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Abstract
What role do expectations, outcomes, and their mismatches—i.e., reward prediction errors
(RPEs)—play in generating emotions? Existing theories make competing predictions, with
value-based perspectives suggesting that emotional valence should track outcomes and
expectations, value-updating perspectives suggesting that it should instead track RPEs, and other
views suggesting a role for all three factors. Yet empirical tests of these predictions have
produced mixed results. Here, we demonstrate how these conflicting results could be reconciled
within a value-updating perspective, by considering multiple forms of RPEs and their impacts
over time. In particular, we build off recent work which suggested that affect in a perceptual
decision-making task was influenced by both expectations and outcomes, but not by RPEs. The
current study re-evaluates this conclusion, by modifying the original task and analyses to account
for both trial-level and block-level RPEs and their temporal dynamics. With these modifications,
results showed that both forms of RPEs drove affect in this task, with no clear effect of
expectations or outcomes beyond this, contrary to previous conclusions. This work supports the
central role of RPEs in driving emotional valence, in line with value-updating perspectives.
Moreover, linking emotions to RPEs and value-updating has broad theoretical implications, such
as highlighting how resolving prediction errors may be key to resolving emotions, and how

difficulties in this process may underlie many emotion-related disorders.
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Introduction

What brings about positive or negative emotions? Things being good or bad? Expecting
things to be good or bad? Things being better or worse than one’s expectations? Or perhaps a
combination of these? To make this concrete, imagine how an employee would feel in four
different scenarios: where they get a year-end bonus of either $100 or $10,000, and where this
happens after expecting a bonus of either $100 or $10,000. Some views suggest that emotions
should be more positive when outcomes and/or expectations are more positive, so that, for
instance, the employee might be happiest in the case where they expect the larger bonus, and
then actually get the larger bonus (e.g., Carver, 2015; Moors et al., 2021; Neville et al., 2021;
Smith & Lazarus, 1993). On the other hand, other views suggest that “happiness is reality minus
expectations”, as put by radio host Tom Magliozzi. More precisely, these views suggest that
emotional valence will be driven by the difference between outcomes and expectations, in terms
of their reward-value—i.e., by reward prediction errors, or RPEs (e.g., Bennett et al., 2022; Eldar
et al., 2016; Emanuel & Eldar, 2023; Loomes & Sugden, 1986). This would mean our employee
should feel positive emotions when their bonus is better than expected, negative emotions when
it is worse than expected, and neutral when their expectations are met. And still other views
suggest that emotional valence is driven by a combination of these factors (e.g., Ding et al.,
2025; Rutledge et al., 2014). Yet, empirical work on these ideas has provided mixed results,
leaving it unclear what role expectations, outcomes, and mismatches between these play in
generating emotions. The current work aims to reconcile these mixed results by showing how
seemingly conflicting results could be consistent with RPE-focused theories, after accounting for

multiple forms of RPEs and their dynamics over time.
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As mentioned, one tradition within both classic and modern emotion theories suggests
that emotional valence tracks the value of expected and experienced outcomes. These views are
often based on the idea that emotions signal opportunities and threats in the environment—that
is, they signal situations that either facilitate or hinder one’s goals, needs, and desires. For
example, this role for expectations and outcomes can be seen in evolutionary perspectives which
suggest that emotions occur “in response to stimuli or situations that are actually, or potentially,
rewarding or punishing,” and that they “represent the organism's overall experience of reward
and punishment” (Mendl et al., 2010, p. 2897). Similarly, Moors’ goal-directed theory argues
that one “feels happy when she gets what she wants, [and] also when she anticipates getting what
she wants” (Moors et al., 2021, p. 149)—in other words, in response to positive outcomes and
expectations. Related ideas are present within control-theoretic views and some appraisal
theories, which suggest that emotional valence tracks one’s progress or rate of progress towards
desired end-states—in other words, it should track the value of one’s outcomes, defined in terms
of how good one’s progress or rate of progress is (Carver, 2015; Smith & Lazarus, 1993). All of
these theories converge on the prediction that emotional valence should track value, and thus be
more positive when outcomes and/or when expectations are more positive. We refer to these
perspectives as value-based views.

In contrast, other work has proposed an important role for RPEs in generating emotions,
such that people should feel more positive the more outcomes exceed expectations, and feel
more negative the more outcomes fall below expectations (e.g., Bennett et al., 2022; Brandstétter
& Kriz, 2001; Ding et al., 2025; Eldar et al., 2016; Emanuel & Eldar, 2023; Loomes & Sugden,
1986; Rutledge et al., 2014; Villano et al., 2020; Zeelenberg et al., 2000). Put differently this

would manifest as feeling more positive when outcomes are higher, and when expectations are



REWARD PREDICTION ERRORS AND EMOTIONAL VALENCE 5

lower—since this maximizes the RPE, or the difference between outcomes and expectations, as
in the case of getting $10,000 when expecting $100.

Yet, within these alternative views, there are different perspectives on how RPEs impact
emotions, relative to the outcomes and expectations. Based on empirical results in this area,
some views suggest that a combination of RPEs along with outcomes and/or expectations
simultaneously drive emotions (e.g., Ding et al., 2025; Rutledge et al., 2014). We refer to views
in this category as mixed views. On the other hand, other views take a stronger stance,
suggesting that RPEs should drive emotions, while outcomes and expectations should not. For
example, some earlier work in this area proposed that RPEs are the primary driver of emotions
(Eldar et al., 2016). More recent views suggest that this may be because emotions reflect signals
of the perceived need to update one’s values—where RPEs are often one such signal, as they
track the difference between expected and actual reward. In contrast, outcomes and expectations
may instead be linked to other affective! states, such as pleasure and pain, or positive and
negative evaluations, which directly reflect value representations themselves, including the value
of both outcomes and expectations (Bennett et al., 2022; Broekens, 2018; see also Emanuel &
Eldar, 2023, for a closely related view). We refer to views of this type as value-updating-based
views. Under these views, an employee who receives an unexpectedly large bonus should feel
positive emotions to the extent that this RPE is treated as a signal to mentally increase the
expected value for future year-end bonuses, while an employee whose bonus perfectly matches
their expectations may /ike or value their bonus, without necessarily feeling emotions such as

happiness. Supporting this value-updating idea, some work suggests that RPEs only drive

! We use the term affect to refer to the positive-negative dimension of experience (as in Moors et al., 2021),
though we note that the current work specifically focuses on explaining the affective valence of emotional states,
rather than of other states like evaluations.


https://www.zotero.org/google-docs/?broken=mb1rK2
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emotions to the extent that they are informative about changes in value (e.g., when an
unexpectedly bad performance is viewed as informative about one’s ability vs. reflecting
unlearnable randomness; Blain & Rutledge, 2020; see also Emanuel & Eldar, 2023), while recent
theorizing suggests that other known drivers of emotions can also be viewed as tracking other
value-learning signals (e.g., the relative “advantage” of one action over another; Bennett et al.,
2022; see also Emanuel & Eldar, 2023, for related ideas).

Applied to our current questions, these value-updating-based theories thus make two key
predictions that distinguish them from other perspectives in this area. First, unlike value-based
views, which do not include a role for RPEs in emotion generation, value-updating views suggest
that RPEs can and often will generate emotions, with more positive vs. negative emotions
tracking more positive vs. negative RPEs. Second, unlike both value-based and mixed views,
value-updating-based views predict that outcomes or expectations on their own should not
directly generate emotions, beyond their role as inputs to computing RPEs (or other value-
learning signals).

