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Abstract  34 

In addition to supervised motor learning, the cerebellum also supports nonmotor forms 35 

of learning, including reinforcement learning (RL). Recent studies in animal models 36 

have identified core RL signals related to reward processing, reward prediction, and 37 

prediction errors in specific regions in cerebellar cortex. However, the constraints on 38 

these signals remain poorly understood, particularly in humans. Here, we investigated 39 

cerebellar RL signals in a computationally-driven fMRI study. Human participants 40 

performed an RL task without low-level sensorimotor contingencies (N = 32, N female = 41 

24). We observed robust RL signals related to reward processing and reward prediction 42 

errors in cognitive regions of the cerebellum. These signals were not explained by 43 

oculomotor or physiological confounds. By manipulating the delay between choices and 44 

reward outcomes, we discovered that cerebellar RL signals are temporally sensitive: 45 

robust when feedback was delivered shortly following choices, but undetectable at 46 

supra-second feedback delays. Similar delay effects were not found in other areas 47 

implicated in reward processing, including the ventral striatum and hippocampus. 48 

Further, reward prediction error activity in the cerebellum was related to behavioral 49 

performance when feedback was delivered promptly, but not when it was delayed. 50 

Connectivity analyses revealed that during RL feedback, cognitive areas of the 51 

cerebellum coactivate with a network that includes the medial and lateral prefrontal 52 

cortex and caudate nucleus. Together, these results highlight a temporally constrained 53 

contribution of the human cerebellum to a cognitive learning task. 54 

  55 
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Significance statement 56 

Reinforcement learning (RL) - the shaping of behavior through reward feedback - is an 57 

essential cognitive capacity. Previous work has focused almost exclusively on cerebral 58 

circuits that support RL, however recent work in animal models also implicates the 59 

cerebellum. Despite growing interest in the "cognitive cerebellum," its contributions to 60 

human RL remain unclear. We show that regions spanning lobules Crus I/II respond to 61 

rewards and encode reward prediction errors in a temporally sensitive manner. Our 62 

results build directly on research in model organisms, highlighting functional parallels 63 

across species and the importance of crosstalk between human and animal 64 

researchers. Including the cerebellum as a node in RL networks creates a potential new 65 

target for intervention in cases of reward processing dysfunction, like addiction.  66 
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Introduction 67 

A recent paradigm shift in cerebellar neuroscience recognizes that the 68 

cerebellum contributes to both motor control and cognition (Buckner, 2013; Diedrichsen 69 

et al., 2019; Diedrichsen & McDougle, 2026; Ito, 2008; Leiner et al., 1986; 70 

Schmahmann, 2019; Sokolov et al., 2017; Stoodley et al., 2012; Strick et al., 2009). 71 

This shift is motivated by converging lines of evidence: The cerebellum is implicated in 72 

cognitive neurodevelopmental disorders (Stoodley, 2016), it is activated by nonmotor 73 

tasks (King et al., 2019; Van Overwalle et al., 2014, 2020), damage produces cognitive 74 

deficits (Butcher et al., 2017; Drepper et al., 1999; McDougle et al., 2022; Nicholas et 75 

al., 2023; Schmahmann & Sherman, 1998; Timmann et al., 2010), and it has 76 

bidirectional connections with nonmotor areas of the cerebrum (Bostan et al., 2010, 77 

2013; Buckner, 2013; Buckner et al., 2011; Hoshi et al., 2005; Kelly & Strick, 2003; King 78 

et al., 2023; Middleton & Strick, 1994; Strick et al., 2009; Wagner & Luo, 2020). Still, a 79 

unifying framework of cerebellar function remains elusive. What specific cognitive 80 

computations might the cerebellum implement? 81 

Some recent work on this question focuses on cerebellar contributions to 82 

reinforcement learning (RL; Hull, 2020; Kostadinov & Häusser, 2022). Studies in 83 

rodents and nonhuman primates have revealed cerebellar activity encoding core 84 

components of RL, including reward processing, reward expectation, and reward 85 

prediction errors (Heffley et al., 2018; Kostadinov et al., 2019; Sendhilnathan et al., 86 

2020; Wagner et al., 2017). Such signals have been observed in granule cells (Wagner 87 

et al., 2017), climbing fiber inputs (Heffley & Hull, 2019; Kostadinov et al., 2019; Larry et 88 

al., 2019), and Purkinje cells (Sendhilnathan et al., 2020), especially in areas spanning 89 
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lobules Crus I and Crus II (Heffley & Hull, 2019; Sendhilnathan et al., 2020). Moreover, 90 

lesion and stimulation studies point to a causal role for the cerebellum in RL (Carta et 91 

al., 2019; Huvermann et al., 2025; McDougle et al., 2016; Nicholas et al., 2023). There 92 

is now general consensus that the cerebellum supports RL (Manto et al., 2024) in 93 

conjunction with circuits in the cerebrum. 94 

Still, key gaps remain, especially in human neuroscience. First, there are 95 

practical issues: full coverage of the cerebellum with human functional neuroimaging is 96 

rarely achieved (Wang et al., 2025), and cerebellar BOLD signals are susceptible to 97 

motor and physiological confounds (Diedrichsen et al., 2010; Schlerf et al., 2012; 98 

Striemer et al., 2015). Second, many RL tasks involve sensorimotor contingencies that 99 

blur cognitive and motor components of RL (O’Doherty et al., 2003; Sendhilnathan et 100 

al., 2020; Seymour et al., 2004). Finally, specific anatomical localization of RL signals in 101 

humans is rarely reported when they are incidentally detected, complicating 102 

comparisons to model organisms. These challenges may explain heterogeneity in 103 

previously reported cerebellar activations during RL (Garrison et al., 2013; Kruithof et 104 

al., 2023; O’Doherty et al., 2003).  105 

Theoretical gaps also remain, particularly regarding constraints on cerebellar RL 106 

computations. One candidate constraint is temporal sensitivity: In associative motor 107 

learning, the cerebellum is optimized for processing rapid cue-outcome intervals (i.e., < 108 

~2 seconds; (Avraham et al., 2022; Brudner et al., 2016; Chettih et al., 2011; Ivry & 109 

Keele, 1989; Kitazawa et al., 1995; Smith, 1968), and learning is attenuated when these 110 

intervals are exceeded (Gerwig et al., 2008). In contrast, areas like basal ganglia, 111 

hippocampus, and neocortex can associate events over longer timescales (Buhusi & 112 
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Meck, 2005; Foerde & Shohamy, 2011). We thus hypothesize that the cerebellum may 113 

be selectively engaged in RL when predictive associations unfold rapidly. 114 

We tested this hypothesis using choice behavior, eye-tracking, physiological 115 

recordings, and model-based fMRI in humans. Our task avoided low-level sensorimotor 116 

associations and we optimized cerebellar coverage. By manipulating delays between 117 

choice and feedback, we tested temporal constraints on cerebellar RL signals. 118 

Moreover, we used whole-brain fMRI to compare cerebellar RL signals to those in 119 

canonical RL regions, to link neural responses to behavior, and to ask if RL feedback 120 

drives functional correlations with other regions of the brain. 121 

Methods 122 

Participants 123 

Thirty-five individuals participated in the study (Mean age = 22.9 [18-33]; N 124 

female = 24). We planned on excluding participants that were not engaging in the task 125 

(not responding to >25% of trials or only responding with one response >90% of trials) 126 

or that produced too much head motion during the scan (maximum motion over 2.5mm). 127 

No participants met our behavioral exclusion threshold. Two participants were excluded 128 

for excessive head motion and an additional subject was excluded for technical issues 129 

with the data. Our final sample was 32 participants (Mean age = 22.8 [18-33]; N female 130 

= 24). The task protocol was approved by the Yale Institutional Review Board. 131 

Participants were compensated $30/hr. They were also told that they could receive up 132 

to $10 bonus payment for their performance in the task to connect the reward feedback 133 

during the task to actual reward. We gave all participants the full bonus payment. 134 
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Experimental session 135 

