Paying
attention to the assumptions embedded into formal definitions of key explanatory fidelity
criteria, like complexity and optimality, is essential for engaging critically with model-based

research findings.

To demonstrate how the findings of model-based research are jointly sensitive to represen-
tational decisions about alternative models and assumptions of performance metrics, we
highlight how the pattern of results observed by Hawkins et al. (2015) changed drastically
between two sets of analyses reported in the paper. In the first analysis, all of the collaps-
ing bounds models tested by Hawkins et al. (2015) were specified in a manner that made
them between 1.3 to 2 times as complex as the extended DDM (which functioned as the null
model). One of sources of this heightened complexity was the incorporation of trial-level
variability in drift rate, starting point, and non-decision time into the collapsing bounds
models that did not originally incorporate this variability (Drugowitsch et al., 2012; Frazier
and Yu, 2007). Hawkins et al.’s (2015) logic behind this decision was to create nested model
structures, such that the extended DDM represents the simplest possible decision process
in the comparison. This type of comparison set has been called a “stacked deck,” since it
quantitatively favors the null model (O’Connell et al., 2018). However, even in this loaded
inferential context, the collapsing bounds models appeared favored by BIC for datasets ac-

quired from non-human primates.

In a second analysis, Hawkins et al. (2015) performed the same model fitting procedures but
removed trial-variability in drift rate, starting point, and non-decision time for the collapsing
bounds models. These changes better aligned their specifications of collapsing bounds with

the fidelity criteria motivating this form of the model, since neither Drugowitsch, Moreno-
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Bote et al. (2012) nor Frazier and Yu (2007) needed to incorporate any trial-varying pa-
rameters to achieve their fidelity criteria. Readers are encouraged to compare the “Posterior
Model Probability” visualizations in Figures 5 and 6 of Hakwins et al. (2015) to appreciate
how drastically these specification changes altered the pattern of results. Primate data that
previously strongly supported collapsing bounds now seemed either mixed or to prefer fixed
bounds, and human data appeared to favor each form roughly equally (Hawkins et al., 2015,

Figure 6).

4.4.3.2 Explanatory fidelity of optimality motivates theoretical approaches

We can contrast Hawkins et al.’s (2015) “bottom-up” approach with the “top-down” ap-
proach displayed in Moran (2015). In a thought-provoking series of analyses, Moran (2015)
combines mathematical proofs and model simulations to investigate optimal decision pro-
cedures in heterogeneous and biased decision environments; i.e., environments where signal
strength varies trial-by-trial and where one outcome occurs more frequently than the other.
This model development strategy is similar to those surveyed in Section 4.4.1, but differs
in one important regard: assumsing that the decisions are made according to the origi-
nal DDM, which is known to be suboptimal in heterogeneous environments (Section 4.4.1).
Moran (2015) then investigated which structural modification(s) to the suboptimal process
led to the highest possible reward rate in that environment, effectively testing the optimal-
ity of differently suboptimal model structures. We consider this a “top-down” approach to
model comparison because it focuses exclusively on the formal/logical relationships among

different models and their suitability for supporting particular types of reasoning goals.

The utility of Moran’s (2015) approach can be demonstrated by contrasting his findings with
those of van Ravenzaaij et al. (2012). On the basis of several simulations, van Ravenzwaaij et
al. (2012) reported that maximizing reward rate in biased and heterogeneous environments
requires adjusting only the starting point of the decision process. This finding contradicted

