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Abstract 
Although the cerebellum is typically associated with supervised learning algorithms, it 

also exhibits extensive involvement in reward processing. In this study, we investigated 

the cerebellum’s role in executing reinforcement learning algorithms, with a particular 

emphasis on essential reward-prediction errors. We employed the Q-learning model to 

accurately reproduce the licking responses of mice in a Go/No-go auditory-discrimination 

task. This method enabled the calculation of reinforcement learning variables, such as 

reward, predicted reward, and reward-prediction errors in each learning trial. Through ten-

sor component analysis of two-photon Ca2+ imaging data from more than 6,000 Purkinje 

cells, we found that climbing fiber inputs of the two distinct components, which were spe-

cifically activated during Go and No-go cues in the learning process, showed an inverse 

relationship with predictive reward-prediction errors. Assuming bidirectional parallel-fiber 

Purkinje-cell synaptic plasticity, we constructed a cerebellar neural-network model with 

5,000 spiking neurons of granule cells, Purkinje cells, cerebellar nuclei neurons, and 

inferior olive neurons. The network model qualitatively reproduced distinct changes in 

licking behaviors, climbing-fiber firing rates, and their synchronization during discrimina-

tion learning separately for Go/No-go conditions. We found that Purkinje cells in the two 

components could develop specific motor commands for their respective auditory cues, 

guided by the predictive reward-prediction errors from their climbing fiber inputs. These 

results indicate a possible role of context-specific actors in modular reinforcement learn-

ing, integrating with cerebellar supervised learning capabilities.
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Author summary
The cerebellum, best known for its role in sensorimotor functions and supervised learn-
ing, also contributes to learning from rewards. We studied mice performing an auditory 
discrimination Go/No-go task and used a mathematical model to calculate essential 
reward signals, such as reward-prediction errors. By analyzing two-photon calcium 
imaging data of climbing fiber inputs—key inputs to the cerebellum—we found they 
were closely linked to reward signals and helped the mice improve their licking responses 
under different contexts. To explore this further, we created a neural network model of 
the cerebellum, demonstrating how specific cerebellar neurons use reward-prediction 
errors to generate appropriate actions depending on the contexts. These findings reveal 
that the cerebellum plays a vital role in the modular learning and adaptive behavior based 
on rewards.

Introduction
Historically, the cerebellum has been considered to implement supervised learning algo-
rithms, as suggested by seminal works [1–13]. Recent research, however, has identified a 
potential role of the cerebellum in reward processing and reinforcement learning tasks driven 
by rewards and penalties [14–19]. Particularly, climbing fibers (CFs), one of the two primary 
input sources to the cerebellum, are associated with both sensorimotor variables and a broad 
range of reward contingencies [20–24], distinct from movement-related information [21,22]. 
Intriguingly, the association between cerebellar activities and reward variables is dependent 
on the cerebellar cortex’s zonal organization [24,25].

In a previous study [26], we analyzed two-photon Ca²⁺ imaging data of climbing fibers 
from eight aldolase-C zones in the left Crus II of the mouse cerebellum [27,28] during a Go/
No-go auditory discrimination licking task. Using tensor component analysis [29], we iden-
tified four distinct components that dynamically organized through different mechanisms to 
facilitate learning in precise timing control, error reduction, reward processing, and lick sup-
pression. Given the reward-based nature of this task, our findings suggest that climbing fiber 
inputs may encode reward-prediction errors, providing critical feedback that modulates the 
strength and timing of Purkinje cell activity. This modulation may refine motor responses and 
decision-making processes. However, the exact mechanisms by which climbing fiber inputs 
guide reward-based learning remain to be fully elucidated.

Building on this prior work, the current study explores how these functional components 
interact to support reinforcement learning. Using the same data sets, this study introduces three 
key innovations to the previous analyses. First, we employed a reinforcement learning algorithm 
(Q-learning [30]) to model licking responses and compute key reinforcement learning variables, 
including rewards, predicted rewards, and reward-prediction errors. Second, we conducted 
systematic regression analyses to examine the relationship between climbing fiber activity across 
the eight aldolase-C zones and the four functional components, and reward- and sensorimotor-
control variables on a trial-by-trial basis. To achieve this, we extended the tensor component 
analysis in the previous study to quantify the four functional components for each learning trial, 
which is crucial to elucidate the specific roles of climbing fiber inputs in behavioral learning. 
Our trial-based analyses revealed that climbing fiber inputs to the first two functional compo-
nents, which exhibited bidirectional modulation during learning, were strongly and negatively 
correlated with predictive reward-prediction errors. As the third innovation, we developed a 
cerebellar neural network model comprising 5,000 granule cells, Purkinje cells, cerebellar nuclei 
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neurons, and inferior olive neurons, based on the assumption of bidirectional synaptic plasticity 
at parallel fiber-Purkinje cell synapses [31–35]. The model demonstrated that the two functional 
modules of Purkinje cells, roughly corresponding to aldolase-C zones, could generate distinct, 
context-specific motor commands based on predictive reward-prediction errors relayed through 
climbing fiber inputs. The significance of this framework lies in its potential to advance the 
development of new reinforcement-learning algorithms, enabling them to efficiently learn com-
plex tasks within a limited number of trials [18].

Results

Q-learning model of licking behavior
We employed a Q-learning algorithm to model licking behavior of mice performing the Go/
No-go task (Fig 1A). The Q-learning model was selected because it is one of the simplest 

Fig 1.  Q-learning model of a licking behavior during Go/No-go auditory discrimination task. A: schematic of the Q-learning model. B: the averaged lick rate for 
the four cue-response conditions (blue, red, orange and magenta for HIT, FA, CR and MISS trials, respectively: see also inset for color codes). Solid and dashed vertical 
lines indicate the cue onset and response window (1s after cue), respectively. Light cyan shading represents the window for possible reward delivery (0.5 - 2 s after cue). 
C-D: fraction correct for Go cue (blue) and fraction incorrect for No-go cue (red) for experimental data (solid lines) and Q-learning model (dashed lines), averaged for 
17 mice in 7 training sessions (C) and for individual mice (D). Vertical bars in C show standard errors. E: hyperparameter values of the Q-learning model estimated 
for individual mice (1~17); and from left to right and top to bottom, learning rate α, initial Q values for Go and No-go cues, q1 and q2, respectively, temperature τ, and 
punishment value for FA trials ξ. F-G: evolution of Q (F) and δQ (G) of a representative mouse for the four state-action combinations (HIT, FA, CR, MISS) during the 
course of learning.

https://doi.org/10.1371/journal.pcbi.1012899.g001

https://doi.org/10.1371/journal.pcbi.1012899.g001
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reinforcement learning algorithms, based on state-action value functions rather than state value 
functions, and has a small number of hyper-parameters. Briefly, mice were trained to distin-
guish two auditory cues (high versus low frequency tones) by either licking or not  
licking during a response period of 1s after cue onset to obtain a liquid reward. The 
reinforcement-learning-algorithm state s is determined by the two auditory cues (s = Go/ 
No-go), and the reinforcement-learning-algorithm action a is determined by licking during 
a time window of [0, 1] s after the auditory cue (a = Lick/ No-lick). A reward value R-P was 
assigned according to cue-response conditions, including HIT trials (lick after Go cue) in 
Go task (R-P = 1), false alarm trials (FA, lick after No-go cue, R-P = −ξ  , 0 ≤ ξ ≤ 1), correct 
rejection trials (CR, no lick after No-go cue, R-P = 0) and MISS trials (no lick after Go cue, 
R-P = 0). Note that the R-P value for FA trials was constrained to be negative because a lick 
after a No-go cue was punished with a timeout of 4.5 s, while that of CR and MISS trials were 
0 because neither reward nor penalty was given in those trials. The Q-learning algorithm 
assumed that a reward prediction Q was computed as a function of the two variables s and a; 
state and action. In each trial, a reward prediction error δQ, a difference between reward R-P 
and Q, was used to update computation of Q in the next trial with a learning rate α. For an 
action policy, we used the softmax function with a single-temperature parameter τ to convert 
Q values into a probability distribution over the two possible actions; Lick and No-lick. Since 
mice had undergone pre-training sessions lasting 3 days, when they were always rewarded for 
a lick within 1 s for both cues, initial Q values for both Go and No-go cues were positive (0 ≤ q1 
≤ 1, 0 ≤ q2 ≤ 1, for Go and No-go cues respectively, see Methods for details). It is important to 
note that we did not explicitly model the time course within trial or temporal difference errors 
as in previous studies (e.g., [36]). Instead, we assumed a single timing of cue representation for 
computation of Q and δQ, which precedes the timing of reward delivery by about 0.5–2 s. Thus, 
the reward-prediction error δQ in this study is a predictive signal estimated before the actual 
delivery of liquid rewards. We will later discuss implications of this assumption on timing for 
possible neural computations. Briefly, we show that the cerebellar reinforcement learning in 
this study could acquire the actor but not the critic through temporal difference error.

Behavioral data indicated that the lick rate in HIT trials was high in the early period (aver-
age and standard deviation of lick rate and lick latency, 4.4 ± 2.0 Hz and 0.25 ± 0.15 s, respec-
tively, Fig 1B) and extended over the reward delivery period (liquid rewards were delivered 
three times at 0.41, 0.82, and 1.23 s after the first lick, thus 0.66, 1.07 and 1.48 s after the cue on 
average). In contrast, the lick rate in FA trials was also high in the early period (average and 
standard deviation of lick rate and lick latency, 3.2 ± 2.1 Hz and 0.31 ± 0.23 s, respectively), 
but it gradually reduced to baseline because no reward was given for No-go cues. We fitted the 
Q-learning model to the licking behavior of individual mice (n = 17) in 26,517 trials. Fitting 
performance was good for both Go and No-go trials, which showed an increase in fraction 
correct and a decrease in fraction incorrect, respectively, at both the population (Fig 1C) and 
individual (Fig 1D) levels (average and standard deviation of coefficients of determination 
of 17 mice, 0.87 ± 0.15 for Go cue and 0.61 ± 0.18 for No-go cue, respectively, see Methods 
for details). The hyper-parameters estimated for individual mice were broadly distributed 
(average and standard deviation; 0.002 ± 0.002 for α, 0.12 ± 0.07 for q1, 0.24 ± 0.17 for q2, 
0.14 ± 0.07 for τ, and 0.84 ± 0.24 for ξ, Fig 1E), indicating that each animal utilized a distinct 
strategy for optimally learning to obtain the reward. As discrimination learning progressed, 
the reward-related variables evolved over time. Initially, Q values for both cues and lick 
(s=Go/ No-go and a=Lick) were positive and intermediate. Over time, they increased for HIT 
trials (s=Go and a=Lick) and decreased toward negative values for FA trials (s=No-go and 
a=Lick, Fig 1F). Note that the negative Q value for FA trials at the later stage of learning accu-
rately reflected the negative R-P value assigned for those trials by the Q-learning model. As 
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a consequence, δQ values converge to zero for both cue-response conditions (Fig 1G). More 
specifically, the δQ values for HIT trials (s=Go and a=Lick) were positive initially and mono-
tonically decreased during learning. By contrast, the initial δQ value for FA trials (s=No-go 
and a=Lick) was negative and large, because of a large difference in negative reward R-P and 
the initial positive value of reward prediction q2>0. Throughout the course of learning, this δQ 
value monotonically increased (decreased its magnitude) to zero, indicating a better agree-
ment between negative R-P and Q values. For CR and MISS trials, both Q and δQ remained 
constant at zero (Fig 1F, G).

Zonal complex spike firings and their correlations with reinforcement-
learning and sensorimotor-control explanatory variables
It is important to highlight that the experimental data analyzed in this study is identical to that 
of the previous study [26]. For clarity, we provide a brief summary of climbing fiber activity 
here and refer the reader to the previous paper for further details. While mice learned Go/
No-go discrimination tasks, we conducted two-photon recordings of climbing fibers (sam-
pling rate, 7.8 Hz) from 6,445 Purkinje cells in eight cerebellar zones (from 7+ to 4b-, see 
Methods for details). A hyper-resolution algorithm (HA_time [37]) was applied to estimate 
timing of complex spikes (CSs) at a resolution of 100 Hz. Similar to the previous work, we 
studied CS responses as population peri-stimulus time histograms (PSTHs) sampled in three 
learning stages (from top to bottom, 1st, 2nd, and 3rd stages with fraction correct <0.6, 0.6-
0.8, >0.8, respectively, Fig 2A) for the four cue-response conditions, or the corresponding four 
state-action combinations. CS responses in HIT trials (n = 3,788) were initially widespread 
across the medial zones and prominent in the 5+ and 5a+ zones at the early learning stage. 
As learning progressed (2nd and 3rd stages), these responses intensified and became more 
compartmentalized, focusing on positive zones (6+, 5+, and 5a+) in the entire hemisphere. In 
contrast, CS responses in FA trials (n = 1,757) were distributed across almost the entire hemi-
sphere and gradually decreased and were more confined to lateral zones along with learning. 
CS responses for CR trials (n = 2,229) were primarily localized within zones 6- and 6+ and 
showed a slight increase as learning progressed. There was only spontaneous CS activity in 
MISS trials (n = 201).