The experimental session was 2hrs long. Participants arrived and were 136 

consented and screened for metal. In the scanner, they completed three runs of a 137 

probabilistic reinforcement learning (RL) task and three runs of a statistical learning (SL) 138 

task (not discussed here). The RL task was always performed before the SL task. Each 139 

functional run began with an eye-tracker calibration phase (Eyelink 1000 Plus, Long-140 

range monocular). After the functional runs, we collected a T1 weighted anatomical 141 

image before bringing them out of the scanner. Finally, the session concluded with a 142 

test phase for the SL task and a debriefing questionnaire. Task and protocol details are 143 

explained below. 144 

Reinforcement learning task  145 

Participants performed three runs of a probabilistic reinforcement learning task in 146 

the scanner. During each run, participants saw four pairs of images (8 unique images 147 

per run) across trials (Supplemental Figure 1). On each trial, they saw one pair of 148 

images side-by-side and used an MR-safe, two-button button box with their right hand 149 

to select one of the two images (index finger to select left image, middle finger to select 150 

right image). They received probabilistic reward feedback (reward: +1 or nonreward: +0) 151 

on their response after a delay (Figure 1a). One image in each pair was associated with 152 

a .25 reward probability and the other with a .75 reward probability throughout a run of 153 

trials. Participants were instructed to select the stimulus on each trial that they thought 154 

was most likely to give them points. They were informed that their point total would be 155 

translated into a monetary bonus at the end of the session (up to $10) to motivate them 156 

to perform well and ensure that the point-feedback was rewarding. Crucially, the 157 
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location of each image was counterbalanced across trials so that reward information 158 

was associated with the image – the abstract choice – and not with a specific location or 159 

motor action.  160 

We manipulated the delay between stimulus offset and the presentation of the 161 

reward feedback in order to test the hypothesis that the cerebellum would be particularly 162 

involved in processing short-latency feedback signals. Participants viewed the pairs of 163 

stimuli for 1.5s on each trial, during which time they made their response. Once they 164 

made their response, the fixation cross changed color to indicate that their choice had 165 

been registered and the stimuli remained on the screen for the remainder of the 1.5s. 166 

The stimuli then disappeared and there was a delay before they were presented with 167 

reward feedback for 1s. To test the hypothesis that the cerebellum would be sensitive to 168 

short-latency feedback, we assigned two pairs in each run to a short feedback delay 169 

where the feedback appeared .8s after the stimulus disappeared and the other two pairs 170 

to a long feedback delay where feedback appeared after 3s. If they did not respond 171 

quickly enough, they received the feedback “Please respond faster.” There was a 172 

jittered inter-trial interval (ITI; 1-3s) after feedback presentation.  173 

Prior to the three runs of the task, participants executed a short practice block 174 

with two pairs of stimuli to orient them to the task. There was no variation in the delay 175 

between responses and feedback in the practice block. During the main runs, 176 

participants performed 96 trials during a run (24 presentations per pair randomly 177 

interleaved). New stimuli were used in each run to prevent participants from using 178 

learned values from previous runs. 179 
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Behavioral and physiological analysis 180 

We used participant choices and RTs to characterize their behavior. Trials where 181 

participants did not respond were excluded from analysis. Learning was operationalized 182 

as the probability of selecting the stimulus associated with the higher reward probability 183 

across trials. To quantify learning we implemented a generalized linear model that used 184 

iteration (how many times the participant had viewed a specific pair of stimuli) to predict 185 

whether or not they chose the higher value stimulus (1 = chose higher value stimulus; 0 186 

= chose lower value stimulus). Overall learning was measured as the probability of 187 

selecting the higher value stimulus across all trials. We used t-tests to compare overall 188 

learning and RTs between short and long delay trials and to compare gaze and 189 

biophysiological measures on rewarded versus nonrewarded trials. 190 

We additionally collected eyetracking data during the entirety of the scan using a 191 

long-range Eyelink 1000 plus. We did not obtain eyetracking data from two participants 192 

who used MR-safe glasses during the scan which interfered with tracking and an 193 

additional participant due to equipment malfunction. We began each run with a 194 

calibration phase. We were primarily interested in differences in gaze behavior on 195 

rewarded versus nonrewarded trials that might impact our results. To examine this 196 

possibility, we summarized gaze behavior within each trial and at feedback by counting 197 

the number of saccades in these time intervals and used a t-test to compare between 198 

rewarded and nonrewarded trials.  199 

Finally, we collected pulse and respiration data from each participant using 200 

Siemens peripheral devices during scanning (samples every 2.5ms). We used a pulse-201 

oximeter positioned on the index finger of the participant’s left hand to collect pulse data 202 

JN
eurosci

 Acce
pted M

an
uscr

ipt



11 

and a respiration belt positioned around the participant’s abdomen to track respiration. 203 

A portion of the data was lost due to signal drop out during the task, or subsequent data 204 

storage issues. For five additional participants, we excluded their pulse data from our 205 

analyses as the pulse-oximeter was unable to acquire a reliable pulse signal. Thus, of 206 

the usable runs of functional BOLD data (86 runs across 32 participants), we retained 207 

74.4% of the respiration data (64 runs across 24 participants) and 55.8% of the pulse 208 

data (48 runs across 18 participants) for analysis. 209 

We were primarily interested in whether these physiological metrics varied 210 

significantly across rewarded and nonrewarded trials in a way that might impact our 211 

results. To test this, we calculated trialwise pulse and respiration rates and then 212 

compared these rates on rewarded versus nonrewarded trials. After extracting the data 213 

for each metric in each run, we used the peakdet function in Matlab (Eli Billauer, 2009) 214 

to locate local minima and maxima in the traces. We then calculated a trialwise rate by 215 

counting the number of maxima and minima from the onset of the stimuli on one trial to 216 

the onset of the stimuli for the next trial and divided that count by the duration between 217 

these two time points (in minutes) to determine the rate. We opted to average the 218 

number maxima and minima during the time-window-of-interest in this calculation in 219 

order to account for situations where a portion, but not all, of a cardiac or respiratory 220 

cycle fell within the window of interest. We then calculated subjectwise averages of 221 

these rates for rewarded and nonrewarded trials separately and used a t-test to 222 

compare the rates.  223 

Computational modeling 224 
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We conducted an RL modeling analysis on subjects’ trial-by-trial behavioral data. 225 

These models allowed us to bridge our behavioral and neural data through the lens of 226 

reinforcement learning theory (Sutton & Barto, 1998). Specifically, we aimed to model 227 

subject behavior to estimate latent variables that reflect the core prediction error 228 

processes of RL, and then use these computational estimates to explain variance in 229 

neural data using model-based fMRI (Cohen et al., 2017). This computational analysis 230 

thus allowed us to generate inferred reward prediction error (RPE) time-courses for use 231 

in our neural analyses.  232 

To model RL behavior and RPEs, we employed a well-established RL model with 233 

the basic form: 234 

(1)    Q(s)t+1 = Q(s)t + αδ 235 

(2)    δ = r - Q(s)t 236 

where the value (Q) of a given stimulus (s) that is chosen by the participant on trial t is 237 

updated according to the RPE (δ) on that trial (the difference between the expected 238 

value Q, and received reward r), with a learning rate parameter α.  239 

We compared the fit of three models to participant data. We fit one variant of the 240 

model with a single learning rate: 241 

(3)    Q(s)t+1 = Q(s)t + αδ 242 

We fit an additional model with separate learning rates (α+, α–) for rewarded 243 

versus nonrewarded outcomes (Frank et al., 2007; Trach et al., 2025): 244 

(4) 𝑄(𝑠)𝑡+1 =  {
𝑄(𝑠)𝑡 + 𝛼+𝛿     𝑖𝑓 𝑟 = 1  

𝑄(𝑠)𝑡 + 𝛼−𝛿     𝑖𝑓 𝑟 = 0
  245 
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Finally, because our task consisted of stimulus pairs, it is possible that participants may 246 

