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Abstract 20 

[150 words] 21 

Patch foraging presents a ubiquitous decision-making process in which animals decide when to 22 

abandon a resource patch of diminishing value to pursue an alternative. We developed a virtual foraging 23 

task in which mouse behavior varied systematically with patch value. Mouse behavior could be explained 24 

by a model integrating time and rewards antagonistically, scaled by a latent patience state. The model 25 

accounted for deviations from predictions of optimal foraging theory. Neural recordings throughout 26 

frontal areas revealed encoding of decision variables from the integrator model, most robustly in frontal 27 

cortex. Regression modeling followed by unsupervised clustering identified a subset of ramping neurons. 28 

These neurons’ firing rates ramped up gradually (up to tens of seconds), were inhibited by rewards, and 29 

were better described as a continuous ramp than a discrete stepping process. Together, these results 30 

identify integration via frontal cortex ramping dynamics as a candidate mechanism for solving patch 31 

foraging problems.  32 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 14, 2024. ; https://doi.org/10.1101/2023.09.05.556267doi: bioRxiv preprint 

https://doi.org/10.1101/2023.09.05.556267
http://creativecommons.org/licenses/by-nc/4.0/


3 
 

Introduction 33 

One of the most fundamental decisions that animals must regularly make is how to effectively 34 

allocate time in the pursuit of resources. Patch foraging—the process of deciding when to leave a location 35 

with depleting resources (e.g. food) to search elsewhere—is a classic problem of this type that has been 36 

studied in the framework of optimal foraging theory in behavioral ecology1,2. Theoretical work has shown 37 

that foraging animals should leave a patch when the instantaneous rate of resource intake drops to the 38 

average rate in the environment—a result known as the Marginal Value Theorem (MVT)3. Although this 39 

theorem provides a mathematical solution to optimal patch-leaving decisions, (1) whether the behavior of 40 

animals conforms precisely to the MVT remains debated, and (2) the biological processes underlying 41 

patch-leaving decisions remain to be determined1,4-6.  42 

The MVT defines an abstract decision rule but does not explain the underlying decision process. 43 

Efforts have therefore been made to identify simple patch-leaving rules that can approximate optimal 44 

decisions. One such rule is a “giving-up time rule”: leaving after a predetermined amount of time has 45 

elapsed since the last incident of resource intake7-9. Another class of decision rule is formulated as an 46 

integrate-to-threshold process, similar to those accounting for perceptual decisions studied in psychology 47 

and neurobiology, often structured as drift-diffusion models10-15. In the context of patch foraging, these 48 

models track a decision variable (DV) which integrates elapsed time and intermittent occurrence of 49 

resource intake in opposite directions and trigger patch leaving when the DV reaches a threshold level. 50 

Because of the competitive interactions between elapsed time and resource intake, a patch-leaving 51 

decision is naturally delayed within patches containing more resources. This type of model was first 52 

applied in the context of patch-foraging to egg-laying behavior in the parasitoid wasp, Nemeritis 53 

canescens16. Furthermore, recent theoretical work has demonstrated that integrate-to-threshold models 54 

can provide MVT-optimal decisions under idealized conditions17. This study further showed that 55 

integrator models can achieve near-optimal behavior in more realistic conditions and, through parameter 56 

tuning, can also implement non-MVT strategies, such as counting, which can be optimal when 57 

assumptions of MVT are violated. The proposition that integrator models can be adapted to solve foraging 58 

problems is attractive because they offer a potential mechanism through which to link foraging behavior 59 

to its neural basis.  60 

Numerous studies have demonstrated the correspondence between frontal cortex activity and 61 

foraging decisions18. Hayden et al. (2011) modeled patch-foraging using an eye movement-based task in 62 

monkeys and showed that neurons in the anterior cingulate cortex increase their pre-saccadic transient 63 

responses up to a certain level before leaving a patch19. Work in humans has similarly implicated regions 64 
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in frontal cortex in tracking value signals during foraging-like decisions20,21. Studies of when-to-leave 65 

decisions have identified multiple areas of rodent frontal cortex22,23, including anterior cingulate cortex 66 

(ACC)24, orbitofrontal cortex (OFC)25,26, and secondary motor cortex (M2)23,27 as playing a causal role in 67 

leaving decisions. However, the neural basis of the decision process remains to be identified.  68 