Yet, despite the growing body of research in this area, the empirical evidence regarding
these predictions is inconsistent, and, as a whole, does not clearly fit with any of these three
perspectives. Beginning with the first prediction—that RPEs do play a role in emotion
generation—existing evidence is currently mixed. Supporting this role of RPEs, many studies do
indeed find that positive/negative RPEs trigger corresponding positive/negative emotions. For
instance, one study found that students’ emotions after receiving exam grades were driven
mainly by RPEs in the form of differences between their actual and expected grades (Villano et
al., 2020). Similarly, feelings of gratitude have been shown to relate to RPEs in the form of

differences between received and expected help from another person (Ding et al., 2025). Similar
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results have been observed in several other studies (Bhatia et al., 2019; Brandstitter & Kriz,
2001; McGraw et al., 2005; Mellers et al., 1997, 1999; Neville et al., 2021; Rutledge et al., 2014;
Shepperd & McNulty, 2002; Spector, 1956; Vanhasbroeck et al., 2021).

On the other hand, some recent work has failed to find clear or consistent effects of
RPEs. For example, the work of Voodla and colleagues (2024) examined emotions during a
perceptual decision-making task, where outcomes were manipulated by using easier or harder
decision trials, and expectations were manipulated by grouping these trials into easier or harder
blocks. Results showed that positive affect in this task was positively related to both outcomes
and expectations, with no clear evidence for the role of RPEs. Several other studies show similar
results (Blain & Rutledge, 2020; Forbes & Bennett, 2024; Marshall & Brown, 2006; Raz et al.,
2024; Vinckier et al., 2018). Furthermore, this lack of RPE effects could potentially be more
widespread than currently recognized, since many studies interpreted as showing RPE effects
could perhaps reflect the influence of outcomes alone, as these studies did not explicitly test for
the distinct contributions of positive outcome effects and negative expectation effects that
together constitute an RPE effect (e.g., Blain & Rutledge, 2020; Eldar & Niv, 2015; Keren et al.,
2021; Krupi¢ & Corr, 2014; Otto & Eichstaedt, 2018; Rutledge et al., 2015, 2017; Vanhasbroeck
et al., 2021; Verinis et al., 1968). Thus, explaining the apparent absence of RPE effects in some
cases, or confirming their presence in cases where this is unclear, is something that value-
updating accounts still need to address.

Regarding the second prediction—that outcomes and expectations on their own should
not directly generate emotions—existing evidence seems to largely contradict this idea. For
example, in the previously mentioned study on exam grades, students were slightly happier with

more positive grades, even when controlling for the effects of RPEs—suggesting that positive
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outcomes also played a more direct, though much smaller, role in generating emotions here
(Villano et al., 2020). Similarly, feelings of gratitude were positively impacted by both outcomes
(being helped vs. not) and expectations (expecting help), even when controlling for RPEs,
suggesting that both outcomes and expectations directly impacted emotions (Ding et al., 2025).
These findings are also in line with results from the perceptual decision-making study described
previously (Voodla et al., 2024), as well as similar results from other research (Blain &
Rutledge, 2020; Forbes & Bennett, 2024; Keren et al., 2021; Neville et al., 2021; Rutledge et al.,
2014, 2015, 2017; Vanhasbroeck et al., 2021; Vinckier et al., 2018). Thus, existing evidence on
the role of outcomes and expectations appears to suggest that they often drive emotions,
seemingly contradicting value-updating-based views.

Putting this work together, it appears that outcomes, expectations, and RPEs, can all drive
emotional valence in some cases—going against the predictions of a purely value-based or
value-updating-based view. Moreover, the extent to which each factor matters appears to differ
widely across tasks—for example, with some studies showing little to no clear RPE effect (e.g.,
Forbes & Bennett, 2024; Voodla et al., 2024) and others showing almost exclusively RPE-driven
effects (e.g., Villano et al., 2020). This speaks against mixed views which suggest that all three
factors always matter (and current versions of mixed views have not been specified in enough
detail to account for the variation in when these factors matter). Thus, at face value, the full set
of existing evidence is not adequately explained by any of the three perspectives discussed here.
To make progress here requires not just more evidence, but new theoretical insights that can
allow for integrating these results within a coherent theoretical framework.

The current work is the first to propose such an integration. Specifically, here we argue

that existing findings can be reconciled within a value-updating-based framework, by
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considering the effects of multiple overlapping RPEs that may simultaneously drive emotions.
To illustrate this idea, consider how these factors could account for the results from the
perceptual decision-making study discussed previously (Voodla et al., 2024)—which failed to
find RPE effects, and instead found apparent effects of both outcomes and expectations per se. In
this study, the researchers looked for evidence of what we will call trial-level RPEs—i.e., trials
being easier/harder than expected based on the difficulty of the current block—where effects of
these RPEs on emotions would manifest as a positive effect of trial-level outcomes (i.e., being
happier on easier trials) and a negative effect of trial-level expectations (i.e., being happier in
harder blocks). However, we suggest that the effect of these trial-level RPEs may have been
obscured by a second form of RPE and its residual impact over time: specifically, block-level
RPEs, due to blocks being easier/harder than expected with respect to the whole task (see Figure
1 for a conceptual schematic). Such block-level RPEs could account for the apparent positive
(rather than negative) effect of trial-level expectations observed in this study: that is, perhaps
people felt happier on easier blocks not because of their trial-level expectations, but instead
because of block-level RPEs, in that people were happy that the current block was easier than
expected given the task as a whole. In turn, this block-level RPE effect could have obscured any
negative effect of trial-level expectations that would be generated by trial-level RPE. Thus,
rather than supporting value-based views, which suggest that emotions track both positive
outcomes and positive expectations, the results of this study could instead be explained by the
overlapping effects of multiple forms of RPEs, consistent with a value-updating based view. This
explanation would also be consistent with recent neural and computational work suggesting that
multiple types of RPEs can operate in parallel to drive both learning and mood states (Eldar et

al., 2018; see Bennett et al., 2022, and Eldar et al., 2016, for related interpretations of past results
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Figure 1

Proposed Conceptual Model
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Note. We propose that emotional valence in the task used by Voodla et al. (2024) was driven by
multiple overlapping RPEs, including both trial-level RPEs (trials being easier or harder than the
block average), and block-level RPEs (blocks being easier or harder than the task average).
Green vs. red lines illustrate the emotional impact of positive vs. negative RPEs, respectively,
that were presumed to occur at different points in the task.
in this area). Moreover, similar arguments could also explain many of the other findings that
appear to conflict with value-updating-based views (e.g., Ding et al., 2025; Raz et al., 2024;
Rutledge et al., 2017); we return to this point in the General Discussion.

