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SUMMARY
Both novelty and uncertainty are potent features guiding exploration; however, they are often experimentally
conflated, and an understanding of how they interact to regulate the balance between exploration and exploi-
tation has proved elusive. Using a task designed to decouple the influence of novelty and uncertainty, we
identify separable mechanisms through which exploration is directed. We show that uncertainty-directed
exploration is sensitive to the prospective benefit offered by new information, whereas novelty-directed
exploration ismaintained regardless of its potential advantage. Using a computational framework in conjunc-
tion with fMRI, we show that uncertainty-directed choice is rooted in an adaptive bias indexing the prospec-
tive utility of exploration. In contrast, novelty persistently promotes exploration by optimistically inflating
reward expectationswhile simultaneously dampening uncertainty signals. Our results identify separable neu-
ral substrates charged with balancing the explore/exploit trade-off to foster a manageable decomposition of
an otherwise intractable problem.
INTRODUCTION

Adaptive organisms are faced with a fundamental trade-off be-

tween choosing a familiar option that leads to a known reward

or exploring less familiar alternatives in hopes of finding some-

thing better (Cohen et al., 2007). The explore/exploit dilemma

presents an exceptional challenge with only a narrow range of

circumstances in which an optimal solution is known (Gittins,

1979). Despite its importance to survival, very little is known

about how the human brain tackles this problem or how those

neural computations are manifested behaviorally. However, an

emerging body of literature has highlighted the contributions of

two variables driving exploration in the mammalian brain: visual

novelty (Ennaceur and Delacour, 1988; Hughes, 2007; Daffner

et al., 1998; Wittmann et al., 2008) and outcome uncertainty (Wil-

son et al., 2014; Badre et al., 2012; Gershman, 2018; Blanchard

and Gershman, 2018; Trudel et al., 2020). Despite their signifi-

cance, these variables are often conflated experimentally, and

nothing is known about how they interact to regulate exploration.

Here, we describe a bespoke behavioral task designed to distin-

guish these two variables. We empirically test a new computa-

tional framework that describes how these variables contribute

to exploration by using both behavioral data and neural data

measured with functional magnetic resonance imaging (fMRI).

The machine-learning literature offers a growing catalogue of

practical approaches to the explore/exploit dilemma. One class
of algorithm, commonly referred to as directed exploration,

shepherds preference toward ‘‘informative’’ options. This notion

has been formalized by the upper confidence bound (UCB) algo-

rithm, where an optimistic attitude of the unknown is captured in

the form of an uncertainty bias expressing the plausible benefit

that might be encountered by exploring uncertain options

(Agrawal, 1995; Katehakis and Robbins, 1995; Auer et al.,

2002). An alternative strategy, commonly referred to as opti-

mistic value initialization, boosts the initial reward expectation

associated with novel options, compelling the learning agent to-

ward new opportunities (Brafman and Tennenholtz, 2002; Ng

et al., 1999). Motivational and environmental changes can be

rapidly accommodated by algorithms that integrate various

biases (e.g. an uncertainy bias) as part of the decision-making

process, although this flexibility adds the additional computa-

tional costs of deriving the appropriate biases anew for each de-

cision. In contrast, algorithms such as optimistic initialization

fuse an exploratory motivation into the reward expectation to

foster exploration through a singular cached value and thus offer

a computationally efficient but less flexible strategy. Here, we

aim to investigate the trade-off between flexibility and computa-

tional efficiency offered by these two strategies as an additional

understudied dimension of human learning and decision making

(Collins and Cockburn, 2020).

Investigations into human strategies of regulating the explore/

exploit trade-off offer mixed results; uncertainty aversion
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(Payzan-LeNestour et al., 2013), indifference (Daw et al., 2006),

and uncertainty-seeking behavior (Trudel et al., 2020; Blanchard

and Gershman, 2018) are reported among a range of individual

differences (Badre et al., 2012; Frank et al., 2009). Notably,

when expected value and uncertainty are decorrelated, uncer-

tain options are preferentially sampled when the information

they offer can be exploited in the future, suggesting a prospec-

tive quality to uncertainty-directed exploration (Wilson et al.,

2014; Gershman, 2018). In contrast, several lines of evidence

show that animals and humans alike exhibit a robust preference

for novel options and sequences (Ennaceur and Delacour, 1988;

Hughes, 2007; Daffner et al., 1998; Fantz, 1964; Kidd et al., 2012,

2014; Costa et al., 2019). A puzzling incongruity is the fact that

although appetites for uncertainty vary widely, novelty robustly

draws favor despite the fact that new options are themselves

inherently uncertain.

Research probing the neural correlates of exploration offer

additional details on how the human brain balances this trade-

off. The frontopolar cortex (FPC) has been shown to track the

relative uncertainty of the options being considered (Badre

et al., 2012; Yoshida and Ishii, 2006) and the advantage of

switching to an alternative course of action (Boorman et al.,

2009; Bunge and Wendelken, 2009). Disrupting the FPC with

transcranial magnetic stimulation (TMS) modulates uncertainty-

directed choice (Beharelle et al., 2015), further implicating the

role of the FPC in exploration. Additional studies have also

highlighted the ventral medial prefrontal cortex (vmPFC), as

moderating the switch between exploratory and exploitative di-

mentions of behavior (Blanchard and Gershman, 2018; Trudel

et al., 2020; Domenech et al., 2020), suggestive of a multi-hub

circuit concerned with balancing exploration and exploitation.

Studies investigating the neural underpinnings of novelty pro-

cessing have shown that novel stimuli evoke phasic dopamine

(DA) release (Horvitz et al., 1997), linking novelty processing to

the reward prediction error learning (RPE) signal (Montague

et al., 1996; Schultz, 1998). Novelty-induced phasic DA

signals have been argued to reflect a shaping bonus that encour-

ages exploration (Kakade and Dayan, 2002), and this shaping

bonus has been funcitonally linked to learning and decisionmak-

ing by imaging results showing that RPE signals in ventral stria-

tum reflect a bias consistent with optimistic initiation (Wittmann

et al., 2008; Krebs et al., 2009).

Although exploration is believed to be multi-faceted, little is

known about how these features coexist or, in particular, how

the apparent tension between novelty and uncertainty is

resolved. Complicating this issue is the fact that novelty and un-

certainty are challenging to distinguish experimentally because

novel options are maximally uncertain. We hypothesized that it

would be possible to uncover the unique influence of these vari-

ables by decoupling their respective contributions to behavior as

a function of task horizon. Specifically, we hypothesized that

visual novelty operates as a simple stimulus-driven heuristic

measure that guides behavior via optimistic initialization inde-

pendently of the consequences of exploration. Conversely, un-

certainty-directed exploration is thought to reflect prospective

valuation and therefore should adapt to an approaching task ho-

rizon by downgrading the value of information as its potential

benefit declines.
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To test these ideas, we exposed human participants to a

newly designed decision-making task in which, while undergo-

ing fMRI, participants chose between options that varied in

terms of novelty, uncertainty, and expected reward. Our task

design offers two important experimental advances. First, it de-

coupled uncertainty and novelty by explicitly revaluing options,

thereby varying uncertainty independently of visual novelty.

Second, it offered a means of probing feature-specific adapta-

tion by offering novel and uncertain options in varying proximity

to the task horizon. We developed a computational framework

to describe how novelty and uncertainty interact and guide

exploration and leverage fMRI data to discriminate between

different forms of the model in key regions of interest (ROIs)

identified on the basis of their role in implementing explora-

tion/exploitation computations; namely these ROIs were the

ventral striatum, the ventromedial prefrontal cortex, and the

frontal pole.

RESULTS

Participants (n = 32) performed a learning and decision-making

task while undergoing fMRI. In brief, while undergoing four

consecutive 15-min fMRI sessions (five learning contexts blocks

per session), participants played 20 blocks of a finite horizon

multi-armed bandit task designed to expose the influence of

reward history, estimation uncertainty, and stimulus novelty on

balancing the explore/exploit trade-off. On each trial, partici-

pants were asked to choose between two slot machines (see

Figure 1A). Having made their choice, they were informed of

the machines’ payout of either $1US (win) or $0US (loss). Partic-

ipants were instructed that each learning block, framed as a visit

to a new casino, would consist of approximately 20 trials (be-

tween 18 and 23 trials) and that they should try to accumulate

as much reward as they could. At the end of the experiment,

one of the casinos they visited was chosen at random, and a

performance bonus was calculated from this casino.

Each block offered a new learning context that included five

visually unique slot machines, three of which were familiar stimuli

that had been seen in previously visited casinos; the remaining

two were novel stimuli that had not yet been shown (see Fig-

ure 1B). Participants were informed that each slot machine had

a fixed probability of winning within a given casino, but values

across casinos were independent. Trials were structured such

that the two slot machines offered varied in terms of reward

probability (expected value manipulation), the number of previ-

ous exposures (novelty manipulation), and the number of times

they’d been sampled in the current block (uncertainty manipula-

tion), allowing us to to systematically examine the influence of

reward, novelty, and uncertainty across the task horizon (see

Figure 1C). Importantly, computational model comparison

shows that value learned in previous contexts did not influence

behavior in the current block (exceedance probabilities =

0:03), and regression analyses demonstrate that within a block

of trials there were no periods in which values learned in previous

blocks influenced choice (all p values > 0:05, uncorrected for

multiple comparisons; see STAR Methods ‘‘analysis of task

comprehension’’), demonstrating that participants were moti-

vated and understood the task structure.
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Figure 1. Experimental procedures

(A) Trial dynamics. After a jittered fixation screen (all jitters were sampled from a pseudo-randomized linear spacing of 1–4 s), participants were offered two slot

machines and asked to select one by using a button box (left thumb to select the option on the left, right thumb to select the option on the right). Choice feedback

was provided (handle moved to a pulled position, and outcome frame highlighted). After a 1–4 s jitter, reward feedback ($1/$0) was shown.

(B) Blocked stimulus structure: each learning context was framed as a visit to a unique casino. Five different slot machines could be offered in each casino, two of

whichwere novel and three of whichwere familiar (blue and yellow, respectively, here for demonstration purposes—all machines using during the task were grey).

Slot machines were segregated to form an initial set of three stimuli used early in each block, and a holdout set of two stimuli (one novel, the other familiar) that

were gradually added to the initial set from which offered stimuli could be drawn on each trial.

