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Abstract

Studies of category learning have revealed individual differ-
ences in decision-making, such that the same stimulus may
be categorized differently across individuals. Modeling ac-
counts have explained these differences in terms of how at-
tention weights are distributed across stimulus dimensions that
distinguish between category responses. These weights are
typically assumed to reflect an individual’s beliefs about which
dimensions are most relevant to their goals. The current work
investigates the possibility that instead of being purely strate-
gic, attention weights are constrained by what was encoded
into memory during learning. Participants (N=120, age 18-25)
completed a category learning task while gaze was recorded
as an exogenous measure of attention. Model-based analy-
ses using gaze to predict behavior revealed that accounting for
partially-encoded representations was necessary for predicting
individual differences in feature memory and categorization.

Keywords: concepts and categories; learning; memory; com-
putational modeling; eye tracking

Introduction

Recognizing items in the environment as members of par-
ticular cognitive categories and selecting appropriate actions
in response are foundational to all forms of goal-directed
decision-making. Decision-making, however, is inherently
variable. Given the same stimulus and even the same goal,
individuals differ in how they interpret and attend to percep-
tual features in the service of a decision strategy (Medin &
Shafer, 1978; Medin & Smith, 1981). A person attending
to the botanical properties of produce (e.g., whether it con-
tains seeds) might categorize items like tomatoes, cucum-
bers, and squash as fruits, whereas someone attending to culi-
nary uses (e.g., whether an item is used in sweet vs. sa-
vory dishes) might categorize these same items as vegeta-
bles. More broadly, different individuals may categorize the
same t-shirt as tacky or stylish, the same facial expression as
friendly or condescending, and the same defendant as a crimi-
nal or a victim of circumstance. Understanding how and why
people prioritize different dimensions of information is key
to explaining a wide range of human preferences, judgments,
and decisions.

A common theoretical assumption is that people categorize
new stimuli by determining their similarity to stored repre-
sentations in memory (Logan, 1988). The concept of atten-

tional weighting explains how decision variability emerges,
5

whereby humans and other animals prioritize dimensions that
are relevant to their goals or which have proven useful for pre-
dicting rewards (Lawrence, 1949; Nosofsky, 1986; Pearce,
1987; Livingston & Andrews, 1995). In his influential Gen-
eralized Context Model (GCM; Figure 1A-B), for example,
Nosofsky (1986) described attention shifts in terms of psy-
chologically “stretching” stimulus dimensions that are rele-
vant for categorization and “shrinking” those that are irrele-
vant. In many subsequent computational accounts, attention
has similarly been implemented as decision weight param-
eters that modulate how dimensions influence decision pro-
cesses (Busemeyer, 1985; Kruschke, 1992; Busemeyer &
Townsend, 1993; Love, Medin, & Gureckis, 2004; Love et
al., 2004; Krajbich & Rangel, 2011).

Several studies have sought neurophysiological support for
the concept of attentional weighting. For example, stud-
ies using eye-tracking as a measure of attention during cate-
gory learning have shown that gaze preferences dynamically
shift toward task-relevant dimensions as learning progresses
(Blair, Watson, & Meier, 2009; Blair, Watson, Walshe, &
Maj, 2009; Rehder & Hoffman, 2005a) and correlate with
attention weights derived from GCM (Rehder & Hoffman,
2005b). Using fMRI, Braunlich and Love (2019) found that
individual differences in model-estimated attention weights
aligned with activation in visual processing areas, such that
more attended dimensions were more readily decoded from
BOLD signals using multivariate pattern analysis. Together,
these findings position attention as a mechanism for optimiz-
ing behavior by selectively weighting dimensions at the time
of decision. This focus, however, overlooks a key possibility:
in the process of acquiring these optimized attentional strate-
gies, learners may inadvertently impose limitations on what
is stored in memory.

