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Abstract

Contextual valuation is a well-documented phenomenon in reinforcement learning, typically
manifesting as range normalization in outcome representation. However, recent findings have
revealed systematic deviations from this model, particularly when three options with equally
spaced values are presented. In this study, we hypothesize that these distortions in outcome
normalization arise from attentional processes. To test this, we conduct three experiments with
105 participants in total while simultaneously tracking their gaze position with eye-tracking.
Furthermore, we systematically manipulate attention using both top-down and bottom-up
approaches. These manipulations significantly increase the subjective valuation of attended
options, supporting a causal role of attention in shaping value representation. To account for these
effects, we develop a reinforcement learning model that integrates attentional mechanisms,
wherein gaze duration directly modulates the absolute value of options prior to range
normalization. This attentional range model outperforms attention-free and choice-repetition
alternatives, underscoring the critical influence of attention in value computation.



Introduction

Decision-making processes are profoundly influenced by the context in which options are
presented. The perceived value of an option is often shaped not solely by its intrinsic attributes but
also in relation to other available alternatives. For instance, winning second place in a contest
might feel rewarding until one realizes there were only two participants. This context-dependent
valuation is a well-documented phenomenon, observed in both value-based decision-making
scenarios, where option values are explicitly known'=, and in reinforcement learning (RL), where
values are acquired through trial and error®'°, This influence of context on value perception may
serve as an adaptive mechanism, enabling organisms to make efficient decisions under
neurobiological and environmental constraints'®2°, However, this same mechanism can also lead
to systematic biases and seemingly irrational behaviors, particularly when choices are presented
outside of their original learning context. Typically, decision-makers tend to prefer the option that
was most favorable within its original learning context, even when another option has a higher
absolute value but was less favorable within its own context. This behavior, which has been
observed in humans and various other species, suggests that decision-makers prioritize options
based on their relative value within their learning contexts, rather than their absolute value,
sometimes leading to sub-optimal choices in new environments®521-28,

One prominent computational framework that has been proposed to account for context-dependent
valuation is range normalization*7:19232930_ According to this model, the subjective value of an
option is rescaled based on the minimum and maximum values present in a given context. While
range normalization successfully predicts subjective values in simple binary choice scenarios, it
encounters limitations when additional options are introduced®. For example, when participants
are presented with three options of evenly spaced values, the pure range normalization model
predicts that the subjective value of the middle option should fall exactly halfway between the
lowest and highest options. However, empirical evidence contradicts this prediction, indicating
that participants tend to perceive the mid-value option as being close to the lowest one. This
discrepancy indicates the presence of a non-linear bias in valuation processes, suggesting that the
range model does not fully capture the cognitive mechanisms underlying subjective valuation. To
address this limitation, Bavard and Palminteri® introduced a weighted range normalization model,
incorporating a power-transformation parameter to capture non-linearities in valuation. This
refinement improves the model’s predictive accuracy but remains a descriptive account, without
addressing the cognitive mechanisms underlying these valuation processes.

In this study, we hypothesize that the functional form of outcome normalization could stem from
attentional mechanisms that bias evidence accumulation as a function of the outcomes and
expected values of available options. This hypothesis is informed by a growing body of research
that has highlighted the significant role of attention in both value-based decision-making and
reinforcement learning®' ¢, Prior studies in reinforcement learning have demonstrated a
bidirectional interaction between selective attentional processes and learning, where high-value



features attract attention and, in turn, attention influences how value is attributed to different
features’”#44748 Here, we propose that the bidirectional interaction between attention and learning
may account for the non-linearities observed in context-dependent valuation. Specifically, we
suggest that the more attention paid to an option, the closer its subjective value will align with its
range normalized value.

To test this hypothesis, we conducted a series of eye-tracking experiments to investigate the
relationship between attention and value normalization in reinforcement learning. The study
comprised three experiments in which participants performed a choice task structured within an
RL framework. During a learning phase with complete feedback, participants were asked to select
one of three options with evenly spaced values. This was followed by a transfer test in which they
chose between all possible pairs of options without additional feedback. The use of eye-tracking
allowed us to measure attention allocation in real-time, offering insights into the cognitive
processes underlying decision-making and feedback evaluation. Our results indicate that both top-
down (Experiment 1) and bottom-up (Experiments 2 and 3) attentional manipulations proved
effective in enhancing the subjective valuation of the mid-value options during learning, as
subsequently revealed by their choices in the transfer test. These findings provide initial evidence
that attention contributes to shaping subjective value.

To further account for these findings, we developed an RL model incorporating attentional
mechanisms. In this model, the time spent looking at options during the choice phase directly
influences their absolute value before range normalization. This attentional range model performed
better than the weighted range model in capturing context-dependent preferences, highlighting the
critical role of attention in shaping value representations in human reinforcement learning. Our
findings offer insights into the cognitive mechanisms underlying context-dependent valuation in
human decision-making, suggesting that attentional processes play a crucial role in shaping the
representations that underlie learning. By integrating attentional processes into models of value
normalization, we provide a more comprehensive account of how subjective value is constructed
and how biases in attention allocation can influence learning.



Results

General experimental approach

To investigate the role of attention in shaping subjective value representation, we conducted three
eye-tracking experiments with a total of 105 participants (35 per experiment), who performed a
choice task structured within an RL framework. The experimental design consisted of two phases:
a learning phase and a subsequent transfer phase (Fig. 1). During the learning phase, participants
were incentivized to identify the most rewarding option in four different, interleaved contexts,
each containing three options with evenly spaced values. The inclusion of three options per context
was essential for examining the non-linear bias in subjective valuation, and for demonstrating the
limitations of the range model in accounting for this behavior. In all three experiments, two key
factors were orthogonally manipulated across the four contexts: (1) the range of possible outcomes
and (2) the allocation of attention. The manipulation of the outcome range aimed to distinguish
between unbiased (absolute) and context-dependent (normalized) learning processes. Meanwhile,
the attention manipulation was conducted to assess the influence of attentional focus on valuation,
with specific attention manipulations varying across the three experiments. Following the learning
phase, participants completed a transfer test in which they made choices among all possible binary
combinations of the options without receiving any additional feedback. This phase allowed us to
assess how the reinforcement values acquired during the learning phase guided choices in new
contexts, thereby shedding light on the interaction between attention and subjective valuation.

Experiment 1: Modulating top-down attention

The first experiment replicated the design of Bavard and Palminteri®, with the addition of eye-
tracking to monitor participants’ gaze patterns (Fig. 1a). The attention manipulation consisted in
contrasting two contexts: a 100% ternary context, which served as a control with no attention
manipulation, and a 50% binary context, in which attention was modulated by alternating between
ternary (three-option) and binary (two-option) choice trials. In the binary trials, the high-value
option was visible but blurred and not available for selection, making the mid-value option the
best possible choice among the available options (Fig. 1b). This manipulation was designed to
make participants actively focus on the mid-value option (top-down attention), allowing us to test
whether this increased attention would lead to a more accurate subjective valuation of this option
during the transfer test, compared to its counterpart in the control context.

Experiment 1: Learning phase performance

To ensure that participants were actively engaged with the task, we assessed whether the correct
choice rate — defined as the probability of selecting the option with the highest expected value —
exceeded chance levels during the learning phase. In the 100% ternary context, where all three
options were consistently available, the chance level was 1/3. In the 50% binary context, the chance
level was 1/3 in ternary trials and 1/2 in binary trials. The results indicated that the correct choice



rate was significantly above chance in all contexts (least significant (W50): M = 0.71, SD = 0.27,
tas = 8.39, p <.001, 95% CI = [0.62, 0.81], d = 1.39; two-sided, one-sample Student’s t-tests; Fig.
2a). These findings confirm that participants correctly understood the task, consistently choosing
the high-value option when available and the mid-value option in binary trials of the 50% binary
context. Further analysis of the influence of experimental factors revealed a significant main effect
of option availability, with participants showing a higher correct choice rate in the 100% ternary
contexts compared to the 50% binary contexts (Aioos0: M = 0.087, SD = 0.13; F134 = 15.4, p <
.001, np? = .31; two-way repeated measures ANOVA). However, no significant effect of range
amplitude (i.e., the difference between the highest and the smallest outcome) was observed (wide
versus narrow: Fizs = 3.93, p = .056, np? = .10), nor was there a significant interaction between
option availability and range amplitude (F1,34 = 0.76, p = .39, np? = .022)%.

In line with our main experimental manipulation, the analysis of choice rates for each individual
option revealed a significant interaction between context and option value (Fs 204 = 178, p <.001,
np? = .84; two-way repeated measures ANOVA). Post-hoc tests demonstrated that, in the 50%
binary context, participants selected the mid-value option significantly more often than in the
100% ternary context (Fig. 2b; wide (Aso-100): M = 0.48, SE = 0.029, p < .001, 95% CI = [0.40,
0.56]; narrow (Aso-100): M = 0.44, SE = 0.022, p < .001, 95% CI = [0.38, 0.50]). Furthermore,
within the 50% binary context, participants chose the mid-value option even more frequently than
the high-value option (Fig. 2b; wide (Amig-max): M = 0.19, SE = 0.042, p <.001, 95% CI = [0.091,
0.29]; narrow (Amid-max): M = 0.19, SE = 0.030, p < .001, 95% CI =[0.12, 0.26]).

Experiment 1: Transfer phase performance

Turning to the transfer phase, we first confirmed that the correct choice rate was significantly
above chance (M = 0.85, SD =0.077, tas = 27.0, p < .001, 95% CI =[0.82, 0.88], d = 4.47; two-
sided, one-sample Student’s t-tests), thereby providing evidence of successful value retrieval and
generalization® %%, Next, we analyzed the choice rate per symbol, which reflects the average
frequency with which a given symbol is chosen in the transfer phase (i.e., across all possible
pairings) and serves as a measure of subjective preference for that option'® (Fig. 2c). Our initial
focus was to identify signatures of value normalization (context-dependency) and non-linear biases
in subjective valuation within the 100% ternary context, which did not involve any attentional
manipulation and thus served as a control. Results showed that participants chose the mid-value
option in the wide context significantly less often than the high-value options in the narrow context,
despite both options sharing the same objective value of 50 (Aw-n: M =-0.44, SD = 0.22, t3s = -
11.9, p <.001, 95% CI =[-0.51, -0.36], d = -2.75; two-sided, paired-sample Student’s t-tests; see
Supplementary Fig. 1 for pairwise choice preferences). This finding suggests that participants
normalized values within each context, supporting context-dependent valuation. Further analysis
revealed that the choice rates for the mid-value options did not significantly differ from those of
the corresponding low-value options in either context (wide: tzs = -0.47, p = .64, 95% CI = [-0.11,
0.066], d = -0.10; narrow: tas = -0.28, p = .78, 95% CI = [-0.11, 0.081], d = -0.077; two-sided,
paired-sample Student’s t-tests), and Bayesian paired-sample t-tests supported the conclusion that



choice rates did not differ between option types (wide: BFo1 = 4.97; narrow: BFo1 = 5.32). This
pattern is consistent with a non-linear processing of outcomes, in line with findings from the
replicated study®. Given that both range normalization and non-linear biases in subjective valuation
were consistently observed across the narrow and wide contexts, these contexts were combined
for all subsequent analyses.