(C) Blocked trial structure: offers were made with stimuli from the initial set at the start of each block. This included pairs with equal uncertainty but differing

familiarity, as well as pairs with equal familiarity but differing uncertainty. At pseudo-random trials, the novel and familiar holdout stimuli were added to the set from

which stimuli could be drawn.

(D) Memory probe task: having completed 20 blocks of the casino task, participants were asked to label stimuli as old (they had seen them in the casino task)

or new.
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Choices reflect reward history, novelty, and uncertainty
We first examined how reward history, uncertainty, and novelty

influence choice. To investigate the influence of reward history,

choice was modeled as a function of the difference in expected

value between the left and right options ðEVL � EVRÞ, where the

expected value was defined as the mean of a Beta distribution

specified according to each option’s reward history. As illus-

trated in Figure 2A, choice was robustly governed by reward his-

tory, and participants reliably sampled more rewarding options

ðb1 = 4:76;p = 3:1 e � 14Þ.
We probed the influence of novelty by focusing on the subset

of trials in which a novel stimulus was offered. The proportion of

trials in which the novel option was sampled as a function of the

alternative option’s expected value is illustrated in Figure 2B.

Again, we observe a significantly positive slope, indicating that

reward history exerts a strong force on choice ðb1 = 4:9;p =

8:6 e � 14Þ, but we also observed a bias toward sampling the

option with a novel stimulus on average ðb0 = 0:36; p =

3:1 e � 6Þ.
We revisited this analysis to investigate theeffect of uncertainty,

which we quantified as the number of times a particular option

hasbeensampledwithinagivenblock (seeFigure2C).Ananalysis

of the proportion of trials in which the more uncertain option

was sampled revealed a significantly positive slope, indicating

that choice is strongly shaped by reward history ðb1 = 4:1;
p = 4:99 e � 10Þ, but we also observed an aversion to more

uncertain options on average ðb0 = � 0:26;p = 4:18 e � 8Þ,
indicating that in contrast to a novelty seeking bias, participants

tend to shy away from more uncertain options.

The influenceof reward history, novelty, anduncertainty
adapted to task horizon
Our experimental design allowed us to probe how the influence

of reward, novelty, and uncertainty adapted to the task horizon.

We characterized these effects using a computationally agnostic

logistic regression model to quantify the interaction between

stimulus features (reward, novelty, and uncertainty) and trial

number within each block (see Equation 2 in STAR Methods

for details).

As illustrated in Figure 2D, reward history is a strong predictor of

choice; participants preferring the option with a higher expected

value ðbEV = 1:43; p = 9:90 e � 14Þ. However, the influence

of expected value diminished as participants progressed through

a block of trials ðbEV :t = � 0:62;p = 1:19 e � 05Þ, suggesting
that participants deviated from optimal outcome integration or,

potentially, adopted a less exploitative strategy toward the end

of each learning context (see Figure S1). Uncertainty also had a

significant effect on choice, although participants expressed

differing strategies at the start of a learning block; there was a

roughly even split between uncertainty-seeking and -aversive
Neuron 110, 1–12, August 17, 2022 3
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Figure 2. Behavioral evidence for the influence of reward history, novelty, and uncertainty on choice

(A) The proportion of trials in which the left option was chosen as a function of the difference in expected value between the left and right options across all trials.

(B) The proportion of trials in which the novel option was chosen as a function of the difference in expected value between the novel and familiar option across

trials where a novel stimulus (offered < 3 times) was paired with a familiar stimulus.

(C) The proportion of trials in which the uncertain option was chosen as a function of the difference in expected value between familiar stimuli with differing

uncertainty. Bin boundaries were defined to allow for an approximately equal number of trials per bin. Gray curves depict the choice proportions predicted by the

statistical models fit to the data across an interval of values spaced to mirror distances between the plotted bins.

(D) Estimates from a logistic regression showing the influence of stimulus features on choice and their trajectory across a block of trials. Stars denote significant

variable effects, gray points depict random effects, and red points and error bars depict fixed effects and 95% confidence intervals, respectively.

(E) The proportion of trials in which the option with a higher expected value was selected (red), the option that wasmost novel was selected (green), and the option

that wasmost uncertain was selected (blue) across the task horizonwithin a slidingwindowof three trials. Points in (A), (B), (C), and (E) represent mean proportions

across participants, and error bars depict the standard error of the participant mean scores.
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individuals, resulting in a group average that did not differ from

zero ðbU = � 0:04;p = 0:6Þ. However, a model that included

uncertainty offered a significant improvement over a model that

did not
�
c2ð23; 32Þ = 210;p = 6:362 e � 05

�
, showing that

uncertainty played a significant but varied role across

individuals early in learning. In line with optimal theories of explo-

ration (Gittins, 1979), participants grew increasingly reluctant to

sample more uncertain options as task termination approached

ðbU:t = � 0:37; p = 0:02Þ. Lastly, participants expressed a

robust novelty-seeking bias at the start of the learning context

ðbN = 0:14;p = 0:003Þ. In contrast to the growing uncertainty

aversion, novel options grew increasingly attractive as the block

of trials unfolded ðbN:t = 0:44;p = 7:42 e � 05Þ.
To better illustrate these feature-specific trajectories, we ex-

tracted three subsets of trials: trials in which the two options be-

ing offered were both familiar but had different expected values

(Figure 2E, red); trials in which both options were familiar but had

different levels of uncertainty (blue); and trials in which one of the

options was novel (green). Using a sliding window of three trials,

Figure 2E illustrates themean proportion of trials in which the op-

tion with higher expected value (red), higher uncertainty (blue), or

higher novelty (green) was chosen as participants progressed
4 Neuron 110, 1–12, August 17, 2022
through the learning contexts. Reflecting regression results, par-

ticipants grew less likely to probe the more uncertain stimulus

offered but also expressed an increasing preference for novel

options despite their inherent uncertainty. We note that growing

preference for novel options does not appear to be an effect of

boredom, as demonstrated by a worse fit from a model that

includes block number as an interaction term (see STAR

Methods,‘‘analysis of nuisance task variables’’).

Replication of novelty seeking and uncertainty aversion
We sought to establish the reliability of the key behavioral signa-

tures highlighted in our fMRI study. Behavioral data were

collected from n = 79 participants at the University of Toronto,

where participants were exposed to a variant of the experimental

protocol in which the first 6 blocks of the experiment replicate the

task design described here (see STAR Methods for details).

Replicating our original findings, participants in this second

study were influenced by reward history, stimulus novelty, and

estimation uncertainty. Mirroring the analyses reported in

Figures 2A–2C, participants exhibited a reliable preference for

the option with a higher expected value ðb1 = 3:77;p = 2 e �
16Þ. Participants also elicited a robust novelty-seeking bias
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ðb1 = 0:23;p = 1:26 e � 4Þ and uncertainty aversion on average

ðb0 = � 0:16;p = 5:56 e � 4Þ. Using the same logistic-regres-

sion analysis illustrated in Figure 2D, we observed similar results

to those of the original fMRI study. Participants were strongly

influenced by reward history, and there was a waning effect

of optimal reward integration across trials ðbEV = 0:70;

p < 2 e � 16; bEV :t = � 0:33; p = 0:006Þ. Novelty was not

found to significantly bias choice early in a learning block but

grew significantly more enticing across the block of trials ðbN =

0:03;p = 0:18; bN:t = 0:14;p < 0:01Þ. We note that this same

pattern is observed in our original fMRI study when this analyses

was limited to only the first 6 blocks of learning ðbN = 0:007;

p = 0:9; bN:t = 0:68; p < 0:0005Þ. Finally, uncertainty did not

consistently bias choice early in a learning block, but participants

developed a growing aversion to more uncertain options as the

task horizon approached ðbU = � 0:05;p = 0:16; bU:t = �
0:11; p = 0:04Þ, demonstrating that participants in the

replication study exhibited the same growing tension between

novelty and uncertainty.

In summary, using a computationally agnostic regression

model of choice, we found evidence of both exploration and

exploitation during our task, and this evidence was replicated

in a larger behavioral study. Of note, we identified clear conflict

between features associated with exploration and their trajec-

tories across the task at hand; this conflict is expressed as a

growing distaste for uncertainty concomitant with a growing

appetite for novel alternatives despite their inherent uncertainty.

Using these results to benchmark and constrain our consider-

ation of the mechanisms driving choice, we turned to computa-

tional models of learning and decision making to elucidate how

these patterns emerge. We focused not only on how the trade-

off between exploration and exploitation is regulated but also

on the puzzling tension between novelty and uncertainty guiding

exploration.

Computational model of choice
Regression analyses identified reward history, stimulus novelty,

estimation uncertainty, and task horizon as features influencing

choice. Here, we apply computational models of learning and

decision making to behavior collected during the fMRI study to

better understand how the explore/exploit trade-off is regulated

in the human brain.

The task was modeled from the perspective of a forgetful

Bayesian learner. In brief, each option is represented as a Beta

distribution, whichwas defined according to a recency-weighted

integration of previously observed outcomes, where novelty was

accommodated by way of optimistic value initialization. From

this representation we employ the distribution’s mean and vari-

ance as the option’s expected value and uncertainty, respec-

tively. In line with theoretical and empirical results, uncertainty

was incorporated into the decision-making process as a pol-

icy-biasing term (see STAR Methods for details).

Uncertainty and novelty were both shown to influence choice,

but each followed separable trajectories across the task’s hori-

zon (see Figures 2D and 2E). We accommodated this adaptive

influence into the model by including feature weights that

consider progress through the learning context. Using free

parameters that define the initial ðUI ; NIÞ and terminal
ðUT ; NTÞ feature weights, the model can flexibly adjust how

both uncertainty and novelty factor into the subjective utility of

a given stimulus according to a linear trajectory across the task

horizon.

As noted previously, participants expressed a growing

distaste for uncertain options and an increasing preference for

novel options despite their inherent uncertainty, presenting a

tension that demands further scrutiny. This pattern of response

could emerge from a system that considers both novelty and

uncertainty as pertinent stimulus features but increases the drive

to seek novelty at a rate that outpaces uncertainty aversion.

