
Learning From ‘What Might Have Been’:
A Bayesian Model of Learning from Regret

Kate Petrova,∗ James J. Gross, Tobias Gerstenberg
Department of Psychology, Stanford University

∗kpetrova@stanford.edu

Abstract
Regret is a common emotion that might either catalyze or im-
pair decision-making. What determines whether regret will be
helpful or harmful in a given situation? We test the hypothesis
that regret is more likely to hinder decision-making during the
early stages of learning, when information is limited, but help
during later stages of learning, when the learner has a better
understanding of the environment. We introduce a Bayesian
model of learning from regret, in which the “counterfactual
weight” parameter – reflecting how strongly individuals update
their beliefs about foregone outcomes – predicts both learning
outcomes and the intensity of subjective regret. We find that
probing regret early in the learning phase leads to worse per-
formance than probing regret later or not at all. This work
has important implications for both cognitive and affective sci-
ence, shedding light on the appraisal mechanisms by which
regret influences decision-making.
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Bayesian model

Introduction
Imagine standing in your favorite coffee shop, torn between
trying the new seasonal latte or sticking with your tried-and-
true regular coffee. You decide to branch out – only to dis-
cover the new latte is not to your liking. As you leave, you
think, “if only I had ordered my usual coffee, I’d be much
happier now.” This is an example of regret – an emotion we
feel when we realize that the outcome would have been better
had we chosen differently (Zeelenberg et al., 2000).

Regret is a negatively valenced emotion characterized by
three core components: (1) a representation of the actual out-
come of one’s action; (2) an appraisal of personal responsi-
bility for the action that led to the actual outcome; and (3)
a representation of a more desirable counterfactual outcome
that would have resulted from an alternative action. A com-
parative evaluation of the actual and counterfactual outcomes
is what elicits the distinct affective state of regret (Dijk &
Zeelenberg, 2005; Zeelenberg et al., 2000).

The impact of regret on decision-making is double-edged
(Inman, 2007). On the one hand, regret can serve an adaptive
function by motivating individuals to learn from past mistakes
and improve future decisions (O’Connor et al., 2014; Roese,
1997). In this way, regret fits into the broader framework of
“affect as information,” which argues that people use their
own emotional experiences as vital sources of information in
decision-making (Clore et al., 2012). For instance, regretting
a poor investment decision may encourage more thorough re-
search and risk assessment in future investments (Reb, 2008;

Shani & Zeelenberg, 2007). On the other hand, regret can
sometimes be maladaptive, leading people to avoid feedback,
be excessively risk-averse, or get stuck in patterns of rumina-
tion (Reb & Connolly, 2009; Sijtsema et al., 2022; Zeelenberg
et al., 1996).

The timing of regret
Crucially, whether regret acts as a beneficial or detrimental
force may depend on when it arises. Early in learning, when
information is scarce and uncertainty is high, experiencing
regret might lead to impaired decision-making. In contrast,
later in learning, when more information has accumulated and
decisions are better informed, regret could have a corrective
influence. One reason why regret might exert a negative influ-
ence on decision-making early in the learning process is be-
cause, without having sufficient information about the values
of different choices, people are likely to imagine inaccurate
counterfactual outcomes. For example, a customer visiting a
new coffee shop for the first time might regret trying a new
seasonal latte, imagining that a different drink would have
tasted better. However, this counterfactual reasoning may be
based on limited experience with the shop’s full range of of-
ferings rather than on a well-informed evaluation. Inaccurate
counterfactuals can, in turn, lead to the formation of erro-
neous beliefs about the world, undermining future decision-
making. This can lead to over-correction and stifle explo-
ration in a novel environment. Thus, a customer who erro-
neously concludes that a black coffee is always superior may
develop a bias against exploring the full menu and miss op-
portunities to discover potentially better options.

Broadly consistent with this view, past research shows
that individuals who second-guess their initial judgments in
high-uncertainty environments (which may be prompted by
counterfactual thinking inherent in regret) show increased
over-correction, which slows down their learning (Coali
et al., 2022). Several studies also show that people fre-
quently forego exploration as a way to minimize future regret
(Bjälkebring et al., 2016; Coricelli et al., 2005). Early in the
learning process, such regret minimization strategies might
prevent optimal learning. In contrast, once the structure of
the environment is better understood, this same regret-driven
correction can become beneficial by reinforcing the exploita-
tion of known high-value options.