previous theoretical work indicating that both the starting point and drift rate must be
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biased to maximize reward rate (Bogacz et al., 2006), as well as empirical evidence supporting
the existence of a biased drift in human and non-human primate decision making (Hanks
et al.,, 2011). By asking the same question with a different approach to representational
decision making, Moran (2015) identified a key oversight in van Ravenzwaaij et al.’s (2012)
simulations: all of their models used the same threshold value, which was chosen arbitrarily.
This representational decision simplified the space of possible solutions in a manner that
aligned with van Ravenzwaaij et al.’s (2012) specific goal (i.e., challenging the model reported
in Hanks et al., 2011). However, it also omitted the fact that optimal solutions also depend
on how/where the threshold value is set. Moran (2015) then showed that when the same
simulations reported by van Ravenzwaaij et al. (2012) included threshold values in the search
space (along with negative values of drift rate), the reward-rate maximizing process is one
that imparts a bias both on the starting point and drift rate. Altogether, this contrastive
example highlights the utility of formal approaches to model comparison, particularly for

purposes of reasoning about formal notions like optimality.

4.4.4 A principled heuristic for deciding whether to use fixed or

collapsing bounds

This section provided a novel conceptual analysis of the collapsing bounds debate, highlight-
ing how different reasoning goals motivated diverging approaches to developing and testing
models implicated in the debate. In contrast to some of the rhetoric of previous model
comparison research surveyed above, we argue that the two models offer complementary
explanations about the mechanisms of decision making. The extended DDM, which uses
fixed decision boundaries, gives a parsimonious explanation, whereas the collapsing bounds

model gives a normative explanation.

Our suggestion is that the appropriate form to use depends on your explanatory goals. If

you wish to reason about the optimality of two-alternative choice behavior in heterogeneous
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and/or time-limited environments, then your model must incorporate collapsing decision
boundaries. But if the normativity of the process is irrelevant for your explanatory or
reasoning goals, then the extended DDM is completely sufficient for that purpose (see also
Boehm et al., 2020 for data suggesting that fixed bounds might offer a robust “default”
setting that approximates reward rate optimality). Of course, it is always possible to fit
both types of models to target data and use careful model comparison methods to determine

which structure offers the better explanation (e.g., Palestro et al., 2018).

4.5 Summary and Conclusion

In this article, we summarized some core ideas in philosophy of modeling to develop a “philo-
sophical toolkit” for computational cognitive modeling (Section 4.2). We then demonstrated
the utility of such a resource by using it to give a philosophical introduction to an extremely
prominent model in the brain and behavioral sciences (Section 4.3) and then offer a novel
conceptual analysis of a long-standing debate regarding the form of that model (Section 4.4).
Throughout, we emphasized the central role that reasoning goals play in shaping every step
of model-based research, echoing recent calls from philosophy (Danks, 2015; Potochnik and
Sanches de Oliveira, 2020), computational neuroscience (Kording et al., 2018), and cognitive
modeling of human behavior (Wilson and Collins, 2019). Our goal in doing so was to high-
light the user-dependence of the insights afforded by these formal tools, an aspect that can
be overlooked by both new and seasoned researchers alike. This goal was motivated by two
core contributions that philosophy can offer practicing scientists: (1) highlighting implicit
beliefs or assumptions they have about how their tools work, and (2) identifying the logical
and epistemic limitations of those tools with respect to particular goals. Our toolkit and
case study, though focused on topics in the DDM, were constructed with the goal of convey-
ing insights that can generalize to most, if not all, of the formal models that are becoming

increasingly common in cognitive neuroscience.
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Chapter 5

Conclusion

In reinforcement learning, as in other kinds of {earning modeling, such

representational choices are at present more art than science.

—Sutton & Barto, Reinforcement Learning, 2018 (strikethrough and

“modeling” added)