make counterfactual inferences, such that if one stimulus of the pair was rewarding 247 

them that the other would be unlikely to give them reward, and vice versa (Boorman et 248 

al., 2011). In other words, they may update both the Q value of the chosen stimulus, s, 249 

and of the unchosen stimulus, s’, when they receive feedback about s. We 250 

operationalized this by adding two additional free parameters that dictated how much 251 

feedback about the chosen stimulus would impact the Q value of the unchosen stimulus 252 

on rewarded and non-rewarded trials:  253 

(5) 𝑄(𝑠)𝑡+1 =  {
𝑄(𝑠)𝑡 + 𝛼+𝛿     𝑖𝑓 𝑟 = 1  

𝑄(𝑠)𝑡 + 𝛼−𝛿     𝑖𝑓 𝑟 = 0
  254 

(6) 𝑄(𝑠′)𝑡+1 =  {
𝑄(𝑠′)𝑡 + 𝜔+(0 −  𝑄(𝑠′)𝑡)    𝑖𝑓 𝑟 = 1  

𝑄(𝑠′)𝑡 + 𝜔−(1 −  𝑄(𝑠′)𝑡)     𝑖𝑓 𝑟 = 0
  255 

Across all models, action selection between the two presented stimuli was 256 

modeled using the softmax function: 257 

(7)    p(s) = exp(βQ(s)) / Σi exp(βQ(si))                                         258 

where β reflects the inverse softmax temperature. We used the MATLAB function 259 

fmincon to fit our model to each subject’s observed choice data, optimizing the 260 

parameter values to maximize the log posterior probability of the choice data given the 261 

model. During fitting, α, (α+, α–), and (𝜔 +, 𝜔 –) were constrained on [0,1] and β on [0,50], 262 

and a Gamma (2,3) prior distribution was used to discourage extreme values of β 263 

(Leong et al., 2017; Trach et al., 2025). Importantly, we fit one of each fitted parameter 264 

per subject rather than fitting new values for each run (i.e., three of each per 265 

participant). The fitted parameters are thus optimized to best reflect participant learning 266 
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and performance across runs. This approach gives us more data to derive a stable 267 

estimate of these parameters for each subject. Further, theoretically, these fitted 268 

parameters should reflect psychological variables that remain relatively stable within the 269 

task context, and fitting runs separately could lead to overfitting. The fitting procedure 270 

was conducted 200 times per subject with randomized starting parameter values to 271 

avoid local minima. Simulated choice data (from the optimized model) were produced to 272 

investigate and visualize the model’s ability to replicate the main behavioral findings, 273 

and to generate the trial-by-trial RPE time courses that were fit to the neural data (see 274 

below; see also Supplemental Figure 2). 275 

We compared models using the Bayesian Information Criterion (BIC). This fit 276 

metric was implemented here as it balances both goodness of fit with model complexity. 277 

Smaller values of BIC are indicative of better model fit. We found that the dual learning 278 

rate model was the best fit for participant behavior (one learning rate model: summed 279 

BIC = 10,291; dual learning rate model: summed BIC = 9,953; inference model: 280 

summed BIC = 10,027; Supplemental Figure 2). Thus, we used the dual learning rate 281 

model to simulate RPEs for our analyses, though we note that all models produced 282 

similar RPE timecourses (Supplemental Figure 2).Thus, we used the dual learning 283 

rate model in our analyses. Simulated choice data (from the optimized model) were 284 

produced to investigate and visualize the model’s ability to replicate the main behavioral 285 

findings, and to generate the trial-by-trial RPE time courses that were fit to the neural 286 

data (see below). 287 

fMRI acquisition and pre-processing 288 
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MR data were acquired with a 3T Siemens Prisma scanner with a 64-channel 289 

head coil at BrainWorks at the WuTsai Institute at Yale University. Whole-brain 290 

functional images were collected using an echo-planar imaging sequences with 291 

Repetition time (TR) = 1000ms, Echo time (TE) = 30ms, voxel size = 2.5x2.5x3 mm3, 292 

field-of-view = 20.8 x 20.8 x 20.8 cm3, 48 slices, P to A phase encoding direction, with 293 

multi-band acceleration factor = 3 (interleaved) and in-plane acceleration factor = 2. 294 

Gradient echo field maps were acquired to correct for distortions due to B0 295 

inhomogeneities (acquisition parameters: voxel size = 3 × 3 × 3 mm3, field-of-view = 24 296 

× 24 × 24 cm3). We also collected a high-resolution T1 weighted MPRAGE, voxel size = 297 

1 mm3, field-of-view = 25.6 × 25.6 × 25.6 cm3.  As previously noted, we used Siemens 298 

peripherals to track pulse and respiration during the functional runs as well. 299 

Anatomical data preprocessing 300 

Preprocessing was performed using fMRIPrep 23.2.1 (Esteban et al., 2018, 301 

2019), which is based on Nipype 1.8.6 (Gorgolewski et al., 2011; Krzysztof J. 302 

Gorgolewski et al., 2018). The T1w image was corrected for intensity non-uniformity 303 

(INU) with N4BiasFieldCorrection (Tustison et al., 2010), distributed with ANTs 2.5.0 304 

(Avants et al., 2008), and used as T1w-reference throughout the workflow. The T1w-305 

reference was then skull-stripped with a Nipype implementation of the 306 

antsBrainExtraction.sh workflow (from ANTs), using OASIS30ANTs as target template. 307 

Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-308 

matter (GM) was performed on the brain-extracted T1w using fast (FSL, 309 

RRID:SCR_002823 (Zhang et al., 2001). Brain surfaces were reconstructed using 310 

recon-all (FreeSurfer 7.3.2, RRID:SCR_001847, (Dale et al., 1999), and the brain mask 311 
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estimated previously was refined with a custom variation of the method to reconcile 312 

ANTs-derived and FreeSurfer-derived segmentations of the cortical gray-matter of 313 

Mindboggle (RRID:SCR_002438, Klein et al., 2017). Volume-based spatial 314 

normalization to one standard space (MNI152NLin2009cAsym) was performed through 315 

nonlinear registration with antsRegistration (ANTs 2.5.0), using brain-extracted versions 316 

of both T1w reference and the T1w template.  317 

Functional data preprocessing  318 

For each of the BOLD runs per subject (across all tasks and sessions), the 319 

following preprocessing was performed. First, a reference volume was generated, using 320 

a custom methodology of fMRIPrep, for use in head motion correction. Head-motion 321 

parameters with respect to the BOLD reference (transformation matrices, and six 322 

corresponding rotation and translation parameters) are estimated before any 323 

spatiotemporal filtering using mcflirt (FSL, Jenkinson et al., 2002). The BOLD reference 324 

was then co-registered to the T1w reference using bbregister (FreeSurfer) which 325 

implements boundary-based registration (Greve & Fischl, 2009). Co-registration was 326 

configured with twelve degrees of freedom to account for distortions remaining in the 327 

BOLD reference. Several confounding time-series were calculated based on the 328 

preprocessed BOLD: framewise displacement (FD), DVARS and three region-wise 329 

global signals. FD was computed using two formulations following Power (absolute sum 330 

of relative motions, Power et al., 2014) and Jenkinson (relative root mean square 331 

displacement between affines, Jenkinson et al., 2002). FD and DVARS are calculated 332 

for each functional run, both using their implementations in Nipype (following the 333 

definitions by (Power et al., 2014). The three global signals are extracted within the 334 
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CSF, the WM, and the whole-brain masks. Additionally, a set of physiological 335 

regressors were extracted to allow for component-based noise correction (CompCor, 336 