To provide evidence for the current proposal, the present study re-examined the role of
RPEs, outcomes, and expectations in a modified version of Voodla et al.’s perceptual decision-
making study, to see whether emotion-generation in this task might indeed be driven by these
multilevel RPEs. In doing so, we examine three specific questions: 1) whether block-level RPEs
contributed to the positive effect of expectations found in the original study, 2) whether trial-
level RPEs contributed to emotions in this task after accounting for other overlapping RPE

effects, and 3) whether the apparent effects of outcomes and/or expectations per se (beyond their

use in computing RPEs) could be explained away when controlling for these multiple forms of
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RPEs and their residual effects over time. By accounting for the multiple ways RPEs can drive
emotions, the current study aims to provide one of the strongest tests yet of the role of outcomes,
expectations, and RPEs in generating emotions. In doing so, this work aims to demonstrate how
apparently conflicting results in this area may be unified within a value-updating perspective,
with the ultimate aim of shedding light on the fundamental computations underlying the
generation of emotions.

Method

The key methods of the current study were based closely off Voodla et al.’s (2024) study.
As in that previous study, the current work used a perceptual decision-making task (deciding on
the overall motion direction of a cloud of moving dots, left or right), where trial-level outcomes
were manipulated by using easier or harder trials (with more or less coherent motion—i.e., more
or less of the dots moving in the same direction), and where trial-level expectations were
manipulated by grouping these trials into blocks of primarily easier or harder trials.

While the core logic of this task is the same as in Voodla et al.’s work, several key
changes were made to allow for distinguishing effects of trial-level and block-level RPEs. One of
the most important changes was using much longer blocks. Since the effects of block-level RPEs
on emotions should be strongest at the start of a block, but fade away over time, using longer
blocks allows us to isolate effects of trial-level RPEs by looking at the end of the block, as well
as to find a key signature of block-level RPEs through examining temporal dynamics across a
block. Below, we describe the current task in detail, followed by further details on how we
conceptualize this task, as well as the specific changes from Voodla et al.’s design and the
rationale for these changes.

Participants
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47 participants were recruited from the undergraduate participant pool at KU Leuven in
Belgium in exchange for course credit. This sample size was based on practical reasons (the
number of participants that could be recruited by the end of the semester). Participants were
excluded if they had less than 60% accuracy on trials of the easiest difficulty level. The final
sample included 41 participants (Mage = 19.78, SDage = 2.15; 30 females, 11 males).

Procedure

The study was conducted online using the Cognition.run platform. The main part of the
task involved completing a perceptual decision-making task very similar to the one in Voodla et
al.’s original study (see Figure 2). On each trial, participants were shown a cloud of moving dots
and were given 5 seconds to select which direction more of the dots were moving in (V key =
left, B key = right). The initial task instructions asked participants to respond as quickly and
accurately as possible to these decisions. Trials varied across seven levels of difficulty, with
coherence levels ranging from 0.1 (hardest) to 0.4 (easiest) in increments of 0.05, where
coherence reflected the proportion of dots moving in the same direction (left or right). Following
the direction-of-motion judgment, participants rated their current affective state. Specifically,
they responded to the question: “This trial made me feel...” (responses made using the following
keyboard keys: 2 = “Somewhat negative”, 3 = “Slightly negative”, 5 = “Neutral”, 7 = “Slightly
positive”, 8 = “Somewhat positive”, 9 = “Rather positive”). In terms of timing, each trial
involved displaying a fixation cross for 800ms, followed by the dot cloud (shown until the
participant responded, or for a maximum of 5000ms), a 500-ms pause, and then the affect rating
scale (shown until the participant responded). If no response was made for the motion direction
judgment, a message saying ‘Too late!” appeared, and no affect rating was made.

Figure 2
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Task Structure
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The main part of the task consisted of 200 trials, structured into four blocks of 50 trials
each. There were two types of blocks: easy and hard. The difficulty levels for the trials within a
block were randomly selected based on the following probability distribution: there was an 85%
chance of selecting trials at the easiest difficulty level in the easy block, or at the hardest
difficulty level in the hard block, with the remaining probability distributed evenly across the
other six difficulty levels. The four blocks were presented in a fixed order (easy, hard, easy,
hard).

After every 25 trials, at the middle and endpoint of each block, participants were given a
short break. During this break, participants rated how difficult they found the previous section
(on a 100-point sliding scale ranging from “Very easy” to “Very difficult”), which served as a
manipulation check, and they rated the perceived accuracy of their affect judgments in the
previous section. They were then given feedback on their performance in that section (the
percentage of correct responses, and average response time), as well as a brief reminder of the
task instructions.

The structure of the study as a whole was as follows. Participants started by going

through instructions for the perceptual decision-making task and several rounds of training trials.
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Participants were then introduced to the affect scale and given practice using it. The instructions
for the affect scale were designed to encourage participants to carefully rate their emotional state
on each trial, and not simply give the same answer to all trials, or rely on some other non-
emotional basis for their judgments, such as their decision confidence. After these instructions,
participants completed the 200 trials of the main task, followed by a series of questions about
their experience in the task and a demographic questionnaire.
Conceptualization of Reward Computations in this Task

To fully understand the logic of the current study, it is important to clarify the presumed
nature of the reward signals in this task. We assume that participants’ primary goal in this task is
to be accurate, thus, accuracy on each trial can be viewed as the objective, external reward in this
task, while expected accuracy can be viewed as the reward expectation. However, since
participants were not provided with objective performance feedback after each trial, we assume
they are estimating their accuracy on each trial, based on information such as the coherence of
the dot motion and their resulting decision confidence (e.g., if the dots were clearly observed to
be moving in one direction, so that the participant felt confident that they made an accurate
decision, vs. if they did not perceive a clear direction of motion, and thus subjectively felt like
they were guessing and had less confidence in their decision). Given that rewards must be
estimated mentally in order for them to impact people’s emotions, these internal reward signals
may thus be best characterized in terms of decision confidence—participants’ subjective estimate
of their accuracy in the task (mirroring Guggenmos et al., 2016). Indeed, supporting this idea,
past work shows that people’s decision confidence reliably tracks both decision accuracy and
motion coherence (trial difficulty) in this task (Voodla et al., 2025; Zylberberg et al., 2012).

Moreover, confidence has been linked to reward processing and mesolimbic reinforcement
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learning signals in perceptual learning tasks (Guggenmos et al., 2016), as well as across a variety
of domains (Sharot et al., 2023).

In light of this, the key manipulations in the task can be interpreted as follows. Easier vs.
harder frials can be viewed as manipulating both subjective and objective trial-level outcomes,
by increasing vs. decreasing both estimated and actual accuracy on that trial. Easier vs. harder
blocks can be viewed as manipulating trial-level expectations by affecting one’s expected
accuracy on the upcoming trial, based on one’s experience with previous trials in that block.

In terms of the mental RPE computations thought to drive emotions, trial-level RPEs can
then be defined as the difference between the estimated outcome of a given trial, compared to
one’s expectations for that trial, based on the current block, while block-level RPEs can be
defined as the difference between the estimated accuracy on the current block, compared to
expectations for that block, based on one’s experience with the task as a whole.

Differences from Voodla et al.’s Original Study

The current study made several changes to Voodla et al.’s study design to help find
effects of trial-level RPEs, and to distinguish these from the effects of block-level RPEs. As
mentioned, one of the primary changes involved extending the duration of each block—from six
trials to 50 trials, before changing the block’s difficulty level. If block-level RPEs are triggered
near the start of a block when people first realize the block is easier/harder than expected
(relative to their task-based expectations), longer blocks give more time for the emotions created
by these initial block-level RPEs to fade away, as block-level expectations get updated. Evidence
that emotions follow this pattern would provide evidence for a role of block-level RPEs in this
task. In addition, this change should allow for observing effects of trial-level RPEs when looking

at the end of a block (including finding the negative effects of trial-level expectations, which
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should lead to feeling happier on harder blocks), even if block-level RPEs (and the
corresponding tendency to feel happier on easier blocks) dominate early in the block.