This dissertation has proposed that reliability estimation is a normative principle unifying
dynamic models of decision-making. For both the decision threshold and the drift rate
of accumulation, we showed how assuming uncertainty—rather than perfect knowledge—
about an evidence source’s informativeness generates normative solutions that involve the
quantity changing in magnitude across the course of a decision. In both cases, the temporal
fluctuations in the model parameter are governed by a time-evolving belief about the true
informativeness of the evidence bearing on choice. This belief, and its translation into
dynamically-changing model components, is what allows observers to optimally trade-off
speed and accuracy when the informativeness of evidence in unknown to them in advance of

deliberation.
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5.1 Summary

Chapter 2 demonstrates the utility of reliability estimation as a normative principle by using
it to develop a novel sequential sampling model of expectations in decision-making. We built
this model to address the systematic omission of uncertainty about expectations in normative
models of perceptual decision-making. We also built it to provide a formalism for theorizing
about time-varying interactions between associative memory retrieval and the sampling of
sensory information. To do this, we modeled expectations as their own dynamic source of
evidence that is integrated into the decision process across to a time-evolving estimate of
the relative reliability of the two evidence sources (memory and vision). We showed that
this simple model can reproduce four unique time-varying effects of expectations, each of
which was observed in a different decision task and neuroimaging modality. The ability of
our model to synthesize these previously-disparate observations into a common theoretical
framework suggests that it offers a unifying explanation, further demonstrating the utility

of normative principles for advancing scientific understanding.

Chapter 3 then directly tests the key prediction of our model: that expectations should be
weighted most strongly at the moments in time when sensory evidence is maximally uncer-
tain. To do this, we designed a novel perceptual decision-making task that uses intermittent
epochs of pure sensory noise to dynamically manipulate the relative reliability of the two
evidence sources (memory and vision). Standard models predict that the average drift rate
during this period of time should be about 0, whereas our model predicts that the drift rate
should scale with the predictiveness of the expectation. This is precisely what we observed
in human subjects behavior, albeit only in a subset of observers who adopted a low decision
threshold for the task. Because lower thresholds reflect a greater emphasis on decision speed
rather than accuracy, and because expectations ought to have stronger effects when sensory
sampling time is limited, these findings are in line with existing theory about expectations in

perceptual decision-making. The higher-threshold group, by contrast, appeared to prioritize

154



decision accuracy by adopting a strategy to wait until the second noise period has passed to
make their response. A follow-up study where the second noise period extends throughout
the duration of sensory evidence on several trials will help us better investigate effects of

expectations for observers who adopt this more conservative decision strategy.

Chapter 4 then presents an interdisciplinary review of the “collapsing bounds” debate in
perceptual decision-making, along with a philosophical toolkit articulating the conceptual
foundations for this whole body of work. We discuss how all mathematical models will
necessarily be incomplete representations of their targets, and how this means that model
performance has to be evaluated with respect to the purpose of the model. Then, we analyze
the history of representational decisions leading to the current form of each model implicated
in the “debate,” showing how time-varying (or “collapsing”) decision boundaries reflect a
theoretical commitment to optimality whereas the alternative model (the “extended DDM”)
is theoretically committed to statistical parsimony. Specifically, we discuss how a time-
varying decision boundary is necessary for optimizing the speed-accuracy tradeoff when
relaxing the assumption that observers have full knowledge of the informativeness of sensory

evidence on each decision.

5.2 Future Directions

This work raises several possible directions for future research. First among these is aug-
menting the body of empirical evidence testing our model, both by incorporating more
temporally-sensitive measurements of latent processing and by expanding the types of deci-
sions tested. A particularly exciting possibility toward both of these ends is the measurement
of eye movements during cue learning and subsequent decision-making. Mounting evidence
implicates eye movements in successful memory retrieval, particularly in the context of guid-
ing visual behavior (Wynn et al., 2016; Ryan and Shen, 2020; Zubair et al., 2026). Additional

research has linked these eye movements directly with memory sampling during value-based
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deliberation (Nicholas et al., 2026), naturally raising the question of how mnemonic content
guides—and potentially interferes with—the eye movements made when sampling sensory

evidence (Ladyka-Wojcik et al., 2026).

