
 

Serotonin as a State Prediction Error 
A state prediction error model explains serotonin activity and its contribution to cognitive 
flexibility. 

Abstract 
Growing evidence suggests that serotonin promotes cognitive flexibility, the ability to quickly 
adapt to changes in the causal structure of the environment. We devise a mechanistic model of 
serotonin’s contribution to this process by taking inspiration from model-based reinforcement 
learning, where learning a predictive model of its environment allows an agent to improve its 
performance and flexibility. We propose that serotonin broadcasts a state prediction error (SPE) 
signal across the brain, which is the teaching signal in self-supervised predictive learning. To 
test this, we develop a neural network model of the interactions between predictive learning and 
goal-directed behavior and simulate a wide range of decision-making experiments. We find that 
the SPE signal of our network bears a striking resemblance with dorsal raphe nucleus 
serotonergic phasic activity, sharing core features such as its response to unpredictability and 
its modulation by behavioral relevance. Furthermore, by emulating the effect of SPE 
manipulation on behavioral flexibility, we are able to explain a broad repertoire of behavioral 
phenomena induced by manipulations of serotonergic activity in mice and humans, such as 
impairments of reversal learning, model-based behavior, and behavioral persistence. Our work 
shines a new light on the role of serotonin in the brain by casting it as a state prediction error, 
accounting for its activity patterns and its contribution to cognitive flexibility. 

Introduction 

Cognitive flexibility is the ability to rapidly adapt to changes in the causal structure of the 
environment, a hallmark of biological intelligence. It has been extensively studied in the field of 
psychology and neuroscience, where it has long been proposed that the brain evolved 
specialized computational processes to support adaptive behavior (Miller and Cohen 2001). 
Recent advances in reinforcement learning have provided new insights into what these 
processes might be. In particular, auxiliary learning objectives have emerged as crucial tools for 
promoting flexibility in deep reinforcement learning (Jaderberg et al. 2016). These additional 
objectives shape internal representations to support other learning goals beside the primary 
task of reward maximization. 

Among these, predictive learning objectives, where an agent learns to predict the 
consequences of its actions, stand out as especially powerful. It has been shown to support 
flexibility in several ways. First, predictive learning encourages agents to maintain an internal 
model of their environment. This world model can be used to simulate the outcomes of future 
actions, providing planning abilities that are critical for fast adaptation (Sutton 1991; Jensen et 
al. 2024). Indeed, when environmental dynamics change, agents with world models need only 
to update their beliefs about new transitions rather than re-learn complete state-action 
mappings from scratch. Second, as an auxiliary objective, predictive learning shapes neural 
representations: it organizes them into meaningful, disentangled features that are easier to 
predict (Recanatesi et al. 2021) , while preserving information not directly relevant to the current 
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task, which helps prevent overfitting and representation collapse (Dabney et al. 2021). Such 
representation shaping enables rapid adaptation to environmental changes and generalization 
to new tasks (Anand et al. 2020). Lastly, a predictive world model naturally tracks contextual 
information about its environment such as context and uncertainty. This uncertainty can be used 
to dynamically modulate goal-directed processes in a meta-learning fashion (Daw et al. 2005). 

The rich and structured representations produced by predictive world models are strikingly 
similar to neural activity patterns in the hippocampus (Fang and Stachenfeld 2024), which may 
be specialized for predicting future states (Stachenfeld et al. 2017), as well as in the prefrontal 
cortex (Soltani and Koechlin 2022). Evidences suggest that the prefrontal cortex and 
hippocampus play key roles in planning (Pfeiffer and Foster 2013; Mattar and Daw 2018; Mattar 
and Lengyel 2022), representation shaping (Behrens et al. 2018; Whittington et al. 2020), and 
contextual modulation (Mante et al. 2013; Soltani and Izquierdo 2019), supporting the idea that 
they jointly maintain a predictive model of the environment that supports adaptive behavior. 
Furthermore, the ubiquity of predictive coding across cortical and subcortical circuits suggests 
that predictive learning may represent a general computational principle of the brain, extending 
far beyond these structures (Rao 2022; Gabhart et al. 2025)). 

The learning of a predictive model depends on a state prediction error (SPE) signal, defined as 
the difference between predicted and actual next state. This teaching signal is to predictive 
learning what the reward prediction error (RPE) is to reinforcement learning, a more extensively 
studied class of reward-maximization algorithms that have been successfully mapped to 
different neural structures. In particular, dopamine activity is thought to support reinforcement 
learning by signaling an RPE across the brain. Neuromodulators are well suited to act as 
teaching signals, as they broadcast information widely across the brain and influence neural 
networks structure by modulating synaptic plasticity (Dayan 2012).  

Among neuromodulators, Serotonin emerges as an especially compelling candidate for a neural 
substrate of state prediction error. Serotonin has widespread axonal projections throughout the 
forebrain, including the prefrontal cortex and hippocampus (Hamada et al. 2024; Beliveau et al. 
2016), and exerts a strong influence on the neural plasticity of these areas (Lesch and Waider 
2012; Hyun et al. 2023), features consistent with a teaching signal for predictive learning in the 
brain. Supporting this idea, serotonergic activity has been shown to correlate with various 
surprising events (Matias et al. 2017), including unexpected reward, punishment and even 
neutral outcomes, suggesting that it may encode a state prediction error. Indeed, state 
prediction error provides a formal definition of surprise, understood as an error of prediction, 
and may best account for serotonergic activity patterns. Recent technological advances have 
enabled precise recording and manipulation of serotonin neurons, leading to a wave of findings 
that firmly establish serotonin’s crucial role in cognitive flexibility (Matias et al. 2017; Grossman 
et al. 2022; Hyun et al. 2023; Kanen et al. 2021; Clarke et al. 2004). Casting serotonin as SPE, 
the teaching signal of predictive learning in the brain, could thus explain the causal link between 
serotonin signaling and flexibility. Akin to dopamine signalling a reward prediction error that 
supports reinforcement learning, we propose that serotonin signals a state prediction error that 
supports predictive learning in the brain - thereby enabling cognitive flexibility. 

To test this hypothesis, we take inspiration from a series of works which demonstrates the 
power of neural network modeling to test hypotheses about the brain's computations (Zipser 
and Andersen 1988; Lehky and Sejnowski 1988; Mante et al. 2013; Jensen et al. 2023). We 
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construct a mechanistic model of the possible interactions between (unsupervised) predictive 
learning and (goal-directed) reinforcement learning with a neural architecture consisting of a 
policy network trained to act in a way that maximizes reward, and a predictive model network 
trained to perform next-state prediction given a state and an action. We use this model to exhibit 
the normative properties of a SPE signal, such as its interpretable multi-dimensionality, its 
response to surprising events and its modulation by behavioral relevance. Using simulation, we 
find that predictive learning can contribute to cognitive flexibility through background planning, 
and also through a wide diversity of SPE-driven mechanisms, such as representation shaping, 
learning rate adaptation and model-free / model-based arbitration. 

This mechanistic model allows us to provide compelling evidence that (1) serotonin activity 
correlates with a SPE signal, and that (2) serotonin causally drives flexible behavior through the 
signaling of a SPE. First, we simulate our model on a new experimental task design and find 
that the DRN serotonergic activity shares the same features as a state prediction error signal, in 
particular its response and adaptation to novel and surprising events, and its modulation by 
behavioral relevance. Second, we simulate activation and inhibition of SPE signaling within our 
model and find that these manipulations strikingly reproduce the behavioral effects observed in 
causal serotonin manipulation studies, suggesting that serotonin acts as a teaching signal for 
predictive learning in the brain.  
 

 

 



 
Figure 1. Modeling the interaction between predictive learning and goal-directed behavior. a. Model 
architecture. A Q-learning network estimates action values from the state, while a predictive network 
learns to predict the next latent state and reward given the current state. RPE is the teaching signal of 
the Q-learning network, while SPE is the teaching signal of the predictive network. b. Background 
planning: the predictive model simulates environment transitions that are used by the Q-learning network 
to update offline. c. SPE provides a formal definition of surprise : inaccurate prediction causes a high 
SPE transient, while accurate prediction causes a low SPE transient. d. Modulation by behavioral 
relevance. SPE is high for surprising, behaviorally relevant events but suppressed for irrelevant ones.  

A model of predictive learning interaction with goal-directed behavior 
We model the interaction between predictive learning and goal-directed behavior using a neural 
architecture composed of a Q-learning network and a predictive network (Fig. 1a). This 
framework allows us to examine in detail how predictive learning contributes to cognitive 
flexibility, what state prediction error (SPE) activity patterns emerge during goal-directed 
behavior, and how manipulations of SPE signals influence flexibility.  

In simple settings where linear function approximation is enough to learn optimal behaviors, the 
Q-learning network  is a linear decoder which takes as input a state  and output an estimation 𝑠
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reward onset as one of its components, treating reward as an observable event in the 
environment rather than a separate value signal. The state prediction weights are updated using 
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is the predictive model learning rate. Our base architecture simultaneously learns a behavioral 
policy, and a next state prediction, with the Q-learner weights and the predictive weights being 
updated at each step in the environment. 

The predictive model can support goal-directed behavior through background planning (Sutton 
1991, 91, Sutton and Barto, n.d.), where it is used to simulate experiences, allowing the 
Q-learner policy to be updated in an offline fashion (Fig. 1b). After each step in the environment, 
the Q-learner weights are updated by one-step transition simulations, using the predictive 
model.  starting states   are randomly sampled from a memory buffer. For each state 𝐾 (𝑠
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predictive model to shape the agent behavioral policy. We focus on background planning as the 
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primary interaction mechanism between predictive learning and goal-directed behavior ; 
alternative mechanisms including representation shaping (Ha and Schmidhuber 2018; 
Recanatesi et al. 2021), learning rate adaptation (Gershman 2015; Grossman et al. 2022), and 
model-based/model-free adaptation (Daw et al. 2011, 2005; Gläscher et al. 2010) are compared 
later in the paper.  

Acting as the teaching signal of the predictive learning network, the State Prediction Error (SPE)  
is an error vector of the same dimension as the state space, with different dimensions of the 
error being indicative of predictions errors along specific features of the environment. SPE is 
thus highly dependent on the way states are encoded from sensory observations. In what 
follows, we focus on the norm of the SPE vector. When the agent enters a new environment, it 
has not yet learned to make accurate predictions about its next state and therefore exhibits large 
SPEs, which gradually diminish as an accurate internal model is learned (Fig. 1c). Similarly, 
changes in the causal structure of a familiar environment also produce high SPEs before 
adaptation occurs. In this way, SPE provides a formal definition of surprise. 