Next, we examined the effect of attention manipulation in the 50% binary context, where the high-
value option was unavailable in half of the trials. Our aim was to determine whether the increased
focus on the mid-value option observed during the learning phase would translate to a higher
subjective valuation of these options in the transfer phase. To test this hypothesis, we fitted a
weighted range normalization model separately for the 100% ternary and 50% binary contexts
(Fig. 2d). Like all models tested in the present study, this model builds on a standard Q-learning
architecture, in which subjective option values (Q-values) are updated from trial to trial using
reward prediction errors®!>? and converted into choice probabilities via a softmax decision rule™
(see Methods, “Computational modeling” for details). Within this framework, we used the
weighted range model as the baseline because prior work shows that it closely captures
participants’ behavior in this task®, and in our data it similarly outperformed alternative accounts
— such as perseveration or psychophysical compression — which failed to reproduce the key
behavioral patterns (Supplementary Fig. 2-Supplementary Fig. 4).

The model computes a subjective normalized reward R,, .-, based on the position of the objective
reward R within its contextual range, followed by a non-linear transformation:

R _ ( R — Ryin >w
norm Rmax - Rmin

where R, and R,,;, are the endpoints of the contextually relevant distribution, forming the range
(Rpax — Rmin), @and w controls the degree of non-linear transformation (with 0 < w < +0). For
w = 1, the model reduces to the standard range normalization model; for w < 1, the model induces
a concave deformation of the normalized outcome, leading to an overvaluation of the mid-value
option; and for w > 1, it induces a convex deformation of the normalized outcome, resulting in an
undervaluation of the mid-value option.

We hypothesized that an effective top-down attention manipulation would result in distinct w
parameters for the 100% ternary (w40) and 50% binary (ws,) contexts. Specifically, we expected
w190 to be greater than 1, reflecting the non-linear processing of outcomes. In contrast, we
anticipated that ws, would approximate 1, reflecting near-linear scaling. The results supported
these predictions: w4, Was significantly greater than 1 (M = 4.67, SD = 2.70, t3s = 8.02, p < .001,
95% CI =[3.74, 5.60], d = 1.33; two-sided, one-sample Student’s t-tests). In contrast, ws, did not
significantly differ from 1 (M = 1.16, SD = 1.08, tas = 0.90, p = .37, 95% CI = [0.79, 1.54], d =
0.15), and Bayesian evidence favored the hypothesis that ws, equals 1 (BFo1 = 3.79). Furthermore,
these two w parameters were significantly different from each other (34 = 6.73, p <.001, 95% CI



= [2.45, 4.56], d = 1.66; two-sided, paired-sample Student’s t-tests), indicating that mid-value
options were valued more highly in the 50% binary context compared to the full ternary context.

This result suggests that mid-value options are valued less accurately when they are presumably
given less attention during learning due to the modulation of the high-value option’s availability.
To investigate this effect further, we next analyzed gaze data to determine whether these
differences in valuation could be attributed to variations in attentional patterns.

Experiment 1: Gaze patterns

Our analysis examined how attention allocation unfolded during the learning phase and whether
these patterns could account for non-linear biases in value normalization. Specifically, we
analyzed fixation ratio, computed as the proportion of time spent looking at a given option relative
to either (1) the total choice time (from option presentation to selection; Fig. 3a) or (2) the outcome
display time (fixed at 2 seconds; Fig. 3b).

A three-way repeated measures ANOVA revealed a significant interaction between context (100%
ternary vs. 50% binary), trial type (ternary vs. binary trials), and option value (min, mid, or max)
across both timeframes (choice phase: F26s = 56.0, p < .001, np? = .62; outcome phase: Fzes =
27.1, p < .001, ne? = .44). Post-hoc analyses indicated that, in both the 100% ternary context and
ternary trials of the 50% binary context, the high-value option received the most attention
(Supplementary Table 1). However, in binary trials of the 50% binary context, the mid-value
option received significantly more attention than the other options (Supplementary Table 1).
Importantly, this shift in attentional focus was reflected in a higher fixation ratio for the mid-value
option in binary trials compared to both the 100% ternary context (choice phase (Asog-1001): M =
0.26, SE = 0.013, p < .001, 95% CI = [0.23, 0.29]; outcome phase (Asos-1001): M = 0.13, SE =
0.017, p <.001, 95% CI = [0.089, 0.17]), and the ternary trials of the same context (choice phase
(Aso-501): M =0.20, SE = 0.013, p <.001, 95% CI =[0.17, 0.24]; outcome phase (Asos-s01): M =
0.13, SE=0.017, p <.001, 95% CI1 =[0.088, 0.17]). Consequently, the mid-value option received
more attention overall during learning in the 50% binary context than in the 100% ternary context
(Table 1), aligning with its increased valuation during the transfer phase in the same context.

In summary, these results suggest that option availability biased attention allocation, directing
fixations toward the mid-value option in the 50% binary context, and that these attentional shifts
may underpin non-linear value processing.

Integrating visual fixations to the range model

To formally test the hypothesis that attention modulates learning processes, we designed a
modified version of the range normalization model that incorporates visual fixation data.
Specifically, this approach allowed the proportion of time spent looking at an option to influence
its absolute value (Equation 2) before applying the range normalization procedure (Equation 3).
The model ensures that equal attention allocation across options maintains their proper positioning



within the contextual range. However, an unequal distribution of attention — where some options
receive disproportionately higher or lower fixation times — can skew the relative positioning of
these options within their contextual range, thereby affecting their perceived value.

To quantify the contribution of the different sources of visual information to value computation,
we calculated an attention-biased option value, R,, as a weighted combination of its stimulus
(fixsim) @and outcome (fix,,.) fixation ratios as follows:

Rat = R (@ * fiXgim + (1 — @) fix,ye) 2

Here, R denotes the objective reward value, and ¢ is a free parameter (0 < ¢ < 1) that determines
the relative contribution of stimulus versus outcome fixations on value modulation. Critically, the
fixation ratios fixg;, and fix,, represent the proportion of time spent looking at a given option
relative to the total duration of the choice or outcome phase, respectively (with 0 < fiXgim /our <

1).
Following this weighting, the attention-biased option value R, was range-normalized as:

_ Rae — min(Ryy) 3
maX(Ratt) - min(Ratt)

Rnorm

To assess how attention influenced the learning process, we tested three versions of this attentional
range model. In the first version, the weight parameter ¢ was free to vary (0 < ¢ < 1), allowing
a flexible combination of stimulus and outcome fixations. In the second version, ¢ was fixed at 1,
meaning only stimulus fixations contributed to the biased option value. In the third version, ¢ was
set to 0, so that only outcome fixations were considered. These attentional range models were
compared alongside the weighted range model (Equation 1), and a standard model encoding
objective reward values (“absolute” model; see Table 2 for an overview of model formulations).
Model fitting was conducted jointly across the learning and transfer phases by maximizing the log-
likelihood of the observed choices™.

Experiment 1: Parameter and model comparison

The mean estimated ¢ parameter from the flexible attentional range model (where ¢ was free to
vary) was significantly greater than 0.5 across participants, indicating a stronger influence of
stimulus fixations (compared to outcome fixations) in explaining participants’ choices (M = 0.65,
SD =0.32, t34 = 2.78, p = .009, 95% CI = [0.54, 0.76], d = 0.46; two-sided, one-sample Student’s
t-tests; Fig. 4a — see Supplementary Fig. 5a for parameter recovery analysis). This observation
aligns with the model comparison results based on the Bayesian Information Criterion (BIC)*?,
which identified the attentional range model relying exclusively on stimulus fixations (¢ = 1) as
the best fit of the data (Fig. 4b; Table 3 — see also Supplementary Fig. 5b for model recovery



analysis, Supplementary Table 2 for mean parameter estimates, and Supplementary Fig. 6 for
model-based simulations).

We additionally tested alternative models in which subjective valuation was based directly on
fixation ratios without range normalization (i.e., using only the fixation ratio as an estimate of
subjective value). These models provided a poorer fit to the data compared to both the weighted
and attentional range models (see Supplementary Table 3), highlighting the necessity of
normalized outcome values for accurate behavioral predictions.

Finally, to assess whether the stage at which attention influences value computation affects model
performance, we also tested a variant in which attention was applied after range normalization
rather than before. Both formulations yielded highly similar results, and the “after normalization”
variant kept outperforming all other models within the main model space, confirming that our
overall conclusions are robust to this implementation choice (Supplementary Table 4).

Experiment 2 & 3: Modulating bottom-up attention

The results from Experiment 1 indicate that the observed transfer preferences are unlikely to arise
from simple repetition of choices during learning. For example, in the 50% binary context,
participants chose the mid-value option more often than the high-value option during learning (Fig.
2b), yet this did not translate into a higher preference for the mid-value option in the transfer phase.
Consistent with this observation, a model implementing value changes as a function of repeated
choices®®*’ failed to capture participants’ transfer preferences and was outperformed by the
weighted range normalization model (Supplementary Fig. 4). However, because attention in
Experiment 1 was manipulated via changes in option availability, attentional allocation and choice
patterns were inherently intertwined. Thus, although simple choice repetition cannot explain the
observed changes in subjective valuation, part of the effect may still reflect choice-related
dynamics rather than purely attentional mechanisms. Moreover, the similarity in fixation patterns
for stimuli and outcomes (i.e., increased fixation ratio for both the mid-value stimulus and mid-
value outcome; see Fig. 3) limits our ability to fully disentangle their individual contributions to
subjective value computation.