Weichart, Galdo, Sloutsky, and Turner (2022) explored this
idea by developing a process model of category learning in
which within-trial feature sampling and between-trial learn-
ing unfold over time (see also Braunlich and Love, 2022).
Building upon insights from sequential sampling models
(Smith & Ratcliff, 2004), the model proposed that learners
shift their gaze among stimulus dimensions only until they

acquire enough evidence to make a category decision. While
7
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Figure 1: Category structure and theoretical overview. D=deterministic; P(1-4)=probabilisticc GCM=Generalized Context Model. (A)
Dax and Zim prototypes. Organelles appeared in marked locations on the generic organism. (B) GCM describes categorization decisions
as a feature-level comparison between the new item and labeled exemplars in memory, weighted by attention. Green and orange squares
represent features drawn from Dax and Zim prototypes, respectively. Features in the encoded exemplar matrix correspond to the 8 unique
items presented during training. (C) One interpretation of attention in GCM: decision weights that govern test decisions are imposed upon
all features that were presented during training. (D) Second interpretation: decision weights are imposed upon the features that were encoded

by the individual participant.

computationally efficient, this policy predicts that when sam-
pling terminates before all dimensions are fixated, the result-
ing representation is only partially encoded. In a series of
simulation studies, Weichart, Galdo, et al. (2022) showed that
accounting for partially encoded representations was neces-
sary to explain individual differences in both eye-tracking be-
havior and categorization performance. Follow-up analyses
using the same framework showed that attentional updating
mechanisms recruited a diverse set of brain regions, including
those known to be involved in memory encoding (Weichart,
Evans, Galdo, Bahg, & Turner, 2022).

Here, we directly tested the hypothesis that attention
weights are constrained by partially-encoded representations.
Participants learned to sort multidimensional stimuli into
novel categories while gaze was recorded. We then lever-
aged GCM in a direct input approach, whereby gaze data re-
placed the otherwise freely-estimated attention parameters in
the model (Turner, Forstmann, Love, Palermi, & van Maa-
nen, 2017; Weichart, Unger, King, Sloutsky, & Turner, 2024).
This approach supported a data-driven comparison of two
theoretical alternatives regarding what attention weights tell
us about individual differences in decision-making: Do they
purely reflect the strategic selection of relevant information
at the time of the decision (Figure 1C), or do they addition-
ally reveal constraints imposed by what was encoded during
learning (Figure 1D)?

Method'
Participants

Participants (N=124) were recruited from Utah State Univer-
sity (USU) and compensated with partial course credit. Four
were excluded due to eye tracking calibration failure or fail-
ure to complete the experiment. Results are reported for the
remaining 120 participants (81 females, 36 males, 3 unre-
ported gender; age range 18-25 years, mean=19.8, SD=1.8).
All research was approved by the Institutional Review Board
at USU.

Stimuli

Stimuli were fictional amoeba-like organisms that were pre-
sented as if viewed through a microscope. Each organism
consisted of five dimensions that could contain one of two
possible features (organelles). Category membership was de-
fined by similarity to two prototypes, “Dax” and “Zim” (Fig-
ure 1A). Training exemplars contained four features from
one prototype and one from the other, creating a family-
resemblance structure. One dimension was perfectly deter-
ministic of category membership while the remaining dimen-
sions were probabilistically predictive. We refer to these di-
mensions as “D” and “P(1-4),” respectively. As shown in Fig-
ure 1A-B, the D feature from the Dax prototype appeared in

"Methods are summarized here due to space constraints, but ad-
ditional details are provided in Weichart and Darby (forthcoming).
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Figure 2: Hypothesized impacts of partial encoding on be-
havior. D=deterministic; P(1-4)=probabilistic; Dist=distributed;
Sel=selective; Recog=recognition; Cat=categorization. (A) Fea-
ture encoding expected to reflect whether participants distributed
gaze broadly or narrowly during training. (B) Predicted D and P
feature recognition performance, given distributed or selective en-
coding. (C) Predicted proportions of responses favoring the D fea-
ture when D and P features provide consistent or mixed category
evidence.

100% of Dax exemplars, and each P feature from the Dax pro-
totype appeared in 66%. Zim exemplars followed an analy-
gous structure. Dimension designations as D or P and feature
designations as Dax or Zim were counterbalanced between
participants.