Naturalistic environments are often too large and complex for biological agents with limited 
representational resources to learn an accurate predictive model of the full state space. 
Maintaining such a model has an associated "wiring" cost, the resources necessary to sustain 
learned synaptic connectivity, which for our predictive model can be expressed as the norm of its 

weight matrices . We model pressure to minimize this cost by adding a weight 𝐶 =  
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regularization strength. Under this constraint, it is not optimal for an agent to represent all state 
transitions with equal fidelity. Instead, limited resources should be preferentially allocated to 
states that matter most for guiding behavior. Consistent with this idea, empirical work has shown 
trade-offs in the fidelity of cortical representations as a function of behavioral relevance (Stroud 
et al. 2025) .  

Which states matter most? From the perspective of reward maximization, states with high 
absolute value, whether strongly rewarding or strongly punishing, are most important for 
decision-making. We therefore modulate the SPE teaching signal according to state relevance, 
defined as the deviation of a state's value from the average: 
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where  denotes the absolute value of the current state, estimated by the Q-learning | 𝑉(𝑡)|
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visited states. The parameter λ controls the strength of this bias, with λ = 0 corresponding to an 
unbiased predictive model. 

This formulation implements a resource allocation mechanism: unpredictable transitions 
involving high-relevance states generate larger SPE and are encoded with higher fidelity, 
whereas equally unpredictable transitions involving low-relevance states generate smaller SPE 
and are learned more weakly (Fig. 1d).The predictive model thus concentrates its limited 
capacity on behaviorally important aspects of the environment. This relevance modulation will be 
important for explaining why serotonergic activity is modulated by reward expectation in our 
photometry data. 
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Predictive learning support cognitive flexibility 
To demonstrate how predictive learning contributes to cognitive flexibility, we simulate our model 
in a gridworld environment where at each trial the agent appears on one side of a wall while a 
reward is located at a fixed position on the other side. An opening (door) in the wall allows the 
agent to reach the reward, but the door location changes at a reversal trial, requiring the agent 
to relearn its policy. The speed at which an agent recovers its maximal reward rate after reversal 
serves as a marker of cognitive flexibility.  

The agent is initially trained for 750 episodes, after which the door is moved to a different 
location for an additional 750 episodes (Fig. 2a). We use a gridworld of size 6×6 with a one-hot 
encoding vector of size N² for each state. We first examine model performances for a relevance 
modulation of , learning rates of  , and  planning steps. We measure λ = 0 α

𝑞
= α

𝑝
= 0. 3 𝐾 = 1

reversal performance by the average reward in the post-reversal episodes. 

During initial training, our predictive agent learns to maximize reward faster than a baseline 
model-free agent, though both converge to similar asymptotic performance (Fig. S1a). After 
reversal, the predictive agent adapts quicker to the change of door location(Fig. 2b), achieving 
higher reversal performance than a model-free agent with same  (Fig. 2c) (N=25 simulation α

𝑞

runs per agent, t-test t(48)=5.82, p=4.67e-7).  By running a parameter grid search, we find the 

optimal learning rate for the model-free agent in this setting ( , with optimal reward α
𝑞
* = 1

), and compare the performance of our predictive agent against this optima for 𝑅
𝑎𝑣𝑔
* = 0. 68

different values of  and .  We find that the predictive agent outperforms this baseline across α
𝑝

α
𝑞

a wide range of learning rates (see Fig. 2d and Fig. S1b for a comparison with baseline agents 
with different ).  These results show that the interaction of predictive learning with behavior α

𝑀𝐹

through background planning supports cognitive flexibility, with optimal contribution depending 
on task-specific parameter settings. 

 



 

 

Figure 2.  Predictive learning supports flexible behavior through background planning. a.  Gridworld 
environment and door reversal paradigm. The agent navigates to a fixed reward location; after 750 
episodes, the door position changes. b. post-reversal learning curves showing faster adaptation for the 
planning agent (green) versus model-free agent (grey). Shaded regions indicate ± SEM across N=25 
runs with different random seeds. c. Average post-reversal reward; the planning agent significantly 
outperforms the model-free agent (N=25, t-test t(48)=5.82, p=4.67e-7). Error bars indicate ± SEM.  d. 
Average reversal reward as a function of predictive and model-free learning rates; black contour 
indicates regions that significantly outperform the optimized model-free baseline (one-sample t-test, 
threshold at p<0.05). e. Average SPE per episode during initial learning. Shaded region indicates ± SEM. 
f Same as in e but around reversal. g.  SPE per state at episode 750 (pre-reversal) and episode 1500 
(post-reversal); SPE is lowest near frequently visited states. h. State values at episode 750 and 1500, 
showing value concentration around reward location. i.  Distribution of relevance modulation factors for λ 
= 0, 1, and 2. j.  SPE magnitude for unexpected transitions to high-relevance versus low-relevance 
states across λ values; higher λ amplifies SPE for high-relevance states. Error bars indicate ± SEM. k. 
Change in wiring cost as a function of λ for different weight decay values ε. λ significantly reduces wiring 
cost for non-zero values of ε (mean ± SEM for N=25 runs). Stars indicate significant cost difference 
between relevance-modulated and unmodulated SPE agents  for each , Wilcoxon test with (ε, λ)
threshold at p<0.01). l. Change in reward as a function of λ; relevance modulation does not impair 
performance  (mean ± SEM for N=25 runs). There’s no significant reward difference between 
relevance-modulated and unmodulated SPE agents  for every , Wilcoxon test with threshold at (ε, λ)
p<0.01). m–n. Change in wiring cost (m) and reward (n) across learning rate combinations for λ = 2 and  
ε=0.02 ; black contour indicates region with significant changes (one-sample t-test, threshold at p<0.05). 
Relevance modulation reduces wiring cost without affecting performance across most parameter 
settings.  

 



 
The SPE of the predictive agent exhibits the qualities of a surprise signal. SPE is high during 
initial episodes and decreases as the agent learns the environment structure (Fig. 2e). The 
change of door location causes a transient SPE burst that disappears as the new structure is 
learned (Fig. 2f). Examining SPE across states, we find that SPE is lowest near the reward 
location where visits are frequent, and highest for rarely visited states  (Fig. 2g).  

We then investigated the effect of relevance modulation for different values of λ.  In this task, 
state relevance corresponds to state value, which is learned across the session (Fig. 2h). 
Higher λ produces greater spread in the relevance modulation factor (Fig. 2i). If the agent 
encounters an unpredictable state prediction (due to a sudden change in the structure of the 
environment), SPE magnitude is amplified when arriving at high-relevance states and 
attenuated for low-relevance states (Fig. 2j). 

The effect of relevance modulation on wiring cost and performance depends on the weight 
decay strength term ε : higher weight decay leads to greater cost savings for 
relevance-modulated agents (Fig. 2k). Critically, relevance modulation reduces wiring cost 
without impairing performance (Fig. 2l), a finding that holds across learning rates  ( , ) α

𝑀𝐵
α

𝑀𝐹

combinations  (Fig. 2m–n). This suggests that relevance modulation optimizes representational 
capacity while preserving behavioral performance, an advantage we expect to be more 
pronounced in complex environments with many irrelevant features. 

Serotonin broadcasts a state prediction error across the brain 

Recording Dorsal Raphe serotonin activity during cue-reward learning 
To test whether serotonin activity exhibits the features of a state prediction error,  we applied our 
model to a novel cue-guided instrumental task. Head-restrained mice were trained to run on a 
treadmill to navigate through a virtual reality (VR) corridor. Two visual cues are displayed on the 
wall, one after the other, followed by a gray wall indicating the reward zone. The corridor can be 
of four types, with either ambiguous or unambiguous first cues (Fig. 3a). The second cue 
predicted reward or no reward depending on its identity. The first cue predicted reward or no 
reward on 80% of trials, but on 20% of trials was ambiguous with respect to the second cue and 
therefore the reward. To be rewarded in the rewarded corridors, the mice must enter the reward 
zone with a speed inferior to a 30cm/s threshold. Across 10 sessions, mice (N=6) learned these 
cue-reward contingencies, as reflected in anticipatory licking and reduced running speed before 
reward zone onset (Fig. 3b).  

Dorsal raphe serotonin activity was recorded using fiber photometry in double-transgenic mice 
expressing GCaMP6 under the SERT-Cre promoter. To isolate task-related signals, we 
regressed out variance explained by running speed and focused on the motion-independent 
residual (see Fig. S2a).In parallel, we trained our model in a simulation of the same task. We 
used a microstimulus representation of the cues (Ludvig et al. 2008) to build the features of the 
state space (see methods) and discretize the action space into four speed levels for simplicity 
(speed level 1 to 4, with a threshold for the reward zone entry at 2). We trained our model with 
hand-picked parameters for a number of trials equivalent to the average mice and looked at its 
behavior during training. Over time, it learned to differentially slow-down before cue onset to 
maximize its reward rate, as observed in mice (Fig. 3c). We then examined whether 
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motion-independent serotonergic activity qualitatively tracked the norm of the model’s SPE 
during learning, particularly its sensitivity to novelty, surprise, and behavioral relevance. 

Dorsal Raphe Nucleus serotonin responses to Novelty and Surprise 
In the first session, we observed strong serotonin responses to the initial presentations of novel 
cues (Fig. 3d). This matches the model’s prediction that SPEs peak when the cues are first 
encountered and then diminishes over repeated exposure (Fig. 3e). Over the course of learning, 
serotonergic responses to cues decreased in amplitude (Wilcoxon signed-rank test, N=6, W=0, 
p=0.0312), consistent with our model in which SPE at cue onset declined as the cues became 
predictable. 

By the last sessions, once cue-reward contingencies had been learned, the serotonin response 
to the second cue depended on the predictability of the first cue (Fig. 3f). When the first cue was 
ambiguous, the response to the second cue was stronger than in trials where the first cue 
predicted the second (Wilcoxon signed-rank test, N=6, W=0, p=0.0312). Our model captured 
this enhanced response in ambiguous trials, when the predictive model is “surprised” by cue 
identity and therefore generates a larger SPE (Fig. 3g). 