In the present study, we systematically studied correlations between the firing activity of 
neurons in all eight cerebellar zones with rewards, as well as sensorimotor variables. For this 
purpose, neuronal activity in each trial was defined as the mean firing rate in [-0.5, 2] s after 
cue onset of neurons in the same aldolase-C zone. For explanatory variables, we included R, 
Q, and δQ as reward variables, lick-latency fluctuation and lick count in the three response 
windows ([0, 0.5] s for early lick – ELick, [0.5, 2] s for reward lick – RLick and [2,4] s for late 
lick – LLick) for Go and No-go cues, separately, as sensorimotor variables. Here, we prepared 
6 sensorimotor variables related to lick count (2 ✕ 3 = 6; Go vs No-go multiplied by three 
response windows of licks) (Fig 2B, inset). Note that these three response windows correspond 
well with licking behavior of mice, as well as reward delivery period (Fig 1B). We further note 
that the physical reward R (R = 1 for HIT trials and R = 0 otherwise), which is used as one 
of the explanatory variables for the regression analysis later, is different from the reward-
punishment R-P used in the Q-learning model (see Methods for details).

The correlation analysis was performed using partial least squares (PLS) regression to iden-
tify meaningful relationships even in the presence of multicollinearity among the explanatory 
variables. The correlations between these variables ranged from 0.12 ± 0.23, with the highest 
correlations observed between R and Q (0.82) and R and δQ (0.78). We calculated the variable 
importance in projection scores (VIP scores) to quantitatively estimate the importance of a 
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given explanatory variable to the PLS regression model. The VIP score does not provide the 
sign (positive or negative) of correlations, but explanatory variables, whose VIP scores are 
larger than 1, are generally considered important in PLS regression (see Methods for details). 
We found that neurons in the lateral zones were strongly associated with Q and δQ, while only 
those in 7+ were linked to the reward R (VIP score = 1.8, Fig 2B). More specifically, 6- and 
6+ were strongly associated with Q (VIP score, 1.9 and 2.2 for 6- and 6+, respectively), while 
6- and 5- were strongly associated with δQ (VIP score = 1.7 and 2.3 for 6- and 5-, respec-
tively). In contrast, neurons in the medial zones (5+ to 4b-) were strongly associated with the 
reward R (VIP score > 1.4), and the lick number in the reward period (Go ✕ RLick and No-go 
✕ RLick, VIP score > 1). Only 5a+ and 4b- were associated with early licks following No-go 
cues (No-go ✕ ELick, VIP score >1). No zones exhibited correlations with late lick count and 
latency fluctuation (VIP score < 0.8).

Fig 2.  CS activities to cues and their correlations with reward and sensorimotor variables. A: Panels showed PSTHs of CSs in 8 aldolase-C zones (7+ to 4b-, 
columns) in the four cue-response conditions (rows). Blue, green and red traces are for 1st, 2nd and 3rd learning stages, respectively. The horizontal lines indicate cue 
onset. Dashed horizontal lines represent the boundary between lateral vs. medial parts of the left Crus II. B: Bars showed the variable-importance-in-prediction (VIP) 
scores of 10 reinforcement-learning and sensorimotor-control variables (from left to right, R, Q, δQ, Go ✕ ELick, No-go ✕ ELick, Go ✕ RLick, No-go ✕ RLick, Go ✕ 
LLick, No-go ✕ LLick and latency fluctuation) for spiking activity of neurons in 8 aldolase-C zones. Dashed lines indicated VIP score = 1, which is considered a thresh-
old of importance. See the inset for color codes of the 10 explanatory variables.

https://doi.org/10.1371/journal.pcbi.1012899.g002

https://doi.org/10.1371/journal.pcbi.1012899.g002
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The generative model of spiking activity at a trial basis by tensor 
component analysis
The PLS regression shown in Fig 2 suggested a functional organization of CSs, moderately 
constrained by the zonal structure, with respect to sensorimotor and reward processing. 
In our previous study, we conducted tensor component analysis (TCA) for CS responses 
of >6,000 PCs and found four well-separated components that explained more than 50% 
of variance in PSTHs (see [26] for details). Remarkably, each zone and even each neuron 
contained multiple functional components, as supported by previous studies demonstrating 
multiplexed representations [38,39]. However, the TCA in the previous study was based on 
averaged CS responses across trials, leaving the activity of functional components in individ-
ual trials unknown. To overcome this limitation and disentangle the multiplexed functions 
of each component, we extended the TCA from the previous averaging study to incorporate 
trial-based analyses.

In this study, we first applied the same TCA approach as in the previous study to iden-
tify four tensor components (TC1-4, Fig 3A). We then used TCs as a generative model 
of spiking activity as a trial basis to reveal associations of functionally organized CSs and 

Fig 3.  Tensor-component analysis (TCA) and computation of tensor score at a trial-basis. A: TCA was conducted for PSTHs in 4 cue-response conditions of 
n=6,445 neurons and the resulting four tensor components (TC1-4) explained more than 50% of variance. B: for the i-th single neuron, its activity for the r-th TC (yr) in 
the particular j-th trial was computed by filtering spike timings with temporal profile of the r-th TC bt

r , multiplying corresponding coefficients wi
r  of the i-th neuron 

and ac
r  of the cue-response condition c. C-D: PSTHs (C) of two representative neurons, which have the highest coefficients of TC1 and TC2, respectively, and their TC1 

and TC2 scores, respectively, computed for all trials in their corresponding sessions (D). E: Heatmaps showed TC1-4 scores averaged for all neurons in each of the eight 
zones distinctively for the four cue-response conditions.

https://doi.org/10.1371/journal.pcbi.1012899.g003

https://doi.org/10.1371/journal.pcbi.1012899.g003
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reinforcement-learning and sensorimotor-control variables. Briefly, the TC score of a neuron 
in a particular trial was estimated by filtering the spike train of that neuron by the temporal 
profile of the corresponding TC, weighted by neuronal and cue-response condition coeffi-
cients (Fig 3B, see Methods for details). This computation incorporated trial-to-trial vari-
ability in spiking activity while maintaining fundamental properties of TCs. For example, 
neurons, whose TC1 and TC2 coefficients were highest among all neurons recorded, had high 
TC1 and TC2 activities in HIT and FA trials, respectively (Fig 3C-D). Note that TC1 and TC2 
were selectively activated in HIT and FA trials, respectively (Fig 3A). Following this compu-
tation, the TC score, averaged TC activity of all neurons in the same recording session, shared 
a similar structure of zonal distribution and cue-response condition with those of the TCs 
(compare Fig 3A and 3E, but note that the abscissae are learning stages and cue-response con-
ditions, respectively). Specifically, TC1 scores were high in HIT trials and for positive zones. 
In contrast, TC2 scores were high in FA trials and distributed in the lateral zones. TC3 scores 
were high in HIT trials and distributed in the medial zones. TC4 scores had similar zonal 
distribution with TC2 scores, except that they were non-zero only for CR trials.

Sparse canonical correlation analysis
To find the variables that contribute the most to each TC score, we conducted sparse canon-
ical correlation analysis (sCCA) between the TC scores and the same 10 reinforcement-
learning and sensorimotor-control variables used in the PLS regression (see Methods for 
details). As a result, TC1 and TC3 were associated with reward variables only while TC2 and 
TC4 were associated with both reward and sensorimotor variables in No-go trials (Fig 4A). 
More specifically, TC1 and TC3 were positively correlated with reward R, reward prediction 
Q, and reward prediction error δQ, with high coefficients of R and Q for TC1 (0.68 and 0.62) 
and R for TC3 (0.81). We can safely state that TC1 is mainly related to reward and its predic-
tion, and that TC3 is mainly related to reward. Remarkably, TC2 was negatively correlated 
with δQ (coefficient, -0.85) but it was positively correlated with the early lick count in No-go 
trials (0.41). Similarly, TC4 was negatively correlated with both R (coefficient, -0.67) and early 
lick count in No-go trials (-0.59). In agreement with the previous study [26], TC1 showed a 
negative correlation with latency fluctuation, albeit with a relatively small coefficient (-0.06). 
We observed that these associations can also be identified in individual animals (S1A Fig) and 
in neurons predominantly representing the four TCs (S1B Fig). We further confirmed the sig-
nificant correlation for each TC component by linear regression of TC1 vs. Q (slope = 0.46, p 
< 0.0001, Fig 4B), TC1 vs. δQ (slope = 0.35, p < 0.0001, Fig 4C), TC2 vs. δQ (slope = -0.42, p < 
0.0001, Fig 4D), TC3 vs. R (slope = 0.30, p < 0.0001, Fig 4E) and TC4 vs. No-go ✕ ELick (slope 
= -0.24, p < 0.0001, Fig 4F). Notably, these correlations were also significant (p < 0.0001) with 
comparable slopes, even when using only trials of cue-response condition with which each TC 
is primarily associated (slope = 0.32 for TC1-HIT, slope = -1.24 for TC2-FA, and slope = -0.36 
for TC4-CR trials, Figs 4B, D, F). The most interesting exception was obtained for TC1 vs. δQ 
for HIT trials. The correlation was strongly significant (slope = -0.65, p < 0.0001, Fig 4C), but 
the correlation was negative for only HIT data (slope = -0.65), while the overall correlation 
was positive as shown above (slope = 0.35).

Spiking neural network model of modular reinforcement-learning in Go/
No-go tasks
Based on observed significant differences in CF responses between HIT and FA trials (Figs 2A 
and S2), and the cue-specific nature of TCs (Fig 3A and E), we propose that Crus II operates 
within a modular framework: TC1 and TC3 for Go cues and TC2 and TC4 for No-go cues. 
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Furthermore, CF inputs in TC1 and TC2 exhibit negative correlations with reward prediction 
errors for Go and No-go cues, respectively (Fig 4C and D), corroborated by statistical anal-
ysis (S3 Fig). Together, these findings suggest that Purkinje cells function as context-specific 
actors, generating essential motor commands based on reward-prediction errors relayed by 
climbing fiber inputs. This framework integrates cerebellar supervised learning with modular 
reinforcement learning as follows.

According to our hypothesis, two types of neuronal populations develop necessary motor 
commands through reward prediction errors transmitted by their climbing fibers for Go and 
No-go cues, separately (Fig 5A). During initial learning stages, substantial negative reward 
prediction errors strongly activate CSs of the No-go cue population containing TC2 neurons. 
If simple spikes (SSs) of these neurons also fire within 0-500 ms at a baseline rate of 50-100 
Hz, this leads to numerous inappropriate licks. The concurrent activation of parallel fiber  
and climbing fiber inputs at this stage likely induces long-term depression (LTD) at  
parallel-fiber-to-Purkinje-cell (PF-PC) synapses, reducing SS modulation and mirroring CS 
modulation. This is consistent with simulations by [40] regarding adaptive control of ocular 
following responses. As learning progresses, negative reward prediction errors diminish, and 
CSs activate less, with SSs of these neurons facilitating suppression of licks following No-go 
cues. In this scenario, TC2 neurons turn into TC4 neurons within the population for No-go 

Fig 4.  Sparse canonical-correlation analysis (sCCA) of TC scores with reinforcement-learning and sensorimotor-control variables. A: Bars show coefficients of 
reinforcement-learning and sensorimotor-control variables corresponding to TC1-4 scores. B-F: the scatter plots of trials showing correlations of TC1 with Q (B), TC1 
with δQ (C), TC2 with δQ (D), TC3 with R (E) and TC4 with No-go ✕ ELick (F). Black and gray lines indicate regression between variables when using all trials and 
trials of the cue-response condition with which each TC is primarily associated, i.e., TC1-HIT, TC2-FA and TC4-CR, respectively. Panel E shows the boxplot with gray 
lines indicating the median and the bottom and top edges of the box the 25th and 75th percentiles, respectively. All correlations in B-F are significant (p < 0.0001). Color 
convention of trials is the same as Fig 1. The inset of A shows color codes of the selected 7 reward and sensorimotor variables among 10 according to sCCA.

https://doi.org/10.1371/journal.pcbi.1012899.g004

https://doi.org/10.1371/journal.pcbi.1012899.g004
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cue as suggested in [26]. Therefore, TC4 and TC2 may share the same underlying neural net-
work and mechanisms of an actor for No-go cue. In contrast, TC1 neurons within the popula-
tion for Go-cue show lower CS activity early on (S2 Fig), indicating a tendency for long-term 
potentiation (LTP) at their PF-PC synapses. Thus, their SSs likely increase over time, enabling 
more precise licking responses to Go cues, acting as an actor for Go cue. Likewise, the neural 
network underlying TC3 may resemble that of TC1, with the key distinction being that TC3 
was specifically activated during the reward delivery period (S2 Fig). This suggests that TC3’s 
climbing fibers transmit distinct or multiplexed information to modulate licking behaviors 
during this phase. It’s worth noting that synaptic plasticity could be also zonal-dependent, 
with TC1 neurons, primarily distributed in aldolase-C positive zones (Fig 3A), are more likely 
to undergo LTP [41–44]. Intriguingly, the bidirectional plasticity at PF-PC synapses, poten-
tially driven by climbing fibers, seems to follow a unified learning rule (Fig 5B):