Apparatus

Each participant was seated in an individual testing room in
view of an experimenter. A Tobii Pro Spectrum eye tracker
recorded binocular eye movements at a sampling rate of 600
Hz. Stimuli were presented on an EIZO FlexScan EV2451
monitor using PsychoPy 1.85.0 (Peirce, 2009). Responses
were made using a standard keyboard. Before beginning
the experiment, participants provided informed consent, com-
pleted an eye tracking calibration and validation routine, and
completed 10 practice trials where they learned to map fea-
tures to categories via trial-and-error. Practice stimuli used
different features from the main task stimuli to avoid carry-
over.

Procedure

Training Participants were instructed to use trial-and-error
to categorize each organism as a Dax or Zim by looking at its
organelles. Participants examined each stimulus for as long as

they wanted while the eye-tracker recorded dimension-level
dwell times. When they were ready to make a category judg-
ment, they pressed the spacebar to proceed. The stimulus
was removed, eye-tracking was suspended, and text was pre-
sented to indicate the two species options and their respec-
tive response mappings (e.g. DAX F; ZIM J). Feedback ap-
peared for 1200ms after the response: “correct” (green text)
or “incorrect” (red text). The category structure (Figure 1A-
B) resulted in 4 unique stimuli representing the Dax and Zim
species, respectively. Each stimulus was presented 15 times
during training in randomized order, resulting in 120 trials.
Figure 2A illustrates our hypotheses regarding how one’s at-
tention strategy during training would affect the encoded cat-
egory representations. Distributing attention broadly across
dimensions should result in broad feature encoding, whereas
selectively attending to the most informative (D) dimension
should result in more focused representations and reduced en-
coding of unattended features.

Recognition Test Following training, we examined how
well participants could distinguish between previously-seen
and novel features. Stimuli were the 10 organelles that com-
prised the Dax and Zim prototypes, and 10 visually-similar
lures (2 corresponding to each dimension). Organelles were
presented individually against the organism backdrop shown
in Figure 1A. Participants responded "OLD” if they recog-
nized the organelle from training, and otherwise responded
"NEW.” Each organelle was presented 5 times, resulting
in 100 trials. Gaze measures were not recorded, and cor-
rect/incorrect feedback was not provided. Figure 2B shows
predicted feature recognition when participants used either a
distributed or selective attention strategy. While both strate-
gies were expected to support accurate discrimination be-
tween old and new D features, we predicted that participants
who selectively attended to D would exhibit poorer recogni-
tion of P features compared to those who distributed attention
more broadly.

Categorization Test Participants categorized old and new
organisms while dimension-level dwell times were recorded,
and feedback was not provided. Organisms contained a ma-
jority of P features that were either consistent (34 items) or
inconsistent (30 items) with the species associated with the D
feature. Figure 2C illustrates the predicted response patterns
for the two attention strategies of interest. When D and P
features provide consistent category evidence (as in training),
participants are expected to categorize items according to the
D feature, regardless of whether they adopted a distributed
or selective attention strategy. However, when presented with
novel items containing mixed evidence from D and P features,
we expected divergent patterns: distributed attention should
lead to responses reflecting the majority of features, while se-
lective attention should produce responses aligned with the D
feature alone.
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Computational Modeling

We used the GCM framework in two ways. First, we fit
the standard model to each participant’s Categorization Test
behavior and freely-estimated parameters representing atten-
tion (Figure 1B). This step allowed us to identify participants
whose responses were consistent with broadly distributed or
D-selective attention strategies. We next further examined
what these freely-estimated attention parameters represent:
decision weights spontaneously allocated across the dimen-
sions of the test stimulus (Figure 1C), or decision weights
constrained by a partially-encoded category representation
(Figure 1D). To do this, we developed and compared variants
of GCM in which the typically freely-estimated attention pa-
rameters were replaced by gaze data. We will first provide
the relevant computations of GCM as described by Nosofsky
(1986) for reference, then we will provide further details of
our two-stage GCM analysis.