However, we know of neither empirical evidence nor normative

theory suggesting that novelty should be increasingly valued

as a task approaches termination. Other explanations, such as

boredom, do not offer a coherent explanation of the phenomena

either; there was no effect of block number ðbb = � 0:08;p =

0:44Þ, nor was there a significant interaction between

block number and novelty ðbN:b = � 0:05;p = 0:6Þ, demon-

strating that novelty-seeking strategies are not accounted for

by variation in experiment duration (as opposed to block level)

(see STAR Methods).

Alternatively, we reasoned that this pattern of behavior

could emerge by way of an interaction between novelty and un-

certainty processing in the brain; specifically, a system in which

stimulus novelty interferes with the potency of uncertainty. In this

framework, familiar options derive their subjective utility accord-

ing to both reward history and an uncertainty bias. Conversely,

visually novel options are valued according to their optimistically

initialized expected value alone, absent consideration of the un-

certainty bias. Under this scheme, as depicted in Figure 3A, an

increasing reluctance to sample familiar uncertain options will

push favor toward novel alternatives for which uncertainty is

ignored, resulting in a growing propensity to sample novel

options as the aversion to uncertainty gains strength.

To formalize this hypothesis as a computational model, we

began with a baseline forgetful Bayesian reinforcement learning

model that included two free parameters: a forgetting rate (h)

that determined the rate of behavioral adaptation in response

to observed outcomes; and a Softmax choice stochasticity

parameter (b), which determined the degree to which choice

relied on value. We augmented this baseline model to embody

our hypothesized mechanisms of human exploration in what

we label the familiarity-modulated upper-confidence-bound

model (fmUCB). This model includes free parameters UI and

UT to incorporate an adaptive uncertainty bias, and NI = NT to

facilitate a consistent value initialization bias throughout the

task. Importantly, we address the tension between novelty and

uncertainty by incorporating stimulus novelty as a modulatory

mechanism governing the uncertainty bias, effectively blocking

the influence of uncertainty when stimulus novelty is high.

Model characteristics and comparisons on
behavioral data
We first examined the degree to which the fmUCB model faith-

fully reproduced the response patterns observed in participants’

behavior. Having fit the model’s free parameters to the behav-

ioral data, in Figure 3C we illustrate the estimated effects identi-

fied in our participant group (in red along the x-axis) alongside
Neuron 110, 1–12, August 17, 2022 5
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Figure 3. Computational modeling

(A) An illustration of the mechanisms driving choice in the fmUCB model when novel and familiar options were offered near the end of a learning context. The

familiar option’s utility combines the option’s reward history and uncertainty bias, resulting in a negative net utility as a result of the overwhelming uncertainty

aversion induced by the agent’s proximity to task termination. Despite not having been sampled, the novel option is endowedwith a positive expected value, and

uncertainty is prevented from being integrated into the net utility (a black square depicts novelty’s inhibition of the uncertainty bias).

(B) Parameter estimates for the fmUCB model (Softmax b governing choice determinacy, forgetting rate h, constant novelty shaping bias NI = NT , uncertainty

bias intercept and terminal values UI;UT ).

(C) Posterior predictive check depicting the degree to which the fmUCB model captures the response patterns highlighted by the computationally agnostic

regression analysis. Histogram bars denote regression coefficient counts. Behavioral regression coefficient and 95% confidence intervals are depicted as points

and bars in red along the x-axis.

ll
Article

Please cite this article in press as: Cockburn et al., Novelty and uncertainty regulate the balance between exploration and exploitation through distinct
mechanisms in the human brain, Neuron (2022), https://doi.org/10.1016/j.neuron.2022.05.025
the distribution of effects generated by the model. The fmUCB

model recapitulates the effects observed in the behavioral sam-

ple well, and effects of novelty and uncertainty are faithfully re-

produced, indicating that the fmUCBmodel does indeed capture

critical patterns of interest in the behavioral data.

To test whether the fmUCB model offered a parsimonious

explanation of participants’ behavioral data, we performed a

model comparison in which it was contrasted with alternative

models. This alternative set of models included the above base-

line model (including b and h as free parameters), as well as a

family of models containing a full permutation of exploration-

related variables without the additional constraints of the

familiarity gating mechanism, defined by a parameter set that in-

cludes initial and terminal novelty initialization bias (NI and NT) as

well as initial and terminal uncertainty bias weights (UI, and UT).

We performed model comparison on the behavioral data from

the fMRI dataset because it had sufficient numbers of trials per

participant to enable model fitting and comparison. Using the

CBM toolkit (Piray et al., 2019) to perform this comparison,we

found that, with 96% exceedance probability, the fmUCBmodel

offered the best explanation of the behavioral data given the set

of models being considered.

As depicted in Figure 3B, the fmUCB model’s optimized

parameter estimates exhibit a positive estimate of NI, indicating

that expected values are indeed optimistically initialized (t(31) =

3.56, CI = [0.04, 0.14], p = 0.001). Furthermore, participants

also manifested a decreasing uncertainty bias, consistent with

the hypothesis that the uncertainty bias encapsulates the

prospective benefit of uncertainty reduction (UI � UT: t(31) =
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12.38, p = 1.57e� 13, CI: [0.27, 0.38]). Given that model compar-

ison identified the fmUCB model as the best explanation of

the behavioral data and that this model includes NI, UI, and UT

as free parameters, these results demonstrate that response

patterns observed in the participant behavior are not a by-prod-

uct of sampling biases (e.g., sampling more richly rewarded op-

tions at the expense of more uncertain and lower-valued

options).

We next considered critical details about how the fmUCB

model could be implemented. First, a reasonable alternative to

optimistic initialization could incorporate novelty during the deci-

sion-making process as a separable bonus term (as is operation-

alized through the uncertainty bias term). Thus, we sought to

probe for evidence supportive of either an optimistic initialization

or a policy-biasing mechanism driving novelty seeking behavior.

Second, the fmUCB model does not specify the mechanism by

which novelty dampens the uncertainty bias. This pattern of

response could emerge incidentally, where novel stimuli pro-

mote a decision before the bonus can be fully integrated into

the subjective utility-guiding choice, or alternatively, the neural

processes engaged by novel stimuli could directly interfere

with the processes required to compute the uncertainty bias it-

self. Although these mechanisms are behaviorally indistinguish-

able, the profile of the underlying computational variables as they

evolve over time differs between the implementations. Given that

these variables should be encoded in the brain according to the

model variant that is actually being utilized at the neural level, we

aimed to determine whether we could distinguish between these

implementational forms on the basis of the fMRI data.
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Figure 4. Neural correlates of computational variables guiding choice

(A) Neural correlates associated with the chosen option. Clusters including posterior cingulate gyrus and a large cluster extending from vmPFC to the ventral

striatum were positively correlated with the subjective utility of the chosen stimulus (red). A cluster including vmPFC and the ventral striatum was positively

correlated with the expected value (blue), and a cluster incorporating vmPFC was positively correlated with the uncertainty bias (green).

(B) Value contrasts (selected + rejected option value) exposed a cluster extending from vmPFC to the ventral striatum as positively correlated with the mean

subjective utility of both options (red). A cluster in vmPFC was positively correlated with the expected value (blue), and a cluster in mPFC was correlated with the

uncertainty bias (green).

(C) Decision contrasts (selected � rejected) identified a significant cluster associated with subjective utility extending from vmPFC to ventral striatum. Whole-

brain maps for the signal of interest were tested with a cluster-forming threshold of p< 0:001 uncorrected, followed by cluster-level FWE correction at p< 0:05.
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Neural correlates of subjective utility and preference
Before investigating the neural implementation of the fmUCB

model’s mechanisms, we sought to identify brain regions corre-

lating with the model’s key variables and focused first on the

subjective utility of the stimuli being offered. To do so, we defined

a GLM that included the stimulus utility, which is defined as

the summed expected value and uncertainty bias as used by

the fmUCB model to guide choice, for both the selected and

rejected options as stimulus-locked parametric modulators.

We probed for the neural correlates of the chosen option’s sub-

jective utility (see Figure 4A, red), which identified a positively

correlated cluster composed of vmPFC (peak voxel: x = �10,

y = 41, z = �10; t = 6.4) and ventral striatum (peak voxel: x = 5,

y = 16, z = �4; t = 7.86), as well as a cluster spanning posterior

cingulate cortex (peak voxel: x = �5, y = �51, z = 10; t = 5.44).

We sought to better characterize these correlates by expanding

this analysis to probe for signals contributing to valuation and/or

the decision-making process itself. Noting that the value of

both options is correlated with their sum (selected + rejected),

whereas a comparative decision-making process is correlated

with their difference (selected - rejected) (Elber-Dorozko and

Loewenstein, 2018), we constructed and analyzed the corre-

sponding contrasts. The summed subjective utility contrast

identified a cluster extending from vmPFC (peak voxel: x = �8,

y = 36, z = �14; t = 5.3) to ventral striatum (peak voxel: x = 12,

y = 6, z = �7; t = 5.39), and a small cluster in posterior cingulate

cortex (peak voxel: x = �5, y = �41, z = 40; t = 4.36) (Figure 4B

red). Focusing next on the decision-making process, we identi-

fied a vmPFC cluster (peak voxel: x = �10, y = 46, z = �12; t =

4.91) that was positively correlated with the relative difference

in subjective utility (selected � rejected; Figure 4C red). Consis-

tent with numerous previous studies (Bartra et al., 2013; Clithero

and Rangel, 2014), these results highlight the vmPFC as playing

a central role in the valuation and decision-making process.

The fmUCBmodel derives the subjective utility for each option

as the sum of an optimistically initialized expected value and a

familiarity-modulated uncertainty bias. We sought to determine

whether both of these signals were represented in the brain

and, if so, whether they are they co-located and how they

came to influence the decision-making process. In pursuit of

this, we specified a second GLM in which the subjective utility
was decomposed into its constituent expected-value and uncer-

tainty-bias terms for both the selected and rejected options. An

analysis of BOLD signal change positively correlated with the

selected option stressed a prominent role for vmPFC in tracking

stimulus features pertinent to value and decision making (see

Figure 4A blue and green), with clusters positively correlated

with novelty-biased expected value (peak voxel: x = �8, y =

36, z = �10; t = 6.62) as well as a largely overlapping cluster

positively correlated with the uncertainty bias (peak voxel: x =

�2, y = 51, z = �4; t = 5.1). We then repeated the valuation

(selected + rejected) and decision (selected � rejected) contrast

analyses for both expected value and the uncertainty bias. The

valuation contrast exposed a vmPFC cluster that positively

correlated with optimistically initialized expected values (peak

voxel: x = �8, y = 36, z = �14; t = 4.89, Figure 4B blue), and a

slightly more dorsal cluster in medial PFC was positively corre-

lated with the uncertainty bias (peak voxel: x = 8, y = 42, z = 8;

t = 4.53, Figure 4B green). Given that each option’s raw estima-

tion uncertainty was also included in the GLM, correlates of the

uncertainty bias can be argued to be tracking the potential utility

ascribed to the option’s uncertainty independent of uncertainty

itself. No regions were found to correlate with the relative

difference between the option’s expected values or between

their uncertainty-bias terms. These results suggest that stimulus

features themselves are not directly compared; rather, an inte-

grated subjective utility is formed and used to guide choice.