Another exciting direction for future work is synthesizing the philosophical research reviewed
in Chapter 4 with the question of how humans flexibly retrieve information from memory to
guide behavior in complex, uncertain environments. The concepts of representational deci-
sions and adequacy-for-purpose offer complementary tools for theorizing about information
compression during memory encoding and consolidation (e.g., Zhou et al., 2025; Tarder-
Stoll et al., 2026), as well as its subsequent expansion during memory retrieval (Kerrén et
al., 2026). Further, the notion of fidelity criteria—benchmarks for inferring the adequacy
of a model relative to a particular goal—can offer insights into how observers estimate the
reliability of information retrieved from memory, especially in cases where these estimates
diverge from objectively-definable metrics of that memory’s reliability (e.g., Talarico and

Rubin, 2007).

As discussed in Chapter 4, Weisberg’s (2013) account posits that modelers use both “dy-
namical” and “representational” fidelity criteria to evaluate model performance. Dynamical
fidelity refers to the similarity between the quantitative behavior of the model and that of
the target, such that models with a better goodness-of-fit have higher dynamical fidelity.
Representational fidelity, by contrast, refers to the similarity between the causal structure of
the model and that of the target. Dynamical fidelity thus asks “does this model capture the
data?”, whereas representational fidelity further asks “does it do so for the right reasons?”
One possibility, then, is that dynamical fidelity corresponds to a time-evolving estimate of
the perceptual similarity of incoming information relative to what exists in memory, serv-
ing to guide both pattern completion and separation in situations of high input complexity
and/or uncertainty (e.g., Zhou et al., 2025). Representational fidelity, by contrast, could

correspond to evaluations of the accuracy or relevance of retrieved content with respect to
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decisional context and/or inferred latent cause of perceptual inputs (e.g., Shi and Garvert,
2026), allowing agents greater flexibility and control in how they use contents retrieved from

memory to guide their perception and action.

These operationalizations open the door for future work formalizing how these fidelity criteria
are applied to information retrieved from memory, and—conversely—how they might be used
to guide efficient learning and information-seeking. Are the criteria applied sequentially, such
that dynamical fidelity guides the pattern completion process which serves as input to the
representational fidelity evaluation? Or do the two work in parallel, such that assessments
of similarity and relevance jointly guide memory search? With these possibilities formalized,
we can then ask how observers weigh each criterion during memory-guided behavior, and
whether—as in the original development of the concept—these criteria are flexibly applied
with respect to the agents’ goals and/or constraints. A particularly powerful project toward
this end would be identifying the optimal balance of dynamical and representational fidelity
under a variety of limiting conditions to serve as a principled benchmark against which
real-world human strategies can be compared (e.g., Kinney and Lombrozo, 2024). As this
dissertation has shown, treating empirical deviations from optimality as information about a
mismatch between the normative model and real-world constraints, rather than a description
of the suboptimality of real-world solutions, is a powerful approach reverse-engineering the

actual problems that cognitive systems are tasked with solving.
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Appendix A

Supplementary Materials for Chapter

2

A.1 Qualitative comparison of normative starting point
models

Visualizing prescriptions made by the starting point models of Edwards (1965) and Link
(1975) demonstrates the exponential scaling of optimal starting points by the signal-to-noise

ratio of sensory evidence in the environment.
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Figure A.1: Optimal starting points on the models of Edwards (1965) and Link (1975).
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A.2 Sequential effects analysis

This section contains details about the two studies used to demonstrate sequential effects of
expectations on RTs. For each study, we provide a brief summary, followed by the regression
model specification and a full summary table of fitted coefficients. Reaction times were
log-transformed and z-scored within subject prior to being entered into the regression. All
predictors were defined categorically to maximize the descriptive ability of each model (i.e.,
we did not force reaction times to scale numerically with cue predictiveness), except for
sensory evidence strength and time on task, which were treated as continuous. Models
were fit using the 1m() function in R 4.4.2, and summary tables were produced using the

tbl regression() function from the gtsummary package.

