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Humans and other animals prioritize visual processing of stimuli that
signal rewards. While previous research has focused on tangible incentives
(forexample, money or food), the effects of intrinsic incentives—such as

perceived competence—are less well understood. Here, across a series

of visual estimation experiments, we manipulated observers’ subjective
sense of confidence in their judgements using either deceptive trial-by-trial
feedback or real discrepancies in stimulus reliability. We found that
observers prioritized encoding of stimuli associated with lower uncertainty
or error, benefiting performance for stimuli already estimated accurately,
while further impairing performance for those estimated poorly. These
reward-driven biases, while potentially adaptive, impaired overall accuracy
inthe present tasks by causing resource allocation to deviate from the
error-minimizing strategy. To account for these findings, we supplemented
anormalization model of neural resource allocation with asimple
reinforcement learning rule. Intrinsic and external rewards cumulatively
shaped the values assigned to different stimuli by the model, and the

resulting discrepancies biased resource allocation and thereby estimation
error, quantitatively matching the data. These findings reveal how intrinsic
reward signals can shape resource allocation in ways that are both adaptive
and counterproductive, offering a computational basis for the motivational

biases underlying cognitive performance.

Tosupportadaptive behaviour and ensure survival, the brain has evolved
to prioritize environmental cues that signal potential rewards'*. Selec-
tively attending to reward-predicting stimulifacilitates efficient naviga-
tion of complex environments, helping organisms move towards more
rewarding states®*. This selection process is crucial given the brain’s
limited processing capacity, as it enhances internal representations of
valuable stimuli and facilitates the formation of stimulus-reward asso-
ciations’. Whereas the bias towards processing stimuli associated with
tangible rewardsis well established, theinfluence of intrinsic rewards—
positive motivational states associated with feelings of satisfaction and
competence®—on sensory processing remains less understood.
Experiments using points-based and monetary incentives have
found that associating stimuli with a higher probability, or greater

magnitude, of external reward facilitates voluntary, or top-down,
attention’”’. Inaddition, in visual search tasks, which primarily engage
bottom-up processes, search times are faster for pop-out targets asso-
ciated with higher rewards than stimuli predicting less or no reward"™.
Notably, the prioritization of reward-associated stimuli persists in
subsequent tasks even when reward contingencies are removed, and
previously rewarded features cease to be salient or task relevant' .
Consistent with this, studies have shown that eye movements are
biased towards objects and spatial locations previously associated
withrewards" . This continued prioritization of previously rewarded
stimuli, even when it no longer aligns with immediate task goals, sug-
geststhat reward learning creates alasting effect that caninvoluntarily
bias attention towards these stimuli*”*%,

'Department of Psychology, University of Cambridge, Cambridge, UK. Department of Psychology, Faculty of Humanities and Social Sciences, University

of Zagreb, Zagreb, Croatia.

e-mail: ivn.tomic@gmail.com; pmb20@cam.ac.uk

Nature Human Behaviour


http://www.nature.com/nathumbehav
https://doi.org/10.1038/s41562-026-02573-7
http://orcid.org/0000-0001-6046-9642
http://orcid.org/0000-0003-4684-4893
http://crossmark.crossref.org/dialog/?doi=10.1038/s41562-026-02573-7&domain=pdf
mailto:ivn.tomic@gmail.com
mailto:pmb20@cam.ac.uk

Article

https://doi.org/10.1038/s41562-026-02573-7

a Motion stimuli Delay Response Reward b Reward zone
(5 or 15 points)
No
points
(] e
High reward Low reward 16 2.5
15 15 (8 0aa 7T
1.4 9 Model 2.0 - -
12 g
©
% 1.0 1.0 a 104 1.5 E
S < o8- s g
a 1.0 o = mme - - g
0.6 4 =
0.5 | 0.5 | % 3
0.4 4 f [
054 3 0 05 10 15
0.2 - i§ « ,
0 - T i 0~ T 1 0- T T 0- T T
- o} m -7 0 m High Low Observed  Reward
Response error Response error Reward maximization
Allocation
Other inputs ML decoding (6)
Tuning l
precision (k)
III: IIII =||I I=II.III 1 £
. el @
> Poisson & 9 z o
= /\ noise 2 =3 o
=] - 3 8 k7
< N < 5 g
Gain = Za 9]
constant (y) A
- 0o b4
Motion direction (6) Error (6 - 6)

Fig.1| External reward manipulation in Experiment1. a, Schematic of the
task. b, Illustration of the experimental manipulation. Responses within 50° of
the target motion direction were rewarded with either 15 or 5 points, depending
on the colour of the cued object. ¢, Distribution of response errors and
corresponding fits of the neural resource model. Histograms represent the data,
while coloured curves and shaded areas depict model predictions (M + standard
error (s.e.)).d, Corresponding MAD from experimental data (circles with error
bars) and from the neural resource model (lines with error patches). Error

bars and patches indicate the mean and 95% CI. Dashed line indicates chance
level performance. e, Observed (that is, freely estimated) resource allocation
compared with the optimal allocation aimed at maximizing the total pointsin
the task. For visualization purposes, allocation towards the low-reward item is
shown. Dashed line indicates equal allocation. Allocation smaller than lindicates
that more resource was allocated towards the high-reward item (1:0.695 for
high-reward versus low-reward item). Error barsindicate the mean and 95%

Cl. Theinset shows individual reward functions relating resource allocation

to expected point totals, with each curve’s peak indicating the allocation

that maximizes expected reward. For ease of visualization, only a subset of
observersis shown, and all curves are normalized to the same total reward.

N=30.f, Normalization model of neural resource allocation?. Stimulus features
areencoded in the activity of a population of idealized direction-selective
neurons. All neurons are assumed to have identical bell-shaped (von Mises)
tuning curves with concentration k, translated across the feature space to peak
ateach neuron’s individual preferred feature value, providing dense uniform
coverage of the feature space. Each stimulus is encoded by anindependent
subpopulation of Mneurons, and parameter a represents a multiplicative gain
factor related to attention allocated to each stimulus—and therefore to the
activity of each subpopulation (Methods). Divisive normalization operates
across the entire population, scaling summed activity to a fixed level determined
by again constant. Neurons generate spikes according to a Poisson process, with
mean firing rate determined by the normalized input of each neuron. The joint
response of the population to a particular stimulus can be visualized as a hill
ofactivity, centred on the true stimulus feature. The subsequent behavioural
response was modelled as ML decoding of the spiking activity. Examples of error
distributions predicted by the neural resource model are shown on the right. As
the resources allocated to a stimulus (gain) decreases, the distribution of errors
becomes increasingly wide and heavy tailed**.

The influence of external rewards on behaviour extends to vis-
ual working memory (VWM)'’, which is known for its ability to flex-
ibly store and maintain features of multiple objects within a limited
capacity?* %, The precision of representations increases as a function
of the associated reward, indicating that VWM allocation also tracks
reward values when multiple objects provide different rewards®**° (see
Allenetal.’ for areview). Objects that were previously associated with
reward are also better remembered, even when they are currently task
irrelevant®’. Crucially, however, total VWM capacity does not show
flexibility with reward*?*, which is further evidenced by findings
that improved performance for high-reward items is accompanied
by a corresponding decline in performance for low-reward items™.
Theseresults demonstrate that stimuli can be strategically prioritized
for encoding in VWM through selective attention, leading to flexible
allocation of limited capacity between items based on their assigned
subjective values®**.

Many everyday behaviours lack immediate external feedback,
makinginternally generated signals—thatis, intrinsic rewards—poten-
tially equally relevant. One hypothesized source of such internal guid-
ance is the subjective sense of accuracy or confidence®**’, Although
the neural bases and computational processes underlying intrinsic
rewards® and metacognition*° are diverse, recent work suggests that
confidence-related signals constitute animportantintrinsic driver of
learning. Specifically, reinforcement-like learning can emerge solely
fromanobserver’s internal estimate of confidence, used as a proxy for
external feedback*-*>. The dopaminergic system—and the striatumin
particular—which has long been implicated in encoding the motiva-
tional value of actions*®, has also been shown to encode intrinsically
generated motivational signals**, including confidence****¢, Con-
sistent with this, neural signatures typically associated with external
feedback are also elicited when individuals experience an internal
sense of being correct or incorrect°. More broadly, the idea that
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intrinsic signals can support reinforcement learning (RL) has a long
history inthe computational literature® >, The present work identifies
confidence-related signals within this framework as a potential driver
of attentional allocation.

Inthe present study, we combined psychophysical measurement
and computational modelling to investigate how different intrinsic
and external factors affect the competition between visual stimuli for
processing resources. We used a modified analogue report task>*** in
which observers were instructed to reproduce the direction of one
of a pair of motion stimuli that differed in their associated history of
reward. Across a series of experiments, we found that performance
was consistently better for stimuli previously associated with larger
external reward, but also for those associated with lower uncertainty
or with improved performance feedback. To provide a mechanistic
explanation of the observed behaviour, we developed acomputational
model that relates accumulation of past rewards, both intrinsic and
external, to allocation of neural resources between stimuli, which in
turninfluences estimation performance.

Results

Differential rewards bias resource allocation

Building on existing evidence that external rewards can bias infor-
mation processing, we began our investigation by quantifying their
effects on representational fidelity in a motion reproduction task. In
Experiment1, observers viewed two coloured motion stimuli, and after
abrief delay and the presentation of a colour cue, they were asked to
reproduce the motion direction of the cued stimulus (Fig. 1a,b). Criti-
cally, in this experiment, we associated the colours of the stimuli with
different external rewards by awarding accurate recall (<50° absolute
error) with15 points whenitems of 1 colour were tested versus 5 points
for the other colour. Accumulated points were converted into abonus
payment to the observer. At the end of the experiment, all observers
correctly identified which stimulus had provided the larger rewards.
To determine whether the difference in external rewards influenced
reproduction precision, we compared the mean absolute deviation
(MAD) of responses between stimuli of different colours. We found
strong evidence that response errors were smaller for items of the
colour associated with the larger reward (Bayes factor (BF,,) =18.7;
median of the posterior over effect size §=0.575; 95% credible interval
(CI) =(0.195,0.966)) (Fig. 1c,d).