	 ∆w Q x CS CS xi i i= × × ≈− × −( )×α δ α 	

Fig 5.  The conceptual model for modular reinforcement learning of the Go/No-go task and bidirectional plasticity at the PF-PC synapses. A: The state (s) and 
action (a) are conveyed to the critic by upstream networks and efference copies from the actors, respectively. The critic then computes a temporal-difference (TD) pre-
diction error δQ as comparing the observed reward-penalty value R-P with the predicted Q value. The prediction error δQ is used to update the state-action dependent 
reward prediction in the critic as well as policy of the actors (red arrows). In the Go/No-go task, subsets of Purkinje cells act as context-dependent actors for Go (gray 
shade) and No-go (blue shade) cues separately. Here, we postulated that two neuronal populations acquire necessary motor commands by utilizing negative reward-
prediction error δQ, relayed by their CF inputs, in a supervised learning framework. B: bidirectional PF-PC plasticity may occur depending on the magnitude of CSs. 
Consequently, modulation of SSs was in the same direction with change of CS activities during learning (black arrows). Note that CSs of TC1 and TC2 neurons were 
negatively correlated with reward-prediction errors in Go (blue line) and No-go (red line) trials, respectively. Horizontal dashed lines indicate the threshold CS , which 
determines LTD or LTP at the PF-PC synapses. MFs – mossy fibers, PFs – parallel fibers, CF – climbing fiber, GrCs – Granule cells, PCs – Purkinje cells, LTP – long-
term potentiation, LTD – long-term depression, CS – complex spike, SS – simple spike.

https://doi.org/10.1371/journal.pcbi.1012899.g005

https://doi.org/10.1371/journal.pcbi.1012899.g005
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Here, α, xi, and wi represent the constant learning rate, PF input, and PF-PC synaptic weight 
of the i-th granule cell, respectively. The parameter CS  denotes the threshold amplitude 
determining plasticity, with LTP requiring a larger value than LTD [45]. This learning rule 
suggests that LTP (positive ∆wi, synaptic weight increases) occurs when CS CS− <0 , whereas 
LTD (negative ∆wi, synaptic weight decreases) happens when CS CS− >0  (Fig 5B). As a 
proof-of-concept, we next developed a cerebellar spiking neural-network model featuring 
a modular framework for reinforcement learning (Fig 6). Based on reasonable assumptions 
including the bidirectional PF-PC plasticity, this model will successfully replicate both the 
licking behaviors and the firing rates of climbing fibers observed in Go/No-go tasks (Fig 7).

To objectively examine the conceptual model proposed in Fig 5 by simulation, we 
developed a neural network model of TC1-4 neurons with 5,000 spiking neurons within a 
modular reinforcement learning framework engaged in Go/No-go tasks. In this model, we 
made two fundamental assumptions. First, we assumed the presence of two groups of neu-
rons, corresponding to TC1 & TC3 (termed “TCGo”) and TC2 & TC4 (“TCNogo”), operating 

Fig 6.  Spiking neural network model of the cerebellum with 5,000 neurons in Go/No-go tasks. A: The model 
consists of two groups of neurons in the PC–CN–IO circuitry, each corresponding to TC1 & TC3 (TCGo: PCGo–CNGo–
IOGo) and TC2 & TC4 (TCNogo: PCNogo–CNNogo–IONogo). Sensory input to the PCGo and PCNogo were transmitted via 
mossy fibers (MFs) to granule cells for Go (GrCGo) and No-go (GrCNogo), respectively. Note that the two neuronal 
groups received shared mossy fiber input, which is represented by equal connection of GrCGo and GrCNogo to both 
PCGo and PCNogo. In this model, LTP and LTD are assumed to occur at PF-PC synapses of TCGo and TCNogo, when IO 
firing is lower and higher than the threshold, respectively. For each group, PCs, CN, and IO designated by green, 
yellow and blue discs contained 100 simulated neurons each, and we prepared 2000 GrCs for both Go (GrCGo) and 
No-go (GrCNogo) cues. B: The lick rate is modeled as a sigmoid function of the combined firing rates of CNGo and 
CNNogo neurons, with the maximum lick rate (ratemax) set at 6 Hz. C: The error rates of Go and No-go trials, defined 
by the difference between the target lick rate (ratemax for Go and 0 for No-Go trials) and the actual lick rate, are trans-
formed into the rate of Poisson spike generator inputs ErrGo and ErrNogo to IOGo and IONogo neurons, respectively. This 
reproduces the established negative correlations between δQ and CSs in Go trials for TCGo (blue region) and No-go 
trials for TCNogo (red region). D: A lattice structure with 10x10 IO neurons for each of TCGo and TCNogo is modeled, 
where the effective coupling strength between neurons is proportional to their relative distance. In each trial, the 
effective coupling strength was determined by the firing rate of CN neurons (see Methods for details).

https://doi.org/10.1371/journal.pcbi.1012899.g006

https://doi.org/10.1371/journal.pcbi.1012899.g006
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within a modular architecture where each group independently processes Go and No-go 
cues while sharing the common mossy fiber inputs (Fig 6A). Each group comprises Purkinje 
cells (PCs), neurons in the cerebellar nuclei (CN), and inferior olive (IO) neurons, with bio-
logically plausible connections forming a closed loop. Briefly, PCs send inhibitory signals 
to the CN, which, in turn, send inhibitory signals to the IO neurons and effectively regulate 
their electrical couplings. IO neurons convey reward-prediction error signals to PCs via 
climbing fibers, completing the loop. In this model, it is assumed that sensory information 

Fig 7.  Licking behaviors and neural firings of the model. A: lick rate in 500 randomly generated trials, distinguished by Go (blue dots) and No-go (red dots) 
cues. Each dot represents a single trial. The right panel presents mean ± std of lick rates in the first 100 trials (open bars, first stage) and the last 100 trials (filled 
bars, last stage). B: firing rates of IOGo and IONogo neurons in the first and last stages of the trials. C: bidirectional changes in the weight of PF-PC synapses for 
TCGo (cyan trace) and TCNogo (magenta trace) throughout the learning process. D: effective coupling between IOGo (left) and IONogo (right) neurons in individ-
ual trials. E-F: raster plots of IOGo (upper panel) and IONogo (lower panel) neurons in the first (E) and last (F) stages. Vertical dashed lines indicate trial (Go vs 
No-go) boundaries. Asterisks in A-B indicate significance level of the t-tests between the first and last stages: n.s, p < 0.05; ****, p<0.0001.

https://doi.org/10.1371/journal.pcbi.1012899.g007

https://doi.org/10.1371/journal.pcbi.1012899.g007
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of auditory cues is transmitted through mossy fibers to two distinct sets of granule cells, 
each corresponding to Go and No-go cues. All granule cells provide excitatory inputs to all 
PCs (see Methods for details). Second, we assumed that PF-PC synapses of TCGo and TCNogo 
undergo LTP and LTD, respectively. This bidirectional plasticity was achieved by a single 
bidirectional synaptic-plasticity formula equally applied to TCGo and TCNogo, where the CS 
response is compared to a threshold set higher for TCGo than for TCNogo (refer to Fig 5B for 
underlying details of this assumption). In addition to these two assumptions, to simulate 
reward processing in the Go/No-go task, we also assumed that the reward size is piecewise 
linearly proportional to the lick rate, which is the output of the model. Consequently, the 
model learns to maximize rewards by increasing the lick rate to a theoretical maximum 
(set as 6 Hz in the simulation) for Go cues and to minimize penalties (negative rewards) by 
decreasing the lick rate toward 0 Hz for No-go cues. We modeled the lick rate as a func-
tion of the combined firing rates of CN neurons (Fig 6B). The error in licking rate, which 
is piecewise linearly proportional to reward-prediction error, was computed as the differ-
ence between a target lick rate and the actual lick rate output from the model. Finally, this 
error in lick rate was linearly translated into the input firing rates to IO neurons (Fig 6C), 
consistent with correlations identified by sCCA (Fig 4C&D). Since neurons in the CN send 
inhibitory signals to regulate the effective coupling between IO neurons via gap junctions 
[46–49], and building upon our previous research [26], which reported dynamic changes 
in climbing fiber synchrony, we also examined how inhibition from the CN modulates the 
effective coupling between IO neurons (Fig 6D).

It’s important to emphasize that due to a large gap between the numerous model parame-
ters and the available real data, our aim was not to fit the model to the data precisely. Instead, 
the model is designed to qualitatively replicate licking behaviors and CS firings observed in 
Go/No-go tasks (see Methods for details) to conceptually support our hypothesis on modu-
lar reinforcement learning system implemented by supervised learning. In this simulation, 
behaviorally, the lick rate following Go cues increased from 3.7 ± 0.5 Hz in the first 100 trials 
(first stage, Fig 7A) to 4.2 ± 0.5 Hz in the last 100 trials (last stage, t-test between two stages, 
p < 0.00001). In contrast, during the same learning period, the lick rate following No-go cues 
reduced by almost threefold (2.9 ± 0.6 and 1.1 ± 0.5 Hz for the first and last stages, respec-
tively, p < 0.00001). Note that with these changes in licking behaviors, the error rate for both 
cues gradually approached zero during the learning process. Regarding the neural activity in 
simulation, the IO firing rates increased for TCGo (2.7 ± 0.6 and 3.7 ± 0.9 Hz for the first and 
last stages, respectively, p < 0.00001, Fig 7B) and decreased for TCNogo (2.5 ± 0.4 and 1.4 ± 
0.2 Hz for the first and last stages, respectively, p < 0.00001). The IO firing rates of TCGo and 
TCNogo in No-go and Go trials, respectively, remained unchanged at the baseline level around 
~1 Hz (see S4 Fig for firing activity of the neurons in the PC-CN-IO circuitry). It is worth 
noting that the lick rate and firing rate of IO neurons generated by the model closely matched 
with those observed in the real data (see Figs 7A-B and S5A-B for comparison). Due to the 
changes in IO firing, the weights at PF-PC synapses were bidirectionally altered from an initial 
value of 10 to 25 for TCGo (from GrCGo to PCGo) and to nearly zero for TCNogo (from GrCNogo 
to PCNogo, Fig 7C). Similarly, the effective coupling strength between IO neurons also bidirec-
tionally changed, due to bidirectional changes in CN inhibition, from an initial value of 5 to 
8 for TCGo in Go trials and to nearly zero for TCNogo in No-go trials (Fig 7D). As a result, the 
synchronization of IO firing increased for TCGo in Go trials and decreased for TCNogo in No-go 
trials (Fig 7E-F), consistent with findings in our previous study [26]. Notably, strong synchro-
nized IO firing of TCGo were observed in Go trials at the last stage of learning, which might 
be useful for precise timing control, a phenomenon illustrated by the negative correlation 
between TC1 and lick-latency fluctuation (Fig 4A).
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Discussion
In this study, we conducted two correlation analyses to elucidate contributions of CSs to 
licking behavior during learning of a Go/No-go auditory-discrimination task. In the first 
analysis, building upon distinct contributions of zonal-organized CF inputs to behavioral 
variables [25], we examined the firing rate of neurons across all eight cerebellar zones 
against 10 reinforcement-learning and sensorimotor-control variables, using partial 
least-squares regression to handle multicollinearity. This analysis indicated a moderate 
distribution of variables across zones, reflecting the multifunctional nature of each zone 
and neuron [26,38,39]. The second analysis used tensor component analysis to decompose 
spiking activity into four tensor-components, examining their trial-based functional rep-
resentations. We employed different complex spike measures across the analyses, ranging 
from mean firing rates to precise spike timings. Our methods evolved from focusing on 
eight zones to four tensor components, and from basic linear regression to advanced tech-
niques like sparse canonical correlation analysis. Despite these methodological differences, 
our findings were consistent. We found that TC1 neurons, distributed most densely in 
6+, were positively correlated with reward R, reward prediction Q, and reward prediction 
error δQ (Fig 2B (6+), Fig 4A&B). However, we note that TC1 is negatively correlated with 
δQ when constrained to HIT trials (Fig 4C). In contrast, TC2 neurons in zones 6- and 5- 
were negatively correlated with reward prediction error δQ (Fig 2B(6- and 5-) and Fig 4D). 
TC3 neurons in medial zones were positively correlated with reward R and licking in 
reward delivery period (Fig 2B(5+,5a-,5a+,4b-) and Fig 4E). Finally, TC4 neurons, distrib-
uted most densely in 6-, were negatively correlated with both reward R and early licking 
following No-go cues (Fig 2B (6-) and Fig 4A and F).