A.2.1 Diaz, Pisauro et al. (2024): instructed expectations

The data from Diaz, Pisauro et al. (2024) were generated by human observers (n=16) per-
forming a face/car discrimination task in a fully heterogeneous environment with explicitly
instructed Il.,.. Each trial began with a brief (750ms) presentation of one of three possible
cues—30F, 50F, or 70F—overtly instructing observers on the trial-level probability that the
correct answer will be face. A noise-degraded stimulus was then briefly (50ms) presented,
and observers had up to 1250ms to indicate whether the stimulus contained an image of
a car or a face. Stimuli were presented at moderate levels of signal strength (coherence =
32.5% and 37.5%), and observers received no feedback on the accuracy of their choice. Each

cue was presented 360 times for a total of 1080 trials per subject.

We modeled trial-by-trial transformed reaction times (RT}) using the following formula:

RT; ~ Accuracy, + Validity, + PreviousCue; + PreviousTarget, + PreviousResponse, (A.1)

182



The results of this model are displayed in Table A.1 below. All factors canonically known to
modify RTs—accuracy, cue validity, and the accuracy of the previous response—exhibited
significant main effects (Baccuracy = —0.23, Boatia = —0.12, Binvatia = 0.05, Bprev_correct =
—0.03). Crucially, switching cues across trials slowed RTs (Bprep.cue = 0.03) but switching

targets across trials had no effect on RTS (Bprev_targer = 0.00).

Predictor Beta SE t-statistic 95% CI p-value

accuracy
correct -0.20 0.011 -17.4 -0.22, -0.17 < 0.001
incorrect — — — —

validity
valid -0.12 0.010 -12.0 -0.14, -0.10 < 0.001
invalid 0.05 0.010 5.23 0.03, 0.07 < 0.001
neutral — — — —

prev_cue
different 0.03 0.008 3.86 0.01, 0.04 < 0.001
same — — — —

prev_target

different 0.00 0.007 0.481 -0.01, 0.02 0.6
same — — — —

prev_response
correct 0.00 0.011 0.290 -0.02, 0.03 0.8
error — — — —

logTrial -0.23 0.007 -31.2 -0.25, -0.22 < 0.001

Table A.1: Full regression table for Diaz, Pisauro et al. (2024) analysis. No. Obs. = 16,696;
Sigma = 0.915; Residual df = 16,688.
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A.2.2 Bornstein et al. (2023): learned expectations

Data from Bornstein et al. (2023) were generated by human observers (n=33) performing a
category-level discrimination task of noise-degraded, perceptually-similar grayscale images
(i.e., discriminating Face A from Face B). Il.,. was held constant for within-category stimuli,
such that one category was always more predictable than the other, but each stimulus within
the category had a unique cue (colored fractal). The predictability of each category (faces
and scenes) was manipulated across blocks, such that each observer learned distinct cues
on the range Il.,. = {0.5,0.6,0.7,0.8}. Within each block, observers had 30 trials per cue
(120 trials total) to learn the predictive relationship of each unique colored fractal and its
corresponding grayscale image; this learning procedure ensures that observers have a source-
related uncertainty in their expectations. Sensory evidence was presented at “low” and
“high” signal strength, corresponding to 65% and 85% discrimination accuracy in the absence
of cues. Coherence was yoked to stimulus category, such that stimuli with more predictive
cues were always presented with low coherence whereas stimuli with less predictive cues were
always presented with high coherence. Each trial began with a brief (750ms) presentation of
one of the four fractal cues, followed by a variable delay of 4000, 6000, or 8000ms. Observers
were then shown a 60Hz “stream” of within-category images, and they had up to 3000ms to
report which image was presented more frequently. Immediately after responding, the correct
image appeared on screen surrounded by a colored box indicating whether the response was
correct (green) or incorrect (red). There was no time penalty for incorrect responses. Each
block contained 20 decision trials per cue, such that each observer contributed 160 trials

total.

