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Abstract 6 

When completing a task for a prolonged period, 7 

animals switch between being engaged and 8 

disengaged in what they are doing. What neural 9 

and physiological processes trigger these 10 

behavioural state transitions? We estimate the 11 

engagement state of mice using a hidden Markov 12 

model of response times and found that 13 

intermediate arousal was associated with more 14 

engagement in the task. Additionally, we show 15 

that changes in arousal predict subsequent 16 

changes in behavioural state. To explain this, we 17 

propose a double-well model, in which arousal 18 

causes behavioural state transitions by reshaping 19 

the attractor landscape of population neural 20 

activity. These results highlight a possible 21 

mechanism of arousal-related changes in 22 

behaviour and suggest the presence of early 23 

warning signals for behavioural state switches.  24 

Introduction 25 

Variability is a ubiquitous feature of decision-making 26 

across species (Urai, 2024). One contribution to this 27 

variability is transitions between discrete, internal 28 

engagement states (Ashwood et al., 2022; Glukhova 29 

et al., 2024; Mohammadi et al., 2024). 30 

Neuromodulatory activity (arousal) plays a causal 31 

role in a variety of behavioural state transitions (e.g. 32 

Ahmadlou et al., 2025; Silverman et al., 2024). 33 

Baseline pupil size, an indirect measure of arousal, is 34 

predictive of engagement and explore/exploit states 35 

(Hulsey et al., 2024; Shourkeshti et al., 2023). There 36 

are various theoretical proposals about the role of 37 

arousal in state transitions. One possibility is that 38 

neuromodulatory activity changes neural attractor 39 

landscapes (e.g., Shine, 2023), causing large-scale 40 

cortical reorganisation. Alternatively, 41 

neuromodulation could alter the level of 42 

computational noise in perceptual and decision-43 

making processes (Findling & Wyart, 2021).  44 

Here, we investigate the relationship between 45 

arousal and engagement state. Using a simple 46 

dynamical systems framework, we clarify the 47 

computational role of neuromodulatory activity in 48 

behavioural state transitions. 49 

Methods 50 

Data. We used a public dataset (The International 51 

Brain Laboratory et al., 2021) including behavioural 52 

and pupil recordings from mice performing a perceptual 53 

decision-making task (Fig. 1a). The subsample 54 

analysed here includes 34 sessions from 24 mice. 55 

Pupil. Baseline pupil is the mean pupil diameter from 56 

-1 to 0s before stimulus onset. Within-sessions, 57 

baseline pupil was split into five bins with equal trial 58 

numbers. Sessions in which there was no significant 59 

contrast modulation of the pupillary response from 1 to 60 

2s after stimulus onset were excluded (n=14; Fig. 1f).  61 

Modelling. Hidden Markov models (HMMs) were fit to 62 

whole session time courses of log(RT) using the 63 

IOHMM package (github.com/Mogeng/IOHMM/). Prior 64 

to model fitting, no-response trials were recoded as the 65 

maximum RT of the session (with robustness checks). 66 

Figure 1. Behavioural task and engagement state 67 

model. (a) Mice reported on which side the grating 68 

stimulus appeared (reproduced from IBL et al., 2021). 69 

(b) Hidden Markov model. (c) RTs and state 70 

assignments for one example session. Arrows show 71 

choices (left/right) and opacity denotes stimulus 72 

contrast. (d) State-conditioned chronometric functions. 73 

(e) State-conditioned psychometric functions. (f) 74 

Stimulus-evoked pupillary response. 75 

  

   

                  



 

 

Figure 2. Pupil and behavioural state. (a) Probability 76 

of being engaged as a function of baseline pupil bin. 77 

(b) Same for probability of switching between states. 78 

(c) Standard deviation of the mean baseline pupil 79 

(rolling over four trials) around state transitions. 80 

Results 81 

We fit HMMs to provide a trial-by-trial estimate of the 82 

latent state of animals (Fig. 1c). The HMM consists of 83 

an observation model (a linear regression predicting 84 

RT with two covariates - stimulus contrast and side), 85 

and transition dynamics between latent states (Fig. 86 

1b). Across all sessions, one state consisted of 87 

shorter RTs, with a small effect of stimulus contrast 88 

on RT, while the other consists of longer RTs with a 89 

larger effect of stimulus contrast (Fig. 1d). The long-90 

RT state showed lower choice accuracy than the 91 

short-RT state (Fig. 1e), implying that we captured the 92 

engagement state of the animal. 93 

We found that median levels of arousal are 94 

associated with a higher probability of being in the 95 

engaged state (Fig. 2a). However, arousal levels 96 

were not associated with the probability of switching 97 

between states (Fig. 2b). Furthermore, we replicated 98 

findings (Hulsey et al., 2024) showing that variability 99 

of baseline pupil increases prior before a switch into 100 

disengagement and decreases before a switch to 101 

engagement (Fig. 2c). 102 

We propose a simple dynamical systems model 103 

which assumes that the behavioural state of an 104 

animal is determined by population neural activity 105 

which can be described as an attractor landscape 106 

(Fig. 3a; Richman et al., 2023). Within this framework, 107 

arousal could change the probability of being in an 108 

engaged vs. disengaged state by changing the shape 109 

of the landscape (Fig. 3b). Alternatively, arousal could 110 

impact the influence of noise in the system (Fig. 3c). 111 

These two scenarios make distinct predictions, which 112 

we compare with our empirical data. Of these options, 113 

our results are more consistent with arousal acting as 114 

a control variable of the overall shape of the 115 

landscape. 116 

Conclusion 117 

These results suggest that pupil-linked 118 

neuromodulatory activity shapes the population neural 119 

dynamics that determine the behavioural state of mice. 120 

Further direct model fitting of our dynamical systems 121 

model could further confirm this account. Subcortical 122 

neuromodulatory nuclei are preserved across species, 123 

so future work will extend this research to humans 124 

performing a similar perceptual decision-making task, 125 

as well as considering other avenues through which 126 

arousal could affect neural dynamics. Finally, this 127 

framework suggests the presence of early warning 128 

systems in behaviour and neural activity (Dakos et al., 129 

2024), which could be used to predict behavioural state 130 

transitions in real-time. 131 

Figure 3. Double-well model. (a) Energy landscape of 132 

population neural activity governing behavioural state 133 

(eq.1). The landscape has two stable fixed points, 134 

labelled as engaged and disengaged. State at time t is 135 

determined by the position of the particle; movement 136 

shown in eq. 2 (Langevin dynamics). (b) Changes to 137 

the energy landscape when α is low/high. (c) Example 138 

trajectory of the state variable (top) as α goes from low 139 

to high over time (bottom). (d) Predictions about the 140 

probability of being engaged and the probability of 141 

switching states as a function of arousal (assuming a 142 

quadratic relationship between α and arousal (A)). (e-143 

g) As above for σ. 144 
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