In addition to extending the blocks, another important change was making more of the
trials within a block match the block-based expectations. That is, we increased the percentage of
trials that were at the easiest difficulty level in the easy blocks, or at hardest difficulty level in the
hard blocks, from 70% to 85%. This change was designed to further facilitate the updating of
block-level expectations and thus the fading of emotions associated with block-level RPEs over
time. In addition, by forming stronger expectations of a given block’s difficulty and associated
performance accuracy, this should also allow for more clearly observing effects of trial-level
RPEs, since expectations about the current block must exist in order to be compared to outcomes
on a given trial.

Several other changes were made to further increase the chance of observing trial-level
RPE effects. For instance, Voodla et al.’s study included labels before each block and trial that
alerted participants to the current block’s difficulty level. Here, we removed these labels, as they
may have exacerbated the salience, and therefore impact, of block-level RPEs on emotional
responses, thus further obscuring the effects of trial-level RPEs. These labels were included in
the original task to make sure participants were aware of the type of block they were in.
However, anecdotally, in the current version of the task, the difference between blocks was
obvious enough that the block type could be easily identified within a few trials, even without
these labels. Thus, removing these labels could provide a cleaner test of the role of trial-level
RPEs, especially when focusing later in a block, when these expectations should be well-

established and thus the labels made unnecessary.
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In addition, we wanted to ensure that trial-level RPEs were computed relative to
expectations based on the current block’s difficulty level—the form of trial-level RPE that the
current analyses test for—rather than based on the current #ial’s difficulty level. This latter form
of expectation could have been used, for example, if participants realized they were in an easy
trial within the first several milliseconds, and then used their expectation for what easy trials are
like in this task when computing RPEs. Such a computation would presumably not produce
many RPE signals, since, for example, a given easy trial, once identified as such, would typically
match expectations for what easy trials are like in the task. To try to avoid this situation, rather
than using two clearly distinct coherence levels (easy vs. hard trials), as in Voodla et al.’s
original study, we used seven coherence levels of gradually varying difficulty. These more subtle
gradations should reduce the tendency to rapidly categorize the trials based on their perceived
difficulty, and thus encourage the trials in a given block to be categorized similarly and have a
similar expectation applied across them.

We also wanted to help ensure that participants' affect judgments were in fact based on
their emotions, rather than something else, such as evaluations of one’s perceived accuracy on a
given trial (i.e., of one’s decision confidence). As discussed, value-updating-based perspectives
suggest that emotions should track RPEs or other related computations, while evaluations should
track values themselves. Thus, if affect judgments were merely based on evaluations in Voodla
et al.’s original study, it could provide another explanation for why these judgments primarily
depended on outcomes (with what could be considered a small biasing effect of expectations),
and why there was no clear evidence of RPE effects. We therefore added further instructions to
the current task which emphasized that the affect ratings should be based on emotions, and not

necessarily on evaluations of one’s confidence. In addition, we introduced a "Neutral" option in
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the affect rating scale, which was not included in the original study, to reduce the chance of
participants turning to other factors as a basis for their response in cases where no emotion was
felt. Because adding a response option would have made hand placements on the keyboard
uncomfortable, we chose to remove the most extreme negative response option from Voodla et
al.’s scale, since this option was only rarely used in the original study. In addition, we modified
the affect scale by using milder labels for the most extreme responses (e.g., “Rather positive”
instead of “Quite positive”), given the generally mild nature of emotions in this task.

Finally, we modified the breaks between sections, where objective performance feedback
was given. Specifically, including this performance feedback twice per block, rather than once
per block, allowed for uncorrelating this feedback (which should track the previous section’s
difficulty) from the difficulty of the subsequent section. This allowed for statistically controlling
for emotions generated by this feedback and separating them from the effects of the block
difficulty. The ratings made during these breaks were also newly added: difficulty ratings for the
previous block were included as a manipulation check, and ratings of the accuracy of one’s affect
judgments were added to encourage participants to continue making accurate judgments
throughout the task.

Data Preparation and Coding

Trials were excluded if reaction times for the motion-direction decision were below
200ms or above 4000ms, or if participants took over 20 seconds to respond to the affect
judgment on that trial. This led to 1.06% of trials being excluded.

Data were analyzed using R v. 4.4.2 (R Core Team, 2024), and the following packages:
ImerTest v. 3.1.3 (Kuznetsova et al., 2017) for multilevel regressions, rms v. 7.0-0 (Harrell Jr,

2025) for modelling restricted cubic splines, emmeans v. 1.10.7 (Lenth, 2019) for estimating and
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comparing marginal effects within a given model (e.g., estimating the effect of one variable at a
given level of another) including in models involving restricted cubic splines, and multcomp v.
1.4.28 (Hothorn et al., 2008) for general linear hypothesis testing. All analyses were performed
as multilevel regressions, or as multilevel logistic regressions for binary outcome variables, with
random intercepts for each participant.

For all analyses, the following variable coding was used. Block type was effect coded (1
= easy, -1 = hard). Trial coherence, which reflected how easy or difficult each trial was (i.e., the
proportion of dots moving in the same direction), originally ranged from 0.1 (hardest) to 0.4
(easiest) and was recentered at its mean value of 0.25. Average block coherence was
conceptually equivalent to the block type variable, but was coded in terms of units of coherence
so it was on the same scale as the trial coherence variable: specifically, it was coded as the
average coherence level for the current block type (i.e., 0.37 for easy blocks, 0.12 for hard
blocks), and was then recentered at its mean value of 0.25. Accuracy on a given trial was effect-
coded (1 = correct, -1 = incorrect) when used as a predictor, or else coded as 1 = correct and 0 =
incorrect when used as an outcome. Trial number within a block was coded so that it ranged
from -49 for the first trial in a block to 0 for the last, to allow main effects for the variables it
interacted with to be estimated at the end of a block. Performance feedback was coded as the
proportion of correct trials in the previous set of 25 trials (or, for the first 25 trials in the task, the
proportion correct in the last training block) and ranged from 0 to 1. The number of trials since
the last feedback ranged from 1 to 25, and reflected the trial number starting from the last time
performance feedback was given. Trial number within experiment reflected the trial number
starting at the first trial after the training was completed. Six different variables were computed

to capture previous trials’ affect ratings: these reflected affect ratings from the previous trial,
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from two trials back, etc., all the way up to 6 trials back, excluding trials from the start of the
experiment where the relevant previous ratings did not exist.
Transparency and Openness

The current paper reports how the sample size was determined, all data exclusions, and
all manipulations and measures in the study. This study was preregistered after data collection
was complete but before looking at the data. The preregistration specified the hypothesis
regarding our second question (the effect of trial-level RPEs in this task) and specified the
design, analysis, and exclusion criteria for this study. Additional non-preregistered analyses are
labeled as exploratory. The preregistration, data, analysis code, and study materials are available
at https://osf.io/v5ubg/?view only=bf3e05ef57f74e98829941892caadf18.