Neural resource allocation. Theresults of Experiment lindicate that
observers prioritized encoding the stimulus associated with the larger
reward. Importantly, recall for the low-reward item remained reliably
better than chance, suggesting that prioritization was graded rather
than all-or-none. To quantify the share of resources allocated to each
item, we applied a normalization-based population coding model***®
tothe datafrom Experiment1(Fig. 1f). Inthis model, neuralfiring rate
takes the role of a limited resource, which, in the simplest scenario,
would be equally distributed between stimuli. Here we extended this
model by freely fitting againmodulation parameter, a, whichincreased
the activity encoding one of the two stimuli while keeping the total
gain (thatis, mean activity) of the population constant (see the ‘Neural
resource model’section for more details). Consistent with the observed
difference in response error, we found strong evidence for unequal
resource allocation favouringitems of the highly rewarded colour (low/
highratio 0.695; difference from equal allocation, BF,,=23.8; §=0.594;
95% Cl = (0.211,0.987)) (Fig. 1e; maximum likelihood (ML) estimates for
the other parameters are shown in the Supplementary Information).
We next investigated whether observers distributed resourcesin
away that would maximize the total number of collected points, which
we considered anoptimal allocation strategy for this task. To test this,
we calculated the expected number of points awarded for a range of
different allocation weights (see the ‘Optimal resource allocation’
section for more details). The values of a that maximized the reward

areshowninFig. le (optimal allocation). Comparing the observed and
optimal weights revealed strong evidence for a difference between
the two (BF,,=92.9; §=0.694; 95% Cl = (0.297,1.102)), with observers
distributing resources more equally than would be required to maxi-
mize the total number of points (low/high ratio 0.34). Consequently,
observers earned fewer points per trial than would be expected under
the reward-maximizing allocation (observed = 7.69; optimal = 7.92; BF,,
=60.2). Finally, we found moderate evidence against a correlation of
observed and optimal allocations (r = 0.21; BF,,=0.26).

Areward-maximization strategy would come at the cost of higher
error for the low-reward item. This could suggest that, in addition to
maximizing external rewards, observers may also aimto achieve acer-
tain level of accuracy on the task across all items, potentially because
they find accuracy intrinsically rewarding (see also ref. 25).

Perceived accuracy biases resource allocation

Having confirmed that external rewards modulated allocation in the
motion reproduction task, we next investigated effects of perceived
accuracy, apossible formofintrinsic reward, on the same task. In Experi-
ment2awe presented manipulated feedback at the end of each trial to
influence observers’ perception of their reproduction accuracy. Studies
using false-feedback manipulations have shown that such manipula-
tions can modulate subjective confidence”, providing a principled
basis for our novel trial-by-trial feedback manipulation. Observers
were again presented with two coloured stimuli, and reproduced one
indicated by acolour cue. We magnified the error presented at feedback
when one colour was cued and minified the error at feedback for the
other colour (Fig. 2a,b). A post-experimental questionnaire revealed
that 84% of observers judged stimuli of the colour associated with
error-magnified feedback as more difficult to remember, indicating
that we successfully associated stimulus identity (that s, colour) with
perceived difficulty.

To assess the effects of perceived difficulty on response precision,
we compared MAD between the response and the true target direction
(rather than the one shown as feedback) for stimuli of the two colours
(Fig. 2c,d). We found responses to be more precise for the stimulus
with reduced feedback error, that is, the one perceived as easier to
remember (BF,;, =29.4; 6 = 0.672; 95% CI = (0.24, 1.12)). This finding
indicates that the perception of better performance for stimuli of one
colour, induced by feedback, led to improved actual performance for
those stimuli.

The observed effect could be attributed to either capture of visual
attention by the ‘easier’item (thatis, competition for visual processing
resources) or the mnemonic prioritization of thatitem (thatis, compe-
tition for memory resources). To differentiate between these possibili-
ties, we conducted afollow-up experiment. Experiment 2b replicated
the conditions of Experiment 2abut with stimuli presented sequentially
toreduce encoding competition between the two objects and minimize
the influence of attentional selection on resource allocation. Similar
to Experiment2a, 89% of observers judged the colour associated with
magnified feedback errors as more difficult to remember. However,
in contrast to Experiment 2a, comparing response errors across the
two stimuli (Supplementary Fig. 1) revealed that the observed data
were 9 times more likely under the null hypothesis, providing moder-
ate evidence for a lack of difference in response precision between
the two colours (BF,, = 0.11; § = 0.009; 95% CI = (-0.183, 0.202)). This
finding suggests that the effect observed in Experiment 2ais likely due
to attentional competition during encoding. When that competition
is mitigated, observers do not show preferential encoding based on
perceived difficulty.

Inaddition, we verified whether the results of Experiment 2a could
be explained by one object appearing easier to reproduce, the other
appearing more difficult or their combined effect. To thisend, we con-
ducted afollow-up, Experiment 2¢, which was identical to Experiment
2a except that observers took part in two sessions. In both sessions,
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Fig.2|Perceived accuracy manipulation in Experiment 2a. a, Schematic of the
task. b, Experimental manipulationillustration. Feedback error was magnified
for one stimulus and minified for the other, based on the colour of the cued
object. ¢, Distribution of response errors and corresponding fits of the neural
resource model. Histograms represent the data, while coloured curves and
shaded areas depict model predictions (M £ s.e.). d, Corresponding MAD from
experimental data (circles with error bars) and from the neural resource model
(lines with error patches). Error bars and patches indicate the mean and 95% CI.
Dashed line indicates chance level performance. e, Observed resource allocation

and optimal allocation aiming to minimize overall feedback variance in the task.
Dashed line indicates equal allocation. Allocation larger thanlindicates that
more resource was allocated towards the error-minified item (minified versus
magnified: 1.18:1). Error bars indicate the mean and 95% CI. The inset illustrates
individual variability in feedback error as a function of resource allocation, with
each curve’s trough indicating the allocation level that minimizes feedback error.
For ease of visualization, only a subset of observers is shown, and all curves are
normalized to the same range of feedback variance. N = 25.

feedback for one object was veridical, while feedback for the other
object was minified in one session and magnified in the other session.
Different colour pairs were used to prevent transfer of learned asso-
ciations across sessions. Testing the directional hypotheses based on
Experiment 2a, we found moderate evidence that the minified item
was recalled more accurately than the veridical item (BF,,=7.9; 6 =
0.557;95% Cl=(0.12,1.046)) (Fig. 3), but no evidence that the magni-
fied item was recalled less accurately than the veridical item (BF,, =
0.64; 6=0.253; 95% Cl=(0.017, 0.659)). In addition, we found strong
evidence that the minified item was recalled more precisely than the
magnifieditem (BF,,=22.5; §=0.677;95% Cl = (0.197,1.046)), replicat-
ing the results from Experiment 2a. These results indicate that the error
minifying manipulation alone was sufficient to bias resource allocation,
whereas the error magnifying manipulation was not.

Neural resource allocation. The results of Experiment 2a show that
observers prioritized encoding of the error-minified stimulus, that s,
the onessignalling better performance. Crucially, the error-magnified
stimulus was still recalled with above-chance precision, consistent
with a graded rather than all-or-none allocation of resources. To
quantify resource distribution between the two objects, we again
applied the neural resource model to the data, with resultsillustrated
inFig. 2c,e. We found that, on average, observers allocated 1.18 times
more resources towards the error-minified stimulus (difference from
equalallocation, BF,;=2.63; §=0.45;95% CI = (0.05,0.86);19 out of 25
observershad ay,req >1) (Fig. 2d), consistent with the observed differ-
enceinresponse error between the stimuli of two colours.

Next, we investigated whether the observed allocation matched
the predictions of an ideal observer who optimally weights neural
activity tominimize overall feedback errorin the task. We calculated the
expected variance of feedback error across bothitems for arange of dif-
ferentallocation weights, and Fig. 2e shows optimal allocation weights
that minimize this variance. The optimal strategy would require shifting

twice as many resources towards the error-magnified item (@, pimal
=0.52). Importantly, we found extremely strong evidence that this
was inconsistent with the observed allocation, which favoured the
error-minified item (BF,, =3.77 x10%, § =1.72; 95% Cl = (1.09, 2.39)).
Overall, these results indicate that observers did not adopt an alloca-
tion strategy that would minimize their feedback error variability (a =
0.52), but instead did the opposite, allocating more neural resources
to theitem for which we systematically minified the error in feedback.
Accordingly, observers’ allocation resulted in higher overall feed-
backerror than predicted by the optimal strategy (MAD jpcerved = 0.535;
MAD ypiimai = 0.476; BF = 9.92 x10%). We also found moderate evidence
against a correlation of observed and optimal allocations (r=0.23;
BF,,=0.29).

In Experiment 2b, fitting the same neural resource model to the
datarevealed that the observed allocation parameter was numerically
close to1(®mean =1.07; BF;,=0.62; 6=0.18;95% Cl = (-0.01, 0.38)), which
aligns with the observed similarity in reproduction precision between
the two stimuli. This further supports the conclusion that the effect
observed in Experiment 2a depended on attentional competition
during encoding. In Experiment 2c, more resource was allocated to
the error-minified stimulus compared with the stimulus with veridi-
cal feedback (nean, =1.21; BF ;o =2.1; 6 = 0.47; 95% Cl = (0.022, 0.951)),
while resource allocation was found to be comparable between the
error-magnified stimulus and the veridical feedback stimulus (& e, =
0.96; BF,;,=0.27; 5=0.11;95% Cl = (-0.305, 0.535)), consistent with the
observed pattern of reproduction errors.

Estimation difficulty biases resource allocation

Following Experiment 2, we aimed to determine whether preferential
allocation and encoding would persist when varying objective stimulus
difficulty rather than perceived performance. Drawing on previous
findings showing a positive correlation in humans between subjective
confidence and the motion strength of random dot kinematograms
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model predictions (M t s.e.). b, Corresponding MAD from experimental data
(circleswith error bars) and from the neural resource model (lines with error
patches). Error bars and patches indicate the mean and 95% CI. Dashed line
indicates chance level performance. N=19.

(RDK) stimuli*® (see also ref. 40), we hypothesized that variations in
the objective difficulty of stimuli would modulate internally generated
confidence signals, driving the prioritization of specific stimuli as in
Experiment 2.In Experiment 3a, we presented two coloured RDK stimuli
withdifferent coherencelevels onthe majority of trials to create differ-
encesinobjective difficulty and associated confidence. We then assessed
response precision on the remaining trials, during which both stimuli
were presented with equal coherence (thatis, equal difficulty) (Fig. 4a,b).

InExperiment 3a, all observers reported that stimuli of the colour
associated with low coherence were more difficult toremember, con-
firming that the coherence manipulation produced a clear difference
in perceived difficulty, despite the absence of performance feedback
in this experiment. Results of Experiment 3a are shown in Fig. 4c-e.
Asexpected, observers were more precise in reproducing the motion
direction of the high-coherence stimulus on trials where the stimuli
objectively differed in difficulty (BF,,=1.83 x10°% §=1.6;95% ClI = (0.95,
2.29)). More importantly, on trials where the stimuli had equal coher-
ence, reproduction was alsomore precise for the stimulus with the col-
our associated with high coherence (that is, the ‘easier’ colour) (BF,, =
11.4;6=0.63;95% Cl = (0.18,1.10)). This finding suggests that observers
associated colour with difficulty when the two objects were presented
with different levels of coherence, and subsequently allocated more
resources to the stimulus they had learned was easier.