The Generalized Context Model (GCM) The exemplar
presented on trial n of Training is denoted by vector x") =
[x1 x2 ... xy] where each element corresponds to the feature
value in dimension j. All N exemplars are stored in matrix
X =[x ... x™]T and associated feedback is stored in vec-
tor F = [f(U ... f™)]. On each test trial i, the observer is
presented with probe el) = [e} e, ... e;]. To categorize e,
the observer computes the perceived similarity between the
probe and each exemplar x("):

y (em,x(n)) —exp ( 54, (e(i)7x(n)) aj) W

Here, free parameters 8 and o represent similarity kernel
specificity and dimension-level attention, respectively. Dis-

tance d; (e(i)7x<")) is simply a match/mismatch comparison
between corresponding features:

N n 1 ife;() #£x;(

aj (e( ),x< >) - { 0 otJherjisé. 2

The observer combines feature similarity across dimen-
sions to compute the activation of each exemplar, given the
probe. In categorization, the probability of assigning the
probe to a given category is determined by the proportion of
total exemplar activation associated with that category label.
In recognition, the probability of responding “old” is based on
the total activation across all exemplars relative to a threshold.

Individual Differences We used a switchboard analysis of
GCM variants with freely-estimated attention to delineate
participants according to Categorization Test behavior. We
fit 3 models to data from each participant, instantiating the
candidate attention strategies via Equation 1 as follows:

1) Selective attention: The value of attention allocated to the
D dimension (0,p) was freely-estimated with constraints
% < op < 1. Attention to each P dimension was set to
op, = lj%. d was freely estimated, resulting in 2 total
free parameters.

2) Distributed attention: Attention values across all dimen-
sions were constrained to be equal, such that ap = ap, = %
d was freely estimated, resulting in 1 free parameter.

3) Random responding: Values of o and 6 were fixed to 0,
resulting in predictions of chance performance across tri-
als. This null model thus had O free parameters.

After fitting the models, a comparison of Akaike Informa-
tion Criterion (AIC; Akaike, 1974) was used to select the
most representative strategy for each participant. Because
this fit statistic accounts for parsimony, freeing & and/or op
was favored only if it significantly improved model fit com-
pared to the null (random responding) model.

Gaze-based Modeling We conducted a second GCM com-
parison in which freely-estimated attention parameters were
eliminated, and gaze was a direct input to o instead. This
model-based cognitive neuroscience technique is ideal for ex-
amining whether a measured signal (in this case, dimension-
level dwell time) plays a mechanistic role in the cognitive
process under study (Turner et al., 2017). We developed a
suite of models in which 1) partially encoded memory traces
constrained decision processes at Test, or 2) Training stimuli
were perfectly encoded, such that attention weights directly
reflect gaze in the presence of the Test stimulus. To this end,
we specified:

oy =n;"¢) 3)

(n)
j .
mension j on Training trial n, and C§l> represents the decision
weight allocated to dimension j on Test trial i.
We selected the functions in Table 1 to transform feature-
level dwell times to a 0-1 range, freely estimating shape pa-

where 1}’ represents encoding of the feature presented in di-

rameters 6 and ® as needed. The input dwell](-l) refers to the
total time spent looking at the feature in dimension j on Trial

t, and output is denoted vy). This transformed value was used

directly as n;") when applied to training fixations, and as Cy)

when applied to test fixations.

Function Equation
X: Perfect encoding vy) =1
: (1
f V<
A: Binary step W = 0 1 dwel.l.] <8,
J 1 otherwise.
(1)
dwell"
B: Piecewise linear vy) = min W; =1

(1)
C: Softmax MON M
J Y rexp <9dwell]£r)>
(
j

D: Logistic e !

- 1+exp (—9 (dwell;t) —0.)) )

®)

Table 1: Encoding functions for dimension-level v -
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Figure 3: Observed and gaze-predicted behavior at test.

