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Does including emotions improve 
reinforcement-learning models? A 
recent EEG study by Heffner a nd
colleagues presents separate 
neural signatures for reward and 
emotion prediction errors. This ad-
vance invites questions about, and 
even holds clues to, which ingredi-
ents of emotion and prediction
errors most improve reinforcement-
learning models.
Reinforcement-learning models feature 
prominently in cognitive science and have 
advanced our understanding of adaptive 
behavior in animals, machines, and 
humans. These models typically center 
on deviations from expectations concern-
ing reward outcomes (i.e., reward predic-
tion errors). Ho wever, what if humans
additionally use emotions about outcomes
(expected and/or perceived) to learn and
adapt their behavior?

Heffner and colleagues [1] recently ex-
plored the added value of including emo-
tions in reinforcement-learning models of 
social behavior. Their study builds on be-
havioral evidence suggesting that agents’ 
emotion prediction errors (i.e., how an out-
come feels versus how it was expected to
feel) may explain their behavior above and
beyond what can be explained by reward
signals alone [2,3]. Notably, while all re-
ward is ultimately subjective and arguably 
affective in nature, here ‘reward’ refers to 
obj ective outcomes in the environment.
Similarly, while all emotion comprises sev-
eral interacting components (see below), 
here ‘emotion’ refers to val ence and
arousal ratings reported by participants.

Leveraging EEG, Heffner and c olleagues
[1] reveal signals associated with emotion 
prediction errors, along with changes in 
how those signals link to social choice be-
havior over time. Recent research using 
fMRI was unable to detect corresponding 
patterns when probing neural signals of 
each prediction error type at different 
timepoints: emoti on prediction errors ap-
peared different from reward prediction er-
rors in brain-widemultivariate analyses but
showed no decodable signatures them-
selves [4]. Probing neural signatures of 
prediction error types at the same 
timepoint, Heffner and colleagues move 
beyond this limited separation at the neu-
ral level by identifying distinct correlates 
of reward prediction errors and emotion 
prediction errors. In doing so, they present
a step toward establishing unique contri-
butions of emotional learning signals.

These findings suggest that self-reported 
emotions capture something that conven-
tional reinforcement-learning approaches 
do not, thereby demonstrating the value 
of integrating emotion into models of
cognition and behavior [5]. Given that 
emotions and prediction errors comprise 
multiple constituent parts, the findings 
raise questions, and offer hints, a s to
which ingredients are critical for improving
reinforcement-learning models.

Despite substantial divergence, emotion 
theories [6] converge on emotion compris-
ing more than valence. Consistent with 
this view, and rooted in the ‘core affect’ 
tradition, Heffner and colleagues addition-
ally measured arousal. Unlike valence pre-
diction errors, arousal prediction errors did 
not appear to explain unique variance 
(i.e., beyond reward and v alence predic-
tion errors) in behavior or EEG signals.
This resonates with both mixed evidence
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in previous work and the growing consen-
sus that the construct of arousal might be
of relatively limited use [7]. From a ‘core 
affect’ perspective, absence of unique 
arousal associations may still be important 
if arousal is considered essential to ‘emo-
tion’. However, since all emotion theories
feature valence [6], this result can also en-
courage moving beyond such definitional 
considerations to incorporate perspec-
tives offered by other theories.

Emotion theories offer more than defini-
tions; they can also help anticipate the 
processes that measurement might tap
into [6]. Heffner and colleagues found 
that valence prediction errors correlate 
with a specific event-related potential 
(P3b), which in turn correlates with behav-
ior. This intriguing connection between so-
cial behavior and neural signatures of 
emotion prediction errors opens new ave-
nues for research regarding the constitu-
ent parts of emotion. Specifically, efforts 
to include emotions in reinforcement-
learning models may benefit from consid-
ering that emotions can be viewed as
comprising several distinct, interacting
components [6]. Each of the five major 
emotion theories assumes multiple com-
ponents but primarily focuses on one: 
while ‘core affect’ theories, as representa-
tives of constructionist theories of emo-
tion, focus on the feeling component, 
appraisal theories focus on cognitive ap-
praisals, basic emotion theories on ex-
pression, motivational theories on action
tendencies, and bodily/interoceptive theo-
ries on autonomic activity.

Each of these components may manifest 
in self-reported emotions and, therefore, 
underlie the EEG effects observed by 
Heffner and colleagues. For example, ap-
praised rel evance has been shown to
shape learning from prediction errors inde-
pendent of valence [8]. What appears to 
drive adaptation is that a given target is 
concern relevant, not (only) whether its va-
lence is appraised as negative or positive.
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Notably, this aligns with Heffner and 
colleagues’ results showing that unsigned, 
but not signed, valence prediction errors 
predict P3b amplitude in a jointly esti-
mated model. This suggests absolute 
differences in affect drive effects, not 
whether those differences were negative 
or positive. Thus, these results lay impor-
tant groundwork for identifying the
components of emotion most central to
learning and behavior.

Another important implication of Heffner 
and colleagues’ work concerns the constit-
uent parts of prediction errors: predictions 
and outcomes. Self-reported emotions dif-
fer from r eward in that they introduce a par-
ticular quality [9]: emotion predictions and 
emotion outcomes (i.e., emotion experi-
ences) are both reported by the participant, 
such that outcomes may already incorpo-
rate predictions along with deviations from 
them. It is still intuitive to compare emotion 
and reward at the level of prediction errors, 
because of how central prediction errors 
have been to research on reward. How-
ever, even on the reward side, seemingly 
well-establishe d prediction error effects
may appear in a different light once relevant
parts are adequately isolated [10]. 

Heffner and colleagues show that reward 
prediction errors and reward outcomes, 
when included in the same model, jointly 
predict b ehavior. The same approach
yields different results for emotions:
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emotion (i.e., valence) outcomes alone 
predicted behavior (see Supplementary 
Table S2). As the authors note, this might 
be because emotion outcomes may 
(partially) incorporate predictions and, 
thus, prediction error signals. If emotion 
outcomes do not incorporate prediction 
errors, this result suggests that the varia-
tion in behavior attributed to emotion pre-
diction errors does not p rimarily reflect
prediction error signals per se, but rather
their correlation specifically with the emo-
tion outcome itself.

A key motivation for comparing predic-
tion error types is the putative link be-
tween emotion prediction errors and 
behavior, which may serve to improve 
reinforcement-learning models. If emo-
tion (or only valence) outcomes alone 
are most critical, or even sufficient for im-
proving those models, that would also be 
a valuable insight. Thus, insights gained 
from joint consideration of prediction er-
rors and their constituent parts at the be-
havioral level could motivate the same
consideration at the neural level.

Separate neural correlates of reward and 
emotion prediction errors advance a 
burgeoning literature aimed at improving 
reinforcement-learning models by includ-
ing emotion. Future advances building on 
this work will be well positioned to rigor-
ously test constituent parts of emotion
and prediction errors from the outset.
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