 



 

 
Figure 3. Dorsal raphe serotonergic phasic activity reflects novelty and surprise. a. Task design. 
Head-restrained mice run in a virtual reality (VR) circular corridor with two sequential cues followed by a 
reward zone. The second cue predicts reward or no reward depending on its identity, while the first cue 
is predictive on 80% of trials and ambiguous on 20% (P = punished; UR = unrewarded; NA = 
Non-ambiguous; A = ambiguous). b. Behavioral learning curves. Across 10 sessions (N = 6 mice), 
anticipatory licking increased and speed before reward zone decreased in rewarded versus unrewarded 
trials, indicating that the mice learned the cue-reward association (full line for non-ambiguous corridor 
and dotted-line for ambiguous corridors). Stars indicate significant differences between conditions for a 
session (Wilcoxon paired test on N=6 mice, threshold at p<0.05, dark shade for unambiguous and light 
shade for ambiguous corridors). c. Model learning curve. The difference in locomotion between rewarded 
and unrewarded trials becomes increasingly negative across training, indicating the model learns to slow 
down on rewarded trials. d. Dorsal raphe serotonin responses to initial onsets of cues during the first 
trials of the first sessions. Inset: serotonin cue response decreased between early and late trials 
(Wilcoxon paired test on N=6 mice,w=0, p=0.031). e. Model prediction. State prediction error (SPE) 

 



 
peaks initial onsets of cues during the first training epoch, consistent with experimental serotonin 
responses. f. Response to ambiguity. By late training, serotonergic responses to the second cue were 
stronger when the first cue was unpredictable (A) compared to predictable ones (NA). Inset: average cue 
response to the second cue was significantly larger for ambiguous (A) than non-ambiguous (NA) trials 
(Wilcoxon paired test on N=6 mice, w=0, p=0.031). g. Model prediction. SPE at second cue onset is 
larger on ambiguous (A) than non-ambiguous (NA) trials, consistent with experimental observations.  

Dorsal Raphe Nucleus serotonergic activity is modulated by behavioral relevance 
In addition to novelty and surprise, serotonin responses are also modulated by behavioral 
relevance, i.e., by the predicted value of the cue. Indeed, over training, serotonin responses to 
cues became modulated by corridor identity: it significantly increased between early (days<4) 
and late (days>7) sessions for reward-predicting first and second cues ( diff=+0.3431 p=0.0048 
for cue 1 (R+NA) and diff=+0.3628 with p=0.019 for cue 2 (R+NA), statistical significance 
assessed with a hierarchical bootstrap test, see methods for details), while it did not significantly 
change for non-rewarding ones ( diff=+0.0362 with p=0.6740 for cue 1  (UR+NA) and 
diff=+0.0298 with p=0.7406 for cue 2 (UR+NA)) (Fig. 4a-d). The same qualitative evolution is 
seen in SPE response to rewarded first and second cues, which increase over training after 
sharply decreasing during the first trials (Fig. 4e-f). This is due to SPEs being weighted by the 
estimated values of the cues, which gradually increase for rewarded cues and diminish for 
unrewarded ones across training  (Fig. S3a) We see that for unrewarded cues, the SPE 
response decreases, which is not seen in the data. 

In late sessions, serotonergic responses around cues onset were significantly modulated by 
corridor identity. For the first cue, responses were largest when it predicted reward, smallest 
when it predicted no reward, and intermediate for ambiguous cues (R+NA vs UR+NA, 
diff=+0.3227, p<1e-5 ; R+NA vs R+A, diff=+0.1639, p=0.0430 ; UR+NA vs UR+A, diff=-0.1942, 
p=0.0030) (Fig. 4g & 4k). The second cue response showed a similar modulation by predicted 
reward (R+NA vs UR+NA, diff=+0.3082, p<1e-5 ; R+A vs UR+A, diff=+0.2822, p=0.0334) (Fig. 
4h & 4l). Furthermore, the response to unpredictable second cues were stronger than for 
predictable second cues, for both rewarded and unrewarded conditions (R+NA vs R+A, 
diff=-0.1376, p=0.0496 ; UR+NA vs UR+A, diff=-0.1636, p<1e-5). The model reproduced this 
pattern, predicting stronger SPEs for reward-predictive cues and intermediate responses for 
ambiguous ones for cue 1 (Fig. 4k-n), while predicting the same modulation by value and 
predictability for cue 2 (Fig 4i-j & 4m-n). What appears to be a code for value is explained by our 
model as a modulation of state prediction error by the behavioral relevance of current states.  

Overall, our model closely captures the features of dorsal raphe serotonergic activity during 
cue–reward learning. These results, showing modulation of serotonin by novelty, surprise, and 
behavioral relevance, are consistent with previous studies that emphasized response to novelty 
(Matias et al. 2017) or to reward and punishment (Cohen et al. 2015; Li et al. 2016), both of 
which are naturally predicted by an SPE account of serotonin. Responses to novelty, 
uncertainty, and behavioral relevance were also present in the motion-dependent serotonin 
signal, though less consistently due to speed-related variability at cue onset (Fig. S2b-k). 
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Figure 4. Dorsal raphe serotonergic phasic activity is modulated by state behavioral relevance. 
a. Evolution of mean serotonin responses at cue 1 (average activity between 0 and 1 s after cue onset) 
across the ten experimental sessions for each trial type (N=6 mice, mean). b. Comparison of serotonin 
responses at cue 1 between early (sessions 1–3) and late (sessions 7–10) sessions. Serotonergic 
activity increased significantly for reward-predicting cues (R+NA: N=6, diff=+0.3431, p=0.0048 ) but not 
for unrewarded cues (UR+NA: N=6, diff=+0.0362, p=0.6740). c. Evolution of mean serotonin responses 
at cue 2 across sessions. d. Comparison of serotonin responses at cue 2 between early and late 
sessions, following the same pattern as cue 1 (R+NA: N=6, diff=+0.3628, p=0.019 UR+NA: diff=+0.0298, 
p=0.7406; R+A: diff=+0.4907, p=0.0090; UR+A: diff=+0.2132, p=0.0478 ). e. Model SPE at cue 1 
(average SPE between positions 80–150 cm) across training epochs. f. Model SPE at cue 2 (average 
SPE between positions 220–290 cm) across training epochs. g. Time course of serotonin activity (mean 
± SEM, N=6 mice) aligned to cue 1 onset for each trial type during late sessions (sessions 7–10). h. 
Time course of serotonin activity aligned to cue 2 onset during late sessions. i. Model SPE as a function 
of corridor position around cue 1. j. Model SPE as a function of corridor position around cue 2. k. Mean 
serotonin responses to cue 1 (average activity 0–1 s after onset, late sessions) across trial types. 
Individual mice are shown as colored dots connected by gray lines. Stars indicate significant pairwise 
differences (N=6 mice;  R+NA vs UR+NA, diff=+0.3227, p<1e-5 ; R+NA vs R+A, diff=+0.1639, p=0.0430 
; UR+NA vs UR+A, diff=-0.1942, p=0.0030; threshold at p<0.05). l. Mean serotonin responses to cue 2 
across trial types. Same conventions as panel k (R+NA vs UR+NA, diff=+0.3082, p<1e-5 ; R+A vs 
UR+A, diff=+0.2822, p=0.0334, R+NA vs R+A, diff=-0.1376, p=0.0496 ; UR+NA vs UR+A, diff=-0.1636, 
p<1e-5 ). m. Model SPE responses to cue 1 across trial types. Large black dots represent the mean 
across simulations; small colored dots represent individual simulation runs. n. Model SPE responses to 
cue 2 across trial types. Same conventions as panel m. 

 



 
Comparison with other models of serotonin activity 
Several alternative theories have been proposed for the nature of serotonin’s phasic activity. 
One view, grounded in the observation that dorsal raphe serotonin neurons respond to both 
positive and negative prediction errors, holds that serotonin encodes a general surprise signal, 
formally an unsigned prediction error (Matias et al. 2017; Grossman et al. 2022).  In our 
framework, this corresponds to the norm of an SPE vector without modulation by behavioral 
relevance. Another line of work has proposed that serotonin signals a reward prediction error 
(RPE), based on theoretical considerations of dopamine–serotonin opponency (Daw et al. 
2002) and empirical evidence that dorsal raphe neurons signal RPEs during decision-making 
tasks (Feng et al. 2024). Finally, several studies have emphasized that serotonin tracks reward 
and state value more generally (Bromberg-Martin et al. 2010; Li et al. 2016; Cohen et al. 2015). 
Building on this, (Harkin et al. 2023) recently proposed that serotonin encodes a predictive code 
for value, a biologically constrained predictive signal for future reward, which quantitatively 
accounts for population serotonin activity better than previous theories centred on surprise or 
reward alone. 

In this experiment, we find that our model explains serotonin activity patterns better than these 
alternatives. We first fit five models (Surprise, SPE, value, RPE, predictive code for value, see 
methods for the implementation of each model) on the average serotonin activity per corridor 
during the late sessions (days 7-10, average across trials and across mice), using a 
cross-validation procedure (Fig. 5a). We summarize the qualitative match to the data by plotting 
the fitted model's predicted activity at cues onsets for the different corridors (Fig. 5b). We find 
that our SPE model, a value model, and predictive code for value model do qualitatively account 
for serotonin activity at cue onset.  

When it comes to predicting the full serotonin signal across corridors, we find that our SPE 
model best matches the population-averaged serotonin signal, which we assess using the 
cross-validated R² score (Fig. 5c). Notably, our model accounted for more variance in the data 
than the predictive code for value model (R²=0.42±0.01 for our SPE model, R²=0.35±0.01 for 
the predictive code for value model). We then used the same cross-validation procedure to fit 
the models on individual mouse serotonin activity during late sessions (see Fig. S4a for 
parameter estimation per mouse). We found that our SPE model provided the best match to 
individual mice serotonin activity (Fig. 5d). It best predicts serotonin activity for 3 out of 5 mice  ( 
excluding the mouse 5 for which no model manages to meaningfully fit the data), while the 
predictive code for value best explains 1 out of 5 mice and the RPE model 1 out of 5 mice. The 
models have different numbers of parameters, but this is mitigated by the use of 
cross-validation. Furthermore, we compute AIC and BIC for the population-level fit and 
individual-level-fits to penalize the effect of model complexity and find that our SPE model still 
best explains the data (see Fig. S4b-c). 