This result was replicated in the laboratory setting of Experiment
3b, where observers were required to maintain eye fixation at the
centre of the screen during stimulus presentation (Fig. 4g-i). Despite
preventing observers from overtly shifting their attention towards 1
stimulus during encoding, 74% of observers correctly identified 1 col-
our as more difficult. As expected, responses were more precise for the
high-coherence stimulus on trials where stimuli differed in coherence
(BF,,=4,414;5=1.366;95% Cl = (0.718,2.046)). In addition, responses
were more precise for the colour associated with high coherence on
trials where both stimuli were presented with equal coherence (BF,,=
4.2;6=0.56;95%CI =(0.092,1.052)). However, the observed difference
could again be explained by attentional demands at encoding. When
objects were presented sequentially (Supplementary Fig. 2), response
precision was comparable across colours when both stimuli had the
same coherence (BF,,=0.51; 6 =0.267; 95% Cl = (-0.157, 0.709)). This
was despite observers being able to judge whichitem was more difficult

(84%) and a noticeable precision advantage for the high-coherence
stimulus ontrialswhen coherence levels varied between objects (BF,,
=9.22 x10% 6§ =1.76; 95% Cl = (1.015, 2.550)). Compared with other
experiments, response distributions in this experiment exhibit more
pronounced peaks around the direction opposite to the target (that
is, elevated tail ends), which also produces some exaggeration of MAD
compared with the model. The tendency of our sensory system to
encode orientation of a motion path (that is, the line on which move-
mentoccurs) partlyindependently of direction is well documented***°
and may be especially pronounced when motion stimuliare presented
inthe periphery rather than at fixation.

Neural resource allocation. Consistent with the findings from Experi-
ment 2, Experiment 3 demonstrated that observers, when presented
withobjects associated with different levels of performance, prioritized
the encoding of the stimuli perceived as easier. Also consistent with
previous experiments, observers performed above chance for the more
difficultitem, supporting the interpretation that resource allocation
was graded rather than all-or-none. To quantify the distribution of
resources across the two items, we again applied our population cod-
ing model to the data.

In Experiment 3a, the allocation estimates from the model indi-
cated that observers allocated nearly twice as much resource (1.76:1)
to the stimulus colour associated with higher coherence (Fig. 4f), and
thisallocation deviated from equal allocation (BF,,=2.68 x10*;6=1.4;
95% CI =(0.792, 2.031)). Interestingly, in this experiment—but not in
others—we found evidence that observers with a higher gain param-
eter on average allocated their resources more equally (r,,=—-0.58;
BF,,=10.53; 95% Cl = (-0.78, —0.18)). We next investigated whether
the observed allocation was consistent with an optimal allocation
strategy aimed at minimizing overall response variance in the task. To
this end, we simulated performance on the variable coherence trials
usingarange of differentallocation weights, and found that the optimal
strategy for most observers was equal allocation (Fig. 4f). Comparing
the observed and optimal weights revealed strong evidence that the
observed weights were, on average, larger than the optimal weights
(BF,,=9,580; 6=1.341;95% CI = (0.733,1.977)). This allocation resulted
in higher overall response error than predicted by the optimal strategy
(MAD erveq = 0.627; MAD,iya = 0.569; BF 1o =147.8).
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Fig. 4 | Estimation difficulty manipulation in Experiment 3aand 3b
(simultaneous presentation). a, Schematic of the task. b, Experimental
manipulation illustration. In most trials, the two colours were associated with
different levels of motion estimation difficulty (thatis, variable coherence); in
the remaining trials, both objects had the same level of difficulty (that is, equal
coherence). Motion with different coherence levels produces varying degrees of
perceptual noise, with higher coherence reducing noise. This perceptual noise
wasincorporated into the neural resource model as an additive component,
alongside memory noise. ¢,d, Distribution of response errors and corresponding
fits of the neural resource model. Histograms represent the data, while coloured
curves and shaded areas depict model predictions (M + s.e.). Panel ¢ depicts
variable coherence trials, and d depicts equal coherence trials. e, Corresponding
MAD from experimental data (circles with error bars) and from the neural
resource model (lines with error patches). Error bars and patches indicate the
mean and 95% Cl. Dashed line indicates chance level performance. Inter. refers to

theintermediate (thatis, 65%) coherence level. f, Observed resource allocation
(estimated across all conditions) and optimal allocation (estimated across
variable coherence trials) aiming to minimize overall recall variance in the task.
Dashed line indicates equal allocation. Allocation larger than 1indicates that
more resource was allocated towards the easier item (high versus low coherence:
1.76:1). Panels g-j are the same as c—f, but for the simultaneous presentation
condition of Experiment 3b. Panels g and h depict variable and equal coherence
trials, respectively; paneli depicts the corresponding MAD values, while panel
jshows observed and optimal resource allocation. j, Allocation larger than1
indicates that more resource was allocated towards the easier item (high versus
low coherence:1.61:1). The insetsillustrate individual variability in response
variance as a function of resource allocation, with each curve’s trough indicating
the allocation level that minimizes overall response error. Error bars indicate the
mean and 95% Cl. For ease of visualization, all curves are normalized to the same
range of recall variance. N=22in Experiment 3a; N =19 in Experiment 3b.
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Interestingly, our simulation shows almost no variation in esti-
mated optimal allocations (Fig. 4f,j). This shows that allocating
resources to the low-coherence item—at least in the current experi-
mental setting—cannot effectively mitigate the effects of perceptual
noise introduced by manipulating coherence, without introducing
substantial error for the high-coherence item. The only exception to
near-equal allocation occurs when the effect of perceptual noise for
the low-coherence item is so great as to render estimates effectively
random. Inthis case, resources canbereallocated toimprove precision
for the high-coherence item without worsening performance for the
low-coherenceitem.

These findings were replicated in Experiment 3b. When objects
were presented simultaneously, the model estimated that observers
allocated resources at aratio of 1.61:1in favour of the high-coherence
stimulus (Fig. 4j). This allocation was again different from equal alloca-
tion (BF,,=830.6; 6=1.166;95% Cl = (0.566,1.794)) and from optimal,
which was again close to equal allocation (mean @iy =1.03; BF;, =
789; § =1.16; 95% Cl = (0.561,1.786)). Finally, fitting a free allocation
parameter to the datafromthe equal coherence condition with sequen-
tial presentation (Experiment 3b) revealed a ratio of 1.2:1in favour of
the colour associated with high coherence; however, we did not find
evidence that this was different from equal allocation (BF,,=0.82; 6 =
0.343;95% Cl = (-0.09,0.797)).

Interim conclusion

InExperiment 1, we observed a clear effect of external rewards on rep-
resentational fidelity in a motion reproduction task, with observers
allocating more cognitive resources to high-reward items. In Experi-
ments 2 and 3, we found a similar effect using novel manipulations,
where observers allocated more resources to the stimulus that was
perceived as easier, either based on manipulated error feedback
(Experiment 2) or internal confidence in estimation (Experiment 3).
In both of these experiments, the observed allocation deviated from
predictions made by an optimal strategy aimed at minimizing overall
feedback or response error. Inaddition, we demonstrated that differ-
ences in estimation performance were abolished when competition
duringencoding was removed by presenting stimuli sequentially, sug-
gesting they arise from unequal allocation of attentional resources at
the encoding stage.

Building on these results and existing literature®"*?, we argue
that observers in our study found higher accuracy and confidence in
their performanceintrinsically rewarding, and learned to associate this
intrinsic reward with astimulus feature (thatis, one of the two colours).
Thisassociation biased resource allocation towards subsequent stimuli
with the same feature. Importantly, although reward driven, this biased
allocation was not astrategy that would maximize intrinsic reward on
these tasks because observers had no influence over which stimulus
was cued for reportonagiventrial. Indeed, the direction of the biases
induced by implicit rewards in Experiments 2 and 3 meant that they
were counterproductive: increasing overall error variability relative to
a strategy of equal allocation. Therefore, instead of evaluating these
datafromthe perspective of optimal performance, we propose a neural
modelinspired by RL to elucidate these findings.

RL model of resource allocation

To further explore the dynamics of resource allocation, we developed
acomputational model thatintegrates principles of neural coding and
RL.The proposed RL account of resource allocation extends the neural
resource model*>*® by incorporating a value-updating mechanism that
allows external and intrinsic rewards to influence the future distribu-
tion of neural resources (Fig. 5). A key contribution of our model is
the conceptthat rewards—bothintrinsic and external—obtained from
reproduction of a stimulus become associated with the identifying
features of that stimulus, affecting their subjective value and bias-
ing allocation of resources in subsequent encounters. We found that

thisapproachaccurately predicted resource allocations estimated by
freely fitted allocation weights, indicating that behavioural estima-
tion performance could be successfully inferred from an analysis of
accumulated rewards.

External reward. In Experiment 1, the stimulus colour associated with
a high reward (15 points) was expected to accumulate greater value
relative to the colour associated with alow reward (5 points). On aver-
age, observers earned points on 80% of trials when the high-reward
stimulus was probed and 66.5% of trials when the low-reward stimulus
was probed, leading to an average accumulation of 602 and 166 points,
respectively. Toapply the proposed RL model to each observer’s data,
we combined individual trial-by-trial external rewards with estimates
of internal confidence (equation (9)).

Figure 6a shows the average trajectory of resource allocation
across trials (see Supplementary Fig. 5a for individual trajectories).
This trajectory shows anearly shiftin resource allocation towards the
preferreditem, followed by a stable plateau. For ease of visualization,
trajectories are presented as directed towards the preferred object,
defined as the object receiving a greater average resource allocation
across all trials.

Crucially, since our RL account is grounded in the same neural
resource model previously utilized to fit the psychophysical data
and quantify resource allocation (Fig. 1a,c), we can directly compare
estimates across the two models. Here we focus on the comparison
of estimated resource allocations, while ML estimates and compari-
sons for the other parameters are shown in Supplementary Fig. 6a.
Importantly, the freely estimated resource allocation (observed
allocationin Fig. 1c) isbased on behavioural errors only, with no infor-
mation about rewards, and so can serve as abenchmark for evaluat-
ing performance of the RL model. Asshown in Fig. 6b, we observed a
strong positive correlation between the freely estimated allocation
parameter and the mean allocation derived from the history of accu-
mulated rewards (r=0.976;95% Cl = (0.941,0.988); BF , = 3.34 x10').
The close alignment of these two distinct methods suggests that the
history of accumulated rewards can effectively account for resource
allocation in this task.