Results

Preliminary Analyses

Before turning to our main questions, preliminary manipulation checks tested whether
harder blocks were in fact harder for participants than easier blocks. A multilevel regression
confirmed that, compared to easier blocks, harder blocks showed lower accuracy (proportion
correct: hard blocks: M = 0.66, SD = 0.47; easy blocks: M = 0.84, SD = 0.36; difference: OR =
1.69, 95% CI [1.60, 1.78], p <.001) and higher difficulty ratings (hard blocks: M = 75.14, SD =
17.90; easy blocks: M =53.37, SD = 23.02; f =-0.46, 95% CI [-0.54, -0.39], p <.001). This
confirms that block difficulty was successfully manipulated.
Block-Level RPEs Impact Affective Valence

Our first analyses examined whether the apparent positive effect of trial-level
expectations found in Voodla et al.’s work—i.e., the positive effect of block type (feeling more

positive on easier blocks)—could have instead been driven by block-level RPEs, due to starting a
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block that is easier or harder than expected relative to the task-average. If this was the case, in
the current task with its longer blocks, we should observe a temporary increase in positive affect
at the start of an easier block (or decrease in positive affect at the start of a harder block) as the
block unexpectedly changes in difficulty, and this should diminish over time as people update
their representations of the task’s difficulty level, and the effects of block-level RPEs fade away.

To test this, we fit an exploratory model where affect was predicted by block type, trial
number within a block, and trial coherence, with block type allowed to interact with trial number
and coherence. Trial number was modeled using restricted cubic splines, to capture potentially
nonlinear changes over time in the effect of block type. Including coherence in the analysis
allowed for estimating block type effects after controlling for the difficulty of each trial, so that
these effects capture the different affective experience of doing a given difficulty-level trial
within an easy block vs. doing that same trial within a hard block.

This analysis revealed that, at the start of a block, participants indeed felt more positive
affect on easier vs. harder blocks (b =0.20; f =0.15, 95% CI[0.09, 0.21]; p <.001), even after
controlling for trial difficulty, but this effect decreased across the block, and eventually became
non-significant by the end of the block (b =-0.06;  =-0.04, 95% CI [-0.11, 0.01]; p = .11;
interaction of block difficulty and trial number: F(2, 8065) = 21.54, p <.001); see Figure 3. This
initial positive effect of block type that fades over time is consistent with the idea that block-
level RPEs contributed to affect in this task. It also suggests that this positive block type effect
should not be attributed to trial-level expectations per se, as any effects of trial-level expectations
should presumably be consistent or even strengthen across a block, rather than fading away.
Linking this result to Voodla et al.’s work, it suggests that their original finding, where people

felt more positive on easier blocks, was likely due to this initial effect of block-level RPEs on
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Figure 3

Effect of Block Difficulty on Affect Across the Block
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Note. At the start of a new block, affect was initially more positive in easier blocks than harder
blocks (controlling for trial difficulty), but this effect diminished over time across the block,
consistent with this initial effect being driven by block-level RPEs. Error bands indicate 95%
confidence intervals.

affect, with this effect predominating in their task due to the use of much shorter blocks (6 vs. 50
trials), which did not allow time for it to fade away.>

Trial-Level RPEs Impact Affective Valence

Our second question was whether we could also find effects of trial-level RPEs in this

2 Additional analyses confirmed that we replicate Voodla et al.’s results using their analysis (predicting
affect from block type, trial coherence, and their interaction) when only analyzing the first 6 trials of each block in
our task, but not when including all trials in the block. In particular, an exploratory analysis on the first 6 trials
showed a positive effect of trial coherence (b =1.75; f = 0.17, 95% CI [0.08, 0.29]; p <.001), as well as of block
type (b=0.23; B=0.17, 95% CI [0.07, 0.28]; p = .001), while a preregistered preliminary analysis using all trials
found a positive effect of trial coherence (b =2.06; p =0.21, 95% CI [0.18, 0.25]; p <.001), and no significant
effect of block type after controlling for trial coherence (b = 0.00; = 0.00, 95% CI [-0.03, 0.04]; p = .96), which
makes sense given the changes in the block type effect over time shown in the main text.
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task, at least towards the end of a block, after effects of block-level RPEs have faded away. This
trial-level RPE effect should manifest as the combination of a positive effect of trial-level
outcomes (as found by Voodla et al.), and a negative effect of trial-level expectations (not seen in
Voodla et al.’s work). Preliminary indications of this latter effect can be seen in the previous
analysis. Specifically, inspecting Figure 3 suggests that the impact of block-level RPE had
largely faded by trial 30 to 40 (as indicated by the leveling off of the curves for the different
block types), and the effect of block type seems to reverse at that point. Though this reverse
effect was not significant in the previous analysis, its direction—i.e., feeling more positive on
harder blocks (after controlling for trial difficulty)—is consistent with a negative effect of trial-
level expectations, as part of trial-level RPEs effects. These initial results suggest that we may
indeed find clear evidence of trial-level RPE effects, if we focus on results towards the end of a
block, while also using a more carefully controlled analysis.

The main preregistered analysis thus tested for these trial-level RPE effects, by
estimating effects at the end of each block, while also controlling for several additional factors
that might have obscured the effect of trial-level RPEs. To do so, several control variables were
added to the previous analysis: objective accuracy on each trial (another proxy for subjective trial
outcomes, a component of mental RPE computations); the previously seen performance
feedback, the number of trials since that performance feedback was seen, and the interaction of
these two variables (capturing any feedback-related RPE effects that may fade over time); the
number of trials since the start of the experiment (capturing any RPEs from the task as a whole
becoming, say, unexpectedly easier over time due to perceptual learning); and affect ratings from
the previous six trials (capturing effects of any RPEs from earlier in the task, including those

from trial-level RPEs on earlier trials). To estimate block type effects on the same scale as the
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trial coherence effect, the block type variable was recoded as average block coherence (i.e.,
average trial coherence for that block type). As per the preregistration, trial number in the block
was modelled as a linear effect here for simplicity.? In addition, by centering this variable with
the zero value at the last trial in a block, the main effect of block type (i.e., average block
coherence) was estimated at the end of the block, after effects of block-level RPEs should have
faded.

If trial-level RPEs were indeed driving affect here, then this analysis should show two
key effects: 1) a positive effect of trial-level outcomes, which should manifest as a positive effect
of trial coherence—in other words, feeling more positive on easier trials—and, 2) a negative
effect of trial-level expectations, which should manifest as a negative effect of block type (i.e.,
average block coherence)—in other words, feeling more positive on harder blocks, after
controlling for trial difficulty. The full model indeed revealed these two effects. Specifically, as
shown in Figure 4, there was both a positive effect of trial coherence (b =1.75; p =0.18, 95% CI
[0.15, 0.22]; p <.001), and a significant negative effect of block type (i.e., average block
coherence) after controlling for trial coherence (b =-1.34; f =-0.12, 95% CI [-0.17, -0.07]; p <
.001). This pair of results is consistent with the idea that trial-level RPEs do contribute to
emotional responses in this task (see Appendix for further support of this interpretation). The fact
that we only observed this pattern when looking at the end of a block once block-level RPE

effects had faded, and after statistically accounting for various forms of RPEs and their impacts

3 An additional preregistered analysis was run where effects of block type and feedback over time were
modelled using restricted cubic splines to account for potential non-linearity in how these effects change over time.
The key results reported here replicated in this version of the analysis.
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over time, also suggests that trial-level RPEs may indeed have contributed to affect in Voodla et

al.’s original study, but that this effect was likely obscured by these other factors.*

Figure 4

Effects of Trial Difficulty and Block Difficulty on Affect
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Note. When looking at the end of a block, participants reported more positive affect when there
were more positive trial-level outcomes—i.e., on easier, higher coherence, trials—and when
there were more negative trial-level expectations—i.e., on harder blocks, after controlling trial
difficulty—consistent with the idea that trial-level RPEs can drive affect in this task. Displayed
results reflect estimates at the end of a block (i.e., after block-level RPE effects should have
faded), and after controlling for several other variables to capture other RPEs and their effects
over time (see main text). Error bands indicate 95% confidence intervals.