Behzadi et al., 2007). Principal components are estimated after high-pass filtering the 337 

preprocessed BOLD time-series (using a discrete cosine filter with 128s cut-off) for the 338 

two CompCor variants: temporal (tCompCor) and anatomical (aCompCor). tCompCor 339 

components are then calculated from the top 2% variable voxels within the brain mask. 340 

For aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are 341 

generated in anatomical space. The implementation differs from that of Behzadi et al. 342 

(2007) in that instead of eroding the masks by 2 pixels on BOLD space, a mask of 343 

pixels that likely contain a volume fraction of GM is subtracted from the aCompCor 344 

masks. This mask is obtained by dilating a GM mask extracted from the FreeSurfer’s 345 

aseg segmentation, and it ensures components are not extracted from voxels 346 

containing a minimal fraction of GM. Finally, these masks are resampled into BOLD 347 

space and binarized by thresholding at 0.99 (as in the original implementation). 348 

Components are also calculated separately within the WM and CSF masks. For each 349 

CompCor decomposition, the k components with the largest singular values are 350 

retained, such that the retained components’ time series are sufficient to explain 50 351 

percent of variance across the nuisance mask (CSF, WM, combined, or temporal). The 352 

remaining components are dropped from consideration. The head-motion estimates 353 

calculated in the correction step were also placed within the corresponding confounds 354 

file. The confound time series derived from head motion estimates and global signals 355 

were expanded with the inclusion of temporal derivatives and quadratic terms for each 356 

(Satterthwaite et al., 2013). Frames that exceeded a threshold of 0.5 mm FD or 1.5 357 
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standardized DVARS were annotated as motion outliers. Additional nuisance time 358 

series are calculated by means of principal components analysis of the signal found 359 

within a thin band (crown) of voxels around the edge of the brain, as proposed by 360 

Patriat et al. (2017). All resamplings can be performed with a single interpolation step by 361 

composing all the pertinent transformations (i.e. head-motion transform matrices, 362 

susceptibility distortion correction when available, and co-registrations to anatomical 363 

and output spaces). Gridded (volumetric) resamplings were performed using 364 

nitransforms, configured with cubic B-spline interpolation. (Copyright Waiver: Much of 365 

the above boilerplate text was automatically generated by fMRIPrep with the express 366 

intention that users should copy and paste this text into their manuscripts unchanged. It 367 

is released under the CC0 license.) 368 

Additional pre-processing after fMRIprep  369 

The primary aim of this study was to isolate neural correlates of RL within the 370 

cerebellum. Thus, we ran planned analyses on masked cerebellar data, in addition to 371 

the whole brain. To constrain analyses within the cerebellum and avoid bleed-over from 372 

adjacent visual/temporal regions, we masked the cerebellum from functional data 373 

aligned to standard MNI space prior to spatial smoothing. Whole-brain and cerebellar-374 

masked data was spatially smoothed with a 5mm kernel. We excluded runs where 375 

participants produced any movement over 2.5mm (1 voxel; N = 10 runs) and excluded 376 

participants if they did not have multiple runs to contribute (N = 2). One additional 377 

participant was excluded due to technical difficulties. 378 

fMRI analysis 379 
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Whole-brain and cerebellar univariate analysis 380 

We modeled BOLD responses using generalized linear models (GLMs) 381 

implemented in FSL (version 6.0.7.9). Results from three GLMs are presented in the 382 

main text, with additional results from another GLM in the supplement. First, we used a 383 

GLM to examine responses to reward versus nonreward feedback. We modeled events 384 

as boxcar regressors that lasted for the duration of the event of interest. Regressors of 385 

interest were convolved with a double gamma HRF using FSL. Here, we included 386 

separate task regressors, in addition to our confound regressors, for 1) choice stimulus 387 

appearance, 2) participant response (or delay onset if there was no response), 3) short-388 

delay feedback (with rewarded trials modeled as 1 and nonrewarded trials as -1), and 4) 389 

long-delay feedback (with rewarded trials modeled as 1 and nonrewarded as -1). This 390 

design meant that main effects of the feedback regressors would highlight regions of the 391 

brain that preferentially respond to rewarding versus nonrewarding feedback. Thus, 392 

combinations and contrasts of these two regressors can be used to highlight regions of 393 

the brain that are sensitive to reward across delays and also regions that are delay-394 

sensitive.  395 

We used a model-based approach to locate neural correlates of RPEs and 396 

surprise (|RPE|) in the brain. To do this, we fit RL models to participant choice data 397 

(described above) to obtain participant-specific learning and choice parameters. Then, 398 

we used these fitted parameters to simulate trial-by-trial RPEs based on the series of 399 

trials that each participant experienced. We included separate parametric regressors for 400 

RPEs on short-delay trials versus long-delay trials. In the main version of this model 401 

(presented in the main text), we included only rewarded trials in the analysis. Crucially, 402 
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this allows us to measure true RPE responses that are not confounded with valence. In 403 

this model, we additionally included regressors for 1) stimulus appearance, 2) 404 

participant response, and 3) the appearance of the feedback. Thus, positive correlations 405 

with the RPE regressors should not be due to the appearance of feedback alone or 406 

generalized valence responses, but rather with the trial-by-trial variation in inferred RPE. 407 

In another version of this model (presented in Supplemental Figure 3), we included 408 

both rewarded and nonrewarded trials. Here, we included an additional regressor for 409 

valence to ensure that correlations with the RPE regressors are not driven by general 410 

reward versus nonreward effects (though we note that the valence and RPE regressors 411 

are highly colinear, making this model suboptimal). We took a similar approach to 412 

examine correlates of surprise. In this case, the parametric regressor was the absolute 413 

value of RPEs. Finally, we also leveraged this computational framework to conduct an 414 

exploratory analysis examining reward anticipation signals in cerebellum. In this 415 

analysis, we used a parametric regressor that had the Q-value of the chosen stimulus 416 

for each trial, time-locked to when the shapes were initially presented during the trial. All 417 

parametric regressors were z-scored before running the models. 418 

We also conducted a whole-brain GLM with task performance as a covariate in 419 

the model to assess if RPE signals were related to behavior. Our primary goal was to 420 

assess whether cerebellar RPE activity was related to learning for the short-delay pairs. 421 

To that end, we quantified performance for the short-delay pairs by calculating the 422 

probability of selecting the higher reward probability shape across all presentations of 423 

these pairs. We included this metric as a covariate in the group-level analysis for 424 

temporally sensitive RPE signals (i.e., the contrast of RPE activity on rewarded trials on 425 
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short versus long delay trials). We repeated this analysis with performance for long 426 

delay pairs and again for the difference in performance between short and long delay 427 

pairs. 428 

In addition to our regressors of interest, we included a variety of motion and 429 

noise regressors in all GLMs. We extracted motion regressors from the fMRIprep 430 

pipeline and included six rigid body regressors, a DVARS regressor to account for 431 

overall motion, and regressors to scrub high motion (>.5mm) TRs. We included the first 432 

10 components of the aCompCor regressors from fMRIprep to account for noise from 433 

white matter or cerebrospinal fluid.  434 

Runs were combined within-subject before group-level analyses (FLAME 1). We 435 

used a cluster-forming threshold of p < .001 and a family-wise error cluster-corrected 436 

threshold of p < 0.001, unless otherwise specified in the text. We additionally present 437 

results thresholded at 0 in Supplemental Figure 4. For cerebellar-specific analyses we 438 

cluster-corrected within the cerebellum. We used nilearn (version 0.8.1) to visualize 439 

whole-brain results and the SUIT toolbox (Diedrichsen, 2006; Diedrichsen et al., 2009; 440 

Diedrichsen & Zotow, 2015) to visualize cerebellar results on flat maps. 441 

ROI analyses  442 

We conducted additional analyses in a priori anatomical ROIs to examine 443 

correlates of reward processing and RPE. We used anatomical ROIs from the Harvard-444 