We modeled trial-by-trial transformed reaction times (R7}) using the following formula:
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RT; ~ cueLevel; *validity, +Accuracy, +PreviousCue; +PreviousTarget, + PreviousResponse,

(A.2)

This model is slightly more complex than the others due to the nature of the task. Bornstein
et al. (2023) measured effects of four different cue levels for each subject, whereas the other
studies only had one level of cue. Accordingly, it was necessary for cue validity to interact
with the strength of the cue for this dataset, whereas the other datasets could use cue validity
alone as the predictor. We treated cueLevel as a categorical variable to ensure that any
variability due to errors in learning would be captured by the model (as opposed to enforcing

a strictly linear effect of the cue’s true predictive probability).

The results of this model are displayed in Table A.2 below. Choice accuracy, cue level,
and previous cue all exhibited significant main effects on reaction times (Buccuracy = 0.16,
Beuerever.0s = 0.21, Beyerever.0.7 = —0.06, Bprev_cue = 0.06). The positive relationship between
correct responses and reaction times is due to including both “early” and “late” responses
in the same regression; the canonical speed-accuracy relationship is observed when [ values

are estimated independently for “early” and “late” responses (Bornstein et al., 2023).
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Predictor Beta SE t-statistic 95% CI p-value

Accuracy
correct 0.16 0.016 9.95 0.13, 0.19 < 0.001
incorrect — — — —

cuelLevel
0.5 0.21 0.025 8.16 0.16, 0.26 < 0.001
0.6 0.05 0.026 1.79 0.00, 0.10 0.074
0.7 -0.05 0.027 -2.03 -0.11, 0.00 0.043
0.8 — — — —

validity
invalid 0.02 0.016 1.36 -0.01, 0.05 0.2
valid — — — —

prev_cue
different 0.06 0.017 3.15 0.02, 0.09 0.002
same — — — —

prev_target
different -0.01 0.020 -0.343 -0.05, 0.03 0.7
same — — — —

prev_response
correct -0.01 0.015 -0.926 -0.04, 0.02 0.4
error — — — —

log(Trial) -0.24 0.085 -2.81 -0.41, -0.07 0.005

cueLevel * validity
0.5 * invalid -0.03 0.026 -1.24 -0.08, 0.02 0.2
0.6 * invalid 0.00 0.026 -0.051 -0.05, 0.05 > 0.9
0.7 * invalid 0.02 0.027 0.571 -0.04, 0.07 0.6

Table A.2: Full regression table for Bornstein et
0.973; Statistic = 18.9; Residual df = 4,673.186

al. (2023). No. Obs. = 4,686; Sigma =



A.2.3 Rungratsameetaweemana, Itthipuripat et al. (2018)effect

This section shows that the main-text results reported in Figure 2.5 are preserved when
averaging across all levels of evidence encoding noise € (Figure A.2A) and when splitting up

the time-varying weights by low and high flicker rate (Figure A.2B).
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Figure A.2: (A) The qualitative effects produced by our model are preserved when averaging
over evidence encoding noise €. (B) Dynamic weights on memory generated in the low
(33Hz) and high (50Hz) flicker rate simulations of Rungratsameetaweemana, Itthipuripat
et al. (2018). Simulations with low flicker rates used v € {4,6, 8,10, 12,20} corresponding
to activity at 8.25, 5.5, 4.125, 3.3, 2.5, and 1.5Hz, and simulations with high flicker rates
used v € {4,6,8,10,12,20} to generate memory samples at 8.3, 6.25, 4.16, 3.5, 2.5, and
1.5Hz. Threshold values z were fixed across conditions within a participant, but varied
across participants; data were generated using z € {3,4,5}. Weights in each condition cease
being estimated once the decision variable hits threshold, leading to an increased weighting
of invalid expectations at the group level.
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A.3 Effect of cue-stimulus interval duration on Born-

stein et al. (2023) effect

Figure A.3 shows that the uncertainty-adaptive anticipatory sampling effect displayed in

Figure 2.7 is preserved for both the medium (top) and long (bottom) cue-stimulus interval

durations. Visual evidence onset is indicated by the solid vertical line; note difference in

x-axes across plots.