Intrinsic reward: perceived accuracy. In Experiment 2 we manip-
ulated the response error presented in feedback to influence the
perceived difficulty of reproducing stimuli of each colour. This manipu-
lationresulted in participants experiencing systematically larger feed-
back errors for stimuli of one colour (magnified feedback MAD = 0.837)
than the other (minified feedback MAD = 0.233). To model this data
within our RL account, we assume that the feedback on each trial pro-
vided anintrinsic reward that was associated with the corresponding
stimulus colour. This assumptionis supported by evidence that observ-
ers’subjective evaluations tend to favour smaller feedback errors over
larger ones because they suggest higher accuracy®.

Inthe model, rewards derived from feedback were integrated with
those derived frominternal confidence. Figure 6d illustrates the mean
trajectory of resource allocation across trials (Supplementary Fig. 5b
shows individual trajectories for example observers). The model fits
againindicate thatresources were unequally allocated between stimuli,
although the bias is smaller than observed in the experiment with
external rewards.

Comparing the estimated allocation derived fromthe RLaccount
with the freely fitted allocation parameter in the neural resource
model (Fig. 6e), we found a strong positive correlation (r = 0.911;
95% Cl =(0.777, 0.958); BF,, = 3.44 x 107). Consistent with the find-
ings from Experiment 1, the correspondence between these two dis-
tinct approaches indicates that the history of accumulated intrinsic
rewards provides an explanation for resource allocation in the task
with manipulated feedback. ML estimates and comparisons for the
other parameters are shown in Supplementary Fig. 6b.
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Fig. 5| The neural resource allocation account applied to the motion
estimation task. a, On each trial, motion directions of the two stimuli are
encoded in the spiking activity of populations of neurons, with mean activity
determined by the relative allocation of resources to stimuli. On the basis of the
cue colour, one of the populations is decoded to yield an estimated direction
withanassociated uncertainty that varies from trial to trial. The uncertainty

of the estimate, the accuracy feedback (if present) and any points awarded
represent different forms of intrinsic and external reward, which are combined as
aweighted suminto a composite reward (A,). This composite reward is then used
to update the relative value (v) associated with the stimulus colours. Finally, this
relative value is transformed via an exponential mapping into a neural gain factor
(a), which controls the fraction of resources allocated to each stimulus on the
subsequent trial. In this framework, resource allocation is entirely driven by the
history of accumulated rewards. b, Throughout the reported experiments, the
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two colours of stimuli are systematically related to different intrinsic or external
rewards, so the relative value assigned to each colour progressively diverges over
the sequence of trials. ¢, Fraction of total resources allocated to the high-reward
stimulus over trials, based on relative value shown in b. Note that the fraction of
resources allocated to anitemis determined by the relative value accumulated up
to, but notincluding, that trial. The dashed line represents the mean allocation
across all trials (-65%). The remaining resources (-35%) are allocated to the
low-reward stimulus. d, Unequal resource allocation is reflected in differences
inthe mean absolute error across trials when the high-reward or low-reward
stimulus is cued for report. e, Larger reward weight (unspecified reward c), with
aconstant leak factor, resultsina stronger preference for one stimulus over the
other in terms of resource allocation. f, Larger leak factor (y), with a constant
reward weight, leads to a weaker preference.

Intrinsic reward: estimation difficulty. Experiment 3 investigated the
role of objective difficulty in the representation of motion informa-
tion. On most trials, two stimuli with different coherence levels (85%
and 45%) were presented. We hypothesized that internal confidence
ineachitem’smotiondirection, reflecting ametacognitive estimate of

accuracy, functions as an intrinsic reward which observers associate
witheachitem’sidentity (that s, colour)*’. To model the psychophysical
datain the simultaneous presentation condition, we estimated inter-
nal confidence by exploiting the close coupling between uncertainty
and trial-to-trial variability in error within the neural resource model.

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-026-02573-7

External reward
(Experiment 1)
Resource fraction

0.2

0.8

0.7

0.4

Perceived accuracy
(Experiment 2a
Resource fraction

0.3

0.2

0.8

0.7

0.4

Estimation difficulty
(Experiment 3a)
Resource fraction

0.3

0.2

0.8

0.7

0.4

Estimation difficulty
(Experiment 3b)
Resource fraction

0.3

0.2

Fig. 6| Modelling results. a, Resource allocation across trials inferred by the

20 40 60 80 100
Trial number

20 40 60 80 100
Trial number

T 1
50 100 150
Trial number

T T
50 100 150
Trial number

200

Reward predicted Reward predicted Reward predicted

Reward predicted

RL accountinthe external reward experiment (Experiment 1). Circles represent
the mean fraction of resources across observers allocated on each trial towards

the overall preferred object. b, Correlation between mean allocations inferred

by the RLaccount and freely estimated allocations. The red line shows the mean

prediction of the fitted linear regression model, and the shaded areaindicates
the 95% Cl. ¢, Difference in MAD between trials on which the probed item had

Resource allocation c
1.0 4 ; e 1.2
|
- ! Ex 1.0
0s] 770976 | g, ..
! 3 s 0.8 +
| o
] < »
0.6 . a 0.6 1 %
] o
,,,,,,,,,,,,,,,,,,,,,, | .
3 0.4 [
0.4 - ! =
} g 3 21 ®ee g
i 3 < ©q
I =2 0
0.2 4 I s S °®
I a3 0
} -0.2 .
7 |
0 . . T T : -04 L—
0 02 04 06 08 1.0 Ayap
Freely estimated
1.8 4
o 1.6 4 .
3 1.4 4
3
335 1.2 4
S c
g 1.0 A
081 &%
° 0.6 4 .' .
§ o 0.4 -.
s 0.2 |
g2 2] [E
g L]
=3 -0.2 | o
0 T T T T : -04 L—F——
0 02 04 06 08 1.0 Ayap
Freely estimated
N
1
0.8 4
= o
S 0.6 - ¢
)
32
3s 0.4 .
3
[¢]
(o]
0.2 A o
o 0
g 1]
o m 0
g < e
22 ¢
- -0.2 1 °
[e]
o [ ]
0 ! . : -04 Lb—

T
0 0.2 0.4

T
0.6 0.8 1.0

AMAD
Freely estimated
1.0 4 . ‘ 0.8
1 f4
r=0.843 | Y AE
0.8 1 | Z 06 1
3
1 y o <
| 7, g o
I L S 0.4 - e
I . ol ®,
0.6 | 3 °
1% @®
R 0.2 0
i W 9}
0.4 4 2 .
J | g3 01
/ ] 3 S LY
i 7 1 o S
02 p i g ~0.2 |
py ! 3
I ® .
|
0 , ; ; : -04 L—F

T
0 0.2 0.4

0.6 0.8 1.0 Ayvan

Freely estimated

below-median and above-median resources allocated to it, as estimated by the
RL account. On average, MAD was larger when less resource was allocated to
the probed stimulus. Error bars show the mean and 95% CI. N=30.d-f, Same
as panels a-c, but for the perceived accuracy experiment (Experiment 2).
N=25.g-i,Online estimation difficulty experiment (Experiment 3a). N = 22.
j-1,Lab-based estimation difficulty experiment (Experiment 3b, simultaneous

condition). N=19.
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Informed by observed response error on each trial, we derived the
posterior probability distribution of likelihood precision and used the
most probable precision as a basis for intrinsic reward (equation (12)).
Whileinternal confidence was also incorporatedin this way when mod-
elling data from the previous two experiments, in Experiment 3, it was
the sole source of reward influencing resource allocation.

The mean trajectories from Experiments 3a and 3b are shown in
Fig. 6g,j, respectively. Again, we visualized the obtained individual
trajectories in example participants (Supplementary Fig. 5¢,d). In
both experiments, all parameter estimates obtained with the neural
resource model and the RL account strongly covaried (Fig. 6h,k and
Supplementary Fig. 6¢,d). Importantly, this was also true for esti-
mates of resource allocation. Across the two experiments, we found
very consistent and strong positive correlations between the freely
estimated allocation parameter and the mean allocation derived from
the history of accumulated rewards (Experiment 3a: r = 0.833; 95%
CI=(0.589, 0.923); BF, =1.29 x 10*; Experiment 3b: r = 0.843; 95%
ClI=(0.575,0.933); BF,,=3.67 x10%). Consistent with the findings from
the first two experiments, this strong correspondence indicates that
the history of accumulated intrinsic rewards based on internal confi-
dence effectively accounts for resource allocation in this task.

Changes in resource allocation predict response precision. Our
finding that freely estimated resource allocation strongly correlates
across participants with resource allocation based on the history of
rewards supports the conclusion that human resource allocation is
guided by a reward-driven value assignment to objects in the visual
environment. To further substantiate this claim, we investigated
whether variability in resource allocation across trials within individual
participants, derived from the RL model, predicts the magnitude of
their responseerrors.

To investigate this, we examined response errors as a function
of model-predicted resource allocation, with the hypothesis that tri-
als with lower allocated resources to the probed item would show
greater errors. To this end, we performed a median-split analysis for
each observer based on the estimated fraction of allocated resources
towards the item associated with larger reward (that is, individual
trajectories similar to those shownin Fig. 6, left column). Specifically,
we calculated the MAD of response errors for trials with above-median
and below-medianresource allocation, separately for trialswhere the
high-reward or low-reward item was tested. We hypothesized that
MAD would be greater on trials where the RL model indicated that
below-averageresource was allocated to the probeditem, thatis, below-
median trials when the high-reward object was probed and above-
median trials when the low-reward object was probed. To test this, we
computed acomposite score for each observer equal to the sumofthe
signed difference in MAD between below-median and above-median
trials when the high-reward item was probed and the signed difference
inMAD between above-median and below-median trials when the low-
rewarditemwas probed. In all four experiments, the composite scores
indicated thatlower predicted resource allocation, based on the history
ofrewards, corresponded on average to larger MAD of response errors
(Fig. 6¢,f,i,1). This was confirmed with one-sided t-tests against zero,
which provided moderate to extreme evidence for a difference in the
hypothesized direction: Experiment 1 (BF,,=5.55x10*; §=1.096; 95%
CI=(0.635,1.570)); Experiment 2 (BF,,=564; 6=0.866; 95% Cl = (0.402,
1.345)); Experiment 3a (BF,, = 3.74; 6 = 0.441; 95% Cl = (0.073, 0.874));
and Experiment 3b (BF,,=192.4; 6=0.919; 95% Cl = (0.377,1.487)).