Importantly, our model provides advantages beyond statistical fit on this experiment. Unlike 
other theories such as RPE or value, our model outputs a multidimensional signal (whose norm 
we have used for comparison to photometry data) which offers a potential explanation for the 
known heterogeneity of serotonergic responses. Moreover, casting serotonin as a SPE allows 
us to generate predictions about the role of serotonin in behavior, including effects of 
serotonergic manipulations - something that most existing theories of serotonin activity do not 
address. 
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Figure 5. Comparison with alternative models of serotonin activity. a. Population-averaged MI serotonin 
signal during late sessions (≥7) (top row) and predicted serotonin activity for five candidate models: 
Surprise, SPE, Value, RPE, and Predictive Code for Value, each fitted to the population-averaged signal. 
Grey shaded regions indicate cue 1 and cue 2 zones, respectively, while the red shaded region indicates 
reward zone. b. Mean serotonin responses to cue 1 (left column) and cue 2 (right column) across trial 
types (top row), alongside model-predicted responses (rows below). Cue responses are computed as the 
average signal within the cue zones (80–150 cm for cue 1, 220–290 cm for cue 2). c. Cross-validated R² 
scores for each model fitted to the population-averaged MI serotonin signal. Individual validation fold 
scores are shown as grey dots and the mean across folds as a diamond. The ceiling corresponds to the 
maximum achievable R², obtained using the mean signal of the training folds as predictor. d. Model 
performance fitted to individual average serotonin signals for each of the six learner mice. Performance 
is expressed as the ratio of cross-validated R² to the mouse-specific ceiling R². Scores below 0 are not 
shown. 

Serotonin supports cognitive flexibility through the signalling of a state 
prediction error 

Having established that dorsal raphe serotonergic activity correlates with SPE, we next tested 
whether manipulating this signal produces the behavioral effects predicted by our framework. If 
serotonin acts as a teaching signal for a predictive model, then disrupting it should impair 
cognitive flexibility.  

Our network model enables us to simulate such manipulations by scaling the SPE signal: a 
factor below 1 mimics serotonergic inhibition, while a factor above 1 mimics stimulation. 
Long-term pharmacological inhibition is modeled by applying the scaling throughout the task, 
effectively lowering the predictive learning rate and disrupting predictive model acquisition. 
Short-term optogenetic manipulation is modeled by scaling the SPE only during specific trials, 
 



 
disrupting predictive model updating when environmental contingencies change during that 
period. 

We investigate the causal role of serotonin in cognitive flexibility by simulating three behavioral 
tasks and find that our model captures the observed effects of serotonergic manipulation across 
these paradigms.  

SPE manipulation effects on adaptation to structure change 
We first test the effect of SPE manipulation on adaptive behavior in the door reversal task (Fig. 
6a). In this task, accurate SPE signaling after the door location change is crucial for updating 
the predictive model and allowing background planning to adequately update state Q-values. 
We start to alter the SPE at the reversal episode, such that a predictive model has already been 
learned during the initial phase, but its update is now affected by SPE manipulation. 

Inhibition of the SPE lowers the effective predictive learning rate, leading to progressively worse 
performance as the scaling factor decreases (Fig. 6b). The effect of SPE stimulation depends 
on the baseline predictive learning rate: if not already optimal, stimulation improves 
performance; if already optimal, stimulation has no effect or may even impair it. 

Serotonin manipulation effects on reward reversal learning 
These results parallel findings from studies of serotonin manipulation in reversal learning 
paradigms, a classical setting for assessing how quickly an agent adapts to changed reward 
contingencies. In mice, optogenetic inhibition of dorsal raphe serotonergic activity impairs 
reversal learning, while stimulation accelerates it  (Hyun et al. 2023). Pharmacological 
serotonergic depletion similarly impairs reversal learning in both mice and humans (Clarke et al. 
2004; Kanen et al. 2021). 

Because our predictive model treats reward onset as a component of the state representation, 
changes in reward location generate SPE just as changes in environmental structure do. 
Serotonergic manipulation of the SPE signal therefore affects reversal learning directly. 

We test this in a classical reversal learning setting within the same gridworld environment: at the 
reversal episode, the reward location shifts to a different corner of the grid (Fig. 6c). SPE 
inhibition is simulated by multiplying the SPE by a factor of 0.01 from reversal onset; stimulation 
is simulated with a factor of 3. We find that reversal speed is significantly impaired by SPE 
inhibition and accelerated by SPE stimulation (Fig. 6d) (two-sample t-test, Inhib. vs control : 
t(48)=-24.89, p=4.31e-29; Stim. vs control : t(48)=3.72, p = 5.17e-4). Under inhibition, the 
predictive model fails to update efficiently, preventing rapid adaptation. Under stimulation, the 
boosted learning rate allows the model to relearn the new reward location faster. 

Serotonin manipulation effects on model-based behavior 
Recent works highlighted serotonin’s role in model-based behavior, which enables greater 
flexibility than pure model-free reactive behavior (Taira and Sharpe 2025). In mice, optogenetic 
inhibition of dorsal raphe nucleus serotonergic activity impairs the animals ability to perform 
prospective inference, a hallmark of model-based behavior (Ohmura et al. 2021). Similarly, in 
humans, serotonergic depletion reduces the contribution of model-based strategy in a classical 
two-step task (Worbe et al. 2016). In this task, each trial begins with a first-stage choice that 
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probabilistically leads to one of two second-stage states, where another choice is made for 
reward, with reward probabilities drifting slowly over time (Fig. 6e). Behavior following rewarded 
and unrewarded trials reveals the extent to which subjects rely on model-free versus 
model-based strategies. 

Our framework offers a mechanistic account of these findings. Because the predictive model 
learns from SPE and shapes goal-directed behavior through background planning, disrupting 
SPE should impair the update of its world model. Because the agent still relies on a 
now-inaccurate model for planning, its behavior appears less model-based, not because the 
world model's contribution is reduced but because the model itself is unreliable. To test this, we 
trained our agents in a simulation of the two-step task and examined how SPE inhibition affects 
their behavior. We simulated serotonergic inhibition by multiplying the SPE signal in each agent 
by 0.01 from the start of training. Using a behavioral metric from the original study (Daw et al., 
2011,see Methods), we computed a model-based coefficient for the predictive agent behavior, 
with and without SPE inhibition. We found that SPE inhibition substantially reduced the 
model-based coefficient (see Fig. 6f) : inhibiting SPE impaired accurate learning of the 
environment's transition structure, making the agent's behavior less model-based (two-sample 
t-test, t(48) = 4.55, p=2.66e-5). 

 
Figure 6. A SPE-driven mechanism of cognitive flexibility accounts for the behavioral effects of serotonin 
manipulation. a. Transition reversal task: the agent navigates to a fixed reward; after learning, the door 
location changes. b. Average reversal reward as a function of SPE manipulation coefficient; inhibition 
impairs performance, stimulation can improve it. c. Reward reversal task: the reward location changes 
after learning. d. Average reward after reversal under SPE inhibition, control, and stimulation for 
model-free and planning agents. Error bars indicate ± SEM. SPE inhibition significantly lowers avg. 
post-reversal reward and stimulation increases it (two-sample t-test, Inhib. vs control : t(48)=-24.89, 
p=4.31e-29; Stim. vs control : t(48)=3.72, p = 5.17e-4) e. Two-step task: first-stage choices lead 
probabilistically to second-stage states where reward probabilities drift over time. f. Model-based index 
for model-free and planning agents; SPE inhibition reduces model-based index for the planning agent 
(two-sample t-test, t(48) = 4.55, p=2.66e-5). g. Probabilistic foraging task: reward probability decays with 
each poke; switching incurs a cost. h. Change in pokes per trial under SPE stimulation; the predictive 
agent shows increased persistence, with significantly more pokes per trial under stimulation (one-sample 
t-test, t(24) = 12.50, p=5.42e-7). 
 

 



 
Serotonin manipulation effects on behavioral persistence 
The previous tasks involved serotonergic manipulations over relatively long timescales 
(hundreds of trials for reversal learning, full sessions for the two-step task). However, 
optogenetics studies have also reported effects from short-time within-trial serotonin 
manipulation on behavior. The most consistent finding is that short-term serotonergic activation 
promotes behavioral persistence in a context-dependent manner. Activation can promote 
waiting for future rewards (Fonseca et al. 2015) or prolong active exploitation of a reward site 
(Lottem et al. 2018). This suggests that at fast timescales, serotonin flexibly regulates 
behavioural strategies (Ahmadlou et al. 2025).  

To investigate whether our model can account for this effect, we simulated the probabilistic 
foraging task from Lottem et al. (Lottem et al. 2018). In this task, the mouse can exploit a 
reward site where reward probability decays exponentially with each poke, or switch to another 
site at a subjective cost e  (Fig. 6g). On 50% of trials, dorsal raphe serotonergic activity is 
stimulated, which increases the animal's willingness to continue foraging compared to 
non-stimulated trials. 

We simulated serotonergic stimulation by multiplying the SPE signal by a factor of 20 during all 
steps of randomly selected stimulation trials (50% probability). As in the original experiment, we 
assessed persistence by comparing the number of nose pokes between control and stimulated 
trials. We found that our predictive agent reproduced the persistence effect of within-trial 
serotonin activation with an increased number of pokes per trial under stimulation (see Fig. 6h) 
(one-sample t-test, t(24) = 12.50, p=5.42e-7). 

This result follows directly from our framework. Because reward onset is a component of the 
predicted state, the reward prediction error is part of the SPE. Stimulating SPE therefore 
effectively amplifies perceived reward for the planning agent, leading it to persist longer at the 
current site (see Fig. S5 for comparison with a model where the reward feature is excluded from 
the SPE). 

Comparison with other models of SPE-driven flexible behavior 
We proposed that serotonin, by signaling a state prediction error (SPE) throughout the brain, 
could support cognitive flexibility by acting as a teaching signal for a predictive model that is 
used for background planning. However, there are other ways by which a SPE signal could be 
used to support adaptive behavior (see Fig. 7a for illustration and methods for description of 
their implementation) : 

Representation shaping. The predictive model loss can be backpropagated to the latent 
representation that serves as input to the model-free Q-learner. In such cases, SPE shapes 
latent representation to make them more easily predictable, potentially imbuing the model-free 
Q-learner with useful information about the structure of its environment (Ha and Schmidhuber 
2018; Recanatesi et al. 2021). 

Learning rate adaptation. By signaling the estimated uncertainty of the environment, the SPE 
of the predictive model can modulate the learning rate of a model-free agent : high uncertainty 
should lead to higher learning rate, while low uncertainty should lead to lower learning rate 
(Gershman 2015; Grossman et al. 2022). 
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Model-free(MF)/Model-based(MB) arbitration. By signaling the reliability of the predictive 
model, its SPE can be used to regulate the balance between model-free and model-based 
control (Daw et al. 2011, 2005; Gläscher et al. 2010). 