Steady-state evidence weights for middle and long cue-stimulus intervals in

Bornstein et al. (2023) averaged across all levels of ¢
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Figure A.3: Steady-state evidence weights displaying the uncertainty-adaptive sampling ef-
fect observed by Bornstein et al. (2023) at intermediate (top) and long (bottom) cue-stimulus
interval durations. Standard error across n=>50 steady-state timeseries is plotted but not vis-

ible due to its magnitude.
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A.4 Hachisuka, Shor, Liu et al. (2026) effect

This section shows that the main-text results in Figure 2.8 effect are preserved when aver-

aging across all levels of evidence encoding noise e.

Hachisuka, Shor, Liu et al. (2026) “late” effect averaged across all levels of ¢
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Figure A.4: Timeseries from run-averaged simulations of Hachisuka, Shor, Liu et al. (2026).
Solid lines are cue-level decision variables averaged across the mean decision variable for each
combination of v, z, and ¢; shaded areas reflect standard error of the mean (n=100).
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Appendix B

Supplementary Materials for Chapter
3

B.1 Full regression tables from Section 3.4.1

B.1.1 Effect of accuracy and cue on RT

Regressor Beta SE t-statistic 95% CI p-value
congCue 0.38 0.082 4.61 0.22, 0.54 < 0.001
accuracy 0.38 0.057 6.68 0.27, 0.49 < 0.001
congCue * accuracy -0.76 0.096 -7.95 -0.95, -0.57 < 0.001

Table B.1: Full regression table: effect of choice accuracy and cue on RT. Abbreviations: CI
= Confidence Interval, SE = Standard Error
No. Obs. = 14,993; Sigma = 0.995; Residual df = 14,989
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B.1.2 Effect of accuracy, RT, and cue on

confidence

Regressor Beta SE 95% CI p-value
congCue -0.55 0.069 -0.68, -0.41 < 0.001
accuracy 0.07 0.048 -0.02, 0.16 0.15
zlogRT -0.15 0.037 -0.22, -0.07 < 0.001
congCue * accuracy 0.89 0.081 0.73, 1.0 < 0.001
congCue * zlogRT 0.12 0.063 -0.01, 0.24 0.064
accuracy * zlogRT 0.05 0.047 -0.05, 0.14 0.3
congCue * accuracy * zlogRT -0.09 0.077 -0.24, 0.06 0.2

Table B.2: Full regression table: effect of choice accuracy, RT, and cue on choice confidence.
Abbreviations: CI = Confidence Interval, SE = Standard Error. No. Obs. = 14,951; Sigma

= 0.822; Residual df = 14,941.

B.2 Fitted boundary values in response-coded same

drift model

B.2.1 No effect of cue condition on fitted boundary

Fitted boundary values from the response-coded same drift model in Section 3.4.2 do not

differ as a function of cue condition (8 = 3.382, t39 = 0.54, p = 0.595).
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Figure B.1: Fitted boundary values as a function of cue condition.

B.2.2 Boundary is correlated with drift in all trial epochs
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Figure B.2: Correlation between fitted drift rate and boundary value in each trial epoch

epoch | Pearson’sr | t df p

noisel 0.73 6.64 | 39 .001
signall 0.79 8.09 | 39 .001
noise2 0.60 4.64 | 39 .001
signal2 0.76 7.28 | 39 .001

Table B.3: Correlation coefficients between fitted boundary and drift rate.
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B.2.3 Boundary recoverability

parallel process
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Figure B.3: Fitted thresholds as a function of generating thresholds for the parallel (A) and
serial (B) processes. 7 is the parameter scaling the relative “sampling rate” of memory to
vision, and ¢ is the proportion of evidence samples incorrectly encoded from both evidence
sources. Details on how the data were generated can be found in Section 3.3.4.
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