4 Although not the primary purpose of this analysis, additional results from the main analysis shed some
light on which of these other factors may have been more important to account for. In particular, aside from the
results reported in the main text, and the interaction of block type (i.e., average block coherence) with trial number
since start of block (mirroring results from the previous analysis), there was a significant effect of accuracy on the
current trial (b = 0.45; B =0.14, 95% CI [0.12, 0.16]; p <.001). Since objective accuracy was not strictly known to
participants, but instead could only be estimated based on their subjective confidence, this factor likely serves as
another proxy for the effect of estimated trial-level outcomes (i.e., confidence), which may have driven affect as part
of trial-level RPE effects. The only other significant effects were a small positive effect of trial number within the
experiment (b = 0.0008; B = 0.03, 95% CI [0.01, 0.05], p <.001), suggesting that participants got slightly happier as
the experiment progressed (perhaps due to perceptual learning leading to task performance becoming better than
expected over time), and positive effects of affect ratings on each of the previous six trials (bs ranging from 0.21 to
0.03, Bs ranging from 0.21 to 0.03, ps ranging from < .001 to .005), which may have accounted for various forms of
RPEs from earlier in the task (including block-level RPEs, or trial-level RPEs on previous trials, which are not
otherwise accounted for in the analysis).
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Outcomes And Expectations Do Not Impact Affective Valence, Beyond their Role in RPEs

While the two key effects in the previous analysis provide evidence of trial-level RPEs
driving affect, it is still possible that there is some additional contribution of trial-level outcomes
or expectations per se, beyond their role in computing RPEs—e.g., so that, hypothetically,
people might feel more positive on easier trials or easier blocks, even in cases where there was
no RPE effect at play. One way to look for such contributions would be to compare the
magnitude of the outcome and expectation effects in the previous analysis. In particular, if these
effects were purely driven by trial-level RPEs, then, since RPE = outcome - expectation, we
should see a positive effect of outcomes that is equal in magnitude to the negative effect of
expectation, when both effects are on the same scale. In contrast, an asymmetrical effect, where
the positive effect of outcomes is larger than the negative effect of expectations, would indicate
some additional contribution of outcomes and/or expectations per se—since, for example, any
additional positive impact of outcomes per se would increase the size of the positive outcome
effect in the regression results, while an additional positive impact of expectations per se would
decrease the size of the negative expectation effect in the regression results (i.e., make it less
strongly negative). Thus, this approach can test whether either of these factors have additional
contributions, beyond their role in computing RPEs. To test for such asymmetries, the magnitude
of the outcome and expectation effects from the previous analysis were compared using linear
hypothesis testing (i.e., computing boutcome + Pexpectation) In an exploratory follow up test. Results
showed that there was no significant asymmetry here (b = 0.41, 95% CI [-0.04, 0.86], p = .07).
Thus, there is no clear evidence that affect was directly influenced by outcomes or expectations
in this task, beyond their role in computing RPEs—in contrast to Voodla et al.’s original

conclusions.
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Moreover, while these additional contributions were not statistically significant, we can
also compare the size of their estimated contribution to that of trial-level RPEs. In particular, the
estimate of this asymmetry computed above (boutcome + Dexpectation) also represents the total
additional contribution of outcomes and expectations per se, beyond their role in RPEs; see
Appendix for derivation. And, while it is mathematically impossible to compute the exact impact
of RPEs in this task, if any contributions of outcomes or expectations per se are assumed to be
non-negative, then we can compute bounds on the possible impact of RPEs: i.e., it should be
between the magnitude of bexpectation and boutcome, OF between 1.34 and 1.75 here (95% Cls: [0.78,
1.90], [1.42, 2.08]); again, see Appendix for derivation. Thus, comparing the estimates and
confidence intervals for these different values suggests that even if there was a real contribution
of outcomes and/or expectations per se that merely did not reach significance in this study, it
would have to be much smaller than that of trial-level RPEs, further supporting the primacy of
RPEs in this task.

Discussion

The current study re-examined the role of outcomes, expectations, and reward prediction
errors (RPEs) in generating emotions. Existing theories diverge on which of these factors should
affect emotional valence, with value-based views suggesting a role for outcomes and
expectations (but not RPEs), value-updating views suggesting a role for RPEs (but not
expectations or outcomes per se), and mixed views suggesting that these factors simultaneously
matter. Yet empirical work has not been fully consistent with any of these views. The current
work proposed that we can reconcile these mixed results within a coherent theoretical
framework—specifically, within a value-updating framework—if we consider the impacts of

multiple forms of RPEs and their dynamics over time. Here, we showed how this idea can
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explain one piece of apparent counter-evidence from previous work: a study by Voodla et al.
(2024) which suggested that affect in a perceptual decision-making task was driven by outcomes
and expectations per se, and not by RPEs. In contrast, through carefully distinguishing and
controlling for different types of RPEs, we showed that affect in this task was instead driven by
the overlapping effects of multilevel RPEs. Specifically, we showed that two distinct forms of
RPEs drive affect in this task: trial-level RPEs (trials being easier/harder than expected given the
current block of trials), and block-level RPEs (blocks being easier/harder than expected given the
task average), with no clear effects of outcomes or expectations per se, beyond their role in these
RPE computations.

Though we focused on explaining one particular set of past findings, similar explanations
could also account for many of the other findings that appear to conflict with predictions of a
value-updating-based view (e.g., Blain & Rutledge, 2020; Ding et al., 2025; Forbes & Bennett,
2024; Raz et al., 2024; Rutledge et al., 2014; Vanhasbroeck et al., 2021; Villano et al., 2020). For
example, in some studies (e.g., Ding et al., 2025; Rutledge et al., 2014), apparent effects of
outcomes or expectations per se could be driven by additional forms of RPEs not considered in
the original work (e.g., outcomes or trial-specific expectations differing from expectations based
on the task average—similar to the block-level RPEs considered here—rather than outcomes on
a given trial differing from trial-specific expectations—similar to the trial-level RPEs considered
here). Even in cases when there is only one type of RPE at play, apparent effects of outcomes or
expectations per se could also reflect residual emotions from RPEs earlier in the task, if these are
not statistically controlled for (as in, e.g., Ding et al., 2025; Voodla et al., 2024). Thus,
considering the impacts of multiple forms of RPEs and their dynamics over time could also

allow for integrating these other conflicting findings into a value-updating framework. The
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current results increase the plausibility of this idea, and highlight the need to test whether other
findings can indeed be explained in this way.