Crucially, these alternative mechanisms make a different claim about serotonin's role: that it 
broadcasts an SPE signal which other adaptive systems read out, but is not itself the teaching 
signal for the predictive model. To test this claim against our proposal, we simulate SPE 
manipulation as affecting only the adaptive mechanisms (learning rate adaptation, 
representation shaping, arbitration weight), while leaving the predictive model's learning intact. If 
these mechanisms are enough to account for serotonin's effects on behavior, it would suggest 
that serotonin's role could be limited to driving adaptive mechanisms by signaling a SPE. If they 
fail, it supports the proposal that serotonin serves as a teaching signal for world model learning. 
Of course, serotonin could fulfill both roles simultaneously and we examine this possibility after 
testing each mechanism in isolation. 

 

Figure 7. Background planning accounts for serotonin manipulation effect better than other 
SPE-driven adaptive mechanisms. a. Alternative SPE-driven adaptive mechanisms: representation 
shaping (left), learning rate adaptation (center), and MF/MB arbitration (right). b. Average reward after 
reversal under SPE inhibition, control, and stimulation across mechanisms for the reward reversal task. 
c. Model-based index during the two-step task across mechanisms, for control and serotonin inhibition. 
d. Change in pokes per trial across mechanisms during the foraging task. e–g. Effect of SPE 
manipulation coefficient on post-reversal reward in the reward reversal task (e), model-based index in 
the two-step task (f), and poke per trial in the foraging task (g) for each mechanism. h. Summary table: 
only background planning captures serotonin manipulation effects across all three paradigms. 

We implement and simulate these SPE-driven adaptive mechanisms in the manipulation 
experiments. We first verify that, for appropriate parameters, these mechanisms can improve 
reward rate compared to a pure model-free baseline in the reward reversal, two-step, and 
foraging tasks (see Fig. S6a). We then examine whether they capture the qualitative effects of 
serotonergic manipulation. None of the alternative mechanisms reproduce the pattern of 
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manipulation effects across all three paradigms (Fig. 7b–d). Importantly, these failures are not 
due to particular choices of manipulation factor: plotting performance across a range of SPE 
scaling values reveals that these mechanisms simply do not show the expected sensitivity to 
SPE manipulation (Fig. 7e–g). Background planning was the only mechanism that captured the 
effects of serotonin manipulation across all three paradigms (Fig. 7h). 

Because multiplexing is a ubiquitous phenomenon in biological systems, serotonin may support 
multiple SPE-driven mechanisms simultaneously by broadcasting the same signal to different 
brain areas. On the reversal learning task, we add representation shaping, arbitration or 
learning rate modulation on top of background planning and find that these additions preserve 
the qualitative match to behavioral data while increasing reward rate (Fig. S6b), suggesting that 
biological agents may combine these mechanisms for optimal performance. 

Overall, we find that the SPE-driven mechanism that best accounts for the effects of serotonin 
manipulation is its role as a teaching signal for a predictive model that shapes behavior through 
background planning. This mechanism also accounts qualitatively for other observations, 
including planning impairment (Huys et al. 2012), spatial memory effects (Teixeira et al. 2018) 
and learning rate adaptation (Grossman et al. 2022; Iigaya et al. 2018). 

Discussion 

Serotonin as a state prediction error 
In this work, we proposed that serotonin signals a state prediction error (SPE) that serves as the 
teaching signal for a predictive world model, and that this world model shapes goal-directed 
behavior through background planning. Using neural data from a novel experimental paradigm, 
we found that dorsal raphe serotonergic activity strikingly correlates with a SPE signal, sharing 
key properties such as modulation by uncertainty and behavioral relevance. Furthermore, by 
simulating causal manipulation of this signal in our network model, we found that disrupting SPE 
impaired cognitive flexibility across different behavioral paradigms, mirroring the effects of 
serotonergic manipulation observed experimentally. 

We also considered alternative ways by which a SPE signal could support adaptive behavior, 
including representation shaping, learning rate adaptation, and model-free/model-based 
arbitration. None of these mechanisms, when tested in isolation, captured the full pattern of 
serotonin manipulation effects. Background planning was necessary. Taken together, these 
results suggest that serotonin may be best understood as a teaching signal for predictive 
learning in the brain, accounting for both its activity patterns and its contribution to cognitive 
flexibility. 

Relevance modulation and value coding 

Our model includes a relevance modulation mechanism, where SPE is amplified for states with 
high absolute value and attenuated for low absolute value states. This mechanism was 
introduced to account for resource constraints on predictive learning, and it successfully 
explains why serotonergic activity in our photometry data was modulated by reward expectation, 
an observation that might otherwise suggest serotonin encodes value. Under our framework, 
what appears to be value coding is instead a relevance-weighted state prediction error. 
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In our simulations, relevance modulation reduced wiring cost without impairing behavioral 
performance, suggesting it optimizes representational capacity. However, its behavioral role 
remained limited in our simple gridworld environment. We expect relevance modulation to 
become more important in complex, naturalistic environments with many irrelevant features, a 
prediction that remains to be tested. 

Reward as a component of state 

A key theoretical commitment of our framework is that reward onset is treated as a component 
of the state representation, rather than a separate reward signal. This choice has important 
implications: it means that changes in reward contingencies generate SPE, allowing our model 
to account for serotonin's effects on pure reward reversal learning and behavioral persistence, 
and not just structural changes in the environment. 

This approach aligns with a broader shift in thinking about prediction errors in the brain. 
Traditionally, sensory prediction errors and reward prediction errors have been treated as 
qualitatively distinct signals. However, recent work suggests this distinction may be less sharp 
than previously assumed. For example, dopamine neurons appear to signal generalized 
prediction errors encompassing both sensory and reward features (Takahashi et al. 2017; 
Gershman et al. 2024), not just pure reward prediction errors. Our treatment of reward as a 
predicted feature of the world, rather than a special teaching signal, fits within this emerging 
framework. 

Toward a general computational principle for neuromodulation 
Our theory of serotonin invites comparison to the classical view of dopamine. Dopamine is 
widely believed to signal a scalar reward prediction error (RPE), the teaching signal of 
reinforcement learning algorithms, for which many neural substrates have been identified  (Niv 
2009). By contrast, we propose that serotonin signals a vectorial state prediction error, a 
teaching signal for predictive learning. 

A closer parallel can be drawn with a recent theory of dopamine function by (Wang et al. 2018). 
Similarly to our theory, their model explains the function of dopamine across both long and short 
timescales. This fits well with known properties of neuromodulatory systems: they shape 
network structure via synaptic plasticity over long timescales, while also providing 
context-dependent flexibility to otherwise structurally fixed circuits over shorter timescales 
(Dayan 2012). In their work, dopamine shapes the prefrontal cortex into a meta-reinforcement 
learning system over long timescales, while also supplying it with a RPE signals that drive its 
computations over a shorter timescale.  

We propose that serotonin shapes the structure of the brain over long timescales to support 
predictive learning at different levels of the brain hierarchy,  while it could also flexibly modulate 
behavior over short timescales to promote cognitive flexibility. This dual-timescales function may 
reflect a more general computational principle of neuromodulation. Applying this principle to 
other neuromodulatory systems might be a fruitful research direction, with the potential to 
provide mechanistic explanation to both neuromodulators activity and their causal effects on 
behavior. 
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Multiplexing of SPE-driven mechanisms 

Our results indicate that background planning is necessary to account for the behavioral effects 
of serotonin manipulation. However, we also found that adding other SPE-driven mechanisms, 
such as representation shaping or MB/MF arbitration on top of planning preserved the 
qualitative match to behavioral data while improving overall reward rate. This suggests that 
serotonin may serve multiple functions simultaneously by broadcasting the same SPE signal to 
different brain areas, each implementing a distinct adaptive mechanism. 

This multiplexing view is consistent with the known heterogeneity of serotonin's projections and 
effects across brain regions. It also suggests that debates about serotonin's "true" function may 
be partly misguided: serotonin may not have a single function, but rather provide a common 
teaching signal that is used differently by different circuits. 

Effect of drugs that act on the serotonergic system 

Our framework offers a unified lens through which to interpret the effects of drugs that act on the 
serotonergic system. Classical psychedelics such as psilocybin and LSD are potent 5-HT2A 
agonists that directly activate postsynaptic serotonin receptors. This sustained receptor 
activation could functionally mimic a state in which phasic SPE signals are compressed against 
an elevated baseline, much as elevated tonic dopamine compresses phasic reward prediction 
error signaling (Grace 1991). The brain's predictive model would then receive a weakened 
teaching signal, causing priors to dominate over sensory evidence. This is consistent with the 
structured nature of psychedelic hallucinations, which reflect prior-driven pattern completion 
rather than random noise, and resonates with the REBUS model (Carhart-Harris and Friston 
2019) while grounding it in a more concrete computational mechanism. Moreover, if predictive 
structures require ongoing error-driven recalibration to be maintained, sustained SPE 
suppression could gradually destabilize them, potentially enabling their subsequent revision. 
This could underlie the lasting therapeutic benefits observed in depression and anxiety, where 
maladaptive predictive patterns are thought to be central to pathology. 

Other serotonergic drugs alter tonic and phasic serotonin dynamics more directly, though the 
consequences for SPE computation remain unclear. MDMA, which acts primarily by triggering 
massive serotonin release, has been shown to reopen critical periods of social reward learning 
(Nardou et al. 2019), suggesting large-scale reorganization of predictive circuits through 
prolonged increase of serotonergic signaling, a plasticity phenomenon compatible with our 
framework. 

Limitations 
Multidimensional nature of a SPE signal. One limitation of our study is that fiber photometry only 
captures a scalar signal, allowing us to compare serotonergic activity to the norm of the SPE 
vector but not its full multidimensional structure. This collapses the rich content of the SPE, 
whose individual dimensions should map to relevant features of the environment.  Our model 
predicts that in single-cell recordings of dorsal raphe serotonergic neurons, distinct 
subpopulations should be tuned to different environmental features. Preliminary evidence for 
this exists in prior single-cell studies (Paquelet et al. 2022; Ranade and Mainen 2009), which 
report serotonergic tuning to sensory, reward, or motor events. However, those studies were not 
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designed to directly test our hypothesis. We plan to design new experiments in multisensory 
decision-making tasks, where different sensory modalities predict different rewards, providing 
an ideal setting to observe a multidimensional SPE encoded across the dorsal raphe nucleus 
serotonergic population activity. 