To address these limitations, we conducted two follow-up experiments designed to isolate the
specific influence of attention on subjective value computation. In Experiment 2, we manipulated
bottom-up attention allocation by varying the saliency of the stimuli during the learning phase
(Fig. 5a). In the “100% max’ context, the high-value stimulus was made more visually salient by
increasing its brightness on each trial. In the ‘50% mid’ context, half of the trials mirrored the
*100% max’ context (high-value trials), while in the other half, the increased brightness was
applied to the mid-value stimulus instead (mid-value trials). Experiment 3 followed a similar
design to Experiment 2, but the saliency manipulation was applied to outcomes rather than stimuli,
irrespective of participants’ choices (Fig. 5b). These manipulations aimed to increase fixation time
on the mid-value stimulus or outcome during the learning phase, without affecting option



availability. The goal was to assess whether this increased attention to the mid-value stimulus
and/or outcomes would subsequently alter its subjective valuation in the transfer phase.

Experiment 2 & 3: Learning phase performance

We first examined whether saliency manipulations affected participants’ ability to select the best
option. In both experiments, the correct choice rate was significantly above chance level (1/3)
across all contexts (least significant Exp. 2: M = 0.89, SD = 0.19, t3s = 17.4, p <.001, 95% CI =
[0.83, 0.96], d = 2.87; least significant Exp. 3: M = 0.86, SD = 0.19, t3s = 16.0, p < .001, 95% ClI
=[0.79, 0.93], d = 2.65; two-sided, one-sample Student’s t-tests; Supplementary Fig. 7). A two-
way repeated measures ANOVA revealed no significant main effects or interactions of saliency or
range amplitude on correct choice rates (all p > .05), indicating that learning performance was
comparable across contexts.

We next examined choice rates for individual options to assess potential interactions between
saliency contexts and option values. In contrast to Experiment 1, no significant interaction was
identified between context and option value (Exp. 2: Fa,6s = 3.84, p =.057, np® = .10; Exp. 3: F2ss
=0.70, p = .44, np? = .020; two-way repeated measures ANOVA). Instead, a robust main effect of
option value was observed (Exp. 2: F26s = 1206, p <.001, np? = .97; EXp. 3: F268 = 528, p < .001,
np? = .94), with the high-value option being chosen more frequently than the mid- and low-value
options (Supplementary Fig. 7). This indicates that choice behavior was primarily driven by option
value, even when the mid-value option was made more salient.

Experiment 2 & 3: Gaze patterns

To ascertain whether the saliency manipulations had the expected effect on attention allocation,
we analyzed fixation ratios during the learning phase (Fig. 5c-d). A significant three-way
interaction was observed between context (‘100% max’ vs. ‘50% mid”), trial type (high-value vs.
mid-value trials), and option value (min, mid, or max) across both timeframes in Experiment 2
(choice phase: F2es = 62.3, p < .001, np? = .65; outcome phase: Fa6s = 86.1, p < .001, np? = .72)
and Experiment 3 (choice phase: F26s = 167, p < .001, np? = .83; outcome phase: Foes = 37.4, p <
.001, np? = .52). In both experiments, the fixations patterns observed during the ‘100% max’
context and the high-value trials of the ‘50% mid’ context were similar to those observed in the
100% ternary (i.e., control) context of Experiment 1. Specifically, the high-value option received
the most attention during both the choice and outcome phases (Supplementary Table 1).

However, distinct patterns emerged in mid-value trials of the ‘50% mid’ context. During the choice
phase of Experiment 2, where the attention manipulation was applied to the stimulus, participants’
gaze was initially captured by the mid-value stimulus due to its increased saliency (Fig. 5¢ bottom).
Then, over time, their attention reverted to the preferred high-value option. This initial shift in
attentional focus was reflected in a significantly higher fixation ratio for the mid-value stimulus in
these trials compared to both the ‘100% max’ context (Asom-1004: M = 0.084, SE = 0.018, p <.001,
95% CI = [0.041, 0.13]) and the high-value trials of the same context (Asom-son: M = 0.085, SE =



0.019, p <.001, 95% CI = [0.040, 0.13]). As a result, the mid-value option received more attention
overall during the choice phase in the ‘50% mid’ context than in the ‘100% max’ context (Table
1). Importantly, this effect was not observed during the outcome phase, where fixation ratios for
the mid-value option did not significantly differ across contexts (Table 1).

In Experiment 3, where saliency manipulation was applied to outcomes rather than stimuli, a
symmetrical pattern emerged. During the outcome phase of the mid-value trials in the ‘50% mid’
context, participants’ gaze was drawn to the mid-value outcome (made more salient), but only after
an initial focus on the high-value outcome (Fig. 5d bottom). This sequence aligns with the
observation that participants most frequently choose the high-value option, making it the most
immediate target of their post-choice gaze. Nevertheless, the increased saliency of the mid-value
outcome led to a significantly higher fixation ratio for the mid-value outcome in these trials
compared to both the ‘100% max’ context (Asom-100n: M =0.087, SE = 0.015, p <.001, 95% CI =
[0.050, 0.12]) and the high-value trials within the same context (Asom-so4: M = 0.10, SE = 0.011,
p <.001, 95% CI =[0.072, 0.13]). Therefore, the mid-value option received significantly more
attention overall during the outcome phase of the learning phase in the ‘50% mid’ context
compared to the ‘100% max’ context (Table 1). Importantly, this increased attention to the mid-
value outcome was not observed during the choice phase (Table 1), again contrasting with findings
from Experiment 1.

Overall, these findings confirm that the saliency manipulations were effective in modulating
participants’ attention in a bottom-up manner>®. In Experiment 2, the ‘50% mid’ context increased
attention to the mid-value stimulus during the choice phase, while in Experiment 3, it increased
attention to the mid-value outcome during the outcome phase. Importantly, these attentional shifts
occurred without disrupting participants’ performance in identifying or choosing the high-value
option (Supplementary Fig. 7), indicating that the saliency manipulation selectively affected
attention without significantly altering choice behavior.

Experiment 2 & 3: Transfer phase performance

The next step was to assess whether attentional changes observed during the learning phase
affected subsequent preferences in the transfer phase. First, we confirmed that participants’ correct
choice rates remained significantly above chance in both experiments (Exp. 2: M = 0.84, SD =
0.069, tz4 = 29.4, p <.001, 95% CI =[0.82, 0.87], d = 4.87; Exp. 3: M = 0.81, SD = 0.061, t34 =
30.2, p<.001, 95% CI =[0.79, 0.83], d = 5.0; two-sided, one-sample Student’s t-tests). Then, we
examined the choice rates of the mid-value option across experimental contexts, as this option was
the target of the attentional manipulations.

In Experiment 2, where saliency was manipulated on the stimuli, the choice rate for the mid-value
option in the ‘100% max’ context did not significantly differ from that of the corresponding low-
value option (Fig. 6a; Amid-min: M = 0.046, SD = 0.21, t34 = 1.33, p = .19, 95% CI = [-0.024, 0.12],
d = 0.35; two-sided, paired-sample Student’s t-tests; see Supplementary Fig. 1 for pairwise choice



preferences), a pattern consistent with previously observed non-linear processing of outcomes. In
the ‘50% mid’ context, however, the mid-value option was chosen significantly more often than
the low-value option (Fig. 6a; Amid-min: M =0.11, SD = 0.18, t3s = 3.68, p < .001, 95% CI =[0.051,
0.18], d = 0.92), indicating a higher subjective valuation of the mid-value option in this context.
Importantly, this transfer effect was not related to simple repetition or choice-frequency effects
during learning, as no reliable relationship was found between learning- and transfer-phase choice
rates for the mid-value option in the 50% mid context (p3s = -0.01, p = .95; Spearman’s rank
correlation). A comparison of the omega (w) parameters from the weighted range normalization
model (Equation 1) revealed a significant difference between contexts (Aw;9o—so: M = 1.52, SD
=3.36, t34 = 2.68, p =.011, 95% CI =[0.37, 2.68], d = 0.59; two-sided, paired-sample Student’s t-
tests), with ws, being closer to 1 (Fig. 6b). This result reflects more linear processing of normalized
outcomes in the ‘50% mid’ context.

In Experiment 3, where saliency was manipulated on the outcomes, the choice rate for the mid-
value option did not significantly differ from that of the corresponding low-value option in the
‘100% max’ context (Fig. 6C; Amid-min: M =0.028, SD = 0.17, t34 = 0.94, p = .35, 95% CI = [-0.032,
0.087], d = 0.21). However, although the choice rate for the mid-value option showed a slight
increase in the *50% mid’ context, this effect was not statistically significant (Fig. 6¢; Amid-min: M
=0.058, SD =0.21, t3s = 1.65, p = .11, 95% CI = [-0.013, 0.13], d = 0.41). Similarly, fitting the
weighted range normalization model revealed no significant difference in omega parameters
between the two contexts (Fig. 6d; Aw;g¢—50: M =0.22, SD = 3.39, t3s = 0.39, p =.70, 95% CI =
[-0.94, 1.39], d = 0.084).

While the effect of the attention manipulation (Aw;g9-50) Was significant in Experiment 2
(stimulus saliency) but not in Experiment 3 (outcome saliency), the difference in Aw between
experiments was not statistically reliable (M = 1.30, SD =4.37, tes = 1.61, p = .11, 95% CI [-0.31,
2.91], d = 0.38; two-sided, two-sample Student’s t-test). To clarify this pattern, we performed a
mixed ANOVA with Context (100% max, 50% mid) as a within-subject factor and Experiment
(Exp. 2, Exp. 3) as a between-subject factor. This analysis revealed a significant main effect of
Context (F1.6s = 4.66, p = .034, np? = 0.064) but no Context x Experiment interaction (Fy,6s = 2.60,
p = .11, ne> = 0.037). Thus, across both experiments, the bottom-up attention manipulation
influenced the subjective valuation of the mid-value option. Nevertheless, the pattern of results
suggests a descriptive asymmetry: the effect appeared more pronounced in Experiment 2 than in
Experiment 3. Although this asymmetry was not statistically confirmed by the interaction term, it
IS consistent with a larger impact of stimulus-directed attention on subjective valuation. To further
disentangle the respective contributions of stimulus- and outcome-directed attention, we next
examined inter-individual differences and conducted a fine-grained computational analysis of gaze
dynamics.

Inter-individual differences in attention predict valuation distortions



While the group-level results demonstrated a clear relationship between stimulus-directed
attention and subjective valuation, we investigated whether individual differences in attentional
allocation could explain variations in subjective valuation and choice behavior. Specifically, we
examined whether differences in fixation time on the mid-value option during learning in attention-
manipulated contexts (i.e., the 50% binary or ‘50% mid’ context) predicted subsequent valuation
biases in the transfer phase, as quantified by the attentional weight model parameter ws.