More broadly, more fully accounting for the effects of RPEs may also provide other ways
to integrate existing counter-evidence within a value-updating perspective. For example, while
many studies use objective manipulations of outcomes and expectations (and thus RPEs), these
may fail to fully reflect the subjective RPE representations that presumably drive emotions—e.g.,
if people’s expectations are not affected, or are only somewhat affected, by objective
manipulations (as suggested by Vinckier et al., 2018, to explain their lack of RPE effect), or if
people show biases in subjective value, such as interpreting outcomes more positively when in a
positive mood (Eldar & Niv, 2015; Vinckier et al., 2018). Indeed, in the current work, these
factors could perhaps have contributed to the slight, non-significant effect of outcome or
expectations per se, that was suggested by our final analysis. On the other hand, self-reported
expectations or outcomes (as used in, e.g., Villano et al., 2020) may risk introducing noise into
estimates of RPEs, and may also contain biases that can produce spurious results (see Marshall &
Brown, 2006). In either case, failing to fully control for the effects of mental RPE representations
could lead to apparent effects of outcomes and expectations per se, beyond their role in RPEs
(see Buttrick et al., 2020; Marshall & Brown, 2006). In addition, some of the apparent counter-
evidence in this area could be due to how affect is measured, if the measures captured
evaluations, in addition to, or instead of, emotions—since, according to value-updating views,
evaluations may be driven by outcomes and expectations per se, with emotions driven by RPEs.
While the current work explicitly asked participants to rate emotions (and not evaluations of their
confidence), past work has not typically clarified this distinction to participants, despite its

theoretical importance. Future work should thus continue to explore the best ways to capture
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mental RPE representations and their impacts on emotions, and examine whether this allows for
further reconciling past findings within a value-updating-based perspective.

The current research also provides other important guidance for future work looking at
the role of outcomes, expectations, and RPEs in emotion-generation. One major takeaway is that
future work should make sure to fully consider all forms of RPEs that could occur in a given
task, and the temporal dynamics of these effects—especially in cases where affect from other
forms of RPEs or from RPEs earlier in the task could be correlated with variables of interest on a
given trial (as is common in studies where trials are grouped into blocks of similar value, e.g.
Ding et al., 2025). Moreover, future work would benefit from accounting for the temporal
dynamics of affect in more detail, even when they deviate from some pre-specified form (e.g., an
exponential decay of objective task variables, as in Rutledge et al., 2014). The current work
accomplished this by having participants rate their affect on every trial, and controlling for affect
ratings from several previous trials (vs. having ratings only every few trials, and assuming trials
in between follow a specific decay function, as is common in past work; e.g., Blain & Rutledge,
2020; Forbes & Bennett, 2024; Rutledge et al., 2014). The current approach allowed for more
flexibly capturing residual affect from earlier in the task, including from unmeasured sources of
affect, as well as from trial-to-trial, person-to-person, and source-to-source variability in the
impact or decay of any given source of affect. In addition, when looking for evidence of RPEs, it
is important to confirm that hoth expectations and outcomes play their presumed role—as was
done here for trial-level RPEs—to ensure that an apparent RPE effect is not, say, driven purely

by outcomes (see Marshall & Brown, 2006).° Finally, it is important to be mindful of the

> In the current task, this could not be checked directly for block-level RPEs, as this would require
including different versions of the task that varied the difficulty of the task as a whole. However, the temporal
dynamics of the block-level RPE effects observed here provide additional support for our interpretation of them. In
particular, the observed dynamics—i.e., where people were initially happier in easier blocks, but this decayed over
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intrinsic relationship between outcomes, expectations, and RPEs (i.e., the fact that RPE =
outcome — expectation), which often makes it impossible to statistically estimate all three of
these effects at the same time. The current work addressed this by not dissociating the effects of
expectations vs. outcomes per se, and instead just separating these from the effects of RPEs. (For
attempts to further dissociate these three factors, see: Ding et al., 2025; Neville et al., 2021;
Rutledge et al., 2014; Villano et al., 2020). However, future work and interpretations of past
work should pay careful attention to this issue, as the estimates and interpretations of these
effects will depend on which of these variables one chooses to model (see Appendix for
guidance on these interpretations, and also Forbes & Bennett, 2024).

One question raised by the current results is how to best interpret the effects of RPEs in
this task. We specifically interpreted these RPE effects as driven by the difference between
estimated vs. expected performance accuracy (with estimated performance accuracy being the
presumed reward signal here). Yet these effects could also be interpreted within a predictive
processing framework (as in Voodla et al., 2024), as driven by the difference between the actual
and expected ease of perceptual processing (more precisely, by differences in the actual vs.
expected rate of resolving the perceptual prediction errors used to identify the dots’ motion; see
Clark, 2013; Van de Cruys, 2017; Voodla et al., 2024). One way to test between these
possibilities would be to use a much easier version of the current task, to see whether emotions
are still impacted by variations in motion coherence (i.e., changes in perceptual ease of
processing), even when performance is at 100% accuracy in all cases. More broadly, even if

emotions in this task are driven by unexpected ease of processing, this could still be viewed as a

time—are consistent with an RPE effect, since RPEs should fade away as expectations are updated, but they are
inconsistent with an effect of block-level outcomes per se (i.e., being happier because the current block was easy and
led to high accuracy) since this type of effect should presumably persist or strengthen across the block. Thus,
looking at the temporal dynamics of potential RPE effects may also provide another clue to their origins.
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form of reward prediction error, given the widespread and well-supported assumption that sense-
making is intrinsically rewarding, while processing difficulty and mental effort have an intrinsic
cost (Alter & Oppenheimer, 2009; Chater & Loewenstein, 2016; Gopnik, 2000; Kurzban, 2016;
Schmidhuber, 2008; Topolinski & Reber, 2010). Thus, either interpretation of the current results
would be consistent with the idea that reward prediction errors drive emotions.

More broadly, the current work provides some of the strongest evidence yet for a value-
updating perspective on emotions—by supporting a key prediction of this view that differs from
that of value-based or mixed views, and by providing a way to reconcile seemingly inconsistent
evidence within a value-updating framework. This value-updating perspective in turn has further
implications for understanding the role of RPEs in the generation of emotions, and the
generalizability of the current results. For instance, this perspective suggests one important
moderator of the link between RPE and emotions: the perceived relevance of these RPEs for
value-based learning. Indeed, a recent empirical study supports the idea that RPEs no longer
drive emotions in cases where they are not relevant for learning (e.g., when RPEs are based on
the random, unlearnable amount of points associated with correct guesses on each trial, rather
than on learnable outcomes that help make better predictions; Blain & Rutledge, 2020).