Notably, these results were also in good agreement with our previous work. In [26], we 
found that TC1-4 corresponds to timing control of the first lick, cognitive error signals, 
reward-related signals and action inhibition, respectively. For TC1, both studies showed a 
negative correlation with lick-latency fluctuation, though this correlation is weaker in the cur-
rent study compared to the correlations between TC1 and reward variables. We also show that 
TC2 was negatively correlated with reward prediction error δQ; thus, cognitive error signals 
with a positive sign can be computed as sign-reversed reward prediction errors with a negative 
sign by reinforcement learning algorithms. That is, during learning, cognitive error signals 
decrease due to an increase (with the same magnitude) of negative reward prediction errors. 
Both studies corroborate TC3’s correlations with reward R and reward licking behavior. Simi-
larly, our previous work indicated TC4 neurons inhibit licks in No-go trials. This is reinforced 
by sCCA’s findings of TC4’s negative correlation with No-go ✕ ELick. Furthermore, in line 
with our previous study that focused on synchronized spikes (i.e., co-activated in time bins 
of 30 ms), in a supplementary analysis, we used synchronized spikes instead of all spikes to 
compute the TC scores. The sCCA analysis revealed that while the correlations of TC1-4 with 
other variables remained unchanged, significant negative correlations of TC1-3 and latency 
fluctuation emerged (S6 Fig). This result strongly aligns with the findings reported in the 
previous study (see Figs 5 - S1 in [26]). Both studies, therefore, suggest that synchronization of 
CSs is crucial for timing control [50–52]. We note that in the previous study [26], we identi-
fied correlations between TC2 and the “error” response–defined as licks in the 0–0.5 s window 
after No-go cues– and between TC3 and the “reward” response–defined as licks in the 0.5–2 s 
window after Go cues. In this study, these responses were redefined as two s 
ensorimotor-control variables No-go ✕ ELick and Go ✕ RLick, respectively. This new 
nomenclature more effectively distinguishes reward-related variables from sensorimotor-
control ones, and also facilitates the systematic regression analyses performed here.
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Modular reinforcement learning characteristics
In an additional investigation, our objective was to distinguish the roles of complex spikes 
(CSs) in cue-cognition from those in motor functions. We introduced an auditory cue variable 
(Cue = 1 for Go, Cue = 0 for No-go) distinct from motor-related variables (i.e., lick counts). 
This revealed that the correlations of TC1-4 with motor-related variables were dramatically 
suppressed, while strong correlations with auditory cues emerged (S7 Fig). These findings, 
supported by previous research [21,22], indicate that no single TC exclusively encodes basic 
licking motor commands without considering auditory cues. Thus, the cerebellar reinforce-
ment learning algorithm investigated in this study functions as a modular system: TC1 and 
TC3 for Go cues and TC2 and TC4 for No-go cues, rather than as a simplistic, straightforward 
algorithm [18,53–57].

We propose that in this task, the acquisition of reinforcement learning Critic, crucial for 
calculating reward prediction error at cue onset, does not take place in Crus II. Should  
temporal-difference-error learning be active in Crus II, we would expect to observe com-
plex spike (CS) activities correlating with expected liquid reward delivery [0.5, 2] s, showing 
contrasting patterns between HIT and FA trials during early learning [36,58–65]. However, 
among the eight zones and four tensor components (TCs) analyzed, only TC3 neurons dis-
played firing patterns consistent with this temporal condition, but their activity patterns were 
not contrasting between HIT and FA for that temporal window, and correlation with δQ was 
relatively weak (Fig 4A). Therefore, we hypothesized that TC1 & TC3 and TC2 & TC4 neu-
rons function as context-specific Actors within a modular reinforcement learning algorithm 
for Go and No-go cues, respectively. Intriguingly, their activities begin to rise even before 
the cue (S2 Fig), suggesting the involvement of internal forward models in preemptively 
calculating reward prediction errors. These forward models likely involve a network loop 
that includes the inferior olive nucleus, cerebral cortex, basal ganglia, and cerebellum. They 
operate anticipatorily and collectively support modular reinforcement learning [66–70]. In 
this framework, each functional module, represented by Purkinje cells, engages in supervised 
learning designed for specific actors, as depicted in Fig 5A.

Technical advances and conclusions
In the present study, we applied the Q-learning algorithm to analyze the licking behavior of 
mice in Go/No-go tasks and to estimate reward variables. In our computational approach, 
we differentiate between the state value function V(s), dependent on the state s alone, and the 
state-action value function Q(s,a), reliant on both the state s and action a. Two-photon Ca2+ 
imaging data highlighted the dominance of the state-action value function, with significant 
differences observed in responses (lick) in HIT vs MISS and FA vs CR trials (Fig 2A). We thus 
employed a state-action Q-value function for expected reward estimation and used the soft-
max function for action selection based on the learned Q values. Our Q-learning model, with 
only five hyper-parameters, effectively captured individual mice’s learning patterns in licking 
behavior (Fig 1C and D). Statistical analysis confirmed the importance of all five hyper-
parameters, as models with fewer parameters showed reduced performance (S8 Fig), empha-
sizing their relevance in our Go/No-go task. Analysis of the estimated hyper-parameters 
revealed unique learning strategies among individual mice, with variations in learning rates, 
penalty values, initial Q values, and individual strategies (temperature) for optimal reward 
acquisition (Fig 1E).

This study introduces an innovative technical approach by using tensor component 
analysis (TCA) as a generative model for analyzing spiking activity in single trials, despite 
the complexity of CFs conveying multiple types of information [26,38,39]. Typically, 
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unsupervised statistical methods like TCA, while effective in decomposing spiking activity 
into meaningful components, struggle with noise sensitivity, making them less reliable for 
single-trial analysis. To overcome this, we applied TCA to peristimulus time histograms 
(PSTHs) of complex spikes (CSs). This approach reduces trial-to-trial variability, enabling 
us to identify low-dimensional tensor components (TCs) that represent the underlying 
dynamics of spiking activity. We then used the temporal profiles of these TCs to refine spike 
activity analysis in individual trials. As a result, the derived TC scores effectively reflect the 
spiking dynamics corresponding to the four TCs identified by TCA. This method offers a 
powerful means to analyze CF activities, providing valuable insights into a range of learning 
behaviors.

We developed a neural network model of the cerebellum engaged in Go/No-go tasks. 
The model, although simple, incorporated 5,000 neurons with biologically realistic synaptic 
connections and featured closed loop connections between Purkinje cells, cerebellar nuclei 
neurons, and inferior olive neurons. It was embedded within a reward-based learning sys-
tem, where licking behavior— the model’s output —was converted into reward-prediction 
errors, reflecting our experimental observations. It also simulated the bidirectional plasticity 
potentially occurring at PF-PC synapses, consistent with experimental findings regarding 
bidirectional changes in CS activity and the zonal characteristics of the cerebellum. It is 
important to note a few key points about our model. First, the lick rate is represented as 
a sigmoid function of the combined spike rate of CN neurons. For simplicity, the model 
assumes that the lick rate increases as CN spike rates decrease, with the maximum lick rate 
occurring at low CN spike rates (in our simulations, CN neurons exhibit spontaneous firing 
rates of approximately 25 Hz (S4 Fig), ensuring that CN activity does not drop to zero). 
This is supported by the evidence that Purkinje cells influence both excitatory and inhib-
itory neurons within the CN [71]. If the downstream circuitry of Purkinje cells includes 
substantial inhibitory connections—such as inhibitory CN neurons and motor neurons—
learning a specific motor action may primarily occur through increased simple spike (SS) 
activity or decreased CN activity. This mechanism has been observed in paradigms like 
vestibulo-ocular reflex adaptation [72] and reflexive whisker protraction [73], as well as in 
computational models [74]. Aligned with this mechanism, our model includes inhibitory 
CN neurons that modulate the electrical coupling between IO neurons. However, we note 
that experimental studies in eyeblink conditioning [75,76] and other cerebellar models [77] 
have shown that suppression of SSs, leading to increased CN output, drives movement. 
In this context, the microzone architecture of the cerebellar cortex may influence activity 
in downstream circuitry, thereby facilitating specific motor functions [43]. Second, in its 
current form, the model does not account for the convergent and divergent innervations in 
the positive feedback loop between PC, CN, and IO, a feature that may be vital for the cer-
ebellum to dynamically organize neuron populations and alter behavior [26]. In particular, 
the convergence of multiple Purkinje cells onto CN neurons is a critical feature of cerebellar 
anatomy that likely affects the integration of inhibitory signals in the network. This ana-
tomical feature could potentially lead to an increased level of synchrony between different 
Purkinje cell inputs, modulating the firing patterns of CN neurons in a way that reflects 
more complex integration of timing control signals [78–80]. Additionally, the convergence 
could influence how the cerebellum accounts for noise and variability in the output, since 
multiple Purkinje cells might help refine the signal sent to CN neurons, smoothing out 
the response [81]. In our model, we simulated only the lick rates, not the timing of licks, 
and did not account for noise. Therefore, the convergence of multiple PC inputs onto CN 
neurons was not considered. Finally, refining the model to closely match experimental data 
could provide deeper insights into the cerebellum’s role in reinforcement learning.
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In summary, our study employs a computational approach integrating a Q-learning 
model, a high-resolution spike detection algorithm, tensor component analysis (TCA), and 
cerebellar neural network model with 5,000 spiking neurons, to explore reward processing in 
the cerebellum. The results indicate that inputs from climbing fibers to two distinct Purkinje 
cell ensembles encode predictive reward-prediction errors. This finding is situated within 
an integrated framework that combines modular reinforcement learning with supervised 
learning. Our development of a cerebellar spiking neural network model aligned with this 
framework successfully replicates both the licking behaviors and the firing rates of climbing 
fibers observed in Go/No-go tasks. The significance of this framework lies in its potential to 
enhance the development of new reinforcement learning algorithms, which could efficiently 
master complex tasks in a limited number of trials [18]. It’s important to note some limita-
tions: the complex spikes (CSs) we studied were recorded from Purkinje cells in separate ses-
sions, potentially introducing variability. Also, our research did not track the CSs of individual 
Purkinje cells throughout the learning process. Consequently, the proposed modular rein-
forcement learning algorithm in the cerebellum needs further validation through continuous 
monitoring of individual neurons during learning, coupled with causal analysis of neuronal 
responses and corresponding behavioral changes.

Methods

Ethics statement
All experiments were approved by the Animal Experiment Committees of the University of 
Tokyo (#P08-015) and the University of Yamanashi (#A27-1), and conducted in compliance 
with national regulations and institutional guidelines. A total of 17 adult male heterozygous 
Aldoc-tdTomato mice (n = 12) and 5 adult male wild-type mice (Japan SLC, Inc., n = 5) at 
postnatal days 40–90 were used. The Aldoc-tdTomato mouse line is available upon request 
from the corresponding authors and is also accessible at the RIKEN BioResource Center 
(RBRC10927).

Q-learning model
We adopted a Q-learning model, a reinforcement learning algorithm, to model licking 
behavior of mice in a Go/No-go experiment. The algorithm works by learning a state-action 
value function, commonly referred to as the Q-function. The Q-function is a mapping from 
a state-action pair to a scalar value that represents the expected reward for taking a particu-
lar action in a particular state. The Q-function is updated over time based on the observed 
rewards and transitions to new states.

In the Go/No-go auditory-discrimination licking task, the Q-function of a state s (s = Go/ 
No-go cue) and an action a (a = Lick/ No-lick) were updated at trial t as follows

δQ R P Qt t t= − − 	

Q Q Qt t t+ = + ×1 α δ

where δQ is the reward prediction error, α is the learning rate and R-P is the reward-
penalty function.

R-P = 1 for s = Go, a = Lick (HIT)
R-P = - ξ for s = No-go, a = Lick (FA)
R-P = 0, otherwise (CR and MISS)

The probability of selecting a given action a in state s is determined by the softmax function 
comparing Q-function values of an action to all others:
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where τ is the temperature parameter, representing a trade-off between exploitation and 
exploration. Because mice underwent pre-training sessions for 3 days, during which they were 
rewarded by licking after 1 second of both cues, initial Q values for Go and No-go  
cues should be positive: Q0(s=Go, a=Lick) = q1 and Q0(s=No-go, a=Lick) = q2. In total, the 
Q-learning model contains 5 hyper-parameters: learning rate α (range, 0.001 ≤ α ≤ 0.1), ξ (0 
≤ ξ ≤ 1), temperature τ (0.01 ≤ τ ≤ 0.5), initial Q values for Go and No-go cues, q1 and q2 (0 ≤ 
q1 ≤ 1, 0 ≤ q2 ≤ 1). We estimated these parameters for individual animals by maximizing the 
likelihood defined as the sum of Prob(s,a) for all trials.

It is important to emphasize that we fitted the Q-learning model to behavioral data on a 
trial basis with trials from different sessions concatenated. To evaluate the fit, we computed 
from the data the fraction correct for Go cues (number of HIT trials/ total number of Go 
trials) and the fraction incorrect for No-go cues (number of FA trials/ total number of No-go 
trials) for each session. These values were then compared to the probability Prob(s,a) of the 
last HIT and FA trials estimated by the model (Fig 1C, D). The coefficient of determination 
(R2) was calculated to measure goodness-of-fit between the data and model probabilities 
across sessions of individual animals.

	 R
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SS
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i
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	 SS h htot
i
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where hi  and fi  are the probabilities of the data and the model at the i-th session, respec-
tively, and h  is the mean of the data probability across sessions.

Estimation of complex spike activity from two-photon recordings
Ca signals in Purkinje cell dendrites were evaluated for regions-of-interest (ROIs) of the 
two-photon images extracted by Suite2p software [82] and manually selected. Spike trains 
were reconstructed for 6,445 Purkinje cells sampled in 17 mice, using hyperacuity software 
(HA_time [37]) that detected complex spike (CS) activities for calcium signals of two-photon 
imaging with a temporal resolution of 100 Hz (see [26] for details).