Oxford atlas to create ROI masks. We then extracted subject-wise average 𝜷-445 

parameters from the second-level GLM analysis within each mask for each contrast of 446 

interest. We used nonparametric bootstrap hypothesis tests to test whether the 447 
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measured effect was significantly different from zero in each ROI. We opted for these 448 

nonparametric tests as they are robust to statistical assumptions necessary for standard 449 

parametric tests. For each bootstrap iteration, we randomly sampled from the measured 450 

values with replacement to create a distribution. We repeated this process 1,000 times 451 

and computed p-values and 95% confidence intervals by comparing the distribution 452 

means to the null value (zero in this case). 453 

Psychophysiological interaction (PPI) analysis 454 

We used psychophysiological interaction analyses (Gitelman et al., 2003) to 455 

examine task-dependent changes in functional correlations between the cerebellum and 456 

cerebrum during feedback processing. This approach examines whether functional 457 

coupling between a seed region and other regions of the brain is modulated by 458 

experimental factors. We first extracted a time series of activation from our two a priori 459 

cerebellar lobular ROIs (Crus I and Crus II) as the physiological regressors in this 460 

analysis. Then, we constructed the psychological regressor that identified feedback 461 

epochs in the task versus other trial epochs (e.g., stimulus appearance, delay etc.) 462 

which was convolved with a canonical hemodynamic response function. Finally, we 463 

created a regressor that reflected the interaction of the physiological and psychological 464 

regressors. This regressor reveals regions of the brain that significantly covary with the 465 

seed region specifically during the epochs of interest.  466 

Data and code availability statement 467 

Processed data and code will be available upon publication of the manuscript. 468 
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Results 469 

Human Crus I and Crus II preferentially respond to reward feedback 470 

Participants (N=32) performed a probabilistic reinforcement learning (RL) task 471 

while undergoing fMRI. Participants observed two stimuli on each trial and used a 472 

button box to select the stimulus (left or right) that they thought was most likely to yield a 473 

reward (Figure 1a). Their goal was to win points to earn a monetary bonus at the end of 474 

the task. After they made their choice, there was a delay period (short delay: 0.8s; long 475 

delay: 3s) before they received probabilistic reward feedback (nonrewarded trials: +0; 476 

rewarded trials: +1) which they could use to guide future choices. Participants saw four 477 

distinct pairs of stimuli within each run (see Methods and Supplemental Figure 1). In 478 

each pair, one stimulus was associated with a .75 probability of reward and the other 479 

with a .25 probability of reward. Importantly, the location of the stimuli was randomized 480 

across trials, such that rewards were associated with the abstract stimulus choice rather 481 

than a specific motor action or spatial location. Our a priori regions of interest (ROIs) 482 

were Crus I and Crus II in the cerebellum (following work in nonhuman primates 483 

(Sendhilnathan et al., 2020) and rodents (Heffley & Hull, 2019)), and canonical 484 

subcortical RL regions in nucleus accumbens (NAc), caudate nucleus (Cd), and 485 

hippocampus (Hpc; Figure 1b). 486 

Participants performed the RL task well, showing significant learning across trial 487 

blocks (GLM: choose correct ~ iteration + (1|subject); iteration: b = 0.026, SE = 0.0037, 488 

z = 6.93, p < .001; Figure 1c; see also Supplemental Figure 2).  These learning data 489 

were fit with an RL model which was used for later model-based fMRI analyses (see 490 
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Methods). Importantly, the plateau in the performance curve does not mean that 491 

participants were only actively learning early in the block - their performance plateaued 492 

at choosing the more rewarding stimulus on 73.8% of trials in the last five iterations of 493 

each stimulus pair, rather than 100% which would be the optimal behavior. Additionally, 494 

because reward feedback was probabilistic, participants will continue to experience 495 

prediction errors throughout the block.  496 

At the group level, feedback delay did not significantly affect choice behavior or 497 

reaction times (p(choose higher value stimulus): t(31) = 0.51, 95% CI = [-0.02, 0.04], p = 498 

.616; RT: t(31) = 0.03, 95% CI = [-0.01, 0.01], p = .976; Figure 1d). Crucially, there was 499 

comparable gaze behavior (Figure 1e; at feedback: N saccades: t(28) = 0.76, 95% CI = 500 

[-0.05, 0.11], p = .451) and physiological measures (Figure 1f; rewarded versus 501 

nonrewarded trials: respiration: t(23) = -0.95, 95% CI = [-0.37, 0.14], p = .353; pulse: 502 

t(18) = 1.27, 95% CI = [-0.25, 0.83], p = .274) on rewarded versus nonrewarded trials, 503 

meaning that our key neural analyses would not be significantly confounded by these 504 

factors. (This is an important control, as confounding factors like eye movements can 505 

influence cerebellum activity.) 506 

For our neural analyses, we first used generalized linear models (GLMs) to 507 

examine activity between rewarded and nonrewarded trials. In addition to canonical 508 

reward processing regions (Figure 2a, left panel), we also observed significant activity 509 

in the lateral cerebellum around the Crus I/Crus II boundary that reflected greater 510 

feedback responses on rewarded versus nonrewarded trials (Figure 2a, right panel). 511 

The localization of these signals broadly corresponds with previously reported effects in 512 
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both rodents (Heffley & Hull, 2019) and nonhuman primates (Sendhilnathan et al., 513 

2020).  514 

 515 

Cerebellar reward signals are temporally constrained 516 

We next tested whether these cerebellar signals were affected by feedback 517 

delay. We hypothesized that the cerebellum would be specifically responsive to 518 

feedback on short-delay (0.8s) versus long-delay (3s) trials, echoing temporal 519 

constraints on cerebellar processing in motor learning tasks (Brudner et al., 2016; 520 

Cheng et al., 2008; Kitazawa et al., 1995). We thus examined responses to rewards at 521 

short- and long-delay intervals separately. In line with our hypothesis, we found 522 

significant cerebellar responses to rewards on short-delay, but not long-delay, trials 523 

(Figure 2b; see Supplemental Figure 5). Activity was primarily localized to Crus I and 524 

Crus II. The null findings on long delay trials held even with a relaxed statistical 525 

threshold (cluster-corrected in cerebellum, p < .05), indicating that the lack of significant 526 

reward responses at long delays was not simply a result of conservative thresholding.  527 

We additionally asked whether this temporal sensitivity was specific to the 528 

cerebellum, or was also reflected in other reward processing regions (NAc, Cd, and 529 

Hpc; (Foerde & Shohamy, 2011)). We extracted 𝜷-values for the rewarded > 530 

nonrewarded contrast (Figure 2c; see also Supplemental Figure 5 for main effects of 531 

reward versus non-reward feedback) from these ROIs at short and long delays. 532 

Corroborating the whole cerebellum results, the a priori anatomical cerebellar ROIs only 533 

exhibited significant positive responses at short delays (nonparametric bootstrap test: 534 
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short delays: Crus I: M = 0.32, 95% CI = [0.19, 0.45], p < .001; Crus II: M = 0.29, 95% 535 

CI = [0.16, 0.42], p < .001; long delays: Crus I: M = -0.09, 95% CI = [-0.26, 0.10], p = 536 

.346; Crus II: M = 0.02, 95% CI = [-0.15, 0.19], p = .844). This pattern of results in 537 

cerebellum was driven by significant positive activity during feedback on short delay 538 

trials (Supplemental Figure 5; nonparametric bootstrap test: Crus I: short-delay reward 539 

effect: M = 0.51, 95% CI = [0.33, 0.68], p < .001; short-delay no-reward effect: M = 0.28, 540 

95% CI = [0.12, 0.44], p < .001;  Crus II: short-delay reward effect: M = 0.31, 95% CI = 541 

[0.08, 0.53], p = .006; short-delay no-reward effect: M = 0.07, 95% CI = [-0.10, 0.24], p = 542 

.045) and negative activity on long delay trials whose magnitude was invariant to the 543 

valence of the feedback (nonparametric bootstrap test: Crus I: long-delay reward effect: 544 