Neural evidence of optimistic initialization
As noted previously, visual novelty could be incorporated to

guide choice through two candidate mechanisms: through opti-

mistic initialization of an option’s expected value as embodied by

the fmUCBmodel or through a separable novelty-bias term inte-

grated into the policy at the time of decision. Simulations showed

that these two candidate mechanisms are not identifiable from

behavior alone, from which the correct generative mechanism

can only be identified with 54% accuracy (see STAR Methods).

Crucially, although our task design does not support behavioral

separability, these twomechanisms differ with respect to the ex-

pected value ascribed to novel options and their subsequent

RPEs when chosen, and as such, we leverage fMRI activity to

differentiate between these two implementations.
Neuron 110, 1–12, August 17, 2022 7
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Figure 5. Representation of optimistic initialization in vmPFC and the ventral striatum

(A) Standard reward prediction errors are associated with robust activity in the ventral striatum (green). The additional component of the RPE attributed to

optimistic initialization was also identified in the ventral striatum.

(B) Signal change in vmPFC and the ventral striatum is better explained by optimistic initialization than a linear bonus mechanism. Voxel-wise model comparison

plots report voxel exceedance probability > 0.9, favoring the fmUCBmodel (green) or the linear bonus model (blue). The spatial mask encompassing vmPFC and

the ventral striatum is bordered in white.
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Optimistic initialization distorts value expectations and, transi-

tively, the RPEs associated with novel options relative to familiar

counterparts. This phenomenon has been exploited to identify

biased signal change in ventral striatum unique to optimistic

initialization (Wittmann et al., 2008). We replicated this analysis

by extracting two RPE signals from the fmUCB model’s time-

course; the first RPE (d) represents the signal generated by the

fmUCB model that includes the optimistic initialization compo-

nent, and the second is the RPE as would be computed in the

absence of any effect of novelty on value expectations ð$d�NÞ.
From this we defined a regressor representing the novelty

component of the RPE as dN = d � d�N. Consistent with previ-

ous findings (Daw et al., 2006; O’Doherty et al., 2003), we found

that a GLM that included both d�N and dN as feedback-locked

parametric regressors identified a strong correlation between

the standard RPE (d�N) and activation in ventral striatum (see

Figure 5A). Importantly, voxels in the right ventral striatum also

correlated with the novelty-biased RPE component encoded

by dN above and beyond the correlation found with the basic

RPE signal (peak voxel: x = 10, y = 16, z = �9; t = 3.02,

p < 0.005 height threshold; p = 0.05 SVC), supporting the pres-

ence of a novelty-biased RPE signal and consistent with (and

overlapping spatially with) previous findings reported by

Wittmann et al. (2008).

Pursuing this line of investigation further, we compared the

variance explained by the optimistic initialization and policy-

bias mechanisms by using Bayesian model comparison in target

ROIs. To do so, we fit both models to the behavioral data (see

Equation 16 for the policy-bias model) and extracted the

model-predicted timecourse for the chosen option’s expected

value and the corresponding RPE. We estimated first-level

GLMs for each participant by using both computational models

and compared maps by using SPM’s Bayesian model selection.

We included the vmPFC as a region associated with valuation

and choice (Clithero and Rangel, 2014; Bartra et al., 2013) and

defined by a 15 mm radius sphere centered on peak voxel coor-

dinates identified by (Clithero and Rangel, 2014), and we

included ventral striatum as a second ROI given its association

with reward prediction errors as found above (Wittmann et al.,

2008; O’Doherty et al., 2003). As depicted in Figures 5B and

5A, comparison of the variance explained by either model shows
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that 421 voxels in vmPFC (56% of 746 voxels) and 357 voxels in

ventral striatum (95% of 376 voxels) were best explained by the

optimistic initialization mechanism (exceedance threshold R

0.9, cluster size R 10). Conversely, only 94 voxels were best

explained by the policy-bias mechanism across both regions,

suggesting that optimistic value initiation provides a better over-

all account for expected value and RPE signals in both vmPFC

and ventral striatum. We note that value and RPE signals derived

from both models yield significant effects in overlapping brain

areas, and these regions are encompassed by our ROIs. Thus,

our conclusions about model comparison are not merely an

artifact of the ROIs selected because these ROIs capture the

key regions in which statistically significant fMRI correlates of

these variables are present according to either implementation

(see Figure S5).

Novelty disrupts the computation of the uncertainty bias
The fmUCB model adapts the uncertainty bias according to the

task’s horizon, growing increasingly unwilling to probe uncertain

familiar options toward the end of a learning context (see

Figures 2D and 2E). The model also expresses a growing prefer-

ence for novel options despite their inherent uncertainty, which is

accommodated through a familiarity modulated uncertainty

bias. Here, we query the fMRI data for patterns consistent with

two plausible candidate implementations of the model’s uncer-

tainty bias.

As previously outlined, this pattern of response could emerge

incidentally if novelty promoted choice before the uncertainty

bias could be fully integrated into the subjective utility. Alterna-

tively, the neural processes required for computing the uncer-

tainty bias might be directly obstructed by processes otherwise

engaged by novel stimuli. These two competing implementa-

tions cannot be distinguished on the basis of the behavioral

data alone because they yield equivalent choice behavior.

Therefore, we sought to utilize the constraints imposed by their

neural implementation to differentiate between them. Specif-

ically, direct interference predicts the absence of uncertainty-

bias signals associated with novel stimuli, whereas incidental

choice induction implies that the cognitive processes respon-

sible for computing the uncertainty bias ought to be present

despite their inability to guide behavior.
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Figure 6. Effects of novelty on uncertainty bias and choice

(A) Model comparison in mPFC supports a novelty-induced interference implementation of the familiarity-modulated uncertainty bias. Voxel-wise model

comparison shows that the exceedance probability favors the explicit interference implementation of the fmUCBmodel. Masked brain plots show voxels favoring

the explicit fmUCB model with an exceedance probability > 0.9 in green (mask encompassing mPFC bordered in white).

(B) Significant clusters in bi-lateral FPC are positively correlated with choosing the lower valued option (blue) and themore uncertain option (green) and negatively

correlated with choosing the more novel option (red). Brain maps reported exceed a cluster-forming threshold of p< 0:001 uncorrected, followed by cluster-level

FWE correction at p< 0:05.

(C) ROI analysis of mean beta estimates in ROIs situated at bilateral FPC (white bordered circles); analysis is taken from Daw et al., 2006 according to choice.
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We used a model-comparison approach to determine which

of these implementations better describe the pattern of activity

in the brain as a post-hoc analysis. Our previous analyses

show that the uncertainty bias is reflected in mPFC (see Fig-

ure 4B), highlighting this as a target ROI within which to evaluate

the predictions of the two mechanisms. We compared a GLM

specified according to the timecourse of variables extracted

from the fmUCB model to a GLM specified according to vari-

ables from a model in which the uncertainty bias was not modu-

lated by stimulus novelty. As illustrated in Figure 6A, a cluster of

79 voxels was found to be better represented by the familiarity-

modulated bias term, whereas no cluster favored the uncertainty

bias in the absence of familiarity modulation (exceedance prob-

ability > 0:9, cluster threshold = 10). We note that this analysis is

not independent of the model-selection criteria. Importantly,

although no significant clusters were found to correlate with

the unmodulated uncertainty bias, peak voxels were identified

in this same ROI at a more liberal threshold, suggesting that

this ROI offers the best opportunity to detect signals associated

with the alternativemodel should they be present (see Figure S6).

Further demonstrating the suitability of the ROI for comparison,

model comparison targeting critical trials of differentiation be-

tween the two mechanisms across a broad sphere in mPFC

favor the familiarity-gated mechanism more strongly (see sup-

plemental information). This suggests that the brain’s uncer-

tainty bias is diminished when processing novel stimuli and is

consistent with a mechanism in which novelty actively inhibits

the processes through which uncertainty-directed decision

making is guided.

Ultimately, the computational variables and cognitive pro-

cesses under investigation produce a behavioral choice.

Previous findings have shown greater FPC engagement when

indivudals forgo the most rewarding option in order to explore

a lower-value alternative (Daw et al., 2006; Boorman et al.,
2009) and when choice targets uncertainty reduction (Badre

et al., 2012; Zajkowski et al., 2017). We leverage the fact that

our experimental design offered options that varied in terms

of expected value, uncertainty, and novelty to probe the activa-

tion patterns across these dimensions according to the choice

that was made.

We constructed a GLM that included three response-locked

parametric regressors indicating whether the option with lower

expected value was selected (random exploration), whether

the option with higher estimation uncertainty was sampled (un-

certainty-directed exploration), and whether a novel option was

chosen (novelty-driven exploration). As illustrated in Figure 6B,

this analysis revealed differential FPC engagement across

choices. We identified bilateral FPC clusters that showed

elevated activation when either the lower-valued option was

chosen (rFPC: x = 32, y = 51, z = 20, t = 5.94; lFPC: x = �27,

y = 51, z = 15, t = 5.4) or the option with higher uncertainty was

sampled (rFPC: x = 25, y = 56, z = �12, t = 5.96; lFPC: x = �25,

y = 64, z = 0, t = 4.49). In contrast, we observed a significant bilat-

eral reduction in FPC activity when novel stimuli were chosen

(rFPC: x = 22 ,y = 51, z = 23, t = 4.91; lFPC: x = �20, y = 46.5,

z = 13, t = 5.02). These effects were corroborated by an ROI anal-

ysis centered on FPC coordinates previously reported to be

associated with exploration (Daw et al., 2006) (Figures 6B and

6C); both value- (t(31) = 3.27, p = 0.003) and uncertainty-

(t(31) = 4.3, p = 1:45 e � 04) driven exploration associated

with greater FPC activation. However, sampling novel options

elicited a significantly reduced activation in those same regions

(t(31) = �3.36, p = 0.002).