D=deterministic; P=probabilistic; Enc=encoding; n.s.=not signif-
icant; *=Bayesian HDI does not contain 0. Bars show observed
means. Points show predictions from best-fitting partial and per-
fect encoding models. (A) Recognition accuracy for D and P fea-
tures. Facets are strategy groups identified using GCM with freely-
estimated attention parameters. (C) Proportion of D-consistent re-
sponses when D and P features were drawn from the same (consis-
tent) or opposite (inconsistent) category prototypes.

A suite of 25 models represented every pairwise combina-
tion of functions for transforming gaze during training and
test. Models were fit to subject-level behavior from recogni-
tion and categorization tests and were evaluated using AIC.

Results

Feature-level dwell times during training predict recogni-
tion accuracy. To examine the relationship between gaze
and encoding, we used Bayesian mixed-effects logistic re-
gression to predict recognition accuracy from feature-level
dwell times during Training. Feature type (D or P) was a
within-subjects factor. We identified an extremely strong
main effect of dwell time on recognition accuracy (Bayes
factor >100; mean (M) = 2.51; 95% highest density interval
(HDI) = [1.26, 3.74]).

Selective attention is linked to selective feature memory.
The strategy group delineation analysis revealed that 74 par-
ticipants selectively attended to D and 28 distributed atten-
tion across dimensions. The remaining 18 responded ran-
domly, and were excluded from subsequent analyses. Fig-
ure 3A shows that these GCM-derived attention weights
bore measurable impacts on categorization test behavior that
were consistent with our predictions (Figure 2C). The selec-
tive attention group responded consistently with D regard-
less of the P features (Bayesian t-test: Miuc.pp — Meonpp =

A
. 1.0 4 Selective E 1.0 1
g Distributed
IS
g 0.8 A 0.8 A1
(o2}
o 2<
= o c
‘= 0.6 S c 0.6
3 5=
o e
o 0.4 N-E 0.4
- o >S5
’C‘D* o)
B 0.2 TR aeC Yl 0.2
o .
-
0.0 ——F—T———T— 0.0 T T
1 20 40 60 80 100120 Distributed Selective
Training Trial
Figure 4: Gaze during training, given behavior at test.

D=deterministic. (A) Group-level proportion of fixations to the de-
terministic (D) dimension during training. 0.2 is chance, given 5
organelles. (B) Group-level mean gaze entropy during training. Val-
ues are maximized when gaze is allocated equally to all dimensions.

—0.01, 95% HDI = [—0.05,—0.02]), and the distributed at-
tention group made fewer D-consistent responses when P fea-
tures provided evidence for the opposite category (M;,.pp —
Meonpp = —0.36, 95% HDI = [—0.42,—0.30]). Although
groups were defined by categorization test behavior, we retro-
spectively examined feature recognition performance as well.
If GCM attention weights reflect purely strategic decision
biases imposed on a perfectly-encoded representation, then
both groups should be able to recognize D and P features.
If weights instead reflect differences in the encoded category
representations, selective and distributed attention should dif-
fer in their ability to recognize P features (Figure 2B). The
results shown in Figure 3B favor the latter account: while
the distributed attention group showed no difference between
feature types (Mp — Mp = 0.01, 95% HDI = [—0.07,0.09]),
the selective attention group showed worse recognition of P
features compared to D (Mp — Mp = —0.15, 95% HDI =
[—0.20,—0.11)).

Categorization biases at test are preceded by gaze differ-
ences during training. As a precursor to the gaze-based
modeling analyses to follow, we back-sorted gaze acquired
during training based on the attention strategies utilized dur-
ing test. As shown in Figure 4A, the selective attention group
tended to focus their gaze upon the D dimension during train-
ing, while the distributed group did not look at D more of-
ten than expected by chance (20% of dwell time, given 5
dimensions). We quantified the spread of fixation probabil-
ities across the available dimensions using gaze entropy (H)
(Shannon, 1948):

1 5
H=-— Y pjlog,(p;) @)
i=1

where p; is the proportion of dwell time allocated to each di-
mension j, and m is the maximum possible entropy given 5-
dimensional stimuli: m = — Y3, (0.210og,(0.2)) ~ 2.32. As
shown in Figure 4B, the distributed attention group showed
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higher gaze entropy during training compared to the se-
lective attention group (Mg — My = 0.35, 95% HDI=
[0.26,0.45]). Taken together, Figures 4A and B show that the
distributed attention group did not prioritize D because they
spread attention across multiple dimensions, not because they
erroneously focused on a single P feature.