The results revealed a significant correlation between fixation time on the mid-value stimulus
during the learning phase and the ws, parameter across all three experiments (Fig. 6e; Exp. 1: p33
=-0.47, p = .005; Exp. 2: p33 = -0.484, p = .0036; EXp. 3: p33 = -0.481, p = .0038; Spearman’s
rank correlation). Thus, participants who spent more time looking at the mid-value stimulus during
the learning phase were more likely to choose it in the transfer phase, reflecting a more accurate
subjective valuation. Conversely, participants who allocated less attention to the mid-value
stimulus exhibited greater valuation distortions, undervaluing the mid-value option. Importantly,
no significant correlation was observed between fixation time on outcomes and the ws, parameter
(Exp. 1: p33 =0.009, p =.96; Exp. 2: p33 =-0.074, p =.67; Exp. 3: p35 =-0.32, p =.060). Together,
these findings converge on a more prominent role of stimulus-directed attention in shaping
subjective valuation and choice behavior.

Fine-grained computational analysis of gaze dynamics

To further investigate the computational mechanism linking attention and valuation, we compared
the same five models used in Experiment 1 (absolute model, weighted range model, and the three
versions of the attentional range model) in Experiments 2 and 3. In both experiments, the
attentional range model with a free ¢ parameter (Equation 2) revealed a stronger influence of
stimulus fixations compared to outcome fixations in explaining choice patterns (i.e., greater than
0.5; Exp. 2: M =0.83, SD =0.27, t3s = 7.07, p < .001, 95% CI =[0.73, 0.92], d = 1.17; Exp. 3: M
=0.80, SD = 0.29, t34 = 6.20, p < .001, 95% CI = [0.70, 0.90], d = 1.02; two-sided, one-sample
Student’s t-tests; Fig. 4a). Additionally, the ¢ parameters estimated in Experiments 2 and 3 were
significantly larger than those estimated in Experiment 1 (Exp. 2: tes = 2.44, p = .017, 95% CI =
[0.032, 0.32], d = 0.58; Exp. 3: teg = 2.03, p = .046, 95% CI = [0.003, 0.29], d = 0.48; two-sided,
two-sample Student’s t-tests), suggesting an even stronger dependency of value normalization on
stimuli-related fixations.

Furthermore, model comparison based on BIC confirmed that the attentional range model relying
exclusively on stimulus fixations (¢ = 1) provided the best fit to the data (Fig. 4b; Table 3). These
results further reinforce the critical role of stimulus-directed attention in reinforcement learning
and subjective valuation, consistent with findings from Experiment 1.

While these model comparisons ruled out a role of outcome-related attention, the way fixation
ratios were computed raises an important question. In prior analyses, fixation times have been
averaged over the entire stimulus and outcome durations, implicitly assuming that all moments



within these periods contribute equally to value computation. However, it is possible that restricted
time windows, such as those immediately preceding or following a decision, exert a greater
influence on subjective valuation than others. For instance, given the relatively long outcome
display duration (2 seconds), specific segments within this timeframe might still affect value
computation.

To investigate this possibility, we refined the attentional range model by segmenting fixation data
into incremental time windows. Specifically, we computed the attention-biased option value (R )
by summing fixation ratios on stimuli and outcomes over specific percentages of their respective
timeframes:

Ratt =R- (X ’ fiXstim +y- fiXout) 4

Here, x and y represent the proportion of trial time used to calculate stimulus and outcome fixation
ratios, respectively. The model was fitted incrementally with x and y varying from 0% to 100%
of their respective display durations in 5% steps. For stimuli, time was considered in reverse,
starting from the moment of choice and extending backward to the appearance of the stimuli. For
outcomes, time was considered forward, starting from the moment of choice (i.e., the appearance
of outcomes) until the disappearance of the outcomes. Note that attentional models are special
cases of this ‘sliding windows’ model. For instance, the ‘stimuli’ model corresponds to [x =
100%; y = 0%] while the ‘outcomes’ model to [x = 0%; y = 100%)].

The results revealed that across all three experiments, better log-likelihoods were achieved by
models incorporating a larger proportion of stimulus display time compared to those emphasizing
outcome time windows (Fig. 7). In particular, the best-fitting models consistently favored windows
capturing most of the stimulus display period (Exp. 1: 90%; Exp. 2: 85%; Exp. 3: 80%), while
incorporating only a small portion of the period immediately following the outcome display (Exp.
1: 15%; Exp. 2: 15%; Exp. 3: 10%).

To further probe the contribution of distinct temporal segments, we performed an additional
analysis using non-overlapping 10% time windows across the stimulus and outcome phases
(Supplementary Fig. 8). This approach tested whether time segments independent from the
selection time — such as the beginning of the stimulus presentation or the end of the outcome
display — could also predict subjective valuation. Results revealed that these individual 10%
windows provided poorer fits than the model using the full stimulus window, suggesting that no
single segment was solely driving outcome normalization. However, some windows closer to the
selection time approached the performance of the full-stimulus attentional range model. Among
these best-fitting windows, a larger proportion relied on stimulus-related fixations than on
outcome-related ones, consistent with our main findings.



Taken together, these findings highlight the temporal dynamics of attentional influence,
emphasizing that subjective value computation is best captured by stimulus fixations throughout
the decision process, with minimal contribution from outcome-related attention.



Discussion

The present study set out to investigate the role of attention in shaping subjective values during
reinforcement learning (RL). Across three experiments combining attention manipulations, eye-
tracking, and computational modeling, we demonstrated that attention allocation plays a critical
role in explaining systematic deviations from range normalization previously observed in RL tasks.
Specifically, our findings reveal that directing attention — through both top-down and bottom-up
mechanisms — toward mid-value options during learning mitigates their typical undervaluation and
leads to subjective valuation that better reflect their actual value and relative position within the
context, as evidenced by subsequent choices. Moreover, we show that attention modulates value
encoding primarily during the stimulus presentation phase, rather than during outcome evaluation,
highlighting the critical role of early attentional engagement in shaping subsequent outcome
processing and valuation. Together, these results provide strong evidence that attentional processes
not only correlate with but causally influence value normalization in RL, offering a mechanistic
explanation for previously observed non-linear distortions in subjective valuation.

Our findings replicate previous work showing that outcome values in reinforcement learning are
normalized in a manner broadly consistent with the range normalization model, which linearly
rescales values relative to the contextual range® 4. At the same time, we confirmed that
participants’ behavior systematically deviates from the linear predictions of this model: mid-value
outcomes tend to be perceived as closer to the minimum possible outcome, suggesting a systematic
distortion in subjective valuation®. Although range normalization captures many aspects of
behavior in RL, these deviations suggest that additional cognitive processes influence how
subjective values are constructed during learning. To capture this pattern, our previous work
introduced a weighted range model in which normalized values are further transformed by a non-
linear weighting function®. This formulation improves descriptive accuracy and provides a
coherent framework for characterizing systematic distortions in subjective valuation. However,
several alternative mechanisms could, in principle, give rise to similar behavioral patterns,
including psychophysical compression of outcome magnitudes’>*°, exploratory lapses during
choice®?®!, or biases arising from past choice history (i.e., perseveration)*®>’. We therefore
formally evaluated these empirically grounded alternatives using computational modeling
(Supplementary Fig. 2-Supplementary Fig. 4). Although these mechanisms offer reasonable
starting points, none reproduced the characteristic transfer-phase patterns observed in our
experiments — most notably the difference between Wide and Narrow contexts for options of the
same objective value, and the systematic equivalence between mid- and low-value options in
transfer. Thus, these models, as currently formulated in the literature, cannot account for the
observed results. By contrast, the weighted range model accommodates both the scale invariance
expected from normalization and the systematic non-linear distortions observed in behavior.
Importantly, while this comparison establishes the weighted range model as a descriptively
adequate account within the present paradigm, it does not by itself identify the cognitive
mechanisms responsible for the observed distortions. A central objective of the present study was



therefore to move beyond this descriptive account and identify the processes underlying these
effects by grounding the model in a psychologically meaningful explanation.

One plausible account is that these distortions arise from how attention is allocated during learning.
Extensive research in value-based decision-making has shown that attention not only reflects
preferences®>®* but also influences value representations, with items receiving longer visual
fixations being more likely to be chosen?*3442:4345.64.65 Similarly, in risky choice, attention has
been shown to systematically influence probability weighting, leading to different risk
behaviors*®-%%¢7, Together, these findings suggest that attention plays a fundamental role in shaping
subjective values across different decision contexts. Surprisingly, however, the relationship
between visual attention and subjective value has remained relatively unexplored in reinforcement
learning. Prior RL studies incorporating attentional measures primarily focused on tasks involving
multi-attribute options®’, environments with uncertainty**, or attentional biases toward threat*.
While these studies provided valuable insights into how attention correlates with learning, it
remains unknown whether attention causally shapes subjective value representations in RL.

Building on the idea of reciprocal influences between attention and valuation observed in other
domains, we hypothesized that similar mechanisms contribute to the non-linear distortions
observed in RL. To test this hypothesis, we conducted a series of experiments combining eye-
tracking as a measure of overt attention with attentional manipulations and computational
modeling, while participants performed RL tasks inspired by prior studies. Specifically, we
examined whether directing attention toward mid-value options (among three options with evenly
spaced values) during learning would influence how participants valued these options later. Across
experiments, we found that attention allocation during learning systematically biased subjective
valuation, as reflected in participants’ choices during the transfer phase.

Beyond the behavioral effects, our computational modeling results further confirmed that attention
modulates value encoding during learning, thus shaping subsequent decision-making. Specifically,
the model incorporating fixation data consistently outperformed both the standard range
normalization model and the weighted normalization model across all three experiments,
providing strong empirical support for the robustness of this effect. In this attention-modulated
model, the proportion of fixations directed at an option determined how strongly newly observed
outcomes updated its stored value before range normalization. This formulation is consistent with
neurobiological and computational accounts proposing that attention acts as a gain-control process,
amplifying the neural representation of attended stimuli before normalization occurs!'®®,
However, when we tested the reverse implementation — where attention was applied after
normalization — the results were virtually unchanged, indicating that our conclusions are robust to
the precise stage at which attention is introduced in the value computation process. Overall, these
findings align with previous computational models of value-based decision-making, where
attention is modeled as a bias in the evidence accumulation process, leading to discounted
subjective values for less-attended optiong33-34:43:64.69,



Critically, our parameter recovery and model recovery analyses confirmed that our modeling
approach was well-specified and reliably captured the underlying cognitive processes>*. Because
gaze and choice are naturally correlated, one potential concern is that incorporating fixation data
could introduce partial circularity — that is, if fixations merely reflected the imminent decision, this
could artificially improve model fits. Importantly, several aspects of our design minimize this risk.
First, fixation ratios were computed across all options and entered the model as modulators of
subjective value prior to range normalization, rather than as direct predictors of choice**. Second,
a model relying solely on fixation data failed to outperform value-based models, confirming that
gaze patterns alone are not sufficient to account for choice behavior. Third, in Experiment 2,
exogenous manipulations of stimulus saliency systematically shifted fixation patterns during
learning and produced corresponding changes in transfer preferences, providing causal evidence
that gaze actively shapes subsequent valuation. Together, these results strengthen the conclusion
that the attentional effects captured by our model are not artifacts of partial circularity, but instead
reflect the genuine influence of distributed attention on subjective value construction.