DISCUSSION

In this study we investigate how the human brain balances a

fundamental tension between exploration and exploitation.
Neuron 110, 1–12, August 17, 2022 9
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Previous studies have characterized a range of normative and

heuristic solutions to the problem (Daw et al., 2006; Wilson

et al., 2014; Badre et al., 2012; Frank et al., 2009; Blanchard

and Gershman, 2018; Wittmann et al., 2008; Gershman, 2018;

Payzan-LeNestour et al., 2013; Domenech et al., 2020; Costa

et al., 2019). However, novelty and uncertainty, two key variables

known to influence choice, had yet to be simultaneously probed.

Here, we show that humans adaptively evaluate the benefit of

reducing uncertainty and that they grow less likely to target

uncertain options as the prospective advantage of additional

information declines. In contrast, despite the inherent uncer-

tainty of novel options, they were pursued irrespective of the

task horizon. Notably, these findings were also replicated in a

larger behavioral sample, demonstrating generalizability across

populations.

Using a computational model of choice constrained by neural

data, we demonstrate how this apparent tension between uncer-

tainty-guided choiceandnovelty seekingmight be resolved in the

human brain. We found that choice reflected an adaptive uncer-

tainty bias tracking the prospective value of information, which

was reflected by BOLD signal change in mPFC. Novelty was

found to bias choice by corrupting reward expectations, as re-

flectedbyBOLDsignal change in ventral striatumandvmPFC, re-

sulting in persistent novelty-seeking behavior. In addition to

inflating an option’s expected value, visual novelty also dimin-

ished the influence of uncertainty on choice, where a signal

change in mPFC reflected a familiarity-modulated uncertainty

bias. This,we argue, is consistentwith an antagonistic interaction

between novelty and uncertainty processing. Thus, we propose

that the increasing appetite for visually novel options reflects

two separable processes that act to promote exploration: firstly,

inflated reward expectations guide the brain’s exploitative cir-

cuitry toward sampling novel options, and second, inhibited un-

certainty processing diminishes the otherwise aversive nature

of the unknownwhen new information has lowprospective utility.

Our results also build on previouswork exposing the role of the

vmPFC as tracking both the probability of choice (Daw et al.,

2006) and the relative difference between the selected and

rejected values (Boorman et al., 2009), implicating vmPFC in

both valuation and decision making (Clithero and Rangel,

2014). In line with these reports, we found that both the subjec-

tive utility of the options under consideration and their relative

difference was represented by vmPFC (Figures 4B and 4C).

Recent studies have also suggested that vmPFC contributes to

the regulation of exploration and exploitation by monitoring out-

comes, signalling the degree to which predictions are being met

(Domenech et al., 2020), and others have reported vmPFC signal

consistent with the value ascribed to information seeking (Trudel

et al., 2020). Our results build on these findings and others (Su-

zuki et al., 2017) showing that vmPFC plays a role in integrating

stimulus feature values, in this case, to regulate the trade-off be-

tween exploration and exploitation. Consistent with previous

work arguing that vmPFC acts as a value integration hub where

disparate stimulus features are weighted according to current

goals (Hare et al., 2009; Suzuki et al., 2017; O’Doherty et al.,

2017), we observed a robust vmPFC signal reflecting the relative

difference in the subjective utility of options being considered.

This suggests that the expected value of reward and the ex-
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pected value of information are integrated to form a subjective

stimulus value from which behavior may be directed.

Previous research examining the neural correlates of human

exploration have implicated FPC; however, the nature of its

role remains elusive. FPC has been shown to be engaged

when participants opted to forgo the most rewarding option

(Daw et al., 2006) and in tracking the relative uncertainty of the

available options (Badre et al., 2012; Yoshida and Ishii, 2006),

implicating this region with both random and directed explora-

tion. Consistent with these findings, we found that FPCwas pref-

erentially engaged when participants decided to sample either

the lower-valued or more uncertain option (Figures 6B and 6C).

However, we also found that FPC was suppressed when novel

options were chosen. This, we argue, offers further support for

the hypothesis that the brain does not frame novelty seeking

as exploration per se, but as value exploitation rooted in biased

value expectations.

The present study also has methodological implications that

go beyond the specific research question in that it offers a

demonstration of how neural evidence can be used to constrain

and arbitrate between different computational mechanisms. This

demonstration is pertinent to a persistent debate in the psycho-

logical literature about the utility (or absence thereof) of neurosci-

ence measures. Utilizing a model comparison approach on fMRI

data, we were able to obtain evidence in support of one partic-

ular model structure, thereby validating the importance of using

brain measures alongside behavioral ones to advance theoret-

ical understanding of cognitive processes (Palmeri et al., 2017;

Henson, 2005; Page, 2006; Collins and Cockburn, 2020).

Questions remain about the benefit of this particular configu-

ration, in which stimulus novelty parasitizes the brain’s reward

circuitry to promote exploration while uncertainty-directed sam-

pling relies on separable integrated feature values. We speculate

that this offers a parsimonious decomposition of an otherwise

intractable decision problem. Inferring the prospective benefit

of strategically reducing uncertainty can offer significant benefit,

particularly in volatile environments where reward contingencies

and goals can change rapidly. However, the computational

demands of this approach are high, and in unfamiliar circum-

stances, the computations are most likely nothing more than

guess work. We suggest that by diverting computational re-

sources away from ill-suited strategies in favor of more compu-

tationally efficient heuristics such as optimistic initialization,

the brain can begin to bridge the gap from a computational

intractable scenario toward a manageable representation of

the landscape where more adaptive strategies such as uncer-

tainty-driven exploration can be beneficially applied.

To conclude, in this study we offer further insight into how

the human brain balances the explore/exploit trade-off. By sys-

tematically decoupling stimulus novelty and uncertainty, and

by leveraging neural data to constrain models of human

learning and decision making, we show that human exploration

simultaneously targets different stimulus features by involving

distinct strategies with potentially conflicting preferences. Future

research investigating how novelty and uncertainty interact in

different contexts will offer a more refined understanding of how

the brain balances the explore/exploit trade-off, as will more so-

phisticated methods of characterizing how the brain maintains
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and leverages representations of uncertainty, how the brain com-

putes the value of information gain, and the mechanisms through

which stimulus novelty is transformed from the visual domain to

that of value. How the brain resolves these tensions has a signifi-

cant impact on behavior, highlighting potential avenues through

which dysregulation of the balance between exploring new alter-

natives versus staying the course may be investigated.
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sample of 32 human participants. All participants were English speakers, had normal/corrected-to-normal vision, and had no history

of neurological or psychiatric disease. Participants were paid a $40 base-rate plus a performance bonus ranging from $5-$15. The

study was approved by the Caltech IRB and participants gave their informed consent to take part in the study.

Participants: Behavioral replication study
The replication study included 79 participants (age range [18–42], mean = 21 years, 48 female) from the Toronto community. All par-

ticipants were required to be fluent English speakers and have normal or corrected-to-normal vision. 77 participants reported no prior

history of psychiatric or neurological disease, but 2 additional participants reported a prior history of psychiatric illness. Those two
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participants are still included in the reported analyses because omitting them made no substantive difference to the results.

Participants were paid a base rate of $10 per hour plus a performance bonus up to $20. All participants gave their informed consent

to participate in the study in accordance with the Research Ethics Board at the University of Toronto.

METHOD DETAILS

Experimental design: fMRI study
Participants performed 20 blocks of a finite horizon multi-armed bandit task designed to expose the impact of reward, uncertainty

and novelty in balancing the explore/exploit trade-off while undergoing four consecutive 15-min fMRI sessions (5 blocks per session).

Both the task and the instructions were presented using Psychtoolbox-3 for Matlab. On each trial, participants were asked to choose

between two slot machines. Having selected one of the machines, they were informed of the machines payout, either $1US (win) or

$0US (loss). Participants were instructed that each block would consist 18 to 23 trials, and to encourage balanced attention and

motivation throughout the task, they were informed that one block would be selected at random at the end of the experiment and

they would be awarded the earning collected during that block as a cash bonus.

Each block was structured to include five visually unique and identifiable slotmachines, three of which used familiar stimuli that had

been seen during previous blocks, while the remaining two used novel stimuli that had not yet been shown (43 stimuli in total). The five

slot machines that could be offered in a given block were each associated with a fixed probability winning, which was sampled from a

linearly spaced range of [0.2–0.8]. Participants were informed that each slot machine had a fixed probability of winning within a block,

but all machines were re-set at the start of each block, and as such, anything learned in previous blocks would not apply in blocks to

come. Using sampling randomization, the two slotmachines offered on each trial varied in terms of the number of previous exposures

(novelty manipulation), as well as the number of times they’d been sampled in the current block (uncertainty manipulation), allowing

us to to systematically examine the influence of novelty and uncertainty across the horizon of trials within a given block.

Following the slot machine task, participants performed a recognition test designed to probe their recall of which machines they

had observed. They were asked to label 86 stimuli as ’old’ or ’new’, half of which had been used during the multi-armed bandit task,

and half of which were not. Participants exhibited exceptional performance on the memory probe task, with mean accuracy of 89%

(min 77%, max 97%), indicating the efficacy of the novelty manipulation.

We explicitly designed the task to discourage choice autocorrelations, and to be sensitive to response patterns in which choices

were indifferent to stimulus reward history. We adopted a 5 choose 2 option sampling strategy to determine which stimuli were

offered on each trial. This design implies that the stimulus sampled on trial tmight not be available on trial t + 1, and that both stimuli

offered could be of high value or both could be of low value. This structure makes value-indifferent strategies such as sticky choice or

win-stay/lose-shift difficult to employ consistently by forcing a more evenly distributed sampling than would occur if all options were

simultaneously available. Additionally, by revaluing stimuli explicitly at the start of each block, and by randomizing the left/right

presentation location across trials we could be sensitive to outcome insensitive action and stimulus choice autocorrelations (see

STAR Methods: Computational modeling of behavior).