Complex spike to cue stimulus
To evaluate the CS of a single neuron to the cue stimulus, we constructed a peri-stimulus 
time histogram (PSTH) of CSs in [-0.5, 2] s with a time bin of 50 ms for the four cue-
response conditions. They include HIT, FA, CR, or MISS, according to licking behavior 
within a response period of 1 s to the two cues, i.e., correct lick in response to the go cue, 
unwarranted lick in response to the No-go cue, correct response rejection to the No-go 
cue, or response failure to the Go cue, respectively. Each PSTH was subtracted from its 
baseline activity, defined as the mean value of the firing rate in the range of [-2, -1] s 
before cue onset.
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Partial least-squares regression analysis
We sought to reveal correlations between zonal activity and behavior variables on a single-trial 
basis (Fig 3). For each trial, neuronal activity was calculated as the mean firing rate of the 
neurons in the same aldolase-C zone, in [-0.5, 2] s after cue onset. Behavior variables include 
physical reward R (R=1 for HIT trials, R=0 otherwise), Q, δQ, number of licks in 0–0.5 s for 
Go and No-go cues (Go ✕ ELick and No-go ✕ ELick), the number of licks in the reward 
period (0.5–2 s after cue, Go ✕ RLick and No-go ✕ RLick) and the number of licks in the late 
period (2–4 s after cue, Go ✕ LLick and No-go ✕ LLick). For a consistent analysis with the 
previous study [26], we also incorporated lick-latency fluctuation as an explanatory variable. 
Briefly, lick-latency fluctuation for a single trial was calculated as the absolute difference 
between the lick-latency and the mean lick-latency across trials for individual mice. This mea-
sure was computed separately for HIT and FA trials. For MISS and CR trials, where no licks 
occurred within the response window, the lick-latency fluctuation was set to the mean values 
observed in HIT and FA trials, respectively.

We conducted partial least-squares (PLS) regression to resolve multi-collinearity of behav-
ioral variables, e.g., between R, Q and δQ. PLS regression searches for a set of low-dimensional 
components that performs a simultaneous decomposition of dependent and explanatory 
variables with the constraint that these components explain as much as possible the covari-
ance between the variables. The VIP (Variable Importance in Projection) score is a measure 
of the importance of each explanatory variable in a PLS regression model, with higher scores 
indicating greater importance. The VIP score for the j-th variable is given as:

	 VIP
w SSY J
SSY Fj

f
F

jf f

total

=
∑ × ×

×
=1

2

	

where wjf  is the weight of the j-th variable and the f-th PLS component, SSYf  is the sum of 
squares of explained variance for the f-th PLS component and J is the number of explanatory 
variables (J=10). SSYtotal  is the total sum of squares explained for the dependent variable, and 
F is the total number of PLS components. Explanatory and dependent variables were stan-
dardized to have mean zero and standard deviation 1 before performing the analysis. In our 
analysis, the number of PLS components was optimized by 10-fold cross-validation. Note that 
the VIP score does not provide sign information (positive or negative) of correlations between 
explanatory and dependent variables. Although there was no known threshold for a system-
atic evaluation, VIP score > 1 was typically used as an indicator for a variable to be considered 
significant. PLS was conducted using the MATLAB function, plsregress.

Tensor component analysis
Let xntk denote the PSTH of neuron n at time step t within cue-response condition k. TCA 
yields the decomposition

	 x x w b antk ntk r
R

r n
r

t
r

k
r≈ =∑ =
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where R is the number of tensor components, wn
r , bt

r  and ak
r  are the coefficients of the 

neuron, temporal, and response condition factors, respectively. Those coefficients were scaled 
to be unit length with the rescaling value λr  for each component r. We introduced a non-
negative constraint of those coefficients (wn

r ≥0 , bt
r ≥0  and ak

r ≥0  for all r, n, t and k). In 
the previous study, we optimized the number of components R = 4 for which solutions were 
most stable and fitting scores were high [26].
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Computation of tensor component score for a single trial
TCA was efficient for decomposing PSTHs into biologically-meaningful components [26], but 
for systematic analysis of associations of CSs and variables on a trial basis, it is crucial to esti-
mate activity of such components for individual neurons in a single trial. Note that TCA was 
carried out for PSTHs computed over multiple trials in a given session, but we needed a firing 
index for each trial for Q-learning analysis. For that purpose, we employed a novel approach 
to utilize time series of multiple spikes decomposed by TCA as generative models of CSs.

The tensor-based activity of the i-th neuron in the j-th trial (corresponding to the cue-
response condition c) with respect to the component r-th (r = 1,.., 4) was evaluated as:

	 y w a t t bi j
r

i
r

c
r

s
S

s t
r

, = × ×∑ −( )=1 δ 	

where ∑ −( )=s
S

st t1 δ  represents the timing of CS firings sampled from [-0.5, 2] s after cue 
onset as the summation of Dirac delta functions δ.

For the j-th trial, the TC score of the r-th component was calculated as the averaged yi j
r
,  

across all neurons in the same recording session. As a result, each trial has four TC scores 
corresponding to the four TCs.
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Sparse canonical correlation analysis
Because CSs may multiplex different information, we conducted sparse Canonical Correla-
tion Analysis (sCCA) to analyze the relationship between TC scores and behavior variables. 
The goal of sCCA is to find a set of linear combinations (known as “canonical variate”) of the 
variables in each set, such that the correlation between the two sets of canonical variates is 
maximized. The sCCA includes a sparsity constraint, which promotes solutions in which only 
a small number of variables are selected in calculation of the canonical variates. This can result 
in more interpretable and biologically relevant solutions, as it reduces the amount of noise in 
the data.

In our analysis, sCCA was conducted using the PMA package of R, with a LASSO pen-
alty applied to enforce sparsity. L1 bounds were set 0.4 and 0.6 for TC scores and behavior 
variables, respectively (larger L1 bound corresponds to less penalization). Explanatory and 
dependent variables were standardized to have mean zero and standard deviation 1 before 
performing the analysis. The number of canonical variables was 4. The resulting coefficient of 
TC scores was either 1 or -1. For better interpretation, coefficient vectors of behavioral vari-
ables (reported in Fig 4A) were re-signed so that coefficients of TC scores were all 1.

Simulation of the cerebellum in Go/No-go tasks
We developed a spiking neural network model of TC1-4 neurons in a modular reinforcement 
learning framework for Go/No-go tasks, to illustrate how they generate motor commands to 
maximize rewards. Our model features two groups of neurons, TCGo (TC1 & TC3) and TCNogo 
(TC2 & TC4), operating independently to process Go and No-go cues. We also incorporated 
bidirectional plasticity in PF-PC synapses for TCGo and TCNogo, reflecting aldolase C+ zones 
linked with TC1 favoring long-term potentiation (LTP), and aldolase C- zones linked with 
TC2 being more prone to long-term depression (LTD).

Since TC1, TC2 and TC4 activity lasts only 500 ms after the cue (S2 Fig), we consider each 
trial as 500 ms of simulation. We randomly generated 500 trials of Go and No-go cues. Overall, 
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we conducted 10 simulations with varied initial conditions, and the metrics such as firing rates 
and lick rates were averaged over these 10 simulations.

Cerebellar spiking neural network model.  To efficiently simulate the cerebellar spiking 
neural model, we utilized the Leaky-Integrate-and-Fire (LIF) neuron model provided by 
CARLsim [83]. This model includes two groups of neurons within the PC-CN-IO circuitry, 
corresponding to the TCGo (PCGo - CNGo - IOGo) and TCNogo (PCNogo - CNNogo - IONogo) groups. 
Additionally, sensory inputs of auditory cues were transmitted, via mossy fibers, to granule 
cells independently for Go (GrCGo) and No-go (GrCNogo) cues. Each neuron was modeled 
using the LIF framework, and synaptic inputs were generated by a Poisson spike generator 
(see details below). The model parameters are listed in Table 1.

Synaptic connections.  We employed a current-based mode for synaptic connections, 
where the total synaptic current I j

syn  at the postsynaptic neuron j due to a spike from 
presynaptic neuron i is given at any point in time by:

	 I s wj
syn

ij ij
i

N

=
=
∑

1
	

where sij is 1 if the neuron is spiking and 0 otherwise, wij is the strength of the synaptic weight 
between postsynaptic neuron j and presynaptic neuron i, and N is the total amount of presyn-
aptic connections. All the synaptic connections in the model are listed in Table 2, with a fixed 
delay of 1 ms for each connection.

Sensory and error inputs.  There are two sources of synaptic inputs to the model: the 
sensory input (i.e., cue) and the error derived from licking behaviors. Sensory input (Go or 
No-go) is conveyed by 100 mossy fibers, with inter-spike intervals following a Poisson process 
at a rate of 4 Hz. Note that there are two sets of 100 MFs for Go (MFGo) and No-go (MFNogo) 
cues, respectively, with each set 5% randomly connected to GrCGo and GrCNogo (Table 2). Note 
that MFs also transmit the sensory input to CN.

For simulating the error in Go/No-go tasks, we assumed that the reward size is pro-
portional to the lick rate, the model’s output. Consequently, the model learns to maximize 
rewards by increasing the lick rate to a theoretical maximum for Go cues and to minimize 
penalties by decreasing the lick rate toward zero for No-go cues. The error rate resulting from 

Table 1.  Parameters of LIF neuron model.

Group Neuron type # neurons Synaptic type τm τref Vth Vreset

TCGo GrCGo 2000 Excitatory 10 5 -67 -70
PCGo 100 Inhibitory 10 5 -67 -70
CNGo 100 Inhibitory 10 5 -67 -70
IOGo 10x10 Excitatory 10 50 -65 -70
MFGo 100 Excitatory Poisson spike generator (λ =4 Hz)
ErrorGo 100 Excitatory Poisson spike generator (λNo )

TCNogo GrCNogo 2000 Excitatory 10 5 -67 -70
PCNogo 100 Inhibitory 10 5 -67 -70
CNNogo 100 Inhibitory 10 5 -67 -70
IONogo 10x10 Excitatory 10 50 -65 -70
MFNogo 100 Excitatory Poisson spike generator (λ =4 Hz)
ErrorNogo 100 Excitatory Poisson spike generator (λNogo )

τm: Membrane time constant in ms; τref: absolute refractory period in ms; Vthr: Threshold voltage for firing; Vreset: Membrane potential resets to this value immediately 
after spike.

https://doi.org/10.1371/journal.pcbi.1012899.t001

https://doi.org/10.1371/journal.pcbi.1012899.t001
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licking behaviors was computed as the difference between the targeted lick rate and the actual 
lick rate. To achieve this, we first assumed that the lick rate was a function of the combined 
firing rates of CNGo and CNNogo neurons (Fig 6B):

	 rate rate
rate

exp CN CN
lick max

max

Go Nogo

= −
+ − +( )+{ }

 

   1 0 3 16.
	

where ratelick  is the lick rate, ratemax  = 6 Hz is the maximum lick rate in a trial, and CNGo and 
CNNogo denote firing rate of CNGo and CNNogo neurons, respectively. The error rate was then 
computed for Go and No-go cues as:

	 error rate rate for GoGo max lick= −    	

	 error rate for NogoNogo lick= −   	

According to this equation, the error is initially positive for Go trials and negative for No-go 
trials, and it will converge to zero for both cues during the learning process. Finally, the error 
is transmitted one-by-one to the IO neurons by a Poisson spike generator group, with the rate 
negatively correlated with the error (Fig 6C):

	 λGo Goerror=− × +
4
3

6 	

	 λNogo Nogoerror=− × +
5
6

2 	

Table 2.  Synaptic connections.

Group Presynaptic Postsynaptic Connection type Initial weight
TCGo MFGo GrCGo Random (5%) 10

MFGo CNGo Full 10
GrCGo PCGo Full 10
GrCNogo PCGo Full 10
PCGo CNGo One-to-One 50
ErrorGo IOGo One-to-One 70
IOGo IOGo Gaussian 10
IOGo PCGo One-to-One 50

TCNogo MFNogo GrCNogo Random (5%) 10
MFNogo CNNogo Full 10
GrCGo PCNogo Full 10
GrCNogo PCNogo Full 10
PCNogo CNNogo One-to-One 50
ErrorNogo IONogo One-to-One 70
IONogo IONogo Gaussian 10
IONogo PCNogo One-to-One 50

Connection type: Full – all presynaptic neurons connect to all postsynaptic neurons; One-to-One – each presynaptic neuron connects to only one postsynaptic neuron; 
Gaussian – the neurons were connected with the weight proportional to their relative distance in the lattice structure. Random –presynaptic neurons randomly connect 
to postsynaptic neurons with a probability p.

https://doi.org/10.1371/journal.pcbi.1012899.t002

https://doi.org/10.1371/journal.pcbi.1012899.t002
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To maintain the spontaneous firing level of IO neurons, IOGo neurons receive synaptic 
inputs during No-go trials, and IONogo neurons receive synaptic inputs during Go trials, keep-
ing their firing rate around 1 Hz.

Effective coupling between IO neurons.  The effective coupling between the IO neurons, 
located in a 10x10 lattice structure, was modeled using Gaussian connectivity, based on their 
relative distances (Fig 6D). For CN-IO inhibition, we established one-to-one connections 
between CN and IO neurons, with the coupling strength was modified by:

	 g g CN CNt
cue

t
cue− =− × −−0 1 0β ( ) 	

Here, gt
cue  is the coupling strength at trial t-th for a given cue (Go or No-go), CNt

cue
−1  denotes 

the firing rate of the CN at the (t-1)-th of the same cue condition, g0 and CN0 are the initial 
values of the effective coupling and CN firing rate, respectively, and β is the proportional 
constant (β = 0.8 for IOGo and β=0.5 for IONogo). Note that effective coupling cannot be deter-
mined online (within the same trial) by CN activity, as the model configuration (e.g., setting 
the coupling strength) in the CARLsim framework must be completed before the simulation 
runs. Thus, the CN activity from the previous trial of the same cue condition was used.