Discussion

Inthe present study, we investigated how human observers represent
stimuliassociated with varying levels of external and intrinsic reward.
Acrossthree psychophysical experiments, we paired objectidentities
with different rewards and found observers developed higher esti-
mation accuracy for the items associated with larger rewards. In two

additional experiments, we demonstrated that this effect was driven
by competition for attentional, rather than mnemonic, resources. To
provide a mechanistic explanation of this behaviour, we developed a
neuralmodelincorporatinganRL rule that directs resource allocation
towards more rewarding stimuli. Our key finding—based on our experi-
mental data and computational modelling—is that a resource alloca-
tion mechanism based solely on the history of accumulated rewards
is sufficient to explain differences in estimation performance based
onintrinsic as well as external rewards.

In the first experiment, we investigated the effects of external
rewards on representational fidelity inamotion reproduction task. Both
the psychophysical results and computational modelling provided com-
pelling evidence that observersallocated more processing resources to
objectsassociated withahigher reward, resultinginmore precise repro-
duction of high-reward stimuli compared with low-reward ones. This
finding aligns with abroad body of research demonstrating that external
rewards, such as points or money, influence various aspects of informa-
tion processing, including the allocation of attentional resources” and
workingmemory?®, while also facilitating motor responses, such as hand
movements and saccades, towards rewarding stimuli®* .

Althoughintrinsic motivation haslong been recognized asacom-
ponent of RL*, itsinfluence on representational fidelity in perceptual
and memory tasks has received comparatively little empirical atten-
tion. Building on the premise that accuracy itself is rewarding>*"*,
we conducted two experiments that manipulated perceived accuracy
(viafeedback) and objective estimation difficulty (via signal strength)
inamotionreproduction task. We found converging evidence at both
the behavioural and computational levels indicating that observers
allocate more neural resources towards objects associated with better
estimation performance—this, in turn, improves the internal precision
ofthe corresponding object when encountered on the next trial, which
furtherreinforces the association between object identity and reward.
This was the case whether performance differences were induced by
experimentally manipulated feedback (Experiment 2) or by objective
differences in stimulus discriminability (Experiment 3).

We argue that observers derived intrinsic reward from confidence
intheir responses and feedback ontheir accuracy. In our tasks, the asso-
ciation of these rewards with the distinguishing feature of the presented
objects (thatis, colour) leads to a bias in resource allocation, favouring
subsequent stimuli that share the same feature. This proposal aligns
withthe notionthat perceptual features linked to rewards are prioritized
in sensory processing owing to their incentive salience (for example,
refs. 66,67). Moreover, neural evidence supports this notion by demon-
strating that sensory representations are modulated by the history of
rewards, underscoring theimpact of reward associations on perceptual
processing®®. To make our proposal concrete, we developed a mecha-
nistic model grounded in the principles of population coding and RL.
Specifically, our RLaccount operates by analysing accumulated rewards
andallocating proportionally more resources to objects previously asso-
ciated with higher rewards. We found that this model closely replicated
resource allocation estimates obtained from freely fitted parameters,
suggestingthat the history of accumulated intrinsic and external rewards
issufficienttoaccountfor the observed patterns of resource allocation.

A key novel finding from the proposed model is that both inter-
nally generated and externally manipulated (via feedback) estimates
of accuracy, when associated with an object’s distinguishing feature,
can bias the subsequent processing of objects that share that fea-
ture. While the role of external feedback in reinforcing behaviours
more generally has been widely acknowledged (for example, refs.
69,70), recent research demonstrates that internal confidence can
similarly reinforce behaviour evenin the absence of explicit feedback.
For instance, improvements in sensitivity in a perceptual learning
task have been observed without external feedback™. Guggenmos
etal.” proposed thatsuchlearningis driven by confidence prediction
errors—discrepancies between an individual’s current confidence
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and their expected confidence level. Notably, the neural substrate for
these prediction errors has been identified in the striatum (see also
ref. 72), abrain region traditionally linked to reward processing. Our
findings contribute to agrowingbody of literature that highlights the
importance of metacognition*° and self-reinforcement™ as critical
processes in the pursuit of rewards.

In the present experiments, we did not measure confidence
directly; instead, we relied on manipulations that have been shown
to selectively alter subjective confidence®**”>’, together with com-
putational modelling that tracks internal uncertainty without requir-
ing explicit metacognitive reports®*”. These aspects of our design
allowed us to probe confidence-related processes without imposing
additional metacognitive demands. In support of this interpretation,
false-feedback manipulations have been shown to reliably modulate
subjective confidence while leaving accuracy unchanged®’>’. Given
these findings, the effects we observe under our trial-by-trial feedback
manipulation are unlikely to be explained solely by expected perfor-
mance derived from observing feedback, and instead point to changes
ininternal confidence. Nevertheless, recent work has underscored the
importance of more clearly dissociating expected accuracy or success
from confidence when examining the mechanisms that guide (meta)
cognitive performance. Monetary-incentive paradigms achieve this by
manipulating reward valence (that is, gains versus losses)”””. Future
work should build on these observations by explicitly orthogonalizing
accuracy and confidence signals across other types of task scenario
used here.Inaddition, although high accuracy in detecting whichitem
provided greater reward prevents us from examining individual dif-
ferencesinallocation as afunction of observers’beliefs about reward,
future studies could more directly investigate how expectations about
differential rewards, feedback and difficulty influence resource alloca-
tion. Finally, owing to their relatively low frequency, we did not explic-
itly model the 180° errors commonly observed in motion perception,
whose origin has been discussed in previous works*>°. An important
openquestionis whether these errorsin the present setting are indica-
tive of attentional resource allocation and specifically whether they
increase when attentional resources are shifted towards another item.

Using a range of tasks similar to the one used in this study, previ-
ousresearch has demonstrated that humans possess knowledge about
the uncertainty withwhichindividual items are reported (for example,
refs. 58,78,79). Population coding models®** have been particularly
effectivein capturing subjective confidence”, as well as proxies such as
response latency®. Within the population coding framework, an ideal
observer of spiking activity would derive their confidence estimate—
whether internal or explicitly reported—based on the precision of the
posterior distribution, which represents the probability of the stimulus
valuegiven the observed neural activity. In the neural resource model*>*,
the precision of the posterior (or likelihood, assuming a uniform prior
over stimulus space) varies from trial to trial, as a result of stochastic
variationin the number of spikes available for decoding. We calculated
the most probable estimate of posterior precisiononeachtrialtoserve
asanindicator of internal confidence. On this basis, the model success-
fully recreated freely estimated resource allocations based on our data.

We estimated the optimal allocation strategy that would maximize
external reward and expected accuracy (or equivalently, minimize
feedback and responseerrorin Experiments 2 and 3, respectively) and
simulated performance under this policy. Across all experiments, the
observed allocations systematically deviated from this optimal pattern,
and observers’achieved outcomes—number of points, feedback error
and recall error—were consistently worse than those predicted under
optimal allocation. These observations indicate that participants did
notbehave in away that would maximize expected accuracy. For their
behaviour to nevertheless be strategic, the resulting policy would have
to coincidentally resemble that expected under an intrinsic, implicit
reinforcement mechanism, while simultaneously being suboptimal—
and even detrimental—with respect to accruing rewards.

Inasimilar vein, arecent study® provided theoretical and empiri-
cal evidence suggesting that sensory processing is optimized to
maximize fitness (that is, rewards), rather than to ensure perceptual
accuracy.Supportingthisidea, neurophysiological studies have dem-
onstrated that early sensory systems encode both sensory informa-
tion about a stimulus and non-sensory information regarding the
behavioural relevance of stimuli***. Embedding stimulus-reward
contingencies within the sensory representation of a stimulus facili-
tates the prioritization of behaviourally relevant information during
encoding. These previous findings may help explain why our observ-
ers’allocation strategies were not optimized for accuracy in the task;
however, they were also not optimized for maximizing rewards. Inthe
experiment with external rewards, we found that observers allocated
resource more equally between items than would be predicted by a
reward-maximizing strategy. The RL model captured the observed
allocation strategy based on a weighted combination of points-based
external rewards and confidence-based intrinsic rewards—this combi-
nation of factors could lead observers to maintaina certain level of per-
formance even for stimuli associated with low external reward. When
considered across all experiments, our results point to areward-driven
allocation of resources that, while prioritizing reward-related stimuli,
isnot optimized to obtain rewardsin the specific tasks we investigated.

In the broader literature on confidence and intrinsically moti-
vated behaviour, it is well established that information seeking (that
is, curiosity) tends to peak at intermediate levels of confidence®. This
reflects a general tendency for people to disengage from tasks they
are either unlikely to succeed at or highly confident they can solve.
Similar effects have been observed in attentional allocation: for exam-
ple, infants preferentially attend to events with intermediate levels
of information®¥. Delayed reproduction of analogue features, such
as motion direction in the present study, is a challenging task even
with low-noise high-contrast stimuli. However, we cannot rule out the
possibility that in a simpler task where the response associated with
one item could be made sufficiently trivial, a similar disengagement
of attention and reallocation to the more challenging item might be
observed. Animportant question for future studies willbe how intrinsic
reward signals, including confidence, influence resource allocation
within the broader range of intrinsically motivated behaviour.

Our results also contribute to prominent theories in neuroscience,
psychology and economics®™", which consider how humans and other
animals link the mental effort required for a task with the value of its
outcome (that s, the reward). Behavioural studies demonstrate that,
when faced with tasks offering equal rewards but varying in effort,
humans tend to avoid those perceived as more difficult’*>. On the
basis of this, it has been argued that cognitive effort is experienced
as carrying disutility, that is, acting as a discount factor on expected
rewards’”*. This hypothesis has been substantiated by the observation
that cognitive effort reduces neural responses to rewards following
an effortful task®. In the present results, perceived (Experiment 2) or
objective difficulty in estimation (Experiment 3) similarly appears to
have discounted or reduced the subjective value of astimulus, leading
observers to prioritize ‘easier’'—and thus, in principle, more ‘reward-
ing’—items for encoding. However, because observers had no control
over which stimuli were selected for test, this allocation strategy did
not result in more reward in our tasks and could even be counterpro-
ductive. This raises the wider question of whether humans may simi-
larly allocate effort suboptimally, driven by intrinsic reward, in other
situations where they have limited control over what information will
subsequently becomerelevant.

Methods
Apparatus
In the online experiments, tasks were presented via web browsers
on observers’ personal computers and were coded in JavaScript and
HTML Canvas. In the laboratory experiment, stimuli were displayed
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ona69 cmgamma-corrected LCD monitor with arefreshrate of 60 Hz.
Observers were seated in a dark room and viewed the monitor from a
distance of 60 cm, with their heads supported by aforehead and chin
rest. Eye position was monitored online at 1,000 Hz using aninfrared
eyetracker (SR Research). Stimulus presentationand response registra-
tion were controlled by a script written in Psychtoolbox (v3.0.18.13)°%”
and executed in Matlab R2023b (The MathWorks). Responses were
collected usinga computer mouse.