Beyond confirming that attention modulates value encoding, our multi-experiment design allowed
us to investigate whether this effect depends on the nature of attentional control — top-down (goal-
directed) or bottom-up (stimulus-driven). In Experiment 1, we manipulated attention
endogenously through the task structure: by occasionally rendering the best option unselectable
within the choice set, the mid-value option became the best available alternative, naturally
encouraging participants to allocate more attention to it as they selected it. In contrast, Experiments
2 and 3 relied on exogenous manipulations, enhancing the visual saliency of the mid-value option
to attract attention without providing any additional task-relevant information. Crucially, these
manipulations increased attention toward the mid-value option without increasing its choice
frequency during learning, thereby dissociating attentional allocation from learning-phase choice
repetition.

Our results revealed that both forms of attentional manipulation effectively influenced subjective
valuation, providing causal evidence that attention shapes value representations during learning.
However, the magnitude of the effect differed: the impact of top-down attention in Experiment 1
was stronger than that of bottom-up saliency manipulation in Experiment 2. One possible
explanation is that goal-directed attention, being more tightly linked to task demands, exerts a
stronger influence on value learning™. Alternatively, the impact of stimulus-driven attention may
have been reduced because participants learned to disregard the saliency manipulation once it
became clear that it did not reliably predict reward — a form of habituation. This interpretation is
consistent with previous findings showing that salient but uninformative cues can be ignored when
they fail to signal relevant outcomes’' 74, Interestingly, these findings echo results from value-
based decision-making tasks, where exogenous attentional manipulations — such as saliency
changes or altered presentation durations — have been shown to bias choices**%>7>-° supporting a
causal role of attention in shaping preferences.



Having established that attention influences value learning, we next examined when this
modulation occurs — during stimulus presentation or outcome evaluation. In reinforcement
learning, both phases could theoretically shape value updating: attention to stimuli might bias how
information is sampled and retrieved, while attention to outcomes might influence how reward
information is integrated. To test this, we compared model variants that allowed fixation data to
influence value updating either during stimulus observation, outcome evaluation, or both.
Specifically, we used the ¢ parameter to estimate the relative contribution of stimulus and
outcome fixations to learning.

Across experiments, three converging results consistently pointed to attention during stimulus
presentation as having a greater impact on value learning than attention during outcome
observation. First, model comparison showed that the best-fitting model was the one where only
stimulus fixations modulated value updating (¢ = 1), outperforming both the outcome-only and
the flexible models. Second, estimates of the ¢ parameter in the flexible model (where ¢ was free
to vary) systematically assigned more weight to stimulus fixations, confirming that attention
during option evaluation primarily drives learning. Finally, fine-grained temporal analyses of gaze
data further supported this conclusion, revealing that the critical window for attentional modulation
of normalized value occurs primarily during stimulus observation, with a brief refractory period
immediately after outcome delivery. Taken together, these findings indicate that attention
deployed during stimulus presentation sets the stage for how subsequent outcomes are processed
and stored. In other words, the amount of attention allocated to an option before observing its
outcome determines the strength of the subsequent value update.

Interestingly, these findings challenge the intuitive assumption that attention during outcome
observation should predominantly influence the learning process, given that reward information is
delivered at that stage. Instead, they suggest that it isthe binding of stimuli and outcomes,
established by attention at the time of choice, that shapes how values are encoded and later
retrieved. This insight helps reconcile previous mixed findings in RL studies, which differed in the
emphasis they placed on attention during stimulus presentation versus outcome evaluation when
accounting for choice behavior’”#*. It further highlights that value learning depends not only on
outcome processing but also critically on how attentional resources are allocated during option
evaluation.

Future research could aim to develop a fully bidirectional computational framework by
incorporating a generative model of attention. Rather than treating fixations as exogenous
modulators of learning and choice, as done here and in previous RL studies, a more comprehensive
approach would model attention as an active process that is itself learned and optimized over time.
Such a framework would allow predicting not only how attention shapes value updating but also
how agents learn to allocate their limited attentional resources both within and across trials.
Existing models in value-based decision-making already propose reciprocal interactions between
attention and choice, where attention dynamically guides and is guided by the valuation
process®-8-83, Similarly, some studies have developed learning models of eye movements or



visual attention’"-%4, but these models typically do not account for how attention allocation directly
shapes value learning. Extending such generative attention models into reinforcement learning
contexts could clarify how learners adaptively allocate attention based on evolving value
estimates, uncertainty, or task demands, offering a richer mechanistic understanding of attention's
role in learning.

Taken together, our findings provide strong evidence that attention plays a causal role in shaping
subjective value representations during reinforcement learning. By incorporating eye-tracking data
into computational models of value learning, we move beyond descriptive accounts and toward a
mechanistic understanding of how attention give rise to biases in valuation. These insights have
broad implications for models of adaptive decision-making and open avenues for investigating the
dynamic interplay between attention and valuation in both humans and animals.



Methods

Participants and inclusion criteria

A total of 105 healthy volunteers were recruited across three experiments (n = 35 per experiment;
mean age = 27.6 = 0.6 years; 55 females and 50 males, self-reported; mean years of university
education = 4 + 0.2). Participants were required to meet the following inclusion criteria: (1) age
between 18 and 40 years and (2) ability to complete the experiment without glasses or contact
lenses to ensure accurate eye-tracking recordings.

The compensation method followed experimental economics standards and was transparently
explained to participants prior to the experiment. Each participant received a fixed amount of 13€,
plus a variable bonus between 0€ and 7€, based on performance. The variable bonus was
determined by the number of points gained relative to a random performance (rounded to the
nearest 50 cents). A chance-level performance resulted in a 0€ bonus, while perfect performance
corresponded to the maximum bonus of 7€. The total average earnings across participants were
19.0€ £ 0.11.

The study was approved by the INSERM Ethical Review Committee (IRB00003888). On the day
of the experiment, participants were welcomed to the department’s experimental platform, where
the procedure was explained both orally and in writing. Written informed consent was obtained
from all participants using forms sent to them in advance.

Behavioral Tasks

Participants performed an instrumental learning task adapted from previous research®. The
experiment was conducted on a PC using a custom-built local website, which presented visual
stimuli and recorded behavioral data. Responses were made using a computer mouse with the
participant’s preferred hand. Task instructions concluded with a three-item quiz to ensure
participants understood the task. Each participant completed a training session before proceeding
to the main experiment.

The full task consisted of three phases: a learning phase followed by two elicitation phases (transfer
and explicit rating). Participants were unaware of the elicitation phases until they appeared during
the task. The order of the elicitation phases was counterbalanced across participants. At the end of
each phase, participants were shown their total points earned and the corresponding monetary
equivalent.

Training

The training session was a short version of the learning phase, designed to familiarize participants
with the task. It consisted of 15 trials (five trials per context across three randomly selected
contexts out of four). Simple shapes replaced real stimuli to reduce cognitive load during training.



Participants’ performance was evaluated based on their accuracy in choosing the option with the
highest expected value. To proceed to the main experiment, participants were required to achieve
at least 60% accuracy. If they failed, the training was repeated (unbeknownst to them) up to three
times. If the threshold was not achieved after four attempts, participants proceeded to the main
task regardless of performance (this occurred in 7 out of 105 participants). Participants could also
voluntarily repeat the training if desired. During training, the experimenter remained in the booth
to ensure proper functioning of the eye-tracker and clarify any questions. Once training was
completed, the experimenter left, and participants completed the remainder of the experiment
independently.

Learning Phase

During the learning phase, participants identified the most rewarding option in four different
contexts structured in a 2 x 2 factorial design. Each context consisted of three options with evenly
spaced values (12 options total). Two factors were orthogonally manipulated across the four
contexts: (1) the range of possible outcomes (wide vs. narrow) and (2) the allocation of attention.

Each triplet of options (representing a context) was presented 45 times in an interleaved fashion,
resulting in a total of 180 trials. Within each triplet, the options were associated with deterministic
outcomes drawn from normal distributions with fixed means and variance. In all experiments, the
means for the low-, mid-, and high-value options were [14,32,50] for the narrow context and
[14, 50, 86] for the wide context. The variance was set at + 4 for all options.

Options were represented by abstract stimuli generated from a 5 X 5 matrix, each containing 18
filled squares. Stimuli colors were selected from the HCL color scheme, with consistent chroma
(C =55) and luminance (L = 70) across options, and equally spaced hue values (H = 0:40:360).
Stimuli positions (left, middle, or right) were randomized across trials, ensuring each option
appeared an equal number of times in each position. Stimuli appeared at an angular size of
approximately 4° x 4°, separated by 9.7°. The assignment of stimuli to specific context options
was randomized across participants.

Participants selected an option by clicking on it. Choices were self-paced. After selection, the
stimuli disappeared, and the outcomes for all three options were immediately displayed for 2
seconds. Outcomes were shown in grayscale (C = 0) with luminance matched to the stimuli (L =
70). No fixation screen was presented between trials.

In Experiment 1, attention was manipulated by varying option availability (top-down attention
manipulation). In the 100% ternary context, all three options were selectable. In the 50% binary
context, the high-value option was visible but unavailable for selection in 50% of the trials
(interleaved). In these trials, the high-value option was blurred to maintain consistent luminance.
Regardless of availability, outcomes for all options were displayed at the end of each trial.



In Experiment 2, attention was manipulated by varying stimuli saliency (bottom-up attention
manipulation). All stimuli were displayed in grayscale (C = 0). Non-manipulated stimuli had a
luminance of 70, while manipulated stimuli had a luminance of 95, making them more visually
salient. In the ‘100% max’ context, the high-value stimulus was made more salient on every trial.
In the *50% mid’ context, luminance was increased for the high-value stimulus in half the trials
and for the mid-value stimulus in the other half (interleaved).