Interestingly, applied to the current task, this suggests that RPEs were considered relevant
for value-learning here, despite value-learning not being strictly necessary for the task—perhaps
because people were learning about the value of continuing to engage in the task, or the value of
their current decision strategy. Supporting this possibility, recent work suggests that this type of
learning-signal indeed may be spontaneously computed and drive emotions, even when not
strictly required by the task (Keren et al., 2021). In particular, recent work has re-examined a

commonly studied gambling task that also does not require value-learning (e.g., as used by
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Rutledge et al., 2014), and suggested that the RPEs that drive affect in this task may indeed be
learning-relevant in this way: since these RPE effects were better modeled as comparisons
between gamble outcomes and the expected average reward per trial—exactly the form of RPE
that could help learn about the value of the task as a whole, or of the current decision strategy—
rather than as comparisons between gamble outcomes and the gamble’s mathematical expected
value, as initially assumed—a form of RPE that is irrelevant to any form of value-learning, since
each gamble is only encountered once (for related interpretations of these gambling tasks, see
Bennett et al., 2022; Eldar et al., 2016). Future work could more directly test the learning-
relevance of RPEs in such cases (e.g., in these gambling tasks, as well as the current task) by
seeing whether the RPEs that drive emotions in these tasks also show corresponding effects on
value-learning—e.g., by giving people a free choice to continue with the same task or try a new
task, or by adding a reinforcement-learning component directly to the task (as in Ding et al.,
2025 or Forbes & Bennett, 2024). More generally, further establishing more direct links to value-
learning, including the moderating role of learning-relevance, will be an important future
direction for value-updating perspectives on emotions.

By supporting a value-updating perspective, the current work also has much broader
implications for affective science. Building on a core idea from this perspective—that emotions
arise when there is a perceived need to update one’s stored value representations—we are
currently developing these implications into what we call the Value-Updating Theory of
Emotion. For example, one implication of this view is that emotions may be intrinsically
goal-directed processes aimed at resolving RPEs or updating values; moreover, common
responses to emotions, such as crying or seeking social support when sad, may be understood as

efforts to facilitate value updating, and thus help “process” or “resolve” the emotion. These ideas
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offer a novel cognitive-computational perspective on what it means to “resolve” an emotion, and
highlight deep connections between the mechanisms, function, and regulation of emotions. This
perspective also highlights new directions for research on dysregulation and disorders of
emotions. For example, it can provide an integrative view of why emotions sometimes become
“stuck” in an unresolved state, as in PTSD or prolonged grief disorder: if conditions make value-
updating seem necessary, yet make it difficult to achieve (e.g., due to being uncertain about how
to update one’s values, or unwilling to accept the implications of this update). Moreover, links to
computational reinforcement learning may offer powerful tools for formalizing these processes
and how they go awry—e.g., using model-based reinforcement learning (Doll et al., 2012) to
account for how uncertainty tends to prolong emotions and make them difficult to resolve (Baum
et al., 1997; Wilson & Gilbert, 2008).

Thus, to sum up, the current work supports one of the central predictions of a value-
updating perspective on emotions regarding the key role of RPEs in emotion generation, and
highlights how seemingly conflicting results can be reconciled with this view. In doing so, it
aims to contribute to a long and fruitful line of research into the fundamental computations
underlying emotions, and their broad implications for affective science.
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Appendix
Derivation of Mathematical Predictions
Building off the mathematical derivations in Parr et al (2026), here we show how we
derived estimates for the additional contribution of outcomes and/or expectations per se, beyond
RPEs, as well as how we computed bounds on the size of the trial-level RPE effect. For
simplicity, we focus on cases where only trial-level outcomes, expectations and RPEs are
relevant (e.g., because effects of block-level RPEs have faded away, and any other drivers of
affect have been statistically controlled for). Suppose, in such cases, that the true model of affect
is a linear combination of the effect of RPEs (i.e., outcome - expectation), as well as some
potential additional effect of outcomes and/or expectations per se:
Aftect = crpe RPE + coutcome OUtcOme + Cexpecrarion €Xpectation
Note that the coefficients that capture the true contribution of each factor are denoted with ¢, to
distinguish these from the coefficients estimated in the regression models (denoted as b here and
in the main text). Ideally, one would be able to fit the regression model that corresponds to this
equation to get estimates for each of these three coefficients; however, this is not possible for the
current task, since the inherent relationships between RPEs, outcomes and expectations mean
that this model would have perfect collinearity and no unique solution. (This will apply to all
tasks, unless they include another measure that captures the unique contribution of one or two of
these variables, for instance, an independent measure of how expectations impact affect, from
before outcomes have been learned, as in one study in Rutledge et al., 2014.) Thus, in the current

work, rather than fitting a regression with all three variables, at most two out of three variables
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could be included. The fitted coefficients then reflect some combination of the true underlying
effects, with the exact nature of this combination depending on the variables included. For
example, if one chooses to include only outcomes and expectations in the model, as in the
current work, these coefficients can be derived as follows. Rewriting the true model in terms of
outcomes and expectations, to match the regression model of interest, gives:
Affect = crpe (outcome - expectation) + Courcome OUtCOME + Cexpecrarion €Xpectation
Affect = (crpe + Coutcome) Outcome + (Cexpectation - CRPE) €Xpectation
Thus, the fitted regression coefficients for outcomes and expectations correspond to the
following combinations of the underlying effects:
boutcome = crPE + Coutcome (Equation 1)
bexpectation = Cexpectation - CrPE  (Equation 2)
Thus, it is not possible to directly recover any of the true underlying effects (any of the ¢’s)
individually.

Nevertheless, rearranging and combining these equations does allow us to get an estimate
for Coutcome + Cexpectation, that is, the total additional effect of outcomes and/or expectations, beyond
their impact through RPEs, in terms of the sum of the two regression coefficients:

CRPE = boutcome = Coutcome
CRPE = Cexpectation = bexpectation
boutcome = Coutcome = Cexpectation = bexpectation

Cexpectation T Coutcome = boutcome bexpectation

This was used in the main analyses to estimate the size of any additional contribution of these

variables.
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In addition, while it is not possible to directly compute the true RPE effect (crpr), limits
on its possible values can be computed if we assume that the true impact of outcomes and
expectations per se is non-negative (in line with typical predictions of value-based perspectives,
which assume positive effects):

Coutcome = 0
Cexpectation = 0
Rearranging and combining this with the equation for bourome (Equation 1) gives:
boutcome = CRPE = Coutcome
boutcome - crRPE > 0
boutcome = CRPE
Similarly, for bexpecrarion (Equation 2) we get:
bexpectation + CRPE = Cexpectation
bexpectation + crrE >0
CRPE > -Dexpectation
In other words, bourcome = CrRPE = -bexpectation. This provides bounds on the possible RPE effects
that would be consistent with the regression results.

This assumption of non-negative values is also important to interpreting our main
analysis that provided evidence for trial-level RPE effects. In particular, in that analysis, we took
the positive effect of trial coherence (a proxy for trial-level outcomes) as evidence that thes
outcomes had a positive effect on affect, and the negative effect of average block coherence (a
proxy for trial-level expectations) as evidence that these expectations had a negative effect on
affect. However, as demonstrated in Equations 1 and 2, these fitted coefficients (bouscome and

bexpeciation) are not pure reflections of the true underlying impact of these variables (coucome and
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Cexpectation), Since they reflect a combination of RPEs and outcomes or expectations per se.
Nevertheless, by treating the true impact of outcomes and expectations pe se (Courcome and
Cexpectation) @S Non-negative, as is generally assumed by work in this area, the observed regression
results can in fact be used as evidence for trial-level RPE effects. The clearest way to see this is
by considering Equation 2: if cexpecrarion = 0, then the only way for bexpeciarion to glve a negative
value, as observed in the current results, is through there being a positive impact of RPEs (crpE).
In other words, trial-level RPEs are the only theoretically-relevant way to get this negative
expectation effect, if the impacts of expectations per se are otherwise assumed to be positive,

confirming the role of trial-level RPEs in driving the current results.
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