Experimental design: Behavioral replication study
The replication study consisted of an adapted version of the task described in the preceding section, with modifications described

here. Prior to the start of the task, participants were instructed that they would be playing for points that would then be converted to a

real monetary bonus up to a maximum of $20cnd. Because this version of the task included situations of monetary loss in affective

conditions instantiated after an initial baseline condition, participants were initially endowed with a starting sum of 1,200 pts, with

machines paying out 50 pts for a win and 0 pts otherwise. The baseline condition mirrors the design of the fMRI study; the affective

manipulations only start after the baseline condition is complete and will be reported elsewhere.

Participants completed 6 blocks of the baseline condition consisting of 23 trials each. On each trial, participants were asked to

chose between two slot machine from a set of six, each of which was associated with a fixed probability of winning, either sampled

form a linearly spaced range of [0.2, 0.8] or from the set comprising [0.2, 0.44, 0.48, 0.52, 0.56, 0.6]. The assigned set of fixed win

probabilities for a given block was chosen randomly, and participants were similarly instructed that the machines re-set at the start

of each block. The structure of the novelty and uncertainty manipulations followed that reported in the fMRI study, though with two

novel and four familiar stimuli. Two familiar stimuli were presented for the first 2 trials, with the first novel and third familiar stimuli

introduced between trials 3–5. The remainder of the set (second novel and fourth familiar stimuli) were introduced between trial

8–19 in a pseudo-randomised manner. Relevant for the affective manipulation but independent of the primary multi-armed bandit

task reported here, participants were probed with a subjective mood rating scale in 2 of the 6 blocks; these ratings are not analyzed

further here.

As with the fMRI study, participants performed a recognition memory task following the multi-armed bandit task. In the replication

sample participants similarly exhibited good recognition memory accuracy (mean = 82%, s.d. = 12%)

Software
Experiments were coded using Matlab, and presented using the Psychophysics Toolbox extensions (Brainard and Vision, 1997; Pelli

and Vision, 1997). Behavioral analyses were conducted using the lme4 package in the R programming language for mixed-effect
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modeling Bates et al. (2015), and computationalmodels were fit using the cmb toolkit (Piray et al., 2019).MRI datawas analyzed using

FSL, ANTs and SPM12.

fMRI data acquisition
Imaging data was collected at the Caltech Brain Imaging Center (Pasadena, CA) using a 3T Siemens Magneto TrioTim scanner using

a 32-channel radio frequency coil. Functional scans were acquired using multiband acceleration of 4, 56 slices, voxel size = 2.5 mm

isotropic, TR = 1,000ms, TE = 30ms, FA = 60 �, FOV = 200mmx 200mm. T1 and T2weighted anatomical high-resolution scanswere

collected with 0.9 mm isotropic resolution following the functional scans collected during task play.

fMRI data preprocessing and analysis
Data was preprocessed using a standard pipeline for preprocessing of multiband data. Using FSL (Smith et al., 2004), images were

brain extracted, and denoised using ICA component removal, where components were extracted using FSLsMelodic, and classified

into signal or noise with a classifier trained on independent datasets. Functional data was then aligned, high-pass filtered (100 s

threshold), and unwarped. T2 images were aligned to T1 images with FSL FLIRT, then both were normalized to standard space using

ANTs (using CIT168 high resolution T1 and T2 templates (Avants et al., 2009; Tyszka and Pauli, 2016)). Functional data was co-regis-

tered to anatomical images using FSLs FLIRT, then registered to the normalized T2 using ANTs. Finally, the functional data was

smoothed using a 8 mm FWHM Gaussian kernel. GLMs were specified using default specifications in SPM 12 (Penny et al.,

2011). The details of each first level GLM are provided in the main text. Second level T-maps were constructed by combining

each subjects first level contrasts with the standard summary statistics approach to random-effects analysis implemented in

SPM. Statistic images were assessed for cluster-wise significance using a voxel-height threshold of p< 0:001 and SPM’s Gaussian

Random Field method for brain-volume cluster extent threshold of FWE < 0:05 to identify clusters larger than expected by

chance alone.

GLM design for fMRI analysis
The general linear model (GLM) was used to generate voxelwise statistical parametric maps (SPMs) from the fMRI data. The GLMs

depicted in Figure 4 included event onset regressors of zero duration (fixation, stimulus, response, and feedback), as well as a

boxcar regressor lasting the trials duration. GLM 1 was defined using subject-specific stimulus locked parametric regressors con-

sisting of option utility, stimulus novelty, and estimation uncertainty for both the selected and rejected option, as well as the model

estimated reward prediction error as a feedback locked parametric regressor. GLM 1 expressed mean regressor correlations across

participants of jrj< 0:32 with a mean correlation of jrj = 0:18 over all variables (see Figure S3A). The strongest regressor correlation,

between selected stimulus utility and selected stimulus uncertainty, ranges between [�0.59, 0.05] across subjects. All significant

second-level analysis clusters are reported in Figure S4A, and mean parameter estimates from each cluster reported in

Figures 4A–4C are illustrated in Figure S4C.

GLM 2 decomposed each option’s utility into its constituent parts, and is defined using subject specific stimulus locked parametric

regressors consisting of expected reward value, uncertainty bias, stimulus novelty, and estimation uncertainty for both the selected

and rejected option, as well as the model estimated reward prediction error as a feedback locked parametric regressor. GLM 2

expressed mean correlations among regressor across participants of jrj< 0:59, with a mean over all variables of jrj = 0:17 (see

Figure S4B). Of note, we observe a higher correlation between the uncertainty bias and stimulus novelty (min/max subject-level var-

iable correlations: [0.19–0.81]), which is expected since the uncertainty bias term is defined in terms of stimulus novelty and stimulus

uncertainty. However, all regressors are entered simultaneously (i.e they are not orthogonalized), meaning all reported effects are

significant above and beyond the shared variance. All significant second-level analysis clusters are reported in Figure S4B, and

mean parameter estimates from each cluster reported in Figures 4A–4C are illustrated in Figure S4C.

There is a notable correlation between the uncertainty bias and novelty regressors, which is expected given that stimulus novelty

plays a multiplicative role in the bias term’s value. The GLMs are run without orthogonalization, meaning that variables are forced to

compete for variance and the observe uncertainty bias effects are driven by variance unique to that variable. However, the relation-

ship between these predictors could potentially result in an unstable relationship with BOLD activation. To address this concern, we

ran a third GLM that did not include the novelty regressors. This analysis reveals a weaker effect of uncertainty bias in mPFC, but

critically, the effects remain positive (see Figure S3C). This demonstrates that the observed effects of uncertainty bias in mPFC

are not a bi-product of collinearity between stimulus novelty and the uncertainty bias.

Each fMRI session was entered separately for each subjects first level analysis (fixed effects), and regressors were entered without

orthogonalization (i.e. simultaneously compete for variance). First-level maps were entered into a second level analyses for the

contrasts of interest (random effects) using SPM. Correlations among regressors are illustrated in Figure S3.

Neural correlates of expected reward associated with the linear bonus model
We derive estimated time-courses for variables of interest by fitting the fmUCBmodel defined to use the linear novelty bonus mech-

anisms (see Equation 19) to participant behavior. We then applied model estimates as parametric regressors in the GLM outlined in

Figure 4 to identify regions associated with stimulus reward valuation (selected + rejected q-value). This analysis identified a cluster in

vmPFC that encompassed the cluster associated with q-values estimated by the fmUCB model (see Figure S5A). Regions identified
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by bothmodels are subsumed by the vmPFCROI independently identified bymeta-analyses (Clithero and Rangel, 2014; Bartra et al.,

2013). An analysis of regions correlated with the reward prediction errors generated by bothmodels also revealed largely overlapping

correlates in ventral striatum (see Figure S5B).

Neural correlates of the uncertainty bias absent familiarity modulation
The GLM described in Figure 4 was modified to include the uncertainty bias term estimated by the fmUCB model absent familiarity

modulation to identify regions associated with value unmodulated uncertainty valuation (selected + rejected uncertainty bias):

UBðsiÞ = uU
t $s

2ðsiÞt (Equation 1)

No significant clusters were found using conventional voxel height p< 0:001, but we report a cluster at a liberal threshold of p<

0:01. Notably, this cluster overlaps with the region associated with the familiarity modulated uncertainty bias reported in Figure 4B.

Targeted analyses reveal robust novelty disruption of uncertainty bias processes
Using Bayesian model selection, Figure 6A shows that the familiarity modulated uncertainty bias used by the fmUCB model offers a

better explanation of neural data in the ROI than did amodel using a non-modulated uncertainty bias. However, since the uncertainty

bias term used by each model differed only by the presence or absence of the multiplicative novelty term, both variables were highly

corrected when all task trials were considered for analysis ðr = 0:8Þ. Noting that the two uncertainty bias terms differ with respect to

the multiplicative novelty term, we identify trials in which a novel stimulus was offered (defined as 3 or fewer observations), as critical

trials of differentiation. Limiting our analysis to these trials reduced the correlation between the two uncertainty bias terms to r = 0:3.

We conducted two additional Bayesian model comparisons in which we restricted the analyses to these critical trials to demon-

strate that the reported results do not spuriously favor the fmUCB model due to lack of identifiability. Using a 10 mm spherical ROI

centralized over the uncertainty bias cluster reported in Figure 4B (x = 0, y = 42, z = 0), the first model included only the uncertainty

bias term for both the selected and rejected options as a parametric modulator associated with the stimulus onset regressor, thus

avoiding potential inconsistencies in shared variance with other variables used by the computational models. Using an exceedance

probability threshold > 0:9, and an extent threshold of 10 voxels, 80% of voxels (199 of 246) favored the fmUCB’s familiarity modu-

lated uncertainty bias term. No voxels survived this threshold in favor of the non-modulated uncertainty bias term, though 2 voxels

(1%) matched the exceedance probability threshold = 0.9 absent extent threshold.

We conducted a secondmodel comparison in the sameROI focusing on variance unique to the uncertainty bias terms by including

additional variables used by the computational model (expected reward value, stimulus novelty, stimulus uncertainty) as parametric

modulators associated with stimulus onset. Using an exceedance probability threshold > 0:9, and an extent threshold of 10 voxels,

97%of voxels (239 of 246) favored the fmUCB’s familiarity modulated uncertainty bias term. No voxels survived this threshold in favor

of the non-modulated uncertainty bias term regardless of extent threshold.