Leverage properties of the SPE signal to inform adaptive mechanisms. In our current 
framework, fast-timescale adaptive mechanisms such as model-based/model-free arbitration 
depend only on the norm of the SPE signal. Future work should extend this framework to 
leverage the full information contained in this error vector for dynamic behavioral modulation. 
Rather than hand-designing the interaction between the predictive model and reinforcement 
learner, a promising direction would be to let the system learn how information should flow 
between modules. It would be interesting to see whether identifiable, SPE-driven adaptive 
mechanisms emerge naturally in more unconstrained architectures. 

Heterogenous role of serotonin in the brain. While our work focuses on serotonin’s role in 
predictive model learning and cognitive flexibility, serotonin is known to have a wide range of 
functions including roles in development, sleep, emotion regulation, and many other processes 
(Bacqué-Cazenave et al. 2020; Ligneul and Mainen 2023), that our model does not aim to 
explain. To rigorously test our framework alongside alternative models of serotonergic function, 
specific “strong inference” experiments should be designed in collaboration between 
laboratories. Though no single theory is likely to capture the full breadth of serotonin’s function, 
each new hypothesis can provide valuable insight into brain computations. 
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Supplementary Figures 
 
 
 

 
Figure S1.  Additional details on the interaction between predictive learning and goal-directed behavior in 
the door reversal task.. a. Learning curves for the predictive agent and the model-free agent during the 
750 episodes of initial learning and the 750 episodes of reversal learning. b. Average post-reversal 
reward the predictive agent with a fixed  and varying , superimposed with the reversal α

𝑞
= 0. 5 α

𝑝

performance for a model-free agent with different  values. α
𝑞

 



 

Figure S2. Relationship between speed and motion-dependent serotonin activity in a cue-reward 
association task.  a. Serotonin activity as a function of running speed for each mouse (N = 6). Blue: raw 
data; dashed line: linear regression prediction. Orange histogram : density of mouse speed during the 
task. R² values indicate the variance in serotonin activity explained by running speed. b. 
Motion-dependent (MD) serotonin responses to the first five exposures of novel cues during the first 
session (mean ± SEM across mice). c. Trial-by-trial decay of the MD serotonin response to cue onset 
across the first trials of the first session, pooled across all cues and corridors. d. MD serotonin responses 
aligned to second cue onset in late sessions, shown separately for ambiguous (dashed) and 
non-ambiguous (solid) trials. e. Left: evolution of mean MD serotonin response at cue 1 across sessions 
for each trial type (color code as in main Fig. 4). Right: comparison of MD cue 1 responses between 
early (sessions 1–3) and late (sessions 7–10) sessions. f. Same as (e) for cue 2. g. Time course of MD 
serotonin activity as a function of corridor position during late sessions (mean ± SEM across mice) for 
each corridor type. Grey shaded regions indicate cue 1, cue 2 and reward zones. h. MD serotonin 
activity aligned to cue 1 onset during late sessions for each trial type. i. MD serotonin activity aligned to 
cue 2 onset during late sessions for each trial type. j. Mean MD serotonin responses to cue 1 across trial 
types during late sessions. Individual mouse data are overlaid as colored dots. k. Same as (j) for cue 2.  
 

 



 

 
Figure S3. Learning of cue values during the task. a. Evolution of the value signal at cue 1 (averaged 
between 80cm and 150cm) during the learning of the task for the four corridors. b. Evolution of the value 
signal at cue 2 (averaged between 220cm and 290cm). c. Final value signal after learning. 

 

 



 
 
 

 
Figure S4. Additional details on model fitting to serotonin data. a. Parameter estimate for each model, for 
each of the six mice. b. Difference between the AIC for the SPE model and the other models for the 
population-averaged fit. c. Same for the BIC. d. For each mouse, difference between the lowest AIC of 
the models and the other models AIC.  e. Same for the BIC. 

 

 



 
 

 
Figure S5. Effect on SPE manipulation when reward is not a feature of the state space. a. Trials to 
criterion in the transition reversal task for model-free and planning agents under SPE inhibition 
(hatched), control (solid gray/dark green), and stimulation (solid light green). b.  Average reversal reward 
as a function of SPE manipulation coefficient. The reversal performance remains sensitive to 
manipulations of the SPE scaling. c. Trials to criterion in the reward reversal task for model-free and 
planning agents under SPE inhibition (hatched), control (solid gray/dark green), and stimulation (solid 
light green). d. Average reversal reward as a function of SPE manipulation coefficient. The reversal 
performance becomes largely sensitive to manipulations of the SPE scaling. e. Model-based index in the 
two-step task for model-free and planning agents under SPE inhibition (hatched) and control (solid). 
Individual runs of the model are overlaid as dots. f. Model-based index as a function of SPE manipulation 
coefficient. The model-based contribution remains sensitive to manipulations of the SPE scaling. g. 
Change in pokes per trial (stimulated minus control) in the probabilistic foraging task for model-free and 
planning agents. The persistence effect observed in Figure 6h is abolished when reward is not part of the 
state space. h. Change in pokes per trial as a function of SPE manipulation coefficient. No consistent 
increase in persistence is observed with SPE stimulation. Shaded areas indicate SEM across agents. 
Dashed vertical lines in (b), (d), and (f) indicate the unmanipulated control condition (coefficient = 1). 

 

 



 
 

 
Figure S6. SPE-driven adaptive mechanisms optimize average reward for the different tasks. a.   

 

 



 

Methods 

SPE-driven adaptive mechanisms 

Background planning 
The memory buffer, from which background planning samples K starting states, is a replay buffer of fixed 
size 1000 with FIFO, and the state sampling is uniform. 

Representation shaping 
We train a single-hidden-layer encoder network with ReLU nonlinearity jointly with the predictive model. 
The encoder maps the raw state observation  to a latent representation . A 𝑠

𝑡
𝑧

𝑡
= 𝑅𝑒𝐿𝑈(𝑊

𝑒𝑛𝑐
· 𝑠

𝑡
+ 𝑏

𝑒𝑛𝑐
)

per-action linear predictor maps  and action  to a predicted next state . The 𝑧
𝑡

𝑎 𝑠
𝑡+1

= 𝑊
𝑝𝑟𝑒𝑑
𝑎 · 𝑧

𝑡
+ 𝑏

𝑝𝑟𝑒𝑑
𝑎

predictive loss  is minimized by gradient descent, with gradients flowing 𝐿
𝑝𝑟𝑒𝑑

= || 𝑠
𝑡

− 𝑠
𝑡
||² = ||𝑆𝑃𝐸

𝑡
||²  

through the encoder to shape the latent representations. Separately, a linear Q-head reads out action 

values from  : . Crucially, the Q-learning loss gradient is not backpropagated 𝑧
𝑡

𝑄(𝑠
𝑡
, 𝑎) = 𝑊

𝑞
𝑎 · 𝑧

𝑡
+ 𝑏

𝑞
𝑎

through the encoder, ensuring that representation shaping is driven entirely by the predictive objective.   

Learning rate adaptation 
Theoretical works (ref) have exhibited optimal ways to flexibly adjust the learning rate of an RL agent 
over time, to account for the stability of the environment. In a stable environment, the learning rate 
should be small, allowing for a finer estimation of state values. In a changing environment, the learning 
rate should be high, allowing for faster adaptation of behavior. To estimate the stability of the 
environment, an agent can rely on the state prediction errors of its internal world model. If the errors 
suddenly become large, it means that the environment is unstable, and the learning rate should be 
increased. Conversely, if the errors are low, the environment is stable and the learning rate should 
decrease. Following this principle, we use the state prediction error  to dynamically modulate the 𝑠𝑝𝑒

𝑡

learning rate  of our Q-learning network. The agent maintains a predictive model trained on real α
𝑡

transitions to provide the SPE signal. We define the recent average state prediction error by 

 with  the size of the averaging window, fixed to 100 in all simulations, such 𝑆𝑃𝐸
𝑡

= 1
𝑁

ℎ𝑖𝑠𝑡 𝑖 = 1

𝑁
ℎ𝑖𝑠𝑡

∑ 𝑆𝑃𝐸
𝑡−𝑖

𝑁
ℎ𝑖𝑠𝑡

that , with  a modulation factor which depends on the simulation.  α
𝑡

= α * (1 + 𝑆𝑃𝐸
𝑡

* β
𝑚𝑜𝑑

) β
𝑚𝑜𝑑

Model-free / model-based strategy arbitration 
The brain contains multiple systems for behavioral choice (ref), which are often partitioned in two : a 
model-free (MF) system and a model-based (MB) system. One relies on state values computed from 
past experiences to make decisions in a reactive way, which allows for quick and efficient behavior, while 
the latter relies on an internal model of the world to perform inference and simulations, which results in a 
more flexible behavior. If MB behavior appears more desirable in situations that do not require reactivity, 
it still depends on the accuracy of the internal world model that is used by the agent. If the model is 
accurate, which would be reflected by low state prediction errors, MB behavior should be preferred. 
However, if the model is inaccurate, as reflected by high state prediction error, MF behavior should be 
preferred until the world model becomes accustomed to the new structure of the environment and that its 
errors decrease. The SPEs of our predictive model give us an elegant way to arbitrate between MF and 

 



 
MB behavior. We train jointly our base MF Q-learner with a MB Q-learner which only learns from 
predictive model simulations, akin to the offline training by background planning described in a previous 

section. We define the  recent average state prediction error by  with the size of 𝑠𝑝𝑒
𝑡

= 1
𝑁

ℎ𝑖𝑠𝑡 𝑖 = 1

𝑁
ℎ𝑖𝑠𝑡

∑ 𝑠𝑝𝑒
𝑡−𝑖

𝑁
ℎ𝑖𝑠𝑡

the averaging window, fixed to 100 in all simulations, and we use this recent SPE average to compute an 
arbitration weight between MF and MB : . The policy of the agent is given by the λ = 𝑒𝑥𝑝(− β

𝑎𝑟𝑏
*  𝑠𝑝𝑒

𝑡
)

combined MB and MF Q-values : . 𝑄(𝑠, 𝑎) = λ 𝑄
𝑀𝐵

(𝑠, 𝑎) +  (1 − λ)𝑄
𝑀𝐹

(𝑠, 𝑎)

SPE manipulation 
We compare four SPE-driven mechanisms by which predictive learning can support cognitive flexibility. 
For background planning and representation shaping, SPE manipulation directly affects learning (by 
scaling the teaching signal before weight updates). For learning rate adaptation and MF/MB arbitration, 
SPE manipulation affects only the adaptive readout while leaving predictive model learning intact. This 
distinction tests whether serotonin's behavioral effects arise from its role as a teaching signal for world 
model or representation learning, or from its use as an informational signal by downstream adaptive 
systems. 