Experiment 3 followed the same design as Experiment 2, but applied saliency manipulations to
outcomes instead of stimuli. Non-manipulated outcomes had a luminance of 70, while manipulated
outcomes had a luminance of 95. Manipulation occurred independently of participants’ choices,
with the high-value outcome made salient in the ‘100% max’ context and alternating between the
high- and mid-value outcomes in the ‘50% mid’ context.

Transfer Phase

In the transfer phase, the 12 stimuli from the learning phase were presented in all possible binary
combinations (66 pairs, excluding pairs formed by the same stimulus). Each pair was displayed
three times, resulting in a total of 198 trials. Participants were informed that they would be
presented with pairs of options from the learning phase, but the specific combinations may not
have been encountered before. No feedback about outcomes was provided during this phase to
avoid altering the subjective values learned in the learning phase. On each trial, participants
selected one of the two options, knowing that their responses would contribute to their final payoff.

In addition to the standard choice-based elicitation phase, participants completed an explicit rating
task in which they assigned subjective values to each stimulus from the learning phase. Each
stimulus was presented individually three times, leading to a total of 36 trials. Participants
estimated the average value of each option by adjusting a cursor on a 0 to 100 scale. This rating
task was included to match the design of Bavard & Palminteri® but was not analyzed in the present
study.

Eye-tracking

Gaze positions were recorded throughout the task using a tower-mounted EyelLink 1000 Plus eye
tracker (SR Research Ltd., Ottawa, ON, Canada), controlled via Pylink for Python 3.8.
Participants’ heads were stabilized using a chin rest positioned at a fixed distance of 700 mm from
a 24-inch (60.96 cm) computer screen (dimensions: 531.36 x 298.89 mm; resolution: 1920 x 1080
pixels; pixel density: 91 ppi), where visual stimuli were presented. The EyeLink system was
operated in monocular mode, recording the movement of the right eye at a sampling rate of 1000
Hz. A 13-point calibration and validation procedure, provided by SR Research software, was
conducted before the training phase. Drift checks were performed before the learning and transfer
phases to ensure recording accuracy. If the drift check detected substantial calibration deviations,
a drift correction was applied to adjust the calibration. The screen background was a uniform gray



tone (RGB: 100, 100, 100), which was maintained across the calibration procedure and the
experimental task.

Gaze Data Processing

Raw gaze data output from the EyeLink system was converted into MATLAB structures using
custom scripts and the FieldTrip toolbox®® in MATLAB R2024b (The MathWorks, Inc., Natick,
Massachusetts, USA).

Three areas of interest (AOIs) were defined, corresponding to the left, middle, and right option
positions on the screen. Attention to a specific option was determined based on fixations falling
within its AOI. The AOIs were defined as the stimulus size plus an additional margin of 1.5° of
visual angle to account for eye-tracking inaccuracy and reduce false negatives®S.

Behavioral and eye-tracking analysis

Statistical analyses were performed using MATLAB Statistical Toolbox and focused on three main
variables: the correct choice rate, the choice rate per option, and the fixation ratio.

The correct choice rate was defined as the probability of selecting the option with the highest
expected value, calculated separately for the learning and transfer phases. The choice rate per
option represented the number of times a specific option was chosen divided by the number of
times it was presented. Similarly, this measure was computed separately for the learning and
transfer phases. Finally, the fixation ratio quantified the proportion of time participants spent
looking at an option during learning, calculated relative to the total choice time (from stimulus
presentation to selection) or the outcome display time (fixed at 2 seconds).

Descriptive statistics, including mean (M), standard deviation (SD), and 95% confidence intervals
(95% Cl), are reported where appropriate.

Statistical tests

Participants’ overall performance was assessed by comparing their correct choice rates against
chance levels using two-sided, one-sample t-tests. For trials with three available options, chance
level was set at 1/3, while for trials with two options, it was 1/2. Differences in choice rates
between specific options were tested using two-sided, paired-sample t-tests. To account for
multiple comparisons, we applied the Benjamini-Hochberg procedure to control the false
discovery rate (FDR) at a = 0.05. For all t-tests, we reported the t-statistic (t), p-value (p), and
Cohen’s d as a measure of effect size.

To examine the effects of experimental factors on participants’ performance, we conducted two-
way repeated measures ANOVA. Correct choice rates were analyzed within the framework of the
2 x 2 factorial design, which included the range of outcomes (wide vs. narrow) and allocation of
attention (100% vs. 50% contexts). For option-specific choice rates, a 4 x 3 factorial design was



used in Experiment 1, incorporating the four experimental factors and option value (low, mid, or
high). In Experiments 2 and 3, where wide and narrow contexts were merged, a 2 x 3 factorial
design was used. Fixation ratios were analyzed using a three-way repeated measures ANOVA (2
x 2 x 3) to explore the effects of context (100% vs. 50%), trial type (ternary vs. binary or high-
value vs. mid-value trials), and option value (low, mid, or high). Assumptions of independence,
normality, and sphericity were assessed prior to conducting the analyses. Sphericity was assessed
using Mauchly’s test, and corrections were applied where necessary. Specifically, the Greenhouse-
Geisser correction was used for epsilon estimates below 0.75, while the Huynh-Feldt correction
was applied otherwise®’. For all repeated measures ANOVA, we reported the F-statistic (F), p-
value (p), and partial eta squared (np?) to quantify effect sizes. Post-hoc comparisons for significant
effects were conducted using Tukey-Kramer tests, implemented via MATLAB’s “multcompare”
function. For each post-hoc comparison, we reported the estimated difference between marginal
means (M), the standard error of the difference (SE), the p-value (p), and the 95% confidence
intervals (95% CI)

Computational modeling
Shared framework

Participants’ behavior was analyzed using variations of simple reinforcement learning models®'>2.
These models aimed to estimate the subjective value of each option by updating their expected
values across trials. At each trial t within a context c, the expected value Q of an option i was
updated using a delta rule:

Q¢(c, 1) = Qe—q1(c,i) + a- 6, 5

The learning rate @ € [0,1] determines the extent to which new information influences the updated
value estimate Q,(c,i). The prediction error at trial t, &; represents the difference between the
subjective outcome s(r;) and the expected value Q;_,(c, i):

0 = s(r;) — Qe—1(c, 1) 6

Participants’ choices were modeled using a softmax decision rule®®, representing the probability
of choosing option i over the other options in a given context c:

th(C!i)'B

P.(c,i) == 7
t( ) ‘Ir(l=1 th(C!k)ﬁ

Here, n is the number of options available in a trial (e.g., n = 2 for binary trials and n = 3 for
ternary trials), and g > 0 is the inverse temperature parameter, which modulates choice
stochasticity. Lower values (8 — 0) result in nearly equiprobable actions, while higher values
(B —» +0) amplify differences in selection probability based on value estimates®2.,



We compared several computational models, differing only in how subjective outcomes s(r;) were
computed, as described below.

Absolute model

In the absolute model, outcomes were encoded on an absolute scale, independent of the choice
context. At the beginning of the learning phase (t = 0), initial expected values (Q,-,) were set to
41 for all options, reflecting the empirical mean (and therefore the midpoint) of the full option set
across both the wide and narrow learning contexts. Subjective values s(r;) were encoded directly
as their objective reward value r;:

s(r;) = r;, where r; € [0,100] 8
This model assumed that participants perceived outcomes in absolute terms without contextual
influence.

Weighted (nonlinear) range normalization model

In the weighted range normalization model, outcomes were encoded relative to the minimum and
maximum rewards available in the context using range normalization. Subjective values were
further transformed by a power parameter (w,,) to account for non-linear biases in valuation:

Wy

1; — min(r)

s = (T )
max(r) — min(r)

Here, max(r) and min(r) are the maximum and minimum outcomes presented in a given trial.
The parameter w, (0 < w < +o0) reflects the degree of non-linearity in valuation and was
estimated separately for the two attention contexts: 100% ternary (w1,0) and 50% binary (wsgg) in
Experiment 1, and ‘100% max’ (w1q9) and ‘50% mid’ (wse) in Experiments 2 and 3. Initial
expected values were set to Q;—, = 0.5 for all options, corresponding to the midpoint of the
normalized reward range. This ensures that value estimates begin on a neutral scale, such that early
learning updates are not driven by any initial preference or artificial scaling assumption.

Biases induced by attention manipulation were evaluated by comparing w values against 1
(indicating no bias) using two-sided, one-sample t-tests. Additionally, differences between w;¢,
and ws, were assessed using two-sided, paired-sample t-tests. Finally, correlations between
fixation time on mid-value options during attention-manipulated contexts in the learning phase
and the parameter wz, were analyzed using Spearman’s rank correlation.

Attentional range normalization model

This model incorporated fixation data to adjust the encoding of subjective values. For each option
i, an attention-biased option value r,;;, was calculated as:



Ta = 17 (@ * fiXgtim + (1 — @) fixoye) 10

Here, r; represents the objective reward value, fixg;,, and fix,, are the stimulus and outcome
fixation ratios (0 < fiXstim/oue < 1), and @ (0 < ¢ < 1) is a free parameter representing the
relative contribution of stimulus versus outcome fixations on value modulation. The attention-
biased option value r,; was then range-normalized to compute the subjective value s(r;):

Taee — MiN(Tye)

s(ry) = : 11
' max(Tye) — min(7y)

Three versions of the attentional range model were tested: (1) ¢ as a free parameter, allowing a
flexible combination of stimulus and outcome fixations, (2) ¢ =1 (only stimulus fixations
influenced subjective values), and (3) ¢ = 0 (only outcome fixations influenced subjective
values). Q-values were updated only for selectable options on each trial, because attention to
unselectable options is exogenously constrained and therefore uninformative about endogenous,
value-guided learning. This constraint was only relevant for the 50% binary trials of Experiment
1, where the high-value option was blurred and unavailable for choice. Initial expected values were
set to Q;—, = 0.5 for all options.

The influence of stimulus fixations compared to outcome fixations was assessed by comparing ¢
values against 0.5 (indicating equal influence of both time periods) using two-sided, one-sample
t-tests. Differences in ¢ values across the three experiments were evaluated using two-sample t-
tests.

Supplementary models
INCREMENTAL WINDOW ATTENTIONAL RANGE MODEL

To explore whether all moments within the stimulus and outcome time periods equally contributed
to value computation, we extended the attentional range model by segmenting fixation data into
incremental time windows. The attention-biased option value r,; was calculated as:

Tae = 75 " (x ' fiXstim ty: fiXout) 12

Here, x and y represent the proportion of trial time used to calculate stimulus and outcome fixation
ratios, respectively. Fixation data were segmented in 5% increments, ranging from 1% to 100% of
their respective display durations. For stimulus fixations, time windows were considered backward
from the moment of choice to the appearance of the stimuli. For outcome fixations, time windows
were considered forward from the appearance of outcomes to their disappearance.