M = -0.44, 95% CI = [-0.64,-0.24], p < .001; long-delay no-reward effect: M = -0.43, 95% 545 

CI = [-0.59,-0.25], p < .001; Crus II: long-delay reward effect: M = -0.11, 95% CI = [-546 

0.25,-0.05], p = .176; long-delay no-reward effect: M = -0.16, 95% CI = [-0.31,-0.03], p = 547 

.010).  548 

In striatum, the caudate showed a similar effect as the cerebellum 549 

(nonparametric bootstrap test: short delays: M = 0.20, 95% CI = [0.03, 0.36], p =.020; 550 

long delays: M = 0.04, 95% CI = [-0.11, 0.20], p = .648). However, the ventral striatum 551 

ROI (NAc) and hippocampus (Hpc) had significant responses at both short and long 552 

feedback delays (nonparametric bootstrap test: short delays: NAc: M = 0.84, 95% CI = 553 

[0.60, 1.08], p < .001; Hpc: M = 0.23, 95% CI = [0.14, 0.33], p < .001; long delays: NAc: 554 

M = 0.64, 95% CI = [0.45, 0.80], p < .001; Hpc: M = 0.25, 95% CI = [0.13, 0.36], p < 555 

.001). Only the cerebellar ROIs exhibited significantly stronger responses at short 556 

versus long feedback delays (short > long: Crus I: M = 0.30, 95% CI = [0.18, 0.44], p < 557 
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.001; Crus II: M = 0.20, 95% CI = [0.07, 0.33], p = .002; Cd: M = 0.12, 95% CI = [-0.01, 558 

0.25], p = .072; NAc: M = 0.15, 95% CI = [-0.01, 0.31], p = .072; Hpc: M = -0.01, 95% CI 559 

= [-0.11, 0.08], p = .826). Further, the difference in response to short versus long delay 560 

feedback was significantly larger in Crus I than in Cd or Hpc (Crus I: M = 0.40; NAc: M = 561 

0.21; Cd: M = 0.16; Hpc: M = -0.02; Crus I vs NAc: 95% CI = [-0.07, 0.44], p = .142; 562 

Crus I vs Cd: 95% CI = [0.07, 0.41], p = .006; Crus I vs Hpc: 95% CI = [0.15,0.68], p = 563 

0.002) and in Crus II (M = 0.27) than in Hpc (Crus II vs NAc: 95% CI = [-0.2,0.31], p = 564 

.614; Crus II vs Cd: 95% CI = [-0.1, 0.31], p = .298; Crus II vs Hpc: 95% CI = 565 

[0.05,0.53], p = 0.016). Taken together, these results provide evidence for temporally 566 

constrained reward processing in the human cerebellum during RL and also show that 567 

the delayed feedback did not globally abolish reward signals. 568 

Model-based analyses reveal time-sensitive RPE computations in human cerebellum 569 

We next tested whether the human cerebellum tracked the core teaching signal 570 

in RL: reward prediction error (RPE). We leveraged computational modeling to examine 571 

RPEs in the cerebellum (Figure 3a). To do this, we fit RL models to each participant’s 572 

behavior to obtain learning and choice parameters for each subject (see Methods; 573 

Figure 1c and Supplemental Figure 2). We then used these subject-specific 574 

parameters to simulate trial-by-trial RPEs based on a participant’s unique sequence of 575 

trials and choices. The time course of these computationally inferred RPEs serves as a 576 

prediction about activity in regions of the brain that may encode RPE signals. We 577 

restricted our main analyses to RPEs on rewarded trials to avoid the strong collinearity 578 

with valence signals (see Methods; see Supplemental Figure 3 for RPE results across 579 

rewarded and nonrewarded trials).  580 

JN
eurosci

 Acce
pted M

an
uscr

ipt



28 

We found robust RPE responses at the boundary of Crus I and Crus II in the 581 

cerebellum, in addition to canonical RPE signals in the ventral striatum (Figure 3b). 582 

Like reward-related activation, RPE responses were temporally constrained, and only 583 

detectable on short-delay trials (Figure 3c and Supplemental Figure 3). Regions 584 

within Crus I and II, as well as caudate, showed significant RPE responses at short, but 585 

not long delays (Figure 3d; nonparametric bootstrap test: short delays: Crus I: M = 586 

0.65, 95% CI = [0.47, 0.81], p < .001; Crus II: M = 0.45, 95% CI = [0.28, 0.63], p < .001; 587 

Cd: M = 0.36, 95% CI = [0.20, 0.52], p < .001; long delays: Crus I: M = -0.30, 95% CI = 588 

[-0.46,- 0.16], p < .001; Crus II: M = 0.01, 95% CI = [-0.10, 0.12], p = .886; Cd: M = -589 

0.10, 95% CI = [-0.27, 0.07], p = .268), while nucleus accumbens and hippocampus 590 

displayed robust RPE responses at both short and long delays (short delays: NAc: M = 591 

0.84, 95% CI = [0.60, 1.08], p < .001; Hpc: M = 0.13, 95% CI = [0.04, 0.23], p = .002; 592 

long delays: NAc: M = 0.54, 95% CI = [0.39, 0.70], p < .001; Hpc: M = 0.22, 95% CI = 593 

[0.11, 0.33], p < .001; although stronger at short delays in NAc: short > long: M = 0.44, 594 

95% CI = [0.23, 0.65], p < .001; Foerde & Shohamy, 2011). The difference in RPE 595 

encoding for short versus long delay feedback was significantly larger in Crus I than all 596 

other ROIs (Crus I: M = 0.95; Crus II: M = 0.44; NAc: M = 0.3; Cd: M = 0.45; Hpc: M = -597 

0.08; Crus I vs NAc: 95% CI = [0.4, 0.92], p < .001; Crus I vs Cd: 95% CI = [0.26, 0.75], 598 

p < .001; Crus I vs Hpc: 95% CI = [0.78, 1.28], p < .001) and for Crus II versus Hpc 599 

(Crus I vs NAc: 95% CI = [-0.13,0.43], p = .316; Crus I vs Cd: 95% CI = [-0.28, 0.26], p 600 

= 0.99; Crus I vs Hpc: 95% CI = [0.29, 0.77], p < .001). Thus, we found that the human 601 

cerebellum encodes prediction errors that are used for learning in a nonmotor learning 602 
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task, and that these teaching signals may show similar temporal constraints as those 603 

observed in sensorimotor learning. 604 

RPEs can be signed (i.e., sensitive to valence) or unsigned (i.e., only sensitive to 605 

outcome surprise, but not valence). Thus, we used the same approach as above to 606 

examine neural correlates of surprise (|RPE|). This analysis, however, did not reveal 607 

any significant clusters of activity in the cerebellum, even at a relaxed statistical 608 

threshold, suggesting that human cerebellar RPE activity is dominated by a reward-609 

sensitive signal (see Discussion). 610 

In addition, this model-based analysis framework can be used to examine reward 611 

anticipation signals in the brain. Reward anticipation signals can be operationalized as 612 

the trial-by-trial Q-value associated with the stimulus that the participant chose. Again, 613 

in this exploratory analysis, we identify regions of the brain that have activity that is 614 

positively correlated with a computationally inferred value, in this case trial-by-trial Q-615 

values. We did not observe any significant positive activity in cerebellum related to 616 

stimulus Q-values, although there was substantial activity in the canonical medial frontal 617 

regions that did correlate with stimulus Q-values (Supplemental Figure 3; Bartra et al., 618 

2013). We return to this point in the Discussion. 619 

Linking cerebellar RPE activity to behavior 620 

An additional question we asked is whether the apparent cerebellar involvement 621 

in RL at short (but not long) feedback delays covaries with behavioral performance in 622 

the task. We note that we did not see general performance differences between delay 623 

conditions at the group level: On average, participants showed comparable learning and 624 
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RTs for stimulus pairs associated with short versus long feedback delays (p(choose 625 

higher value): t(31) = 0.51, 95% CI = [-0.02, 0.04], p = .616; RT: t(31) = 0.03, 95% CI = 626 