Simulations 

Door reversal learning in a gridworld environment 

Reward reversal learning 

We used a two-dimensional grid environment to study spatial learning and flexible behavior 
under environment changes. The environment consists of a discrete grid of size  ( that we 𝑊 * 𝐻
fix at 6×6 for our analysis). At each time step, the agent occupies a single grid cell and can 
move in one of four cardinal directions: up, down, left, or right. Movement is bounded by the grid 
edges, and invalid actions (e.g., moving left from the leftmost column) result in no change in 
position. The agent’s observation is a one-hot encoding of its current location, represented as a 
flattened  binary vector. A single reward location is defined at position  by 𝑊 * 𝐻 (𝑟, 𝑐) = (5, 1)
default. For the  first episodes, the agent receives a reward of  upon reaching the cell 750 1
corresponding to this position and  otherwise. Episodes terminate upon reaching the rewarded 0
location or upon reaching a maximal number of steps . After the initial learning, 𝑇

𝑚𝑎𝑥
= 15

reward location is moved to position  and reversal learning occurs over  more (𝑟', 𝑐') = (5, 5) 500
episodes. 

Two-step task 
In the two-step task (Daw et al. 2011), each trial consists of two stages : an initial decision 
(stage 1) leading probabilistically to one of two states  (stage 2), followed by a final choice {𝑎, 𝑏}
that yields a stochastic reward. At the first stage, the agents select one of two actions 𝑎

1
∈ {0, 1}

. Each action leads commonly  to one second-stage state and rarely  to the (𝑝 = 0. 7) (𝑝 = 0. 3)
alternative state.  commonly transitions to state  while action  commonly leads to 𝑎

1
= 0 𝑎 𝑎

1
= 1

state . At the second stage, the agent again selects between two actions  which 𝑏 𝑎
2

∈ {0, 1}

yield a binary reward  according to slowly drifting reward probabilities parametrized by 𝑟 ∈ {0, 1}
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the probability vector : 
𝑝

𝑡
 =  (𝑃(𝑟 = 1|𝑠

1
= 𝑎, 𝑎

2
= 0), 𝑃(𝑟 = 1|𝑠

1
= 𝑎, 𝑎

2
= 1), 𝑃(𝑟 = 1|𝑠

1
= 𝑏, 𝑎

2
= 0), 𝑃(𝑟 = 1|𝑠

1
= 𝑏, 𝑎

2
= 0

such that  and that at every trial , the reward probabilities drift according 𝑝
0

= (0. 8, 0. 2, 0. 2, 0. 8)

to a Gaussian random walk  where  is the drift rate 𝑝
𝑡+1

= 𝑐𝑙𝑖𝑝(𝑝
𝑡

+ 𝑁(0, σ
𝑑𝑟𝑖𝑓𝑡

), 0. 1, 0. 9) σ
𝑑𝑟𝑖𝑓𝑡

parameter controlling the volatility of the environment (default at ). At each step in the 0. 01
environment, the agents receive as input a one-hot encoded observation vector of dimension 3 : 

 during the first stage,   in second-stage state   and   in 𝑜
𝑡

= [1, 0, 0] 𝑜
𝑡

= [0, 1, 0] 𝑎 𝑜
𝑡

= [0, 0, 1]

second stage state . 𝑏

Probabilistic foraging 
We model a two-port foraging task in which the probability of reward on the currently attended 
port (left vs. right) decays with the number of pokes at that port, and resets after a port switch. 
On each step t, the agent chooses between two actions : Poke ( )  or Switch ( ). A 𝑎

𝑡
= 0 𝑎

𝑡
= 1

session terminates after a fixed number of   steps. Within a trial, the reward probability 300
decays exponentially with the number of pokes   attempted on the current side : 𝑛

 where   controls the decay scale and . On a Poke 𝑝
𝑟𝑒𝑤𝑎𝑟𝑑

(𝑛) =  𝑃
0

* 𝑒𝑥𝑝(− 𝑛
τ ) τ 𝑃

0
= 0. 75

action, a binary reward   is drawn according to  then . On a Switch 𝑟 ∈ {0, 1} 𝑝
𝑟𝑒𝑤𝑎𝑟𝑑

(𝑛) 𝑛←𝑛 + 1

action, n is reset to 0 and a switch cost of  is delivered. At each step, the agents  receive a − 1
4-dimensional vector   where  is the poke count at current site and  is 𝑜

𝑡
= [1

𝑙𝑒𝑓𝑡
, 1

𝑟𝑖𝑔ℎ𝑡
, 𝑛, 𝑅] 𝑛 𝑅

the cumulative reward at the current site, equal to the sum of reward obtained since the last 
Switch action. 

Hyperparameters table 
We need a big table with all the parameters used for all the simulated tasks. 
 

Parameters Transition 
Reversal 

Reward 
Reversal 

Two-step 
task 

Foraging 
task 

Cue-reward 
association 

 α
𝑞

0.3 0.1 0.5 0.1 0.005 

 γ 0.9 0.9 0.9 0.9 1 

 α
𝑝

0.3 0.1 0.1 0.01 0.1 

 𝐾 1 5 10 10 1 

 ε variable 0 0 0 0 

 λ variable 0 0 0 0.1 

 α
𝑞.𝑙𝑎𝑡𝑒𝑛𝑡

 0.1 0.01 0.01  

 α
𝑝.𝑙𝑎𝑡𝑒𝑛𝑡

 0.05 0.1 0.01  

 



 

 𝐻  32 32 32  

 β
𝑚𝑜𝑑

 10 1 1  

 β
𝑎𝑟𝑏

 5 2 5  

 

Cue-reward association task 

Task 
Head-restrained mice were trained to run on a treadmill to navigate through a circular virtual 
reality (VR) corridor of 400cm. Two visual cues are displayed on the wall (between 80-150cm 
and 220-290cm), one after the other, followed by a gray wall indicating the reward zone 
(350-370cm). The second cue predicted reward or no reward depending on its identity. The first 
cue predicted reward or no reward on 80% of trials, but on 20% of trials was ambiguous with 
respect to the second cue and therefore the reward. The corridor can thus be of four types : 
rewarded non-ambiguous (R+NA), unrewarded non-ambiguous (UR+NA), rewarded ambiguous 
(R+A), and unrewarded ambiguous (UR+A). Before the start of neural recording, the mice are 
trained to run in corridors with no cues on the wall, only a gray wall indicating the reward zone. 
To be rewarded, the mice must enter the reward zone with a speed inferior to a 30cm/s 
threshold. Cues are introduced on day 1 of the neural recordings sessions, and the mice must 
similarly decelerate in the rewarded corridors to be rewarded. But in order to maximize reward 
rate, the optimal behavior in an unrewarded corridor is to not decelerate before the reward 
zone. Ten sessions are recorded over ten consecutive days, with each session consisting of  
(m±std) trials (a trial corresponds to the crossing of a corridor), and stopping when the average 
speed of the mice goes below xxcm/s.  

Behavioral criteria for mice inclusion in the analysis 
We include the mice for which there is significant learning of the cue-reward contingency, 
assessed by a significant difference in anticipatory licking and in running speed before reward 
zone onset between the rewarded and unrewarded condition. This corresponds to 6 out of 11 
mice. 
> how do we compute these quantities ? 

Neural recordings 
[ Here it would be really nice if we could just reference Solène’s paper ] 

Assessing statistical significance 
Unless mentioned otherwise, statistical significance was assessed using hierarchical 
bootstrapping (10,000 iterations), resampling at the level of animals (n = 6) and then trials within 
animals, to preserve the nested data structure (Saravanan et al. 2020). We report the mean 
difference between conditions and two-sided p-values based on the percentile method.  
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Task simulation 
We simulated a virtual corridor of 400 discrete positions (0–399), matching the 400 cm experimental 
corridor. At each timestep, the agent selects one of four discrete speed levels (1, 2, 3, or 4), which 
advances its position by  positions. The corridor is circular: an episode terminates when the 𝑠𝑝𝑒𝑒𝑑 *  10
agent reaches position 399 or beyond. 

State representation. We use a microstimulus representation (Ludvig et al. 2008) to encode the agent's 
sensory observations as it traverses the corridor. The state vector has 280 dimensions, divided into 7 
channels of 40 dimensions each. Each channel represents a distinct sensory feature: two channels for 
the two possible first cues (rewarded and unrewarded), two for the two possible second cues, one for the 
ambiguous first cue, and one for spatial position. On a given trial, only the channels corresponding to the 
cues actually present in that corridor are activated. 

Within each active cue channel, cue onset is represented as a Gaussian bump that travels across the 40 
dimensions as the agent progresses through the cue zone, mimicking the temporal unfolding of a 
sensory stimulus. As the agent moves from the start to the end of a cue zone, the bump shifts from the 
first to the last dimension of that channel. This means that two positions within the same cue zone that 
are close together have similar but not identical representations, while distant positions have low overlap, 
providing a smooth, distributed temporal code that the predictive model can learn from. 

The first cue zone spans positions 80–220 cm and the second cue zone spans positions 220–400 cm. A 
separate spatial channel encodes the agent's coarse position throughout the corridor, with a single active 
dimension corresponding to the agent's binned location. Gaussian noise (σ = 0.1) is added to all 
observations at each timestep. 

Corridor types and trial sampling. Four corridor types are defined by the combination of first and 
second cue identity: rewarded non-ambiguous (R+NA, probability 4/10), rewarded ambiguous (R+A, 
probability 1/10), unrewarded non-ambiguous (UR+NA, probability 4/10), and unrewarded ambiguous 
(UR+A, probability 1/10). In ambiguous corridors, the first cue activates the ambiguous channel rather 
than the rewarded/unrewarded channel, making the second cue unpredictable from the first. 

Reward structure. In rewarded corridors (R+NA, R+A), the agent receives a reward of 5 upon crossing 
the reward zone (position ≥ 360) if its speed is below 3 (i.e., speed ∈ {1, 2}). At every timestep, the 
agent incurs a waiting cost of 0.5 × (4 − speed), penalizing slow movement. This creates a 
speed-accuracy tradeoff: the agent must learn to slow down before the reward zone in rewarded 
corridors while maintaining high speed elsewhere. 