Bidirectional plasticity at PF-PC synapses.  We hypothesized bidirectional plasticity at 
PF-PC synapses of TCGo and TCNogo neurons based on observations showing these neurons 
bidirectionally modulating their firing rates during learning (see S2 Fig). This bidirectional 
plasticity is captured by the following function:

	 ∆w IO IOpf PC− =− −( )α 	

where ∆wpf PC−  represents the change in weights of GrC-PC connections, IO denotes the 
firing rate of IO neurons, α is the learning rate (α =0.01 for PCGo and α =0.05 for PCNogo 
neurons). Here IO  is a constant that determines the direction of plasticity. Specifically, 
with the initial IO rate at approximately 3 Hz, long-term potentiation (LTP) and long-term 
depression (LTD) could be achieved by setting IO  =8 Hz for TCGo and IO  =1 Hz for TCNogo, 
respectively.

Parameter tuning.  Due to a large gap between the number of model parameters and 
available real data in Go/No-go tasks, our objective was not precise data fitting. Instead, we 
manually adjusted parameters to allow the model to qualitatively reproduce lick rates and CS 
firing rates from our study. Initially, the lick rate was around 3 Hz, reaching a peak of 6 Hz 
after Go cues and dropping to 0 Hz following No-go cues (corresponding to correct-rejection 
trials) after learning (see S5A Fig). To replicate neural firing rates, parameters for leaky 
integrate-and-fire (LIF) neurons and synaptic connections were selected to ensure consistency 
with documented rates of Purkinje cells (PC, 40–80 Hz), cerebellar nuclei (CN, 0–30 Hz), 
and inferior olive (IO, 0–10 Hz) neurons [84]. Other parameters, such as weight updating 
constants and coefficients for lick rate and error computations, were manually adjusted to 
simulate licking behaviors and error signals in Go/No-go tasks.

Statistics
All statistical analyses were performed using MATLAB software. Unless otherwise stated, data 
are presented as means ± standard deviation. For evaluation of correlations between neuro-
nal response and single behavior variables (Figs 4B-F), we fitted a linear mixed-effects model 
with fixed effect for behavior variables and mouse index as random intercept. The analysis was 
conducted using MATLAB function fitlme, with the slope and its significance p-value were 
reported. Significance level: n.s, p > 0.05; * p < 0.05; ** p < 0.01; *** p < 0.001; **** p < 0.0001.
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Code availability
The customized MATLAB code for the analyses and the simulation using the CARLsim 
framework are publicly available on GitHub at the following link: https://github.com/
hoang-atr/go_nogo.

Supporting information
S1 Fig.  Regression analysis of TC activity and behavior variables in individual animals and 
top TC neurons. A: sCCA of TC score and behavior variables were conducted for individual 
animals. Bar and lines indicate the averaged and std of CCA coefficients across 17 animals. B: 
we sampled the top 300 neurons for each TC at each learning stage, then removed overlapping 
ones (see [26] for details). As a result, we selected 2,096 neurons (termed “topTC neurons”) 
and individually conducted PLSR of their TC score with the behavior variables. Bar and lines 
indicate the averaged and std of VIP score for topTC1-4 neurons. The horizontal dashed line 
indicates VIP score = 1. Color convention is the same as Fig 2.
(TIFF)

S2 Fig.  This figure plots PSTHs in the four cue-response conditions of topTC neurons for 
the four tensor components (refer to S1 Fig for neural sampling). Blue, green and red traces 
are for 1st, 2nd and 3rd learning stages, respectively.
(TIFF)

S3 Fig.  Shuffled correlations between TC1 and TC2 score with reward-prediction errors 
δQ. A: For each animal, we shuffled the pairs of TC1 score vs. reward-prediction errors δQ 
in HIT trials and conducted the regression analysis similar to Fig 4C. The bar-plots indicated 
frequency of the slope (left) and p-value (right) of the regression for 1000 shuffled times. B: 
similar to A but for TC2 score vs. δQ in FA trials. Note that, for the original data, the slope 
of regression was -0.65 for TC1-HIT and -1.24 for TC2-FA (vertical red lines) with p-value < 
0.00001 (reported in Fig 4C&D).
(TIFF)

S4 Fig.  Firing rate in 500 trials of the neurons in the PC-CN-IO circuitry for TCGo (upper) 
and TCNogo (lower) groups. 
(TIFF)

S5 Fig.  Experimental data. A: Lick rate of 17 animals during Go (light blue traces) and 
No-go (light red traces) trials across 7 sessions. The thick lines represent the average lick rate 
across all animals. B:Summary of top TC neurons in the real data. Bars with error bars indi-
cate the mean ± s.e.m of CS rate during Go (blue bars) and No-go (red bars) trials for topTC1 
and topTC2 neurons (refer to S1B Fig for neuron sampling) in the first stage (open bars, 
fraction correct < 0.6) and the third stage (filled bars, fraction correct > 0.8). The differences 
in CS rate between the 1st and 3rd stages were significant (p < 0.0001) for all conditions. Note 
that both lick rate and CS rate were measured within 0-0.5 s after cue onset.
(TIFF)

S6 Fig.  Sparse CCA with TC1-4 scores computed from synchronized spikes. 
(TIFF)

S7 Fig.  Sparse CCA for TC1-4 scores with auditory cue and motor variables independent. 
In these analyses, the auditory cue (Cue=1 for Go and Cue=0 for No-go cues) was made 
independent from motor (licking) variables, resulting in a total of 8 exploratory variables 
(Cue, R, Q, δQ, ELick, RLick, LLick and lick latency fluctuation). sCCA selected 5 exploratory 
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variables, with only a small positive correlation between TC2 and early lick count. Color con-
vention is the same as Fig 2 with a new black column corresponding to the auditory cue.
(TIFF)

S8 Fig.  BIC score, estimated for 17 mice, of the five Q-learning models with different 
numbers of hyper-parameters. The total BIC score was 21,235; 21,291; 21,414; 21,532 and 
69,325 for Model #1-5, respectively.
(TIFF)

Author contributions
Conceptualization: Huu Hoang, Masanori Matsuzaki, Masanobu Kano, Keisuke Toyama, 

Kazuo Kitamura, Mitsuo Kawato.
Data curation: Shinichiro Tsutsumi, Kazuo Kitamura.
Formal analysis: Huu Hoang, Mitsuo Kawato.
Funding acquisition: Masanori Matsuzaki, Masanobu Kano, Kazuo Kitamura.
Investigation: Huu Hoang, Shinichiro Tsutsumi, Kazuo Kitamura, Mitsuo Kawato.
Methodology: Huu Hoang, Mitsuo Kawato.
Software: Huu Hoang.
Supervision: Kazuo Kitamura, Mitsuo Kawato.
Validation: Huu Hoang, Shinichiro Tsutsumi, Mitsuo Kawato.
Visualization: Huu Hoang.
Writing – original draft: Huu Hoang, Shinichiro Tsutsumi, Masanori Matsuzaki, Masanobu 

Kano, Keisuke Toyama, Kazuo Kitamura, Mitsuo Kawato.
Writing – review & editing: Huu Hoang, Shinichiro Tsutsumi, Masanori Matsuzaki, 

Masanobu Kano, Keisuke Toyama, Kazuo Kitamura, Mitsuo Kawato.

References
	 1.	 Marr D. A theory of cerebellar cortex. J Physiol. 1969;202(2):437–70. https://doi.org/10.1113/

jphysiol.1969.sp008820 PMID: 5784296

	 2.	 Albus JS. A theory of cerebellar function. Math Biosci. 1971;10:25–61.

	 3.	 Ito M. Neurophysiological aspects of the cerebellar motor control system. Int J Neurol Neurother. 
1970;7:162–76.

	 4.	 Kawato M, Furukawa K, Suzuki R. A hierarchical neural-network model for control and learning of 
voluntary movement. Biological Cybernetics. 1987;57(3):169–85.

	 5.	 Kawato M, Gomi H. A computational model of four regions of the cerebellum based on feedback-error 
learning. Biol Cybern. 1992;68(2):95–103. https://doi.org/10.1007/BF00201431 PMID: 1486143

	 6.	 Wolpert DM, Miall RC, Kawato M. Internal models in the cerebellum. Trends Cogn Sci. 1998;2(9):338–
47. https://doi.org/10.1016/s1364-6613(98)01221-2 PMID: 21227230

	 7.	 Kawato M. Internal models for motor control and trajectory planning. Curr Opin Neurobiol. 
1999;9(6):718–27. https://doi.org/10.1016/s0959-4388(99)00028-8 PMID: 10607637

	 8.	 Shidara M, Kawano K, Gomi H, Kawato M. Inverse-dynamics model eye movement control by Pur-
kinje cells in the cerebellum. Nature. 1993;365(6441):50–2. https://doi.org/10.1038/365050a0 PMID: 
8361536

	 9.	 Medina JF, Nores WL, Ohyama T, Mauk MD. Mechanisms of cerebellar learning suggested by eyelid 
conditioning. Curr Opin Neurobiol. 2000;10(6):717–24. https://doi.org/10.1016/s0959-4388(00)00154-9 
PMID: 11240280

	10.	 Medina JF, Lisberger SG. Links from complex spikes to local plasticity and motor learning in the 
cerebellum of awake-behaving monkeys. Nat Neurosci. 2008;11(10):1185–92. https://doi.org/10.1038/
nn.2197 PMID: 18806784

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012899.s008
https://doi.org/10.1113/jphysiol.1969.sp008820
https://doi.org/10.1113/jphysiol.1969.sp008820
http://www.ncbi.nlm.nih.gov/pubmed/5784296
https://doi.org/10.1007/BF00201431
http://www.ncbi.nlm.nih.gov/pubmed/1486143
https://doi.org/10.1016/s1364-6613(98)01221-2
http://www.ncbi.nlm.nih.gov/pubmed/21227230
https://doi.org/10.1016/s0959-4388(99)00028-8
http://www.ncbi.nlm.nih.gov/pubmed/10607637
https://doi.org/10.1038/365050a0
http://www.ncbi.nlm.nih.gov/pubmed/8361536
https://doi.org/10.1016/s0959-4388(00)00154-9
http://www.ncbi.nlm.nih.gov/pubmed/11240280
https://doi.org/10.1038/nn.2197
https://doi.org/10.1038/nn.2197
http://www.ncbi.nlm.nih.gov/pubmed/18806784


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012899  March 17, 2025 26 / 29

PLOS Computational Biology Climbing fiber inputs integrate modular reinforcement learning with supervised learning

	11.	 Haruno M, Kuroda T, Doya K, Toyama K, Kimura M, Samejima K, et al. A neural correlate of reward-
based behavioral learning in caudate nucleus: a functional magnetic resonance imaging study 
of a stochastic decision task. J Neurosci. 2004;24(7):1660–5. https://doi.org/10.1523/JNEURO-
SCI.3417-03.2004 PMID: 14973239

	12.	 Doya K. Complementary roles of basal ganglia and cerebellum in learning and motor control. Curr 
Opin Neurobiol. 2000;10(6):732–9. https://doi.org/10.1016/s0959-4388(00)00153-7 PMID: 11240282

	13.	 Raymond JL, Medina JF. Computational Principles of Supervised Learning in the Cerebellum. 
Annu Rev Neurosci. 2018;41:233–53. https://doi.org/10.1146/annurev-neuro-080317-061948 PMID: 
29986160

	14.	 Wagner MJ, Kim TH, Savall J, Schnitzer MJ, Luo L. Cerebellar granule cells encode the expectation 
of reward. Nature. 2017;544(7648):96–100. https://doi.org/10.1038/nature21726 PMID: 28321129

	15.	 Carta I, Chen CH, Schott AL, Dorizan S, Khodakhah K. Cerebellar modulation of the reward circuitry 
and social behavior. Science. 2019;363(6424):eaav0581. https://doi.org/10.1126/science.aav0581 
PMID: 30655412

	16.	 Sendhilnathan N, Semework M, Goldberg ME, Ipata AE. Neural Correlates of Reinforcement Learn-
ing in Mid-lateral Cerebellum. Neuron. 2020;106(6):1055. https://doi.org/10.1016/j.neuron.2020.05.021 
PMID: 32553199

	17.	 Wagner MJ, Luo L. Neocortex-Cerebellum Circuits for Cognitive Processing. Trends Neurosci. 
2020;43(1):42–54. https://doi.org/10.1016/j.tins.2019.11.002 PMID: 31787351

	18.	 Kawato M, Ohmae S, Hoang H, Sanger T. 50 years since the Marr, Ito, and Albus models of the cere-
bellum. Neurosci. 2021;462:151–74.