[-0.01, 0.01], p = .976; Figure 1d). However, we did observe individual differences in 627 

learning efficacy.  628 

To investigate brain-behavior correlations, we compared RPE signals for short 629 

versus long delay trials in a whole-brain GLM, and included RL performance in the short 630 

delay condition as a participant-wise covariate in the model. In other words, this 631 

analysis tests for voxels in the brain where stronger temporally sensitive RPE 632 

responses covary with how well a participant performed in the short delay condition. 633 

Strikingly, this whole-brain analysis revealed significant brain-behavior correlations only 634 

within the cerebellum: The analysis revealed a single significant cluster of activity on the 635 

Crus I/II boundary (albeit at a slightly relaxed statistical threshold for the whole-brain 636 

case; Figure 4; see also Supplemental Figure 4). As a control, we also repeated this 637 

analysis using performance on the long delay condition, and the difference between 638 

performance on the short versus long delay conditions, as covariates, and observed no 639 

significant clusters. To visualize this result more clearly, we used a mask of voxels that 640 

showed this pattern in cerebellum and plotted activity in this region for each subject 641 

against their performance at the short delay condition (Figure 4c). Although this 642 

analysis is correlational, it suggests that better reinforcement learning (in the short delay 643 

condition) was related to stronger temporally-sensitive cerebellar RPEs, thus linking our 644 

cerebellar results to behavioral outcomes. 645 
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Increased connectivity between cerebellar ROIs and cerebrum during feedback 646 

The cerebellum has bidirectional connections to much of the cerebral RL 647 

circuitry, including the basal ganglia and prefrontal cortex (Bostan et al., 2013; Bostan & 648 

Strick, 2018). Do cerebellar responses to RL feedback reflect connectivity with a wider 649 

cerebellar-striatal-frontal functional circuit? To address this question, we asked which 650 

regions of the cerebrum might be functionally coupled with the cerebellum during RL, 651 

specifically during feedback processing. We conducted exploratory psycho-652 

physiological interaction analyses (PPI; Di et al., 2021; Figure 5a) seeded in our two a 653 

priori anatomical cerebellar ROIs (Crus I and Crus II) to measure if and how functional 654 

correlations between the cerebellum and the rest of the brain increase during RL 655 

feedback above and beyond other task phases.  656 

 657 

We observed significant activity in the medial prefrontal cortex reflecting robust 658 

feedback-sensitive functional connectivity with cognitive regions of the cerebellum 659 

during RL, albeit at a slightly relaxed statistical threshold in the case of Crus I (Figure 660 

5b & c). Crus II also showed RL feedback-related functional correlations with lateral 661 

PFC regions. Further, at the relaxed statistical threshold, we saw significant connectivity 662 

between Crus II and the caudate nucleus (Figure 5c), the subcortical region that 663 

showed similar temporal sensitivity for RPE responses. These results suggest that 664 

nonmotor reward feedback increases functional coupling between the cerebellum and 665 

core corticostriatal circuits that support RL. 666 
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Discussion 667 

Here, we present evidence of temporally constrained cerebellar involvement in 668 

RL in humans. We found that cognitive regions of the human cerebellum (clusters 669 

spanning Crus I and II) responded to rewards and encoded reward prediction errors, 670 

extending recent work in model organisms (Heffley & Hull, 2019; Kostadinov et al., 671 

2019; Larry et al., 2019; Sendhilnathan et al., 2020; Wagner et al., 2017). These 672 

cerebellar RL responses were sensitive to feedback timing, as in motor learning (Gerwig 673 

et al., 2008; Ivry & Keele, 1989; Smith, 1968). Further, the degree of time-sensitive RPE 674 

encoding covaried with performance on short delay trials, connecting cerebellar RPEs 675 

to the efficacy of RL. Finally, functional connectivity analyses revealed communication 676 

between the cerebellum and corticostriatal circuitry during feedback (Bostan et al., 677 

2010; Bostan & Strick, 2018; Carta et al., 2019; Hoshi et al., 2005). These results 678 

implicate the cerebellum in prediction error-based learning beyond supervised 679 

sensorimotor learning, and highlight the importance of examining cerebellar responses 680 

in cognitive neuroscience (Wang et al., 2025). 681 

We note that our results are not the first to report prediction error signals in the 682 

human cerebellum (Lee et al., 2025; O’Doherty et al., 2003) or to suggest that the basal 683 

ganglia and cerebellum work collaboratively (Bostan & Strick, 2010). Previous work, 684 

however, did not necessarily isolate the signals we see here: First, in previous work, 685 

rewards were typically attached to specific motor actions, making it unclear whether 686 

cerebellar responses were driven by RL versus sensorimotor learning (Sendhilnathan et 687 

al., 2024; Wagner et al., 2017). Similarly, in other studies, reward or punishment 688 

feedback had significant sensorimotor components, including shocking of the skin and 689 
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the ingestion of juice (Maschke et al., 2002; O’Doherty et al., 2003). Such feedback is 690 

likely to drive sensorimotor learning processes in the cerebellum, and complicates 691 

interpretations of cerebellar prediction error responses. 692 

The fact that cerebellar RL signals were temporally sensitive could also explain 693 

why similar signals have not been reported consistently in the literature. fMRI studies 694 

are typically designed with long delays between stimuli to accommodate the slow 695 

hemodynamic response or supra-second TR measurements, which could blunt 696 

cerebellar learning signals. Additionally, much human fMRI work does not report what 697 

exact regions of the cerebellum are involved. Functional mapping of the cerebellar 698 

cortex has revealed a mosaic of functional regions, mirroring the complexity of the 699 

cerebral cortex (King et al., 2019; Nettekoven et al., 2024; Saadon-Grosman et al., 700 

2024). These advances make specific localization of cerebellar signals increasingly 701 

important, and de-emphasize the functional importance of lobular boundaries. Notably, 702 

precision mapping research has characterized multiple functional subregions that are 703 

interconnected with distinct cortical and striatal networks (Habas et al., 2009; 704 

Nettekoven et al., 2024; Saadon-Grosman et al., 2024). The regions of the cerebellum 705 

where we see robust RL signals correspond to social-linguistic-spatial and demand 706 

regions (Guell et al., 2018; King et al., 2019; Nettekoven et al., 2024). These regions 707 

also exhibit resting state connectivity with default mode areas, and wider frontoparietal 708 

and corticostriatal networks (Boonstra, 2025; Dobromyslin et al., 2012; Guell et al., 709 

2018; Habas et al., 2009).  710 

Importantly, we were able to draw from the animal literature to make broad a 711 

priori predictions about localization. We found correspondence between RL-sensitive 712 
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regions reported in research with model organisms and our human participants, despite 713 

key differences in experimental design. While model organisms afford exceptional 714 

access to recording input and output signals in the cerebellum, one advantage of testing 715 

humans is that they can engage in rapid RL over a matter of minutes, respond to verbal 716 

instructions, and tolerate higher task variability across trials (e.g., multiple feedback 717 

delays). We think this work highlights the preservation of cerebellar function across 718 

model organisms and emphasizes the importance of crosstalk between human and 719 

animal researchers. This idea is particularly relevant as cerebellar research becomes 720 

focused on higher-order cognitive functions (Buckner, 2013; Manto et al., 2024; Strick et 721 

al., 2009), and as cognitive neuroscientists increasingly consider cerebellar nonmotor 722 

functions.   723 

One highlight of this work is that we observed consistent evidence of temporal 724 

constraints on cerebellar RL feedback processing; cerebellar encoding of reward and 725 

RPE was essentially abolished when feedback was delayed. The idea that the 726 

cerebellum is primarily involved in sub-second coordination, associative learning, and 727 

timing is well-established in the motor domain (Barri et al., 2022; Gerwig et al., 2008; 728 