Participants

A total of 215 naive observers (118 women, 91 men, 6 preferred not
to say; M,.. = 27.7, standard deviation (SD),,. = 5.0) took part in the
study after giving written informed consent in accordance with the
Declaration of Helsinki. All observers reported normal colour vision
and normal or corrected-to-normal visual acuity. For the online experi-
ments, observers were recruited using Prolific (https://www.prolific.
co) and were remunerated £6 h™ for their participation. Procedures
were approved by the University of Cambridge Psychology Research
Ethics Committee. For the laboratory experiments, observers were
recruited through the Cambridge Psychology research sign-up system
and were remunerated £10 h™.. Observers in Experiment 1 received
a bonus payment proportional to the number of collected points.
By contrast, observers in Experiments 2 and 3 did not receive any
additional bonus payments. Our rationale was to avoid introducing
external reward contingencies into experiments that were intended
to be compared against Experiment 1.

For the online experiments, we used a Bayesian stopping rule to
determine the sample size. The stopping rule guides when enough
evidence has been gathered to support a decision, thus optimizing
the samplessize. In particular, we continued testing observers until we
obtained strong evidence, as estimated by the Bayes factor, in favour
of either H, (BF,, < 0.1, indicating evidence supporting no difference
between the 2 conditions of interest) or H, (BF,, < 10, indicating evi-
dence supporting a difference between the 2 conditions). If neither
hypothesis was supported, data collection ceased after reaching 100
observers. In Experiment 1, we assessed differences in mean absolute
reproductionerrorinthe analogue report task between stimuli associ-
ated with high and low reward, which were the conditions of interest
for the Bayesian stopping rule. In Experiment 2, we tested for differ-
ences in mean absolute reproduction error between error-minified
and error-magnified stimuli (Experiments 2a and 2b), and addition-
ally included veridical items in Experiment 2c. In Experiment 3, we
compared mean absolute reproduction errors on trials where stimuli
were presented in different colours but with equal coherence. For the
laboratory experiment (Experiment 3b), we aimed to collect anumber
of participants similar to that in Experiment 3a. In total, 30 observers
participated in Experiment1(18 women, 12 men, M,,.=27). Twenty-five
observers participated in Experiment 2a (17 women, 7 men, 1 preferred
nottosay, M,,.=27),100 participated in Experiment 2b (50 women, 45
men, 5 preferred not to say, M,,. =28.5), and 19 participated in Experi-
ment 2c (8 women, 11 men, M,,.=28.7). Finally, 22 (12women, 10 men,
M, =27.8) and 19 (13 women, 6 men, M, = 24.2) observers participated
in Experiments 3aand 3b, respectively.

Stimuli

The stimuli in this study were RDK. On each trial, two RDK stimuli, each
consisting of 40 dots, were presented within a circular aperture. A per-
centage of the dots (specified below) movedinacoherentdirection, while
theremaining dots movedinrandom but consistent directions within the
aperture’®. When adot exited the aperture, it was replaced by anew dot
atthe aperture’s edge, maintaining a constant dot density. In all experi-
ments, 1stimulus was always green (RGB colour values; online: 47,195,
129;lab: 0,199, 128) and the other was always blue (online: 24,199, 233;
lab: 0,187,241). In Experiments 2c and 3b, the same observers completed
two tasks (see below). In these experiments, stimuli were either green

and blue or orange (237,154, 0) and magenta (255, 79, 208), balanced
across observers and presentation conditions. Across all tasks, stimuli
were presented against a mid-grey background. The motion direction
foreach stimulus was drawnrandomly andindependently onevery trial.

For the online experiments, all measures in pixels are reported
for a1,920 x 1,080 resolution and 60 Hz refresh rate. When a differ-
entresolution or refresh rate was detected, all measurements of size,
positioning and speed were automatically adjusted to maintain con-
sistency in stimuli presentation across different display settings. The
stimulus aperture was 105 pixelsin diameter, and each dot had aradius
of 3 pixels. Two apertures were positioned 220 pixels to the left or right
of the screen centre. On each frame, the dots were shifted by 3 pixels
in a specific direction. In the laboratory experiment, two apertures
(1.4 dvaradius) were presented horizontally aligned with the fixation
annulus, positioned at5 dvato theleftand right. Eachdotwas 0.15dva
in diameter and travelled at 4 dva s speed.

Procedure and task
In all experiments, observers completed an analogue report task®.
Each trial began with the presentation of a central fixation annulus.
Inthe laboratory experiment, gaze direction was monitored using an
eye-tracking camera, and observers were required to maintain gaze
fixation within a radius of 2° around the central annulus for 500 ms
before the trial could proceed. After achieving stable fixation, the
fixation annulus changed appearance (that is, became thinner) to
signal that the memory array would be presented in 500 ms. In the
online experiment, the appearance of the fixation annulus changed
after a fixed interval of 500 ms. The sample array, consisting of two
RDK stimuli, was then shown for 750 ms, followed by a1,000 ms delay
period. A centrally presented colour cue subsequently indicated which
of the previously presented stimuli, distinguished by colour, was the
target that the observers should recall and report the direction of.
Once observers were ready to give their response, they could
begin moving the cursor with a mouse or trackpad, which triggered
the appearance of arandomly oriented white arrow within the central
annulus. Observers were instructed to align the direction of the arrow
with the previously presented motion direction of the cued stimulus.
In the online experiment, responses were confirmed by pressing the
spacebar, whilein the laboratory experiment, they were confirmed by
pressing the right mouse button. In all experiments, trials from differ-
ent experimental conditions were randomly interleaved.

Experiment 1: external reward. In Experiment 1, we investigated how
external rewards influence motionreproduction precision. To thisend,
observers received 15 points for reporting a motion direction within
50° ofthe target direction when the target was of 1 colour (for example,
green), and 5 points whenit was of the other colour (for example, blue).
Responses that were more than 50° from the target direction did not
receive any points. The colour associated with high versus low reward
was chosenrandomly for each observer at the beginning of the experi-
ment. Bothstimuli were presented with the same coherence (85%), and
no error feedback was provided. Accumulated points were converted
toabonus payment at the end of the experiment, and observers were
informed of this at the beginning of the experiment. Overall, they
could collect a maximum of 1,000 points, which was equivalent to a
bonus payment of £1.50. Observers completed 20 practice trials and
100 experimental trials. The trials were divided into 2 equal blocks with
abreak of at least 1 min in between, and the complete testing session
lasted approximately 15 min.

Experiment 2: perceived accuracy. Experiments 2a, 2b and 2c were
designed toinvestigate therole of feedback on the precision of motion
reproduction. Inallexperiments, at the end of each trial, following the
response, we presented feedback showing the reported and target
motion directions. Unbeknownst to participants, we manipulated
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the feedback by artificially minifying or magnifying errors for one
stimulus colour. All three experiments were identical except for the
following differences. In Experiments 2a and 2c, two stimuli were pre-
sented simultaneously for 750 ms at two distinct locations, whereasin
Experiment 2b, the stimuli were presented sequentially at the same two
locations, each for 750 ms. In Experiment 2b, the order of presentation
and the colour cues were balanced across conditions. In Experiments
2a and 2b, feedback for one item was minified and feedback for the
otheritem was magnified. In Experiment 2c, observers completed two
tasks on separate days: in one task, feedback for one item was mini-
fied while feedback for the other item was veridical; in the other task,
feedback for oneitem was magnified while feedback for the otheritem
was veridical. For Experiment 2c, the order of tasks was randomized,
as were the colour pairs associated with the manipulations: one task
used a green-blue pair, and the other used an orange-magenta pair.

Feedback magnification was done by shifting the presented target
motiondirection (") away from the reported direction (9) and thereby
inflating the presented response error for the designated ‘difficult’
item. This was done according to the following equation:

6* = 0+ 50sin(6 — 0), (1)

where @ is the true motion direction and all angles are expressed in
degrees. Similarly, we systematically minimized the error in the feed-
back for the other colour, designated as the ‘easy’ item. The magnifica-
tion and minimization of errors were randomly assigned to one of the
two colours (that is, green or blue, and orange or magenta) for each
observer atthe beginning of the experiment. The RDK stimuliwere pre-
sented with 85% coherence. At the beginning of the experiment, during
theinstructions, we informed observers thatindividuals might varyin
their ability to perceive the motion of stimuli of different colours. This
was intended to make any perceived differences in difficulty appear
plausible. At the end of the experiment, observers were debriefed
and the true purpose of the study was revealed. In all 3 experiments,
observers completed12 practice trials and 100 experimental trials. The
trials were divided into 2 equal blocks with a break of at least 1 minin
between, and the complete testing session lasted approximately 15 min.
At the very end of the experiment, observers were asked whether the
feedback they received was consistent with their performance and, if
not, to elaborate. No participants provided responses indicating that
they suspected the feedback was manipulated.

Experiment 3: estimation difficulty. In Experiments 3a and 3b, we
investigated therole of stimulus discriminability on the fidelity of visual
representations. To achieve this, we presented two stimuli with differ-
ent levels of coherence on 67% and 70% of all trials in Experiments 3a
and3b, respectively. Specifically, the stimulus of 1 colour was presented
with 85% (high) and the stimulus of the other colour with 45% (Ilow)
coherence. These variable-coherence trials were randomly interleaved
with trials where both stimuli had the same intermediate (65%) coher-
ence. Theassignment of low and high coherence to specific colours was
randomized foreach observer at the beginning of the experiments. No
feedback was provided during these experiments.

Experiment 3a was conducted online, while Experiment 3b took
place in the laboratory. In Experiment 3a, on all trials stimuli were
presented simultaneously. In Experiment 3b, the same observers per-
formed the task withboth simultaneous and sequential presentations,
with the order of these conditions counterbalanced across partici-
pants. To prevent transfer effects between conditions, we used differ-
ent colour combinations: in one condition, stimuli were presented in
green and blue, while in the other, they were presented in orange and
magenta. The colour combinations were randomly assigned to each
presentation condition.