Subjective values s(r;) were computed using the same range normalization procedure as in
Equation 11. Q-values were updated only for selectable options, and initial expected values were
set to Q;—, = 0.5 for all options.

DISCRETE WINDOW ATTENTIONAL RANGE MODEL

To test whether specific moments within the stimulus or outcome display periods were more
predictive of subjective valuation than others, we conducted an additional model-fitting analysis
using non-overlapping 10% time windows. This analysis was designed to complement the
incremental sliding window approach described above by isolating discrete time segments within
each phase.

Fixation data were segmented into 10 non-overlapping windows of equal size for both the stimulus
and outcome display periods: [0-10%], [10-20%], ..., [90-100%] of their respective total durations.
For each model, attention-biased option values r, were computed using fixation ratios from a
single 10% window only, following:

Tatt = T; * fiXwindow 13

Where r; represents the objective reward associated with option i, and fix,,;,q0w IS the proportion
of fixation time allocated to that option within the selected 10% window. As before, subjective
values s(r;) were obtained using the range normalization procedure described in Equation 11, Q-
values were updated only for selectable options, and initial expected values were set t0 Q;—, =
0.5 for all options.

This procedure yielded 20 separate models per participant (10 stimulus-window models and 10
outcome-window models). To identify the best-fitting windows, we performed a repeated-
measures ANOVA on log-likelihood values across all models, followed by post-hoc tests to
determine which windows did not differ significantly from the model with the highest log-
likelihood (among the 20 models).

FIXATION-ONLY

To evaluate whether gaze allocation already carries the information necessary for learning, we
implemented fixation-only models in which subjective value was derived directly from eye-
tracking data, without incorporating outcomes or range normalization (Supplementary Table 3).
For each option i, an attention-derived subjective value s(r;) was calculated as:

S(ri) =@ fiXstim + (1 - (,0) fiXout 14

Where, fixyy, and fix,, are the stimulus and outcome fixation ratios (0 < fiXgm /oue < 1), and ¢
(0 < ¢ < 1) specifies the relative contribution of stimulus versus outcome fixations.



Three versions of the fixation-only model were tested: (1) ¢ as a free parameter, allowing a flexible
combination of stimulus and outcome fixations, (2) a stimulus-only variant (¢ = 1), and (3) an
outcome-only variant (¢ = 0). As in the attentional range model, Q-values were updated only for
selectable options on each trial, and initial expected values were set to Q,—, = 0.5 for all options.

ATTENTION AFTER RANGE NORMALIZATION

To assess whether the stage at which attention modulates value influences model performance, we
implemented a variant in which attention modulates value following the range-normalization step
(Supplementary Table 4). For each option i, the normalized outcome value was computed as:

r; — min(r;)

T; = 15
oM max(r;) — min(ry)

Where r; represents the objective reward value. The subjective value s(r;) was then defined as:

S(Ti) = Thorm * ((,0 ' fiXstim + (1 ~ (P) ﬁXout) 16

With fixgm and fix,,, denoting stimulus and outcome fixation ratios (0 < fiXgim/our < 1), and ¢

(0 < @ < 1) is a free parameter representing the relative contribution of stimulus versus outcome
fixations.

Three versions of the model were tested: (1) ¢ as a free parameter, allowing a flexible combination
of stimulus and outcome fixations, (2) a stimulus-only variant (¢ = 1), and (3) an outcome-only
variant (¢ = 0). As in the attentional range model, Q-values were updated only for selectable
options on each trial, and initial expected values were set to Q,—, = 0.5 for all options.

POWER-LAW COMPRESSION

To evaluate whether non-linear distortions in outcome encoding could arise from psychophysical
compression, we implemented a power-law compression model (Supplementary Fig. 2). In this
model, subjective values were computed by applying a power transform to the objective reward
Ti.

s(r) =n* 17

Where 0 < y, < 1 quantifies the degree of compression and was estimated separately for the two
attention contexts: 100% ternary (y100) and 50% binary (yso) in Experiment 1, and ‘100% max’
(Y100) and ‘50% mid’ (yso) in Experiments 2 and 3. Initial expected values were set to Q;—, = 41
(mean of the full option set) for all options.



E-GREEDY

To assess whether the behavioral patterns observed in the transfer phase could be explained by
exploration rather than value-based distortions, we implemented an &-greedy model
(Supplementary Fig. 3). In this model, subjective values s(r;) are encoded using standard range
normalization (i.e., as in Equation 9 but without the non-linear weighting parameter). During the
transfer phase, choices are assumed to be greedy with respect to learned Q-values on most trials
and random otherwise. Formally, the probability of selecting option i over option j in a binary
choice was defined as:

1-¢, if Q¢(c,i) > Q¢(c,))
Pt(c: l) = g lf Qt(cﬂ l) < Qt(c'j) 18
1/2 ) I'f Qt(cl l) = Qt(clj)

where 0 < € <1 denotes the probability of making an exploratory (non-greedy) choice. Initial
expected values were set to Q;—, = 0.5 for all options.

PERSEVERATION

To evaluate whether transfer behavior could be explained by a tendency to repeat previously
chosen options rather than by distortions in value representation, we implemented a perseveration
model (Supplementary Fig. 4). In this model, choices depend not only on learned Q-values but
also on a choice trace term C.(c, i) that captures recent selection history. The probability of
selecting option i in context c at trial ¢ (among n options; n = 3 in learning and n = 2 in
transfer) was given by:

eB-Qf(Cri) + (l)'Ct(C,i)

Pele, ) = Tr_ e e+ Cech) 19

Where g is the inverse temperature and ¢p modulates the influence of perseveration. Choice traces
were updated after each trial according to:

Cri1(c,ap) = Ce(c,ap) + T(l — Ce(c, at))' 20
Cey1(c,u) = Co(c,w) +7(0 — Cec,w)), Vu # a,

with 7 the accumulation/decay rate. This formulation allows the influence of past choices to build
up when an option is repeatedly selected, but to decay over time when it is not chosen. Initial
expected values were set to Q,—, = 41 (mean of the full option set) for all options.

Model fitting and comparison

To identify the best-fitting computational model, parameter optimization was performed by
maximizing the likelihood of observing participants’ choices during both the learning and transfer



phases. Model fitting was implemented using the fmincon function in MATLAB software.
Empirical and theoretical prior distributions were applied to constrain parameter estimates®®%’.
Specifically, the learning rate (a), attentional weighting parameter (¢), compression parameter
(y), exploratory parameter (&) and the choice trace learning rate (t) were constrained by a Beta
distribution (Beta(1.1,1.1)). The inverse temperature () and power parameter (w) were assigned
a Gamma distribution (Gamma(1.2,5)). The choice trace bias (¢) was given a Normal distribution
(M(0,1)).

The log model evidence was approximated by the negative half of the Bayesian Information
Criterion (—%BIC), computed for each model. These values were submitted to a random-effects

Bayesian model selection (RFX-BMS) procedure at the group level’®!. RFX-BMS provides an
exceedance probability (EP), which quantifies the likelihood that a given model is more frequently
implemented across the population, relative to all other models in the model space.

Parameter and Model Recovery

Parameter and model recovery simulations were performed to ensure reliable parameter estimation
and model distinctiveness>*. Parameter values were uniformly sampled from the range of
parameters observed in participants, generating data for 1000 simulated agents. These simulations
mirrored the task structure, consisting of 180 trials in the learning phase (45 per context), with
deterministic outcomes drawn from normal distributions (means of [14, 32, 50] for the narrow
context and [14, 50, 86] for the wide context, with a fixed variance of + 4), and 198 trials in the
transfer phase (three repetitions per pair). In the absence of a clear generative process for eye
movements, fixation ratios in the attentional range models were randomly sampled between 0 and
1, ensuring that their sum across the three options was between 0 and 1. Parameter and model
recovery were very good across all experiments and models (Supplementary Fig. 5).

Data availability

All raw behavioral data generated in this study are openly available on the Open Science
Framework at [https://doi.org/10.17605/OSF.IO/JWFZY].

Code availability

All MATLAB code necessary to reproduce the analyses reported in this study is openly available
on the Open Science Framework at [https://doi.org/10.17605/OSF.IO/JWFZY].
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Tables

Table 1: Post-hoc analysis of gaze patterns during learning (two-way repeated-measures ANOVA: Context x
Option Value). Pairwise differences in fixation ratio between contexts (Ctx. 1 - Ctx. 2) for each option value (max,
mid, min) and experiment. M = mean difference; SE = standard error of the mean; p = p-value; 95% CI = 95%
confidence interval. Contexts: in Experiment 1, 100 = 100% ternary and 50 = 50% binary; in Experiments 2-3, 100 =
100% max and 50 = 50% mid.

Choice phase Outcome phase
Exp. | Opt.  Cx.1  Cx-2 —g—a— 3 95% ClI M SE  p 95% ClI
Max 100 50 020 0.011 <.001 [0.18 0.23] 0.074 0.010 <.001 [0.0530.094]
1 Mid 100 50 -0.16 0.010 <.001  [-0.18-0.14] -0.065 0.010 <.001 [-0.086-0.044]
Min 100 50 -0.048 7.10° <.001 [-0.063-0.034] | -8.10° 7.10° .26 [-0.023 6.1079]
Max 100 50 0.038 0.011 .002 [0.0150.061] | 3.10°% 8.10% .71 [-0.014 0.020]
2 Mid 100 50 -0.042 0.010 <.001 [-0.062-0.022] | -5.10° 6.10° .39 [-0.018 7.109]
Min 100 50 3.10°% 4.10°% 50 [-6.10%0.012] | 7.10° 7.10°% 31 [-7.10% 0.021]
3 | Max 100 50 2.10° 0.011 .86 [-0.0210.025] | 0.016 8.10° .061 [-8.10* 0.033]




Mid 100 50 6.104 0.010 .96 [-0.020 0.021] | -0.037 0.011 .003  [-0.060 -0.014]
Min 100 50 -2.10° 7.10° .80 [-0.016 0.013] | 0.019 8.10° .021 [3.10-30.035]

Table 2 | Summary of computational models. Mathematical formulation of the attentional modulation of reward
value and the resulting subjective value function s(r;) for each model. r;: objective reward; s(r;): subjective value;
T, attention-weighted option value; w,: degree of non-linearity in valuation (estimated separately for the two
attention contexts); ¢: relative contribution of stimulus vs. outcome fixations; fixy;,, and fix,,,: fixation ratios during
the stimulus and outcome phases, respectively.