Ivry & Keele, 1989; Kitazawa et al., 1995; Ohmae & Medina, 2015; Smith, 1968). This 729 

preference makes sense for a brain region originally adapted for short-timescale 730 

sensorimotor control and prediction (Cisek, 2022). At a mechanistic level, properties of 731 

granule cell firing and short-term plasticity at mossy fiber-granule cell synapses have 732 

been proposed to support sub-second timing computations characteristic of the 733 

cerebellum (Barri et al., 2022; Kennedy et al., 2014; Narain et al., 2018; Yamazaki & 734 

Tanaka, 2009). These mechanisms can induce timing-specific activity patterns that are 735 
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then used by Purkinje cells (the main output neurons of the cerebellum) to refine actions 736 

or cognitive computations. There are likely biological limits that constrain what time 737 

intervals can be precisely learned by these mechanisms (Raymond & Medina, 2018), 738 

providing a mechanistic account for why the cerebellum is attuned to short-timescale 739 

feedback. 740 

Our model-based analysis approach also allowed for exploratory analyses 741 

examining reward anticipation signals. Recent work in animal models has found reward 742 

anticipation signals during RL in analogous regions (Wagner et al., 2017; Larry et al., 743 

2019; Kostadinov et al., 2019; Heffley & Hull, 2019). For example, Larry et al. (2019) 744 

observed climbing fiber responses that scaled with expected reward during the cue 745 

phase of a RL task (as in classic Temporal-Difference learning; Sutton & Barto, 1998), 746 

echoing observations in the domain of eyeblink conditioning (Ohmae et al., 2015). 747 

Similarly, Wagner et al. (2017) reported granule cell activity ramping toward an 748 

expected reward. In contrast, we did not see significant positive cerebellar activity 749 

correlating with trialwise Q-values (Supplemental Figure 3). Why the discrepancy 750 

between our results and recent work in animal models? 751 

The most likely explanation is the major differences in methodological 752 

approaches between human fMRI study and electrophysiological approaches. BOLD 753 

signals in cerebellum primarily track activity in the mossy fiber-granule cell input 754 

pathway to the cerebellum (Shahshahani et al., 2024). Thus, climbing fiber signals at 755 

choice may be a relatively weak contribution to the BOLD signal versus combined 756 

climbing fiber and mossy fiber-granule cell activity during feedback. As for ramping 757 

signals (Wagner et al., 2017), these may be hard to separate from feedback-related 758 
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responses given the low temporal resolution of fMRI. Finally, while model-based 759 

analyses are extremely useful for making predictions about RPE activity, it is important 760 

to remember that these RPE timecourses are inferred from a necessarily simplified 761 

model of RL and model fit may vary considerably across participants.  762 

Our connectivity analyses implicate communication between cognitive regions of 763 

the cerebellum and neocortical and subcortical regions during RL feedback processing. 764 

Some regions of medial PFC also emerged in our reward processing and RPE 765 

analyses, perhaps suggesting that co-fluctuations between the cerebellum and these 766 

regions are driven by the receipt of rewards. Lateral PFC, in contrast, was not a reward-767 

sensitive region in other analyses. Communication between cerebellum and lateral PFC 768 

could reflect general feedback processing, perhaps updating predictions based on new 769 

feedback. One caveat is that PPI cannot distinguish between correlations in activity due 770 

to functional connectivity versus high correlations in activity driven by alternative 771 

sources of shared input (Friston et al., 1997; Sanchez-Romero et al., 2019). The 772 

existence of anatomical connections between cerebellum and prefrontal regions via the 773 

dentate nucleus and thalamus (Kelly & Strick, 2003) are consistent with a functional 774 

coupling explanation, however future work with causal manipulations are necessary to 775 

resolve this issue. 776 

Although we are primarily measuring cerebellar input, communication likely 777 

involves bidirectional connections between the cerebellum and frontal and subcortical 778 

RL regions (Boonstra, 2025; Bostan & Strick, 2010, 2018; Hoshi et al., 2005; Saadon-779 

Grosman et al., 2024; Wagner & Luo, 2020). A recent fMRI paper demonstrated how 780 

cerebellar-striatal connectivity might support reward-based motor learning (Lee et al., 781 
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2025); in contrast to our work, they found that cerebellar activity primarily tracked 782 

surprise (i.e., unsigned prediction error magnitude). Indeed, we did not find significant 783 

activation in the cerebellum tracking surprise. This discrepancy is likely due to 784 

significant task differences, where cerebellar signals in Lee and colleagues (2025) were 785 

associated with successful versus unsuccessful outcomes of a motor task, not a 786 

nonmotor RL task as presented here.  787 

Overall, our results provide evidence of temporally-constrained, behaviorally-788 

relevant RL signals in the human cerebellum. RPE and reward-related signals were 789 

prominent in cognitive regions of the cerebellum, corresponding with recent work in 790 

animal models. Connectivity results demonstrated functional correlations between 791 

functional subregions spanning Crus I and II and regions of the medial and lateral 792 

frontal cortex and caudate nucleus during RL. This work extends beyond the well-793 

studied role of the cerebellum in prediction-error based supervised motor learning 794 

(Albus, 1971; Hull, 2020b; Marr, 1969; Raymond & Medina, 2018; Wolpert et al., 1998), 795 

and contributes to growing evidence that the human cerebellum may support prediction-796 

error based learning across multiple domains.  797 
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 1163 

Figure legends 1164 

Figure 1. a) Task schematic. Example stimuli pictured in Supplemental Figure 1. b) 1165 

Anatomical ROI masks. c) Learning curve and model fit. d) Choice and RT performance on 1166 

short and long delay trials. e) Gaze on nonrewarded (+0) versus rewarded (+1) trials. Larger 1167 

values depict data from whole trial and smaller values depict data during the feedback phase 1168 

only. f) Respiration and pulse rates on rewarded versus nonrewarded trials.  1169 

 1170 

Figure 2. a) Contrast of activity on rewarded versus nonrewarded trials at the point of feedback 1171 

in the whole brain (left panel) and in cerebellum (right panel; plotted on cerebellar flat map, see 1172 

Methods). Whole brain result is cluster-corrected at p < .001. Cerebellar results are cluster-1173 

corrected in cerebellum, p < .001. b) Rewarded > nonrewarded contrast at short and long delays 1174 

in cerebellum (cluster-corrected in cerebellum, p < .001). c) Contrast of activity for rewarded > 1175 

non-rewarded trials in cerebellar (Crus I and II), striatal (Nucleus Accumbens, NAc; Caudate 1176 

Nucleus, Cd), and hippocampal (Hpc) ROIs. ** p < .001; * p < .05 1177 

Figure 3. a) Schematic of model-based fMRI approach. b) Reward Prediction Error (RPE) 1178 

responses (whole brain cluster-corrected, p < .001). and cerebellum (cluster-corrected in 1179 

cerebellum, p < .001). c) RPE response on rewarded trials at short and long feedback delays 1180 

(cluster-corrected in cerebellum, p < .001). d) RPE responses at short and long delays in 1181 

cerebellar and other subcortical ROIs. **p < .001; *p < .05 1182 
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56 

Figure 4. a) Whole-brain analysis showing voxels where short RPE > long RPE contrast covaries 1183 

with performance on short delay trials. (cluster-corrected in whole brain, p < .05). b) Same analysis 1184 

restricted to cerebellum (cluster-corrected in cerebellum, p < .001). c) Visualization of the correlation 1185 

between activity in the significant cluster in the cerebellum from panel b, and learning performance 1186 

for short delay stimuli. 1187 

Figure 5. a) Illustration of PPI analysis. b) PPI analysis results seeded in Crus I (red regions 1188 

cluster-corrected at p < .01). c) PPI analysis results seeded in Crus II (red cluster-corrected at p 1189 

< .01, yellow at p < .001). 1190 
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