In Experiment 3a, observers completed 20 practice trials and
150 experimental trials. The trials were divided into 2 blocks with a

mandatory break of at least 1 min in between, resulting in a total test-
ing session duration of around 20 min. Experiment 3b (that is, the
laboratory experiment) consisted of 400 trials, divided into 8 equal
blocks. In half of the blocks, stimuli were presented simultaneously,
while in the other half, they were presented sequentially. Half of the
observers completed the simultaneous blocks first, followed by the
sequential blocks, and vice versa for the other half. At the beginning of
eachblock sequence (thatis, simultaneous or sequential task), observ-
ers performed 20 practice trials to familiarize themselves with the task.
InExperiment 3b, observers were required to maintain central fixation
throughout the stimulus presentation. If gaze deviated by more than 2°,
awarning message appeared on the screen, and the trial was aborted
andrestarted with newly randomized stimuli. Completing Experiment
3b took approximately 90 min.

Analysis

Allstimulus values were analysed and are reported withrespect to the
circular parameter space of possible motion directions, [-, i) radians.
Response error for each trial was measured as the angular difference
between the reported and target motion directions. To quantify the
dispersion of response errors, we calculated the MAD across trials
for each condition and observer. Higher MAD values indicate greater
averagereproduction error. We report all analyses with MAD, but note
that we found the same pattern of differences across experiments with
other measures of response variability (circular standard deviation and
variance, and cosine dissimilarity).

To compare differences in performance across conditions, we
used Bayesian hypothesis tests,implemented inJASP (version 0.18.3)*
with the defaultJeffreys-Zellner-Siow prior on effect sizes'’°. We con-
firmed that our conclusions were robust across a range of plausible
prior specifications. We report Bayes factors which compare the rela-
tive predictive adequacy of two competing hypotheses (for example,
alternative and null) and quantify the change in belief that the data
bring about for the hypotheses under consideration'”’. For example,
BF,,=10indicates that the dataare 10 times more likely to occur under
the alternative hypothesis (that is, there is a difference) than under
the null hypothesis (that is, there is no difference). Evidence for the
null hypothesis is indicated by BF,, <1, in which case the strength of
evidenceisindicated by 1/BF,,. Evidence assessed via the Bayes factor
is best understood as a ratio-scaled value ranging from O to infinity.
For clarity incommunication, we also use aninterpretative framework
for Bayes factor values, following the classification scheme outlined
by Lee and Wagenmakers'®%: BF =1as no evidence; 1< BF < 3asweak or
anecdotal evidence; 3 < BF <10 as moderate evidence; 10 < BF <30 as
strong evidence; 30 < BF <100 as very strong evidence; and BF 2100
as extreme evidence. It is critical to note that while we utilize these
discrete categories, they are arbitrary and should serve only as rough
guidelines. Along with the Bayes factor, we report the median of the
posterior distribution over the effect size (6) and the accompanying
95% CI.

Neural resource model

We analysed observers’ response errors with an established model
based on the principles of population coding?°*'°*'°* (Fig. 1f). In this
framework, a visual stimulus () is encoded by anidealized population
of neurons whose activity is determined by their individual tuning
functions. Allneurons are assumed to share the same bell-shaped von
Mises tuning function,

fi(6) = exp(k(cos(6 © ;) - 1)), )

where k determines the tuning concentrationand 8 is subtractionona
circle. These tuning functions are translated through the feature space
to peak at each neuron’s preferred value (¢,), such that they provide
dense uniform coverage of the entire feature space. Ina population of
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M neurons encoding N visual stimuli, the average response of the ith
neuroninresponse to astimulus value 8is

Ai(6) = T fiO), ®

whereyisthe population’s meantotal firing activity. This can be simpli-
fied by defining £ = ﬁ as the mean firing activity encoding a specific
stimulus 6. If activity associated with multiple stimuliis combined or
normalized'® at a population level y, equation (3) implements a form
of limited resource?. The spike count produced by each neuron is
drawn from a Poisson distribution

n;(6) ~ Poiss(71;(0)), 4)
and the decoded motion direction estimate is obtained by ML estima-
tion of the population spiking activity n

0 = arg max 0 p(n|H). (5)

The resulting distribution of decoding errors, for a given total num-
ber of spikes m = 2;n; ~ Poiss(§), is described as a mixture of von Mises
(¢) distributions,

p(®16.m) = / p(rim, ©)p(8: 6, ridr, ©)
with
Io(k?)
,K) = m!¥m ), (7)
P = O

where ryp,,(r) is the probability density function for resultant length r
of auniformrandom walk of msteps. The full distribution of response
errors predicted by the modelis amixture of probability distributions
p(816, m) weighted with the probability of obtaining m spikes. For a
complete derivation of the distribution of response errors, see
refs.22,75.

While the neural resource modelis rooted in principles of neural
coding, its predictions for behaviour have been shown to be mathemati-
cally equivalent to estimation based on stochastic sampling>. Accord-
ing to this interpretation, an estimate is generated by averaging a set
of noisy samples of a stimulus; the number of samples varies randomly
around amean determined by the fraction of resources allocated to it
(seeref. 56 for further details).

The model has two free parameters: the population’s mean total
firing activity (y) and the concentration of the tuning function (k). In
scenarios when multiple objects (V) need to be represented, the total
resource yis typically divided equally among objects (that is, £=y/N).
Here we extend this basic approach by incorporating an allocation
parameter, or gain factor &, which controls the neural activity allocated
toone object (see also Bays®). Without loss of generality, we fixed the
gain factor for one object at 1, while treating the gain factor for object

J (see below for details of each experiment) as a free parameter when
fitting the model to the data. The neural activity allocated to objectj
canbe expressed as §;=p,y, where p,=a/(1+a) represents the propor-
tion of total neural activity. The remaining activity (proportion1-p,)
isallocated to the other object.

In Experiment 1, which involved the manipulation of external
reward, the allocation weight for the high-reward item was fixed at
1, while the allocation weight for the low-reward item was freely esti-
mated. In Experiment 2, in whichwe manipulated perceived accuracy,
the allocation weight for the error-magnified item was fixed at 1, and
the allocation weight for the error-minified item was freely estimated.
In Experiment 3, which involved estimation difficulty manipulation,

we simultaneously fitted responses on variable-coherence and
equal-coherence trials. Building on our previous work'*®, we assumed
that the strength of the motion signal is controlled by the coherence
level of RDK stimuli, such that the value encoded into the neural popu-
lationis given by

6 ~WN (9, Ocoherence)> (8)

where W is a wrapped normal with mean 6 and variance 0,yerence
accounting for additive Gaussian noise. For simplicity, we considered
85% coherence (high coherence) as perceptually noiseless and further
assumed that 0,5, > 0,5, Where 45% was the low-coherence level and
65%wastheintermediate-coherencelevel usedin the equal-coherence
trials. In addition, the allocation weight for the low-coherence colour
(45% and half of 65% stimuli) was fixed at 1, while the allocation weight
for the high-coherence colour (85% and half of 65% stimuli) was freely
estimated across variable-coherence and equal-coherence trials. In
otherwords, onequal-coherence trials, differencesin response preci-
sion were explained solely by the allocation weight. By contrast, on
variable-coherence trials, the allocation weight and perceptual noise
jointly accounted for variations in response precision.

Optimal resource allocation. To identify the optimal levels of resource
allocation, we conducted a simulation study. For each observer, we
simulated model predictions using the best-fitting parameters of the
neural resource model, specifically the population’s mean total firing
activity (y), and the concentration of the tuning function (x), along with
agrid of potential allocation weights.

For Experiment 1, we analytically determined the number of points
based on the model-predicted response distributions under differ-
ent allocation weights. The allocation weights were tested across a
grid ranging from 0.001 to 2 in increments of 0.01, resulting in 200
distinct values. The optimal allocation weight was identified as the
value that maximized the total reward across both high-reward and
low-reward items.

For Experiment 2, we numerically simulated the variance (thatis,
squared circular SD) of feedback errors using the same grid of alloca-
tion weights used in Experiment 1. This analysis was based on 107 simu-
lated trials drawn from the error distribution predicted by the model.
The optimal allocation weight was determined as the value that mini-
mized thetotal variance of feedback errors across both error-minified
and error-maghnified items.

For Experiment 3, we analytically modelled the response vari-
ance on the variable coherence trials (that is, for the high-coherence
and low-coherence items) across a range of allocation weights. We
used a grid of 200 values, spanning from 0.01 to 6 in increments of
0.03. The optimal allocation weight was identified as the value that
minimized the total response variance for both high-coherence and
low-coherence items (that is, 85% and 45% coherence, respectively).
In Experiment 3a, the simulation yielded values around djm, = 1 for
allbut1outlier observer, for whomthe estimate reached the endpoint
of the examined grid (¥,prima = 6). This occurred owing to the model
estimating high levels of perceptual noise for medium-coherence and
low-coherence stimuli, suggesting that minimizing overall error would
be achieved by allocating all resources to the high-coherence object.
We exclude this data pointin Fig. 4d, and the comparison of observed
and optimal allocations is based on the remaining observers. Includ-
ing this observer’s data and performing a non-parametric test did not
change our conclusions.

Optimal allocation in this case depends on two additional fea-
tures of the experiment: first, that the relative frequency of conditions
is equal (that is, an equal number of trials across conditions), and
second, that observers cannot predict which item will be probed for
reproduction (that is, trials were randomly interleaved and probed
across conditions).
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RL account of resource allocation
We developed a quantitative model to describe how the history of accu-
mulated rewards from multiple objects influences subsequent resource
allocation towards those objects. The proposed model extends the
neural resource model by incorporating asimple RL rule, which directs
behaviour towards more rewarding stimuli. Importantly, our model
applies the same RL rule to both external and intrinsic rewards. In the
standard RL framework, analysis typically focuses on external rewards,
such as points or money, which are provided by the environment as a
directresponse to the agent’s actions. Our model broadens this scope
toincludeintrinsic rewards—those thatare inherently pleasurable and
drive behaviour—such as the sense of being accurate in a task.
Drawingonthe conducted experiments and the motion direction
reproduction task, the general overview of this account is as follows:
on a particular trial, the received points or money (external reward),
perceived accuracy owing to feedback (intrinsic reward), and an indi-
vidual’s internal confidence-based estimate of precision (intrinsic
reward) collectively update the value (v) of a particular object associ-
ated withthese rewards. This computed value influences the allocation
of cognitiveresources to that objectin subsequent encounters, thereby
modulating the precision with which the object is represented.
Formally, in the simplest scenario involving only two objects,
rather than defining theaccumulated reward for each object separately,
we can define the relative accumulated reward on trial t as

Ve=(1-YVeg + A4, )

A; = 1o(Crfext, + C2 €Xp(—lepp,|) + C3K;), (10)
where yis aleak component, r., is the number of received points, g,
is feedback error, k;, is an estimate of internal confidence, and {c,, ¢,,
c,} are respective weights accounting for different scales of rewards
and the types of reward prioritized by observers. The variable /, takes
the value of +1or -1depending on the objectidentity, thatis, reproduc-
tion of the green or blueitem, with the assignment of conditions being
arbitrary. Positive values of vindicate a higher relative value for 1item
(I=+1), while negative values of vindicate a higher relative value for the
other item (/=-1). To account for the fact that v can range from —« to
+eo, we transform itinto gain parameter a using the following equation:

Apyy = €2V, (1)

This allows us to compute the proportion of spiking activity that willbe
allocated on asubsequent trial (¢ +1) to the itemidentified as sign(/) =
+1, givenby a/(1+a), with the remaining spiking activity allocated to the
otheritem. Whenv=0, such as at the beginning of the task, bothitems
are perceived as having equal value, resulting in an equal distribution
of neural resources between them.