To examine this temporal dimension of regret, our study



Figure 1: Experimental procedure. A) Participants select
one of three trees on each trial using their keyboard. B) Par-
ticipants can receive either a ripe fruit (+1 point) or a rotten
fruit (0 points) after each pick. Participants only see the out-
come of the chosen tree but not the outcomes they would have
gotten from non-chosen trees.

investigates how the timing of regret influences decision-
making within a controlled learning environment. Specif-
ically, we examine whether regret is more likely to hinder
decision-making during the early stages of learning, when
information is limited, and whether it becomes more adap-
tive as more information becomes available. In doing so,
we combine computational modeling and behavioral exper-
iments, examining how the subjective experience of regret
influences subsequent decisions.

Overview of current paradigm
To investigate how regret influences decision-making at dif-
ferent times in the learning process, we used a 3-armed bandit
task with arms independent of each other. We used the same
paradigm in both the experiment and the Bayesian model of
regret described below. On each trial, the participant/model
chooses from one of three trees and receives feedback (Fig-
ure 1a). The participant/model earns 1 point for each ripe
fruit and 0 points for each rotten fruit (Figure 1b). The reward
probabilities were defined for each tree as P(reward | tree1) =
0:7, P(reward | tree2) = 0:5, and P(reward | tree3) = 0:2. The
probabilities were randomly assigned to different trees and
remained fixed throughout the task.

Bayesian model of learning from regret
Belief updating To represent its beliefs about each tree, the
model maintains a Beta distribution parameterized by a and b

for each tree. Initially, at trial = 1, all three trees have uniform
priors (a = 1, b = 1), yielding an estimated reward probabil-
ity of 0.5 for each tree.

1. No Regret Model. Once the model chooses a tree, a
reward of 1 or 0 is generated using a Bernoulli random pro-
cess based on the true reward probability P(reward | treei).
After observing the outcome for the chosen tree, the model
updates its ai and bi parameters. a is incremented by 1 when

the reward is 1, and b is incremented by 1 when the reward is
0.

2. Grass-Is-Greener Model (GiG). In a standard
Bayesian updating algorithm with independent options, only
the chosen tree’s parameters are updated and no information
is gained about the non-chosen trees on each trial, because
their values weren’t observed. However, consistent with the
definition of regret as an affective response that results when
an individual believes that the outcome would have been bet-
ter had they chosen differently, a regret-experiencing model
must have the capacity to imagine that a different option
might have yielded a reward when the chosen one did not.
Thus, to model regret, we implement a mechanism that par-
tially updates the values of non-chosen trees whenever the
chosen tree returns 0.1 Beliefs are updated as follows

aunchosen← aunchosen + 1 ·w (if outcome = 0); (1)

where w is the counterfactual weight. Scaling the counter-
factual update by w allows us to implement partial belief up-
dating for the non-chosen trees. A key conceptual reason for
using a partial increment is that counterfactual outcomes (i.e.,
“imagined” outcomes) are, by definition, less certain and less
informative than the actual observed outcomes. To provide a
concrete example, w = 0:5 means that the model treats coun-
terfactual outcomes as half as “valuable” as real ones. This
partial update nudges the posterior mean of unselected trees
upward, which simulates the cognitive mechanisms underly-
ing experiences of regret.

3. Counterfactual Sampling Model (CS). Importantly,
people might also engage in counterfactual simulation with-
out assuming that a non-chosen option would have been better
than the chosen one. To address this possibility, we imple-
mented an alternative counterfactual belief updating mecha-
nism in the Counterfactual Sampling model. After a failure
to earn a reward, this model stochastically samples an alter-
native outcome for each non-chosen tree based on its current
estimated probability of yielding a reward (represented by the
mean of the Beta distribution for that tree). If a simulated
outcome is a 1, the non-chosen tree is updated as though the
model had actually observed a reward (scaled by w). If a
simulated outcome is a 0, the non-chosen tree is updated as
though it had observed a negative outcome (scaled by w).

Action selection All models select actions in the same way.
On each trial, the model decides which tree to pick from using
Thompson sampling (Russo et al., 2018). As described in the
section above, the model holds, for every tree i, a Beta dis-
tribution over its reward probability. On each trial, the model
samples a single continuous value from each tree’s Beta dis-
tribution and selects the tree with the largest sampled value.

1Though the trees in our paradigm are independent, evidence
from past work suggests that the process of deliberation creates an
inverse association among the representations of the values of con-
sidered options (Biderman & Shohamy, 2021). Consequently, it is
possible that participants may update the values of non-chosen op-
tions based on imagined outcomes.



https://github.com/kateptrv/learning-from-what-might-have-been
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