	19.	 Kostadinov D, Häusser M. Reward signals in the cerebellum: Origins, targets, and functional implica-
tions. Neuron. 2022;110(8):1290–303. https://doi.org/10.1016/j.neuron.2022.02.015 PMID: 35325616

	20.	 Heffley W, Hull C. Classical conditioning drives learned reward prediction signals in climbing fibers 
across the lateral cerebellum. Elife. 2019;8:e46764. https://doi.org/10.7554/eLife.46764 PMID: 
31509108

	21.	 Heffley W, Song EY, Xu Z, Taylor BN, Hughes MA, McKinney A, et al. Coordinated cerebellar climbing 
fiber activity signals learned sensorimotor predictions. Nat Neurosci. 2018;21(10):1431–41. https://doi.
org/10.1038/s41593-018-0228-8 PMID: 30224805

	22.	 Larry N, Yarkoni M, Lixenberg A, Joshua M. Cerebellar climbing fibers encode expected reward size. 
Elife. 2019;8:e46870. https://doi.org/10.7554/eLife.46870 PMID: 31661073

	23.	 Sendhilnathan N, Ipata A, Goldberg ME. Mid-lateral cerebellar complex spikes encode multiple inde-
pendent reward-related signals during reinforcement learning. Nat Commun. 2021;12(1):6475. https://
doi.org/10.1038/s41467-021-26338-0 PMID: 34753927

	24.	 Kostadinov D, Beau M, Blanco-Pozo M, Häusser M. Predictive and reactive reward signals conveyed 
by climbing fiber inputs to cerebellar Purkinje cells. Nat Neurosci. 2019;22(6):950–62. https://doi.
org/10.1038/s41593-019-0381-8 PMID: 31036947

	25.	 Tsutsumi S, Hidaka N, Isomura Y, Matsuzaki M, Sakimura K, Kano M, et al. Modular organization 
of cerebellar climbing fiber inputs during goal-directed behavior. Elife. 2019;8:e47021. https://doi.
org/10.7554/eLife.47021 PMID: 31596238

	26.	 Hoang H, Tsutsumi S, Matsuzaki M, Kano M, Kawato M, Kitamura K, et al. Dynamic organization of 
cerebellar climbing fiber response and synchrony in multiple functional components reduces dimen-
sions for reinforcement learning. eLife. 2023;12:e86340.

	27.	 Sugihara I, Shinoda Y. Molecular, topographic, and functional organization of the cerebellar cortex: 
a study with combined aldolase C and olivocerebellar labeling. J Neurosci. 2004;24(40):8771–85. 
https://doi.org/10.1523/JNEUROSCI.1961-04.2004 PMID: 15470143

	28.	 Sugihara I, Shinoda Y. Molecular, topographic, and functional organization of the cerebellar nuclei: 
analysis by three-dimensional mapping of the olivonuclear projection and aldolase C labeling. J Neu-
rosci. 2007;27(36):9696–710. https://doi.org/10.1523/JNEUROSCI.1579-07.2007 PMID: 17804630

	29.	 Williams AH, Kim TH, Wang F, Vyas S, Ryu SI, Shenoy KV, et al. Unsupervised Discovery of 
Demixed, Low-Dimensional Neural Dynamics across Multiple Timescales through Tensor Compo-
nent Analysis. Neuron. 2018;98(6):1099-1115.e8. https://doi.org/10.1016/j.neuron.2018.05.015 PMID: 
29887338

	30.	 Watkins C, Dayan P. Q-learning. Mach Learn. 1992; 8:279–292.

	31.	 Ito M, Kano M. Long-lasting depression of parallel fiber-Purkinje cell transmission induced by conjunc-
tive stimulation of parallel fibers and climbing fibers in the cerebellar cortex. Neuroscience Letters. 
1982;33(3):253–8.

https://doi.org/10.1523/JNEUROSCI.3417-03.2004
https://doi.org/10.1523/JNEUROSCI.3417-03.2004
http://www.ncbi.nlm.nih.gov/pubmed/14973239
https://doi.org/10.1016/s0959-4388(00)00153-7
http://www.ncbi.nlm.nih.gov/pubmed/11240282
https://doi.org/10.1146/annurev-neuro-080317-061948
http://www.ncbi.nlm.nih.gov/pubmed/29986160
https://doi.org/10.1038/nature21726
http://www.ncbi.nlm.nih.gov/pubmed/28321129
https://doi.org/10.1126/science.aav0581
http://www.ncbi.nlm.nih.gov/pubmed/30655412
https://doi.org/10.1016/j.neuron.2020.05.021
http://www.ncbi.nlm.nih.gov/pubmed/32553199
https://doi.org/10.1016/j.tins.2019.11.002
http://www.ncbi.nlm.nih.gov/pubmed/31787351
https://doi.org/10.1016/j.neuron.2022.02.015
http://www.ncbi.nlm.nih.gov/pubmed/35325616
https://doi.org/10.7554/eLife.46764
http://www.ncbi.nlm.nih.gov/pubmed/31509108
https://doi.org/10.1038/s41593-018-0228-8
https://doi.org/10.1038/s41593-018-0228-8
http://www.ncbi.nlm.nih.gov/pubmed/30224805
https://doi.org/10.7554/eLife.46870
http://www.ncbi.nlm.nih.gov/pubmed/31661073
https://doi.org/10.1038/s41467-021-26338-0
https://doi.org/10.1038/s41467-021-26338-0
http://www.ncbi.nlm.nih.gov/pubmed/34753927
https://doi.org/10.1038/s41593-019-0381-8
https://doi.org/10.1038/s41593-019-0381-8
http://www.ncbi.nlm.nih.gov/pubmed/31036947
https://doi.org/10.7554/eLife.47021
https://doi.org/10.7554/eLife.47021
http://www.ncbi.nlm.nih.gov/pubmed/31596238
https://doi.org/10.1523/JNEUROSCI.1961-04.2004
http://www.ncbi.nlm.nih.gov/pubmed/15470143
https://doi.org/10.1523/JNEUROSCI.1579-07.2007
http://www.ncbi.nlm.nih.gov/pubmed/17804630
https://doi.org/10.1016/j.neuron.2018.05.015
http://www.ncbi.nlm.nih.gov/pubmed/29887338


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012899  March 17, 2025 27 / 29

PLOS Computational Biology Climbing fiber inputs integrate modular reinforcement learning with supervised learning

	32.	 Hirano T. Depression and potentiation of the synaptic transmission between a granule cell and a 
Purkinje cell in rat cerebellar culture. Neurosci Lett. 1990;119(2):141–4. https://doi.org/10.1016/0304-
3940(90)90818-t PMID: 2177864

	33.	 Hirano T. Long-term depression and other synaptic plasticity in the cerebellum. Proc Jpn Acad Ser B 
Phys Biol Sci. 2013;89(5):183–95. https://doi.org/10.2183/pjab.89.183 PMID: 23666089

	34.	 Linden DJ. The return of the spike: postsynaptic action potentials and the induction of LTP and LTD. 
Neuron. 1999;22(4):661–6. https://doi.org/10.1016/s0896-6273(00)80726-6 PMID: 10230787

	35.	 Ito M. Cerebellar long-term depression: characterization, signal transduction, and functional roles. 
Physiol Rev. 2001;81(3):1143–95. https://doi.org/10.1152/physrev.2001.81.3.1143 PMID: 11427694

	36.	 Schultz W, Dayan P, Montague PR. A neural substrate of prediction and reward. Science. 
1997;275(5306):1593–9. https://doi.org/10.1126/science.275.5306.1593 PMID: 9054347

	37.	 Hoang H, Sato M-A, Shinomoto S, Tsutsumi S, Hashizume M, Ishikawa T, et al. Improved hyperacuity 
estimation of spike timing from calcium imaging. Sci Rep. 2020;10(1):17844. https://doi.org/10.1038/
s41598-020-74672-y PMID: 33082425

	38.	 Markanday A, Inoue J, Dicke PW, Thier P. Cerebellar complex spikes multiplex complementary behav-
ioral information. PLoS Biology. 2021;19:e3001400.

	39.	 Ikezoe K, Hidaka N, Manita S, Murakami M, Tsutsumi S, Isomura Y, et al. Cerebellar climbing fibers 
multiplex movement and reward signals during a voluntary movement task in mice. Commun Biol. 
2023;6(1):924. https://doi.org/10.1038/s42003-023-05309-9 PMID: 37689776

	40.	 Yamamoto K, Kobayashi Y, Takemura A, Kawano K, Kawato M. Computational studies on acquisition 
and adaptation of ocular following responses based on cerebellar synaptic plasticity. J Neurophysiol. 
2002;87(3):1554–71. https://doi.org/10.1152/jn.00166.2001 PMID: 11877526

	41.	 Zhou H, Lin Z, Voges K, Ju C, Gao Z, Bosman LWJ, et al. Cerebellar modules operate at different 
frequencies. Elife. 2014;3:e02536. https://doi.org/10.7554/eLife.02536 PMID: 24843004

	42.	 De Zeeuw CI, Ten Brinke MM. Motor Learning and the Cerebellum. Cold Spring Harb Perspect Biol. 
2015;7(9):a021683. https://doi.org/10.1101/cshperspect.a021683 PMID: 26330521

	43.	 De Zeeuw CI. Bidirectional learning in upbound and downbound microzones of the cerebellum. Nat 
Rev Neurosci. 2021;22(2):92–110. https://doi.org/10.1038/s41583-020-00392-x PMID: 33203932

	44.	 Viet N-M, Wang T, Tran-Anh K, Sugihara I. Heterogeneity of intrinsic plasticity in cerebellar Purkinje 
cells linked with cortical molecular zones. iScience. 2021;25(1):103705. https://doi.org/10.1016/j.
isci.2021.103705 PMID: 35059609

	45.	 Coesmans M, Weber JT, De Zeeuw CI, Hansel C. Bidirectional parallel fiber plasticity in the cer-
ebellum under climbing fiber control. Neuron. 2004;44(4):691–700. https://doi.org/10.1016/j.neu-
ron.2004.10.031 PMID: 15541316

	46.	 Onizuka M, Hoang H, Kawato M, Tokuda IT, Schweighofer N, Katori Y, et al. Solution to the inverse 
problem of estimating gap-junctional and inhibitory conductance in inferior olive neurons from 
spike trains by network model simulation. Neural Netw. 2013;47:51–63. https://doi.org/10.1016/j.
neunet.2013.01.006 PMID: 23428796

	47.	 Tokuda IT, Hoang H, Schweighofer N, Kawato M. Adaptive coupling of inferior olive neurons in 
cerebellar learning. Neural Netw. 2013;47:42–50. https://doi.org/10.1016/j.neunet.2012.12.006 PMID: 
23337637

	48.	 Tokuda IT, Hoang H, Kawato M. New insights into olivo-cerebellar circuits for learning from a small 
training sample. Curr Opin Neurobiol. 2017;46:58–67. https://doi.org/10.1016/j.conb.2017.07.010 PMID: 
28841437

	49.	 Hoang H, Lang EJ, Hirata Y, Tokuda IT, Aihara K, Toyama K, et al. Electrical coupling controls dimen-
sionality and chaotic firing of inferior olive neurons. PLoS Comput Biol. 2020;16(7):e1008075. https://
doi.org/10.1371/journal.pcbi.1008075 PMID: 32730255

	50.	 Welsh JP, Lang EJ, Suglhara I, Llinás R. Dynamic organization of motor control within the olivocere-
bellar system. Nature. 1995;374(6521):453–7. https://doi.org/10.1038/374453a0 PMID: 7700354

	51.	 Tsutsumi S, Chadney O, Yiu T-L, Bäumler E, Faraggiana L, Beau M, et al. Purkinje Cell Activity 
Determines the Timing of Sensory-Evoked Motor Initiation. Cell Rep. 2020;33(12):108537. https://doi.
org/10.1016/j.celrep.2020.108537 PMID: 33357441

	52.	 Wagner MJ, Savall J, Hernandez O, Mel G, Inan H, Rumyantsev O, et al. A neural circuit state 
change underlying skilled movements. Cell. 2021;184(14):3731-3747.e21. https://doi.org/10.1016/j.
cell.2021.06.001 PMID: 34214470

	53.	 Doya K, Samejima K, Katagiri K, Kawato M. Multiple model-based reinforcement learning. Neural 
Comput. 2002;14(6):1347–69. https://doi.org/10.1162/089976602753712972 PMID: 12020450

https://doi.org/10.1016/0304-3940(90)90818-t
https://doi.org/10.1016/0304-3940(90)90818-t
http://www.ncbi.nlm.nih.gov/pubmed/2177864
https://doi.org/10.2183/pjab.89.183
http://www.ncbi.nlm.nih.gov/pubmed/23666089
https://doi.org/10.1016/s0896-6273(00)80726-6
http://www.ncbi.nlm.nih.gov/pubmed/10230787
https://doi.org/10.1152/physrev.2001.81.3.1143
http://www.ncbi.nlm.nih.gov/pubmed/11427694
https://doi.org/10.1126/science.275.5306.1593
http://www.ncbi.nlm.nih.gov/pubmed/9054347
https://doi.org/10.1038/s41598-020-74672-y
https://doi.org/10.1038/s41598-020-74672-y
http://www.ncbi.nlm.nih.gov/pubmed/33082425
https://doi.org/10.1038/s42003-023-05309-9
http://www.ncbi.nlm.nih.gov/pubmed/37689776
https://doi.org/10.1152/jn.00166.2001
http://www.ncbi.nlm.nih.gov/pubmed/11877526
https://doi.org/10.7554/eLife.02536
http://www.ncbi.nlm.nih.gov/pubmed/24843004
https://doi.org/10.1101/cshperspect.a021683
http://www.ncbi.nlm.nih.gov/pubmed/26330521
https://doi.org/10.1038/s41583-020-00392-x
http://www.ncbi.nlm.nih.gov/pubmed/33203932
https://doi.org/10.1016/j.isci.2021.103705
https://doi.org/10.1016/j.isci.2021.103705
http://www.ncbi.nlm.nih.gov/pubmed/35059609
https://doi.org/10.1016/j.neuron.2004.10.031
https://doi.org/10.1016/j.neuron.2004.10.031
http://www.ncbi.nlm.nih.gov/pubmed/15541316
https://doi.org/10.1016/j.neunet.2013.01.006
https://doi.org/10.1016/j.neunet.2013.01.006
http://www.ncbi.nlm.nih.gov/pubmed/23428796
https://doi.org/10.1016/j.neunet.2012.12.006
http://www.ncbi.nlm.nih.gov/pubmed/23337637
https://doi.org/10.1016/j.conb.2017.07.010
http://www.ncbi.nlm.nih.gov/pubmed/28841437
https://doi.org/10.1371/journal.pcbi.1008075
https://doi.org/10.1371/journal.pcbi.1008075
http://www.ncbi.nlm.nih.gov/pubmed/32730255
https://doi.org/10.1038/374453a0
http://www.ncbi.nlm.nih.gov/pubmed/7700354
https://doi.org/10.1016/j.celrep.2020.108537
https://doi.org/10.1016/j.celrep.2020.108537
http://www.ncbi.nlm.nih.gov/pubmed/33357441
https://doi.org/10.1016/j.cell.2021.06.001
https://doi.org/10.1016/j.cell.2021.06.001
http://www.ncbi.nlm.nih.gov/pubmed/34214470
https://doi.org/10.1162/089976602753712972
http://www.ncbi.nlm.nih.gov/pubmed/12020450