In summary, focusing the analysis on the set of trials that maximally differentiate the two mechanisms, we observe stronger

indications that the uncertainty bias term in mPFC is blunted by novelty.

Regions of interest and small volume correction
The 15 mm radius sphere in vmPFC used for analyses reported in Figure 5B centered on peak vmPFC voxel reported in a meta

analysis of the neural correlates of decision making and subjective utility [x = �2, y = 40, z = �6] (Clithero and Rangel, 2014). Center

coordinates for left ([x = �14, y = 10, z = �6]) and right ([x = 14, y = 10, z = �6]) ventral striatum were defined using coordinates from

NeuroSynth, while the ROI was defined as the union of 15mm spheres centered at both left and right coordinates in union with voxels

labeled as comprising putamen or accumbens according to the Harvard-Oxford sub-cortical structural atlas. Spherical small volume

corrected analysis applied to novelty-biased reward prediction errors reported in Figure 5A used a 9 mm sphere centered on coor-

dinates [x = 18, y = 16, z = �10] as previously reported by Wittmann et al. (2008).

FPCROIsweredefinedusing5mmradius spheres centeredonpeakvoxels in left and right FPCas reportedbyDawet al. (2006). The

analysis reported in Figures 6B and 6C illustrates the activation patterns in FPC as a function of exploratory choice targeting value,

uncertainty and novelty at the time a response is made. These effects are also present if the analysis is locked to the time of stimulus

presentation. Using the sameROIs and the samemodel design using stimulus-locked variables reveals significant positive activation

associated with exploration targeting lower valued options ðtð31Þ = 2:57;p = 0:01Þ and more uncertain options ðtð31Þ = 4:06;p =

0:0003Þ, but significantly reducedactivationwhenmorenovel optionswhere chosen ðtð31Þ = � 3:10;p = 0:004Þ.Our experimental

design did not attempt to explicitly dissociated the neural time-course associatedwith decision and response, and as such, it remains

unclear as to whether FPC is influencing the decision making process or engaging a specific action strategy.

QUANTIFICATION AND STATISTICAL ANALYSIS

Behavioral analysis
Behavioral data was analyzed using mixed-effects logistic regression for a descriptive characterization of task performance (using

lme4 package in R). We define each option’s expected value ðE½Si�Þ as the mean of a Beta distribution specified according to the
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number of wins and losses observed within the current block of trials (Beta[a = number of wins +1; b = number of losses +1]).

Uncertainty ðU½Si�Þ was defined as the variance of the same Beta distribution. We define stimulus novelty ðN½Si�Þ as the variance

of a Beta distribution specified according to the number of times a particular stimulus had been observed across the entire exper-

iment (Beta[a = number of exposures +1, b = 1]).

Probability of selecting the option presented on the left ðat = LÞ for each trial t was modeled as:

pðat = LÞ = ðRD + UD + NDÞ � t + ððRD + UD + NDÞ � tjIDÞ (Equation 2)

where RD = E½SL� � E½SR� denotes the reward differential in favor of the left option, while UD = U½SL� � U½SR�, and ND =

N½SL��N½SR� reflect the difference in uncertainty and novelty respectively. We include unit scaled trial number t [ranging from 0-1]

as an interaction term to model changes in feature influence across the block horizon, with random intercept and slopes estimated

all terms for each participant ID. Note that this configuration implies that main effects of R, U, and N reflect the estimated effect at the

start of each block when t = 0.

The regressionanalysis depicted in Figure 2D reports adecreasing effect of expected value across trials. This effect does not neces-

sarily reflect a behavioral tendency to exploit learned values less as the learning context progresses; rather, it is consistent with value

integration that deviates fromoptimal Bayesian integration. To demonstrate this,we used the fmUCBmodel to generate choices using

three different learning rates (100 simulated participants at h = ½0;0:1;0:25�). We then applied the regression model to data at each

value of h and report the predicted effect of expected value at 10 points across a block of trials (see Figure S1B). When h = 0 and the

fmUCBmodel optimally integrates observed outcomes, the regression reports a consistent effect of expected value across trials, re-

flecting agreement between the expected values used by the computational and regression models. However, as the computational

model grows increasingly forgetful (h/1), the regression reports an increasingly negative EV:t interaction, illustrated here as a

decreasing effect of EV across trials (blue and green). This decreasing EV:t interaction term reflects a growing disagreement between

expected values derivedby the forgetful computationalmodel and the optimal regressionmodel, resulting in adecreasing effect of EV.

Analysis of task comprehension
Our experimental design decoupled estimation uncertainty and stimulus novelty by framing each block of trials as a unique learning

context, and as such, the value associated with a stimulus sampled during previous contexts should not be applied to the current

context in play. Participants were explicitly informed of this, and told that although they may see the same slot machines in different

casinos, each casino has programmed the winning probabilities for each machine differently. Here we demonstrate that participant

behavior faithfully reflects de novo learning in each context, and thus our assumption that the expected value and uncertainty asso-

ciated with stimuli encountered during previous contexts can be appropriately modeled using an unbiased prior at the start of a

learning block (Beta[a = b = 1]).

We probed for behavioral signatures of value carry-over from previous contexts by augmenting the fmUCB model to accommo-

date value carry-over from previously learned stimulus values. To do so, we define the Beta distribution describing stimulus i’s ex-

pected value according to:

a�
i = 1+

XT � 1

t = 0

�
hT � t $Ow

t

�
+
�
hT � uprev � a�

i:prev

�
(Equation 3)
b�
i = 1+

XT � 1

t = 0

hT � t$OL
t +

�
hT � uprev � b�

i:prev

�
(Equation 4)

Here, the expected value is derived according towins and losses observed in the current context up to the current trial T, where h is

a free parameter regulating the rate at which previous outcomes observed in the current context are down-weighted in favor of more

recent observations (just as the ’forgetting rate’ defined in the fmUCB model). The Beta distribution’s parameters for stimulus i also

include some proportion of the value associated with that stimulus in the most recent previous context (a�
i:prev and b�i:prev), where uprev

governs the proportion of value carry over, and hT down-weights the initialization value as trials proceed in order to accommodate

temporal effects of learning.

We fit and submitted the fmUCBmodel, a model withuprev = 1, and amodel with uprev as a free parameter to amodel comparison

using the CBM toolkit. This comparison showed that the original fmUBC, absent any mechanism to carry learned values across con-

texts, fit the data best (exceedance probability = 0.97), showing that participants did indeed adhere to the instructed task structure.

This comparison across computational models offers evidence that participants did not carry values across contexts as they were

instructed to do. However, wewanted to ensure that the influence of previous context wasn’t simplymisattriuted and accommodated

by other mechanisms in the model. To address these concerns we implemented a sliding window regression analysis, conducting a

model comparison between a model that included values from previously encountered contexts to a model that didn’t. We defined a

baseline model as:

pðat = LÞ = RD +UD +ND + ð1 + RD + UD + NDjIDÞ (Equation 5)
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whereRD = E½SL��E½SR� denotes the reward differential in favor of the left option, whileUD = U½SL� � U½SR�, andND = N½SL��N½SR�
reflect the difference in uncertainty and novelty respectively, with random intercept and slopes estimated for each participant ID, with

values defined as they were for Equation 2. We then defined an augmented model that also included the expected value leaned from

the most recent context:

pðat = LÞ = PrevRD +RD +UD +ND + ð1 + PrevRD + RD + UD + NDjIDÞ (Equation 6)

where PrevRD denotes the previous context’s expected value differential between left and right stimuli. We then repeatedly fit and

compared the variance explained by both models across a sliding window of two trials within blocks (e.g. window 1 = trials 1 and

2, window 2 = trials 2 and 3, etc.). This analysis showed that the previous value did not offer sufficient additional explanatory power

for any window of trials (all p values > 0:05, uncorrected for multiple comparisons).

In summary, neither computational model comparison, nor computationally agnostic analysis of fine grained structure embedded

in participant’s game-play showed evidence of value carry-over from previous contexts, demonstrating that participant behavior re-

flected the instructed task structure faithfully.

Analysis of nuisance task variables
Participants exhibited a robust preference for novel options that increased as they progressed through a learning context. The

fmUCB model reproduces this phenomena by combining a constant novelty bias pulling participants toward novel options with a

growing push away from paired uncertain familiar options. However, colloquial interpretations such as growing boredom, or a super-

stition that that novel options might offer a bonus may also tempt inquiry.

Participants may have adopted the unfounded belief that novel options were baited to offer a bonus. Participants were not offered

any instructions tohint at this, norwas there anempirical difference in the rewards experiencedafter sampling anovel or familiar option

for the first time (mean reward for both familiar and novel options = 0.5, tð31Þ = � 0:2;p = 0:85). Furthermore, given that participants

exhibited a growing preference for novel options, theywould presumably need to assume that novel options presented later in a block

of trials wasmore likely to offer a baited bonus than novel options presented earlier. No participants reported such a strategy or belief.

Participants were in the scanner for approximately 75 min while functional and structural scans were collected, with a total time on

task of approximately 60 min and an average time of just under 4 min per learning block. Most participants reported finding the task

challenging and relatively fun. However, to demonstrate that behavior wasn’t influence by fatigue, boredom, or other anomalous

time-on-task phenomena, we probed for the emergence of shifting strategies as the experimental task progressed. We modified

the regression model defined in Equation 2 to include block number as an interaction term instead of trial number.

pðat = LÞ = ðRD + UD + NDÞ � b+ ððRD + UD + NDÞ � bjIDÞ (Equation 7)

Model comparison showed that trial number offered a significantly better predictor of choice than block number (log-likelihoods

�6515.5 and �6557.9 respectively), demonstrating that preferences for novelty, uncertainty or rewarded stimuli did not shift mean-

ingfully as the experiment progressed. We constructed a second comparative model by augmenting the model described by Equa-

tion 2 to include an additional term specifically probing for an effect of block on novelty seeking:

pðat = LÞ = ðRD + UD + NDÞ � t + ðND � bÞ+ ððRD + UD + NDÞ � t + ðND � bÞjIDÞ (Equation 8)

Replicating effects previously reported, this model identified a significant novelty seeking bias ðbN = 0:18;p < 0:01Þ that increased
within the block of trials ðbN:t = 0:42;p < 0:01Þ. However, there was no effect of block number ðbb = � 0:08;p = 0:44Þ nor was there

a significant interaction with novelty ðbN:b = � 0:05;p = 0:6Þ. Furthermore, model comparison showed that the additional block

number variable was unwarranted ðc2ð21;32Þ = 20:528; p = 0:49Þ, demonstrating that novelty seeking strategies are not ac-

counted for by experiment duration (as opposed to block level) variables.