Model Attentional modulation Subjective value function s(r;)
Absolute None s(r;) = r;, where r; € [0,100]
— mi Wy
Weighted range () None s(ry) = (w)
max(r) — min(r)

Attentional range

(stimuli + outcomes) Tatt =7 ° ((P * fiXgpim + (1 - (P) ﬁXout)

Attentional range = fix s(r) = Tare — Min(rye)
(stimuli) a T L stm ¥ max(ry) — min(ryy)
Attentional range :
(outcomes) Tate = Ti " fiXout

Table 3: Model comparison across Experiments. Mean + standard deviation (SD) of Bayesian Information Criterion
(BIC) scores for each computational model tested. Lower BIC values indicate better model fit. The best model (i.e.,
with the lowest BIC) in each experiment is highlighted in bold.

Exp. 1 Exp. 2 Exp. 3
Model Mean + SD Mean + SD Mean + SD
Absolute 391 +112 334 £113 408 + 93
Weighted range (w) 347 +131 264 + 110 324 +125
Attentional range (stimuli + outcomes) 336 + 125 261 + 104 313+ 119
Attentional range (stimuli) 336 + 122 258 + 103 309 +118
Attentional range (outcomes) 374+ 121 310 + 104 363 + 115

Figure Legends

Fig. 1 | Task design. In all phases, participants were instructed to identify the most rewarding option. (a) Learning
contexts. lllustration of the four choice contexts used during the learning phase. Each context consisted of three options
with evenly spaced values and orthogonally manipulated two factors: outcome range (wide vs. narrow) and attention
allocation (100% ternary vs. 50% binary). In the 100% ternary context, all trials involved three available options. In
the 50% binary context, half of the trials were binary — with the high-value option blurred and unavailable for selection
— resulting in an equal mix of ternary (three-option) and binary (two-option) trials. Light-grey dashed lines indicate
the proportion of ternary and binary trials within each context. (b) Learning trials. Participants selected one option by
clicking on it; choices were self-paced. Upon selection, the stimuli disappeared, and outcomes — drawn from non-
overlapping normal distributions — were displayed for all three options for 2 seconds. Eye-tracking data were recorded
during both the choice and outcome phases. Heatmaps illustrate normalized fixation densities for a single
representative trial from one participant (for illustration only; note that stimuli were presented in color during the
actual task). Option positions (left, middle, right) were randomized on each trial, and the spacing between stimuli was
greater than shown here (see “Methods” for actual dimensions). () Transfer trials. Participants chose between two



previously learned options. No feedback was provided (indicated by a crossed eye icon displayed for 0.5s), allowing
us to assess subjective valuation and generalization. (d) Stimulus presentation across phases. During learning,
participants made choices within triplets of options specific to each context. In the transfer phase, all 12 stimuli from
the learning phase were recombined into all possible binary pairs, enabling a context-independent assessment of
preferences. (e) Experimental timeline. Schematic representation of trials presentation over time. During the learning
phase, contexts were interleaved, with each trial corresponding to one of the four possible contexts (color-coded). In
the transfer phase, all pairwise combinations of the 12 stimuli were presented, irrespective of their original learning
context.

Fig. 2 | Experiment 1 behavior (top-down attention manipulation). (a) Learning correct choice rate. Correct
choice rate during the learning phase as a function of the choice context. (b) Cumulative learning choice
count. Cumulative number of choices per option across trials during the learning phase, illustrating the impact of the
attention manipulation on choice behavior. (c) Transfer choice rate. Choice rate per option during the transfer phase,
reflecting subjective valuation. (d) Distortion of normalized values. Distortions captured by the estimated omega (w)
parameters from the weighted range normalization model, fitted separately for the 100% ternary and 50% binary
contexts. Each gray line represents the subjective value transformation of a single participant based on their best-
fitting power parameters (w0 and wsgg). The vertical and horizontal dashed lines illustrate how the mid-value option
(normalized value = 0.5) is distorted by the non-linear transformation in each attention context, while the diagonal
black dashed line represents the standard (linear) range normalization case (w = 1). In (a) and (c): Dots represent
individual participant averages (n = 35). Violin plots show the distribution of these averages; black lines indicate the
mean, and shaded areas represent the standard error of the mean (SEM; darker) and 95% confidence intervals (lighter).
In (b) and (d): Colored lines represent the mean across participants; shaded areas indicate SEM. W: wide outcome
range; N: narrow outcome range.

Fig. 3 | Gaze patterns during the learning phase of Experiment 1. (a) Choice phase. Average fixation ratios across
trials (left) and time course of fixation ratios (right) for each option during the choice phase, time-locked to the onset
of option presentation. (b) Outcome phase. Average fixation ratios across trials (left) and time course of fixation ratios
(right) for each option during the outcome phase, time-locked to the onset of outcome presentation. Dots represent
individual participant averages (n = 35). Violin plots show the distribution of these averages; black lines indicate the
mean, and shaded areas represent the standard error of the mean (SEM; darker) and 95% confidence intervals (lighter).
In the time courses: Colored lines represent the mean fixation ratio across participants, smoothed with a 100ms moving
average for visualization purposes only; shaded areas indicate SEM.

Fig. 4 | Computational modeling results across experiments. (a) Estimated phi (¢) parameter from the attentional
range model combining stimulus and outcome fixations. The ¢ parameter quantifies the relative weight of attention
toward stimuli versus outcomes in modulating subjective value, with values above 0.5 indicating a stronger influence
of stimulus fixations. Dots represent individual participant estimates (n = 35 per experiment). Violin plots show the
distribution of these averages; black lines indicate the mean, and shaded areas represent the standard error of the mean
(SEM) and 95% confidence intervals. (b) Bayesian model comparison showing estimated model frequencies and
exceedance probabilities (EP) across the model space. The model relying exclusively on stimulus fixations provides
the best fit, outperforming models incorporating outcome fixations as well as non-attentional models. Error bars
represent the standard deviation of the posterior Dirichlet distribution over estimated model frequencies.

Fig. 5| Task design and gaze data for Experiments 2 and 3 (bottom-up attention manipulations). (a) Experiment
2 design (stimulus saliency manipulation). During learning, the luminance of specific stimuli was increased to capture
attention across two contexts. In the 100% max context, the high-value stimulus was always made more visually
salient, whereas in the 50% mid context, half of the trials mirrored this manipulation (high-value trials), and in the
other half, increased brightness was instead applied to the mid-value stimulus (mid-value trials). Light-grey dashed
lines indicate the distribution of high-value and mid-value trials within each context. (b) Experiment 3 design (outcome
saliency manipulation). Same design as Experiment 2, but the saliency manipulation was applied to outcome displays
rather than stimuli. In both experiments, saliency was manipulated independently of participants’ choices. (C)
Experiment 2 gaze data. Average fixation ratios across trials (left) and time course of fixation ratios (right) for each
option during the choice phase, time-locked to the onset of option presentation. (d) Experiment 3 gaze data. Average
fixation ratios across trials (left) and time course of fixation ratios (right) for each option during the outcome phase,



time-locked to the onset of outcome presentation. Dots represent individual participant averages (n = 35 in both
experiments). Violin plots show the distribution of these averages; black lines indicate the mean, and shaded areas
represent the standard error of the mean (SEM; darker) and 95% confidence intervals (lighter). In the time courses:
Colored lines represent the mean fixation ratio across participants, smoothed with a 100ms moving average for
visualization purposes only; shaded areas indicate SEM.

Fig. 6 | Transfer behavior in Experiments 2 and 3 and inter-individual differences. (a) Experiment 2 transfer
choice rate. Choice rate per option during the transfer phase, illustrating increased subjective valuation of the mid-
value option following stimulus saliency manipulation in the ‘50% mid’ context (p < .001, two-sided paired-sample
Student’s t-test). (b) Experiment 2 distortion of normalized values. (Left) Distortions captured by the estimated omega
(w) parameters from the weighted range normalization model, fitted separately for the ‘100% max’ (purple) and ‘50%
mid’ (orange) contexts. (Right) Difference between w estimates in the two contexts (w,¢9 — wsg), Showing a
significant increase toward linear valuation (w closer to 1) in the ‘50% mid’ context (p = .011, two-sided paired-
sample Student’s t-test). (c-d) Same plots as (a) and (b), respectively, for Experiment 3, where outcome saliency
manipulation did not produce significant effects. (e) Inter-individual differences. Correlation between the proportion
of fixation time allocated to the mid-value stimulus during learning (in the 50% binary or ‘50% mid’ context) and the
ws parameter. Significant negative correlations indicate that greater attention to the mid-value option during learning
is associated with reduced valuation distortions — that is, subjective valuations more closely reflecting the actual value
(Exp. 1: p=.005, Exp. 2: p=.004, Exp. 3: p=.004; Spearman’s rank correlation). Dots represent individual participant
averages (n = 35 per experiment). In (a-d), violin plots show the distribution of these averages; black lines indicate
the mean, and shaded areas represent the standard error of the mean (SEM; darker) and 95% confidence intervals
(lighter). In (b) and (d) (left), colored lines represent the mean across participants, with shaded areas indicating SEM.
In (e), shaded areas indicate 95% confidence intervals. * p < .05; ** p <.01; *** p <.001; n.s.: not significant.

Fig. 7 | Temporal dynamics of attention influence on subjective valuation. (a) Testing fixation contributions over
time. Log-likelihood differences between models using different proportions of the stimulus and outcome display
windows to compute fixation ratios, relative to the attentional range model using only stimulus fixations. Higher values
(pink) indicate better model fits relative to the stimulus-only model. Black squares denote the best-fitting model for
each experiment. For stimulus-related fixations, negative percentages indicate that fixation windows used to compute
fixation ratios are defined backward in time from the moment of choice (0) toward stimulus onset. (b) Timing of
fixation contributions. Time courses of fixation ratios, smoothed with a 3% moving average for visualization purpose
only. Time is expressed as a percentage of the total trial duration to allow comparison across trials of varying lengths.
Best-fitting time windows (highlighted in pink) indicate that subjective value computation relies predominantly on
fixations during the stimulus display period, with minimal contribution from outcome-related fixations. In other
words, optimal model fits are achieved by incorporating most of the stimulus viewing time and only a brief period of
the outcome display. Lines represent the mean across participants, with shaded areas indicating the standard error of
the mean (SEM).
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