Relevance modulation. During training, the SPE teaching signal is modulated by state relevance 
following the formulation in the main text. The relevance modulation parameter is set to λ = 0.1. 

Training protocol. Similarly to the experiment, Each agent is first pretrained for 1000 episodes on a 
neutral corridor (no cues, reward zone only) to learn the basic speed-reward contingency. Cues are then 
introduced, and the agent is trained for 100 sessions of 10 trials each. Results are averaged across N = 
10 agents with different environment random seeds. 

Model-fitting 
We compared five different computational models to explain serotonin activity in the late 
sessions of learning (days 7-10), where value and environment structure have been learned : 
surprise (norm of the SPE), relevance-modulated SPE, RPE, value and predictive code for 
value (following (Harkin et al. 2023)). Models were fit to late sessions serotonin signals across 
the four types of corridors. 
 

https://www.zotero.org/google-docs/?w3qh2E


 
Analytical expression of value 
Rather than simulating the full reinforcement and predictive learning dynamics for each 
parameter set during model fitting, we derived closed-form analytical expressions for the value 
and surprise signals at asymptotic convergence.This approach is justified by the use of late 
training sessions, during which animals have extensively learned the task structure and reward 
contingencies, such that internal value and next-state estimates can be assumed to have 
reached steady-state. 

We derived an analytical approximation of the value signal at convergence under the 
assumption of stationary task statistics and exponential temporal discounting.  Time was 
discretized with a step  and the discount factor  was converted into a ∆𝑡 = 50𝑚𝑠 γ
continuous-time discounting process with time constant . Each trial consists of an τ =− ∆𝑡

𝑙𝑜𝑔(γ)

inter-trial interval ITI, a cue period, a delay, and a reward period, with corridor specific onset and 
duration. At convergence, the value function V(t) reflects the discounted expectation of future 
reward conditioned on the current trial phase. During the ITI, the value signal was assumed to 
be constant and equal to the discounted expected value of the upcoming trial, averaged across 

corridors:  , where  denotes the corridor-specific reward 𝑉
𝐼𝑇𝐼

= ⟨ τ
τ+𝐿

𝐼𝑇𝐼
𝑒𝑥𝑝(−

𝐿
𝑐𝑢𝑒

+𝐿
𝑑𝑒𝑙𝑎𝑦

τ )𝑟⟩ 𝑟

magnitude and the angle brackets indicate averaging across corridors. During the cue and 
delay period, , the value signal followed an exponential approach to the 𝑡

𝑐𝑢𝑒
< 𝑡 < 𝑡

𝑟𝑒𝑤𝑎𝑟𝑑

expected reward time:  where  is the expected time of reward 𝑉(𝑡) = 𝑟 𝑒𝑥𝑝(
𝑡−𝑡

𝑟𝑒𝑤𝑎𝑟𝑑

τ ) 𝑡
𝑟𝑒𝑤𝑎𝑟𝑑

delivery. During the reward period itself, the value transitioned smoothly back to the ITI baseline, 

ensuring continuity at reward offset:   with  chosen to match 𝑉(𝑡) = 𝐴(1 −  𝑒𝑥𝑝(
𝑡−𝑡

𝑒𝑛𝑑

τ )) + 𝑉
𝐼𝑇𝐼

𝐴

boundary conditions at reward onset and offset. Following the task design, we set , 𝐿
𝑐𝑢𝑒

= 0. 7

 and  .The parameters  are corridor specific, equal to 𝑡
𝑒𝑛𝑑

= 3. 7 𝐿
𝐼𝑇𝐼

= 4 (𝑡
𝑐𝑢𝑒

, 𝐿
𝑑𝑒𝑙𝑎𝑦

, 𝑟)

 for R+NA condition,  for UR+NA,  for R+A and  (0. 8, 2. 1, 1) (0. 8, 2. 1, 0) (2. 2, 0. 8, 1) (2. 2, 0. 8, 0)
for UR+A. To capture imperfect learning or state uncertainty, we add a parameter to  optionally 
interpolate the value signal toward the ITI baseline between the first and second cue for the 
unambiguous corridors :  This produced corridor-specific value 𝑉(𝑡) ← (1 − η)𝑉(𝑡) + η 𝑉

𝐼𝑇𝐼
.

trajectories reflecting converged value estimates under temporal discounting and uncertainty.  

Analytical expression of SPE norm 
We modeled the non-modulated SPE surprise-like signal as a converged prediction-error–like 
response to salient task events, here cue onsets, followed by an exponential decay. The 
surprise signal was defined over position within a trial and consisted of a constant baseline plus 
transient cue-locked components. For each corridor, surprise was initialized to a baseline level 

. At each onset of a cue  at time , a transient surprise spike of amplitude  was added and 𝑆
0

𝑖 𝑡
𝑖

ℎ
𝑖

followed by an exponential decay  for . For unpredictable 𝑆(𝑡) =  𝑆
0

+  ℎ
𝑖
 𝑒𝑥𝑝(− ω(𝑡 − 𝑡

𝑖
)) 𝑡 > 𝑡

𝑖

cues, the same amplitude  is used, and to capture imperfect learning, we add the option for ℎ
0

predictable cue to still induce a surprise signal of amplitude .  ℎ
1

≥ 0

 



 
Model 1 : Pure surprise 

The pure surprise signal is defined by , and is parametrized by . 𝑆(𝑡) θ = {𝑆
0
, ℎ

0
, ℎ

1
, ω}

Model 2 : relevance modulated SPE  

The relevance-modulated signal SPE signal is defined by , and parametrized 𝑆(𝑡) * (1 + λ𝑉(𝑡))
by . θ = {𝑆

0
, ℎ

0
, ℎ

1
, ω, λ, γ}

Model 3 : Value 

The value signal if defined by  and is parametrized by . 𝑉(𝑡) θ = {γ, η}

Model 4 : RPE 

The RPE signal was computed from the value signal :  , with δ(𝑡) = 𝑟(𝑡) + γ𝑉(𝑡 + ∆𝑡​) − 𝑉(𝑡)
 the reward signal. The RPE signal is parametrized by . 𝑟(𝑡) θ = {γ, η}

Model 5 : Predictive code for value 

This model consist of two dynamic variables : a prediction signal  which tracks the expected 𝑈(𝑡)
value, and a rectified prediction error , where  controls ρ(𝑡) = 𝑚𝑎𝑥(0, (1 + 𝐴)𝑉(𝑡) − 𝐴𝑈(𝑡)) 𝐴
the weighting between the instantaneous value input and the internal prediction.  

The prediction signal  evolves according to a first-order low-pass filter driven by the 𝑈(𝑡)
prediction error , where  is the adaptation time constant. The τ

𝐴𝐷
𝑑𝑈(𝑡)

𝑑𝑡 = ρ(𝑡) − 𝑈(𝑡) τ
𝐴𝐷

predictive code for value is , computed the analytical expression for value , and is ρ(𝑡) 𝑉(𝑡)
parametrized by .  θ = {γ, η, 𝐴, τ

𝐴𝐷
}

For all models, two link parameters  are added as a multiplicative and bias term to allow a {α, β}
better fit to the signal. 

Cross validation procedure 
Model parameters were estimated using 10-fold cross-validation to prevent overfitting and 
assess generalization performance. For each fold, individual trials were randomly partitioned 
into training (90%) and validation (10%) sets, with independent splits for each of the four 
corridor conditions. Trial-averaged signals were computed separately for each condition within 
the training set. Parameters were optimized by minimizing the sum of squared errors between 
model predictions and the training averages across all four conditions using scipy's curve_fit 
function. Model predictions were evaluated against held-out trial averages using the coefficient 
of determination (R²). The cross-validation procedure was repeated 10 times with different 
random splits to assess robustness. Final model performance was reported as the mean R² 
across all runs and folds. 

Score ceiling estimation 
To establish an upper bound on explainable variance, we computed a score ceiling using the 
same cross validation framework.  For each fold, the training set average served as the 

 



 
prediction for the validation set. This ceiling reflects the maximum achievable R² given 
trial-to-trial variability in the data.  

Statistical analysis 
Model fitting was performed at two levels : (1) population-level, pooling all trials across six mice 
(N = 1779, 1706, 468, and 394 trials for R+NA, UR+NA, R+A, and UR+A respectively), and (2) 
individual mouse level with 5-fold cross-validation to accommodate smaller sample sizes. Only 
data from late training days (day > 7) were included to ensure stable learned behavior. 

 

 



 
 

Stat tests detailed results 

Figure 3 

Fig 3b. Significant difference in locomotion between rewarded and unrewarded after a few days. 
We perform a Wilcoxon test on N=6 mice, for every session. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3d. Significant drop of serotonin during first exposures to a cue.  

For each mouse, we compute the average cue serotonin response for the i-th exposition to the 
cue for i=1 to i=10, and average across all possible cues. Then we assess the significance of 
the difference between early trial response and later trial response by averaging the earlier trial 
(<6) response and late trial (>=6) response per mice (N=6) and performing a Wilcoxon 
signed-rank test between the two. Wilcoxon signed-rank test: p=0.0312. Early mean: 0.595, 
Late mean: -0.300. 

 

N=6 mice 

P-value 
Locomotion (R vs 

UR, 
non-ambiguous) 

P-value Licking 
(R vs UR, 

non-ambiguous) 

P-value 
Locomotion (R 

vs UR, 
ambiguous) 

P-value 
Licking 

(R vs 
UR, 

ambiguo
us) 

Session     

1 0.156250 0.069005 1.000000 0.342915 

2 0.015625 0.031250 0.031250 0.015625 

3 0.500000 0.015625 0.218750 0.109375 

4 0.031250 0.031250 0.031250 0.015625 

5 0.281250 0.015625 0.015625 0.218750 

6 0.015625 0.015625 0.015625 0.031250 

7 0.015625 0.015625 0.015625 0.015625 

8 0.015625 0.015625 0.015625 0.021557 

9 0.015625 0.015625 0.015625 0.015625 

10 0.015625 0.031250 0.015625 0.021557 



 

 

Fig 3f. Significant bump for unpredicted cues compared to predicted cue.  

For each mouse we compute the average serotonin response (0-1s) to the second cue 
conditioned on whether it is an ambiguous (A) or nan-ambiguous (NA) corridor. We perform a 
Wilcoxon signed-rank test between the two conditions (N=6 mice). statistic=1.000, 
p-value=0.031.  
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