Computational modeling of behavior
We characterize the computational mechanisms balancing the trade-off between exploration and exploitation using a forgetful

Bayesian model of choice, augmented with an uncertainty bias and optimistic value initialization. The subjective utility derived for

each stimulus si is defined as:

VðsiÞ = QNðsiÞ+UBðsiÞ (Equation 9)

where UBðsiÞ is the uncertainty bias added to the optimistically initialized expected value, QNðsiÞ. The probability of selecting either

the option presented on the left (sl) or right (sr ) was derived using a Softmax function, meaning choice was a function of both random

and uncertainty-directed exploration:

pðslÞf b � ðVðslÞ � VðsrÞÞ (Equation 10)

where b is the Softmax parameter controlling the degree to which choice was determined by value.

The forgetful Bayesian reinforcement learning agent maintains a representation of each slot machine in a given block of trials as a

Beta distribution. This distribution was defined according to a recency weighted integration of observed outcomes:
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a�
i = 1+

XT � 1

t = 0

hT � t$Ow
t (Equation 11)
b�
i = 1+

XT � 1

t = 0

hT � t$OL
t (Equation 12)

where T denotes the current trial within the block, andOw
t andOL

t are binary flags noting whether or not the observed outcome on trial

twas a win or loss respectively. Thus, h operates as a forgetting rate, controlling the rate at which past outcomes are down-weighted

in favor of more recent outcomes. Each option’s expected value was derived as the mean of this distribution:

QðsiÞt =
a�
si

a�
si
+ b�

si

(Equation 13)

while uncertainty was derived as the variance of the same distribution:

s2ðsiÞt =
a�
si
$b�

si�
a�
si
+ b�

si

�2

$
�
a�
si
+ b�

ai
+ 1

� (Equation 14)

Optimistic initialization was integrated into the model by way of inflating the hyper-parameters describing the expected value

(a�
t = 0 > 1 for a novelty seeking bias, and b�t = 0 > 1 for a novelty avoidance bias). For example, a positive novelty bias is embodied

by adding a bonus initialization value to a> 1, which is correspondingly decayed across trials according to the decay rate defined

by h. As such, the boosted value of a endows the distribution representing the novel option with an elevated expected reward value,

and a corresponding reduction in uncertainty prior to observing an outcome.

Both the novelty-induced optimistic initialization bias and the uncertainty bias were subject to dynamic weighting terms defined

according to the block’s horizon. On each trial, weighting terms us
t and uN

t are applied to the uncertainty bias and optimistic initial-

ization values respectively, where weights are defined as a linear function of the current block’s trial number:

uU
t =

UI + t$ðUT � UIÞ
Ttask

(Equation 15)
uN
t =

NI + t$ðNT � NIÞ
Ttask

(Equation 16)

where Ttask denotes the maximum task horizon, UI and NI denote intercepts for uncertainty and novelty at the start of each block,

while UT and NT denote weights at the end of each block. Thus, uU
t and uN

t reflect linear trajectories across the task horizon.

We define the fmUCBmodel as a resolution to the growing tension between novelty seeking and uncertainty aversion. We embody

thismechanisms byway of a familiaritymodulated uncertainty bias. Stimulus familiarity was defined according to the normalized vari-

ance of a Beta distribution defined according to hyper parameters (Beta[a(si) = number of observations +1, and b = 1]), or specifically:

FðsiÞ = 1 � aðsiÞ$b
ðaðsiÞ+ bÞ2$ðaðsiÞ+ b+ 1Þ (Equation 17)

in which the variance term is scaled to range between [0,1]. We then augment the uncertainty bias to also reflect stimulus familiarity:

Uf
BðsiÞ = FðsiÞ$

�
uU

t $s
2ðsiÞt

�
(Equation 18)

Lastly, in contrast to novelty directly impacting the expected value, we also test a mechanism in which novelty is factored into the

decision making process as its own bonus feature, referred to as the linear bonus model. In this model the optimistic initialization

mechanism was removed from the fmUCB model, and augment the subjective utility to include a novelty bonus term:

VðsiÞ = QðsIÞ+Uf
BðsiÞ+uN

t $ð1 � FðsiÞÞ (Equation 19)

Parameter estimation and model comparison
All model parameters were estimated using the Computational Behavioral Modeling (CBM) toolkit, a hierarchical Bayesian inference

method to support model fitting and model comparison within the same framework (Piray et al., 2019). Parameter estimation and

model comparison proceeded by first fitting each model of interest to each subject separately (i.e non-hierarchically). In a second

hierarchical step, empirical priors are constructed from the first-level fits and mean-field variational Bayes expectation maximization

is iteratively applied in which 1) summary statistics are calculated, 2) group parameter posterior estimates are updated, 3) individual

parameter posterior estimate are updated, and 4) the responsibility of each model in generating individual data is updated.
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Importantly, this applies a random effects approach to model identification, which allows the fitting processes to accommodate the

fact that different models might underlie data in different subjects. This has implications for both model comparison and for param-

eter estimation, as the contribution of a specific model to the group parameters is weighted according to the responsibility of that

model generating data in a given subject.

The toolkit relies on normally distributed parameters, meaning some model parameters need to be transformed to be sensible.

Novelty and uncertainty weighting terms ðNI;NT ;UI;UT Þ all remained normally distributed (no transformation). The Softmax inverse

temperate was constrained to range between ½0 %b % 20�, while the learning rate was constrained to range between [0% h% 1]

using a sigmoid function.

Model comparison was also relied on the CBM toolkit (Piray et al., 2019). First-level estimates were computed for each individual

and model using common priors ðN ðm = 0;s2 = 6:25ÞÞ, which were then used to inform second-level fits and simultaneous model

comparison. This process treats model comparison as a random effect (i.e. different models might better represent different partic-

ipant), while also taking advantage of hierarchical parameter estimation which relies on empirical as opposed to prescribed priors.

We conducted a parameter identifiability analysis by using the fmUCB model to generate data using a known set of parameters,

then fitting the fmUCB model to that generated data to derive parameter estimates (see Figure S2A). Estimated parameters

were highly correlated with the true generative parameters, with all r > 0:85. The novelty bias term (NI) had the lowest correlation

(r = 0:85), with all other variables having a correlation of r > 0:95. The lower correlation for NI was associated primarily with high

forgetting rates ðh > 0:5Þ, where the novelty initialization bias is quickly eroded. However it is important to note that h can be reliably

identified, and was typically well below 0.5 when estimated from the behavioral data.

We also conducted a model identifiability analysis across the mechanisms of interest (i.e optimistic initialization and the additive

uncertainty bias) to ensure that themodel responsible for generating the data could be reliably identified. To do so, we generated data

from 5model configurations that embody and contrast the key computational mechanisms; 1) a baseline model consisting of b and h

parameters; 2) a novelty bias model that augmented the baseline model to also include NI and NT ; 3) an uncertainty bias model that

augmented the baseline model to also includeUI andUT ; 4) a novelty + uncertainty bias model that augmented the baseline model to

also includeNI,NT ,UI andUT ; and 5) the fmUCBmodel which augmented the baseline model to includeNI,UI,UT , and the familiarity

gating mechanism. We generated 50 simulated participants from each of the five model configurations, sampling parameters from a

uniform distributions of 1< b< 15, 0< h< 1, � 1<NI < 1, � 1<NT < 1, � 1<UI < 1, � 1<UT < 1. We then fit the same five model

configurations to the generated data using the CBM toolkit, and extracted the log-evidence (which takes the number of free

parameters into account) for each model.

As illustrated in Figure S2B, each of the five generative models were correctly identified. For example, when data was generated

from the novelty + uncertainty bias model, the same model was found to have the lowest error according to the log-evidence in sup-

port of each candidate model. Importantly, this analysis shows that model flexibility (i.e. the number of free parameters) is appropri-

ately accounted for, with the simplest baseline generative processes being correctly identified. Furthermore, we see that novelty and

uncertainty bias mechanisms can be uniquely identified, with each respective model being correctly identified, in addition to the

model that includes both mechanisms simultaneously. Finally, we see that the unique signature of the fmUCB model’s uncertainty

bias is correctly identified over other model variants.

We considered additional computational mechanisms in conjunction with and as alternatives to the optimistic initialization and

uncertainty bias in order to rule out alternative explanations of the behavioral and neural data. This includes choice ’stickiness’,

both at the action (left vs. right) and stimulus levels of response, in which autocorrelations among choices emerge independent of

reward history (Lau and Glimcher, 2005). We also considered a model that included independent learning rates for win/no-win trials,

instantiated as unique ’forgetting’ rate parameters (hG and hL). Lastly, we compared more traditional reinforcement learning (i.e. non-

Bayesian) that maintained independent representations of value and uncertainty. None of which fit the data better than the fmUCB

model (all exceedance probabilities z 0). We also note that fmUCB model parameter estimates remained largely unaffected when

themodel was augmented to include sticky choicemechanisms, and the time-courses of computational variables of interest (e.g. the

chosen option’s uncertainty bias) between augmented and fmUCB models were indistinguishable (mean correlation r > 0:98).

Behavioral confusability analysis
Discriminability between the optimistic initialization and the policy biasmechanismwas probed viamodel confusability.We first fit the

fmUCBmodel defined in terms of both the optimistic initialization and the policy biasmechanisms to participant data, and used those

optimized parameter estimates to specify eachmodel’s free parameters. Eachmodel instantiation was then exposed to the same set

of trials experienced by our participants, and generated a choice on each trial. This process was repeated 100 times for each partic-

ipant, resulting in 100 simulated experiments with data generated by each of the two mechanisms. Finally, we fit both implementa-

tions to both set of simulated experiments to quantify the proportion of fits that correctly identify the true generative mechanism. This

analysis revealed that data generated by the optimistic initializationmechanismwas only correctly identified for 53%±0:14 of the fits.

Data generated by the policy bias mechanism suffered equally poor identification, with 57%±1:8 of the fits correctly identifying the

generative mechanism. Thus, we conclude that behavior alone cannot distinguish between either the optimistic or policy bias mech-

anisms given our experimental design.
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