Test decisions are constrained by partially-encoded repre-
sentations. We compared 25 models in which dimension-
level gaze replaced the typically freely-estimated attention
parameters in GCM. Models are labeled in the format “T1-
T2,” where T1 and T2 refer to transformations applied to gaze
data from training and test, respectively, as denoted in Table
1. Comparisons of mean AIC values are shown in Figure
5, where lower values indicate better fit relative to the null
model X-X (115'1) = C;') = 1). The best-fitting model overall
was partial encoding Model C-C (black box, Figure 5). This
model outperformed even the best perfect encoding model
(X-D; gray box, Figure 5). Aggregate simulations using each
participant’s best-fitting parameters from Models C-C and X-
D are shown as points in Figure 3. Model C-C, along with
most other partial encoding models, successfully reproduced
key behavioral differences between strategy groups despite
not including any free parameters to account for dimension-
level biases. By contrast, Model X-D failed to capture the
behavioral profile of the selective attention group.

Discussion

Findings from our model-based analyses demonstrate that
gaze not only functions as an exogenous expression of atten-
tion, but also imposes constraints on the information that is
available for use in future decisions. On the surface, this may
not seem very surprising. The idea that selective attention

imposes a gate on memory encoding is one of the most well-
known principles in Psychology. Any undergraduate who has
taken an introductory course can recount the classic “invisi-
ble gorilla” study, in which participants failed to remember
a salient figure while their attention was directed elsewhere
(Simons & Chabris, 1999). Despite intuitive appeal, for-
mal models of category learning have largely overlooked the
representational consequences of attention and have instead
treated attention weights as a strategic filter applied at the
time of decision (but see Weichart, Galdo, et al., 2022). The
distinction, however, is meaningful. Rather than reflecting
the observer’s beliefs about which dimensions best-support
the current goal, we suggest that attention weights are sub-
ject to flaws incurred through early experience, which may be
skewed by salience, distraction, or pursuit of a different goal.
This interpretation echoes Simon’s (1955) “bounded rational-
ity” perspective that cognitive processes reflect the adaptive
use of limited resources, rather than optimal reasoning un-
der conditions of complete knowledge about the environment
(see also Anderson, 1990).

Our findings are also consistent with recent work by
Weichart et al. (2024), who used an analogous direct input ap-
proach to examine category learning in 3- to 4-year-old chil-
dren. Like the present study, their results favored a partial en-
coding account: gaze data collected during learning improved
behavioral predictions by constraining the availability of fea-
tures at test. Many studies have documented the profound
cognitive changes that occur between early childhood and
adulthood, particularly in the acquired capacity for engaging
selective attention during learning (Huang-Pollock, Maddox,
& Karalunas, 2011; Rabi & Minda, 2014). Converging evi-
dence across samples of young children and adults, despite
known differences in attentional control, therefore make a
compelling argument that partial encoding may be a general
property of human learning.

However, our findings tentatively contrast with results re-
ported by Mack, Love, and Preston (2016) in an fMRI study
of category learning. Evidence from a model-based analysis
showed that the hippocampus can adaptively reshape encoded
representations to reflect changing categorization rules. The
current findings instead suggest that when information is not
attended and encoded during learning, it cannot be retrospec-
tively reclaimed as needed. While some degree of representa-
tional updating is likely possible, we propose that the capacity
to reorganize is bounded by the contents of memory itself.

Taken together, our results show that the flexibility of cate-
gory representations depends not only on learners’ goals, but
also on the limits of what was—and was not—encoded dur-
ing learning.
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