Theleak component (y) functions as atemporal filter, modulating
the influence of past rewards on resource allocation. Wheny =1, the
systementirely ignores accumulated past values, making the value of an
object—and thusresource allocationin the next trial—rely exclusively
on the reward from the most recent trial. Conversely, wheny =0, the
accumulated valueis fully retained and integrated with the most recent
reward. The necessity of the leak component becomes particularly
evident in scenarios where rewards are discontinued: a non-zero leak
will gradually equalize the relative value and resource allocation across
objects, returning them to a state of equilibrium.

Thefirstreward component of equation (9), r.,,, reflects the experi-
mental manipulation of Experiment 1. In this experiment, observ-
ers received 15 points for responses with an error of less than 50° for
high-reward objects and 5 points for low-reward objects. Responses
with an error greater than 50° received no points. When applying
this model to the data, we used values of r,,, = {0.15, 0.05, 0} to repre-
sent the rewards for high-reward, low-reward and no-reward trials,

respectively. Note that the utility of rewards, and especially money, is
often considered a nonlinear function rather than linear, as assumed
here'?”'°¢, We used a linear utility function for simplicity and math-
ematical convenience. Incorporating a parametric non-linear utility
function (forexample, apower law with exponent ) would introduce
anadditional free parameter without changing the qualitative pattern
of predicted results or the main conclusion: that resource allocationis
biased towards items providing higher rewards. Future studies could
explore conditionsin which non-linear reward functions, reflecting the
concave utility of money, might prove critical for explaining behaviour
in similar psychophysical tasks.

The feedback component of the model (€;,,) addresses the experi-
mental manipulation of Experiment 2. In this experiment, we system-
atically manipulated feedback error by reducing it for one stimulus
and increasing it for another. We hypothesized that feedback serves
as an intrinsic reward, with stimuli receiving minified feedback errors
being perceived as more rewarding than those with magnified feedback
errors. Inmodelling this relationship, feedback error was assumed tobe
exponentially related to the object’s value v, with smaller feedback errors
corresponding to higher rewards, leading to a greater increase in the
object’s value. This exponential relationship reflects diminishing sen-
sitivity to large feedback errors, such that a wide range of larger errors
yields relatively minimal and similar rewards, whereas anarrow range of
smallererrorsresultsin considerably higher but more variable rewards.

The final component of our model is the estimate of internal con-
fidence (x;). While internal confidence can be assessed through
self-reported or metacognitive measures, our approach leverages the
inherent mechanism of the neural resource model to quantify uncer-
tainty inthe decoded (thatis, reported) value. Our approachrelies on
the principle that the width of the likelihood function reflects the
uncertainty of the estimate. The likelihood function evaluates how well
various stimulus values align with the observed neural activity: abroad
likelihood function is compatible with many different feature values,
suggesting lower precision in the ML estimate (the peak of the likeli-
hood function), whereas a narrow likelihood function implies amore
precise estimate. Owing to the probabilistic generation of spikes across
retrievals (equation (4)), thelikelihood has the form of avon Mises with
concentration «; proportional to the resultant vector length of the
preferred values associated with each of the emitted spikes (m), with
higher spike counts producing a narrower likelihood function onaver-
age*. This formulation has previously been shown to quantitatively
reproduce findings from studies in which participants were asked to
rate their subjective confidence in each estimate”’®, Consequently,
the precision of the likelihood function emerges as a natural candidate
fora computational estimate of the observer’s internal confidence.

Tomeasure internal confidence associated with each response, we
determined the most probable resultant vector length given the indi-
vidualresponse errors and the probabilistic distribution of spike values,
which was fully characterized by £ and k. Specifically, for each trial, we
used Bayes’ruleto find the posterior probability of resultant vector length
rgiventheerroronthattrial ¢, marginalizing over total spike count m,

plelr, Kp(rix, §)

PO T peroptrod @
plelr, k) = ¢(€; 0, kr) 13)
plriK,€) = f p(rim, Kyp(m|&)dm, (14)

where p(rim, k) is given by equation (7) and p(m|§) is the Poisson prob-
ability mass function with mean . Applying MAP estimation to this
posterior distribution returns the most probable estimate of resultant
length for agivenresponseerror,
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¥ = argmax, p(rle, k, §). @s)

We then use k; = 7x as a measure of internal confidence on the given
trial. For experiments with variable estimation difficulty (Experiment
3), the probability density function p(e|r, k) was obtained by convolving
the von Mises probability density function (the right-hand side of
equation (13)) with a wrapped normal distribution with freely fitted
standard deviation. Finally, x; was then calculated as the concentration
parameter of avon Mises distribution whose resultant length matches
that of p(e|F, k).

Model fitting

Tomodel the observed allocation within the neural resource model*>*,
which has two free parameters—the mean population activity (y) and
the precision of the tuning functions (k)—we introduced an additional
parameter, the gain modulation a (ref. 22), resulting in atotal of three
free parametersin Experiments1and 2. In Experiment 3, whichinvolved
anestimation difficulty manipulation, the neural resource model was
extended by two additional parameters (0,5, and 0,s,) to capture the
effects of variable sensory noise introduced by different coherence
levels. This brought the total number of free parameters in the neural
resource model for Experiment 3 to five.

The RL account retained all parameters of the neural resource
model except the gain modulation parameter a, while introducing
four new parameters, namely the leak parameter (y) and reward weight
parameters (c,, C,, ¢;). In all three experiments, we modelled the leak
parameter (y) and the effect of internal confidence (c;) on resource
allocation (equation (9)); in addition, we modelled the effect of exter-
nal reward (c;) only in Experiment 1 while setting it to zero in all other
experiments, and feedback error (c,) only in Experiment 2 while also
settingittozeroinall other experiments. This resulted inthe estimation
of five free parametersin Experiments1and2, and sixin Experiment 3.
Whenffitting the model to the data, the leak parameter was constrained
between 0 and 1, and all three weight parameters were limited to a
rangeof -1to1.

For all models, we obtained a separate ML fit for each individual
observer. These fits were derived using the Nelder-Mead simplex
method (via the fminsearch functionin MATLAB). AMATLAB toolbox
implementing the neural resource model is available for download
from https://bayslab.com/toolbox.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data are publicly available at https://doi.org/10.17605/0SF.10/
EHKQA.

Code availability
The analysis code is publicly available at https://doi.org/10.17605/
OSF.IO/EHKQA.
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size For the online experiments, we used a Bayesian stopping rule to determine the sample size. For the laboratory experiment (Experiment 3b),
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excluded these data in Figure 4D, and the comparison of observed and optimal allocations is based on the remaining observers. Including this
observer's data and performing a non-parametric test did not change our conclusions. In Experiment 3b, four observers who had difficulty
maintaining fixation or could not be successfully calibrated on the eye tracker were replaced.

Replication Experiment 3a, conducted online, was replicated in a laboratory setting as Experiment 3b.

Randomization | Experimental parameters, including the order of motion directions and the colour-reward associations (i.e., which object was associated with
high or low reward), were randomised across observers.

Blinding Experimenters were not blinded during data collection, as a within-subjects design was used in which all observers completed all experimental
conditions.
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Data collection
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Randomization
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computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and
whether the researcher was blind to experimental condition and/or the study hypothesis during data collection.

Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample
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participants dropped out/declined participation.
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allocation was not random, describe how covariates were controlled.
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Reproducibility

Randomization
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Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
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Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.

Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Describe the data collection procedure, including who recorded the data and how.
Indicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which

the data are taken

If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your studly.
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Field conditions
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Access & import/export

Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).
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Access & import/export [compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,
the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.
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Antibodies used Describe all antibodies used in the study, as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
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Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.
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Commonly misidentified lines | Name any commonly misidentified cell lines used in the study and provide a rationale for their use.
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Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field; report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method, if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.
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Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Outcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

Yes
[] Public health

|:| National security
|:| Crops and/or livestock
|:| Ecosystems
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|:| Any other significant area




Experiments of concern

Does the work involve any of these experiments of concern:
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Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin
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Any other potentially harmful combination of experiments and agents
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Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a

ChlP-seq

Data deposition
|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.
Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
(e.g. UCSC) enable peer review. Write "no longer applicable" for "Final submission" documents.

Methodology
Replicates Describe the experimental replicates, specifying number, type and replicate agreement.
Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.
Antibodies Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and

lot number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files

used.
Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.
Software Describe the software used to collect and analyze the ChlP-seq data. For custom code that has been deposited into a community

repository, provide accession details.




Flow Cytometry

Plots

Confirm that:
|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|:| All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.
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Methodology

Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument Identify the instrument used for data collection, specifying make and model number.

Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell

population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI [ ] Used [ ] Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).




Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain || ROI-based [ | Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
|:| |:| Functional and/or effective connectivity

|:| |:| Graph analysis

|:| |:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.




	Intrinsic rewards guide visual resource allocation via reinforcement learning

	Results

	Differential rewards bias resource allocation

	Neural resource allocation

	Perceived accuracy biases resource allocation

	Neural resource allocation

	Estimation difficulty biases resource allocation

	Neural resource allocation

	Interim conclusion

	RL model of resource allocation

	External reward
	Intrinsic reward: perceived accuracy
	Intrinsic reward: estimation difficulty
	Changes in resource allocation predict response precision


	Discussion

	Methods

	Apparatus

	Participants

	Stimuli

	Procedure and task

	Experiment 1: external reward
	Experiment 2: perceived accuracy
	Experiment 3: estimation difficulty

	Analysis

	Neural resource model

	Optimal resource allocation

	RL account of resource allocation

	Model fitting

	Reporting summary


	Acknowledgements

	Fig. 1 External reward manipulation in Experiment 1.
	Fig. 2 Perceived accuracy manipulation in Experiment 2a.
	Fig. 3 Perceived accuracy manipulation in Experiment 2c.
	Fig. 4 Estimation difficulty manipulation in Experiment 3a and 3b (simultaneous presentation).
	Fig. 5 The neural resource allocation account applied to the motion estimation task.
	Fig. 6 Modelling results.