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012899  March 17, 2025 28 / 29

PLOS Computational Biology Climbing fiber inputs integrate modular reinforcement learning with supervised learning

	54.	 Sugimoto N, Haruno M, Doya K, Kawato M. MOSAIC for multiple-reward environments. Neural Com-
put. 2012;24(3):577–606. https://doi.org/10.1162/NECO_a_00246 PMID: 22168558

	55.	 Sugimoto N, Morimoto J, Hyon SH, Kawato M. The eMOSAIC model for humanoid robot control. 
Neural Networks. 2012;29–30:8–19.

	56.	 Bentivegna DC, Atkeson CG, Ude A, Cheng G. Learning to act from observation and practice. Int J 
Human Robot. 2004;01(04):585–611. https://doi.org/10.1142/s0219843604000307

	57.	 Kawato M, Samejima K. Efficient reinforcement learning: computational theories, neuroscience and 
robotics. Current Opinion in Neurobiology. 2007;17(2):205–12.

	58.	 Bayer HM, Glimcher PW. Midbrain dopamine neurons encode a quantitative reward prediction error 
signal. Neuron. 2005;47(1):129–41. https://doi.org/10.1016/j.neuron.2005.05.020 PMID: 15996553

	59.	 Haruno M, Kawato M. Different neural correlates of reward expectation and reward expectation error 
in the putamen and caudate nucleus during stimulus-action-reward association learning. Journal of 
Neurophysiology. 2006;95(2):948–59.

	60.	 Pessiglione M, Seymour B, Flandin G, Dolan RJ, Frith CD. Dopamine-dependent prediction errors 
underpin reward-seeking behaviour in humans. Nature. 2006;442(7106):1042–5. https://doi.
org/10.1038/nature05051 PMID: 16929307

	61.	 Akiti K, Tsutsui-Kimura I, Xie Y, Mathis A, Markowitz JE, Anyoha R, et al. Striatal dopamine 
explains novelty-induced behavioral dynamics and individual variability in threat prediction. Neuron. 
2022;110(22):3789-3804.e9. https://doi.org/10.1016/j.neuron.2022.08.022 PMID: 36130595

	62.	 Amo R, Matias S, Yamanaka A, Tanaka KF, Uchida N, Watabe-Uchida M. A gradual temporal shift of 
dopamine responses mirrors the progression of temporal difference error in machine learning. Nat 
Neurosci. 2022; 25(8):1082–1092.

	63.	 Dabney W, Kurth-Nelson Z, Uchida N, Starkweather CK, Hassabis D, Munos R, et al. A distributional 
code for value in dopamine-based reinforcement learning. Nature. 2020;577(7792):671–5. https://doi.
org/10.1038/s41586-019-1924-6 PMID: 31942076

	64.	 Kaplan A, Mizrahi-Kliger AD, Israel Z, Adler A, Bergman H. Dissociable roles of ventral pallidum neu-
rons in the basal ganglia reinforcement learning network. Nat Neurosci. 2020; 23(4):556–564.

	65.	 Starkweather CK, Uchida N. Dopamine signals as temporal difference errors: recent advances. Curr 
Opin Neurobiol. 2021;67:95–105. https://doi.org/10.1016/j.conb.2020.08.014 PMID: 33186815

	66.	 Bostan AC, Strick PL. The basal ganglia and the cerebellum: nodes in an integrated network. Nat Rev 
Neurosci. 2018;19(6):338–50. https://doi.org/10.1038/s41583-018-0002-7 PMID: 29643480

	67.	 Chabrol FP, Blot A, Mrsic-Flogel TD. Cerebellar Contribution to Preparatory Activity in Motor Neocor-
tex. Neuron. 2019;103(3):506-519.e4. https://doi.org/10.1016/j.neuron.2019.05.022 PMID: 31201123

	68.	 Watabe-Uchida M, Eshel N, Uchida N. Neural Circuitry of Reward Prediction Error. Annu Rev Neuro-
sci. 2017;40:373–94. https://doi.org/10.1146/annurev-neuro-072116-031109 PMID: 28441114

	69.	 Yamazaki T, Lennon W. Revisiting a theory of cerebellar cortex. Neurosci Res. 2019;148:1–8. https://
doi.org/10.1016/j.neures.2019.03.001 PMID: 30922970

	70.	 Larry N, Zur G, Joshua M. Organization of reward and movement signals in the basal ganglia and 
cerebellum. Nat Commun. 2024;15(1):2119. https://doi.org/10.1038/s41467-024-45921-9 PMID: 
38459003

	71.	 de Zeeuw CI, Berrebi AS. Individual Purkinje cell axons terminate on both inhibitory and excitatory 
neurons in the cerebellar and vestibular nuclei. Ann N Y Acad Sci. 1996;781:607–10. https://doi.
org/10.1111/j.1749-6632.1996.tb15736.x PMID: 8694453

	72.	 Voges K, Wu B, Post L, Schonewille M, De Zeeuw CI. Mechanisms underlying vestibulo-cerebellar 
motor learning in mice depend on movement direction. J Physiol. 2017;595(15):5301–26. https://doi.
org/10.1113/JP274346 PMID: 28586131

	73.	 Romano V, De Propris L, Bosman LW, Warnaar P, Ten Brinke MM, Lindeman S, et al. Potentiation of 
cerebellar Purkinje cells facilitates whisker reflex adaptation through increased simple spike activity. 
Elife. 2018;7:e38852. https://doi.org/10.7554/eLife.38852 PMID: 30561331

	74.	 Badura A, Clopath C, Schonewille M, De Zeeuw CI. Modeled changes of cerebellar activity in mutant 
mice are predictive of their learning impairments. Sci Rep. 2016;6:36131. https://doi.org/10.1038/
srep36131 PMID: 27805050

	75.	 ten Brinke MM, Boele H-J, Spanke JK, Potters J-W, Kornysheva K, Wulff P, et al. Evolving Mod-
els of Pavlovian Conditioning: Cerebellar Cortical Dynamics in Awake Behaving Mice. Cell Rep. 
2015;13(9):1977–88. https://doi.org/10.1016/j.celrep.2015.10.057 PMID: 26655909

https://doi.org/10.1162/NECO_a_00246
http://www.ncbi.nlm.nih.gov/pubmed/22168558
https://doi.org/10.1142/s0219843604000307
https://doi.org/10.1016/j.neuron.2005.05.020
http://www.ncbi.nlm.nih.gov/pubmed/15996553
https://doi.org/10.1038/nature05051
https://doi.org/10.1038/nature05051
http://www.ncbi.nlm.nih.gov/pubmed/16929307
https://doi.org/10.1016/j.neuron.2022.08.022
http://www.ncbi.nlm.nih.gov/pubmed/36130595
https://doi.org/10.1038/s41586-019-1924-6
https://doi.org/10.1038/s41586-019-1924-6
http://www.ncbi.nlm.nih.gov/pubmed/31942076
https://doi.org/10.1016/j.conb.2020.08.014
http://www.ncbi.nlm.nih.gov/pubmed/33186815
https://doi.org/10.1038/s41583-018-0002-7
http://www.ncbi.nlm.nih.gov/pubmed/29643480
https://doi.org/10.1016/j.neuron.2019.05.022
http://www.ncbi.nlm.nih.gov/pubmed/31201123
https://doi.org/10.1146/annurev-neuro-072116-031109
http://www.ncbi.nlm.nih.gov/pubmed/28441114
https://doi.org/10.1016/j.neures.2019.03.001
https://doi.org/10.1016/j.neures.2019.03.001
http://www.ncbi.nlm.nih.gov/pubmed/30922970
https://doi.org/10.1038/s41467-024-45921-9
http://www.ncbi.nlm.nih.gov/pubmed/38459003
https://doi.org/10.1111/j.1749-6632.1996.tb15736.x
https://doi.org/10.1111/j.1749-6632.1996.tb15736.x
http://www.ncbi.nlm.nih.gov/pubmed/8694453
https://doi.org/10.1113/JP274346
https://doi.org/10.1113/JP274346
http://www.ncbi.nlm.nih.gov/pubmed/28586131
https://doi.org/10.7554/eLife.38852
http://www.ncbi.nlm.nih.gov/pubmed/30561331
https://doi.org/10.1038/srep36131
https://doi.org/10.1038/srep36131
http://www.ncbi.nlm.nih.gov/pubmed/27805050
https://doi.org/10.1016/j.celrep.2015.10.057
http://www.ncbi.nlm.nih.gov/pubmed/26655909


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012899  March 17, 2025 29 / 29

PLOS Computational Biology Climbing fiber inputs integrate modular reinforcement learning with supervised learning

	76.	 Ten Brinke MM, Heiney SA, Wang X, Proietti-Onori M, Boele H-J, Bakermans J, et al. Dynamic mod-
ulation of activity in cerebellar nuclei neurons during pavlovian eyeblink conditioning in mice. Elife. 
2017;6:e28132. https://doi.org/10.7554/eLife.28132 PMID: 29243588

	77.	 Medina JF, Garcia KS, Mauk MD. A mechanism for savings in the cerebellum. J Neurosci. 
2001;21(11):4081–9. https://doi.org/10.1523/JNEUROSCI.21-11-04081.2001 PMID: 11356896

	78.	 Person AL, Raman IM. Purkinje neuron synchrony elicits time-locked spiking in the cerebellar nuclei. 
Nature. 2011;481(7382):502–5. https://doi.org/10.1038/nature10732 PMID: 22198670

	79.	 Zobeiri OA, Cullen KE. Cerebellar Purkinje cells in male macaques combine sensory and motor infor-
mation to predict the sensory consequences of active self-motion. Nat Commun. 2024;15(1):4003. 
https://doi.org/10.1038/s41467-024-48376-0 PMID: 38734715

	80.	 Gruver KM, Jiao JWY, Fields E, Song S, Sjöström PJ, Watt AJ. Structured connectivity in the output of 
the cerebellar cortex. Nat Commun. 2024; 15(1):5563.

	81.	 Steuber V, Jaeger D. Modeling the generation of output by the cerebellar nuclei. Neural Netw. 
2013;47:112–9. https://doi.org/10.1016/j.neunet.2012.11.006 PMID: 23200193

	82.	 Pachitariu M, et al. Suite2p: beyond 10,000 neurons with standard two-photon microscopy. bioRxiv. 
2017.

	83.	 Niedermeier L, et al. “CARLsim 6: An Open Source Library for Large-Scale, Biologically Detailed 
Spiking Neural Network Simulation,” 2022 International Joint Conference on Neural Networks 
(IJCNN), Padua, Italy, 2022, pp. 1-1.

	84.	 D’Angelo E, Antonietti A, Casali S, Casellato C, Garrido JA, Luque NR, et al. Modeling the Cerebellar 
Microcircuit: New Strategies for a Long-Standing Issue. Front Cell Neurosci. 2016;10:176. https://doi.
org/10.3389/fncel.2016.00176 PMID: 27458345

https://doi.org/10.7554/eLife.28132
http://www.ncbi.nlm.nih.gov/pubmed/29243588
https://doi.org/10.1523/JNEUROSCI.21-11-04081.2001
http://www.ncbi.nlm.nih.gov/pubmed/11356896
https://doi.org/10.1038/nature10732
http://www.ncbi.nlm.nih.gov/pubmed/22198670
https://doi.org/10.1038/s41467-024-48376-0
http://www.ncbi.nlm.nih.gov/pubmed/38734715
https://doi.org/10.1016/j.neunet.2012.11.006
http://www.ncbi.nlm.nih.gov/pubmed/23200193
https://doi.org/10.3389/fncel.2016.00176
https://doi.org/10.3389/fncel.2016.00176
http://www.ncbi.nlm.nih.gov/pubmed/27458345
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