In this study, we set out to identify the behavioral algorithms and neural activity patterns that 69 

support a classic patch leaving problem. We first present a novel head-fixed virtual reality patch foraging 70 

task for mice. Our results show that mouse behavior matched the MVT qualitatively, yielding greater 71 

patch residence time (PRT) on patches in which rewards were more abundant. However, stronger tests for 72 

the MVT, exploiting our task designs, showed that the behavior systematically deviated from MVT 73 

predictions. We show that, instead, integration-to-threshold models that were globally scaled by a slowly 74 

varying “patience” variable estimated from surrounding trials can explain not only the overall behavioral 75 

patterns, but also these systematic deviations with quantitative precision. Furthermore, we observed a 76 

prevalence of neurons which exhibited a slow, ramp-to-threshold type activity that was decremented by 77 

intermittent rewards. Dynamically updating decision variables obtained from integration models could be 78 

predicted from neural activity in the frontal cortex, and vice versa, more accurately than in subcortical 79 

areas. These results suggest that mice could solve the patch foraging problem via an integration process 80 

within the frontal cortex.  81 
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Results 82 

A head-fixed patch foraging task for mice 83 

 We developed a patch foraging task for head-fixed mice in virtual reality (Fig. 1), in which they 84 

ran on a cylindrical treadmill to traverse a linear corridor. After mice ran a fixed distance, a visual 85 

“proximity cue” was presented, indicating the availability of a resource patch. If mice stopped running 86 

while the proximity cue was on, a patch trial was initiated with a visual cue, and water droplet rewards 87 

were delivered stochastically while mice remained on the patch. Each patch delivered water droplets of 88 

one of three sizes (1, 2, or 4 µ𝐿𝐿), which was consistent within a patch. Rewards were delivered 89 

probabilistically each second on the patch, with one of three initial reward probabilities (0.125, 0.25, or 90 

0.5) followed by exponential decay of that probability with time constant 𝜏𝜏 = 8 𝑠𝑠𝑠𝑠𝑠𝑠. There were thus nine 91 

patch types: three reward sizes × three reward frequencies (Fig. 1B). To encourage stopping on patches, 92 

the first reward was delivered deterministically on all trials (at 𝑡𝑡 = 0, the time of stop). Mice could then 93 

choose to remain on the patch for any amount of additional time, during which additional probabilistic 94 

reward deliveries might occur at one-second increments. Mice were free to leave a patch any time by 95 

travelling a fixed distance on the wheel, at which point they would enter the inter-patch-interval and be 96 

required to run to the next patch to receive more water. 97 

 98 

Patch residence times are a scaled function of reward statistics 99 

 During the foraging task, mice consistently guided their behavior towards obtaining water 100 

rewards. Example trials from two mice demonstrate how their running and licking evolved in response to 101 

task events (Fig. 1D), stopping in response to proximity cues and licking in expectation of rewards. 102 

Reward-seeking behavior was evident across the population. In response to the proximity cue, mice 103 

successfully stopped to enter most patches (Fig. S1A). As mice stopped to enter a patch, they showed 104 

anticipatory licking at the same time as they began decreasing their speed (Fig. S1B), demonstrating an 105 

expectation of reward availability. After receiving an initial reward at 𝑡𝑡 = 0 (consistent across all patch 106 

trials), they began modulating their behavior in response to reward size. Lick rates were higher on patches 107 

with larger reward size, and mice waited longer before increasing their running speed (Fig. S1B).  108 

The canonical signature of value-sensitivity during patch foraging is the dependence of patch 109 

residence time (PRT) on resource richness. Mice indeed showed higher PRT in patches with larger and/or 110 

more frequent rewards (example session, Fig. 1E; example mouse, Fig. 1F; all mice, Fig. 1G), though 111 

with marked differences in overall willingness to wait across subjects. In contrast to the broad differences  112 
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Figure 1: Mice foraging times calibrate to reward statistics. 

A) Virtual linear track for patch foraging task.  
B) Combinations of three reward sizes and frequencies yield nine patch types.  
C) Probability of reward delivery after each one-second interval per frequency condition. 
D) Example trials from two mice. Mice stop running in response to the proximity cue to enter 

patches and receive stochastically delivered water rewards. Photographs of the three task states 
are shown. Monitor brightness was increased for the photos. 

E) Reward deliveries and patch leave times from an example session grouped by patch reward size. 
Trials are sorted in ascending order of PRT from top to bottom per reward size. Dots are shaded 
based on underlying reward frequency condition. 

F) PRT per patch type from an example mouse. Column groupings separate patches by reward size. 
Within columns, patches are split by reward frequency. 

G) A generalized linear mixed-effects model (GLME) with log link function predicts mice’s PRTs 
across conditions. To demonstrate the log-linearity of the fit, frequency conditions are spaced 
proportionally to their values (0.125:0.25:0.5). Dots indicate empirical mouse PRT with error bars 
showing standard error of the mean. Lines represent GLME fits. Colored by mouse ID (in GLME 
equation, ‘i’ = mouse ID). 

 

in mean PRT across subjects, we observed that relative PRTs across patch types were approximately co-113 

linear across mice after log-scaling (Fig. 1G). This trend occurs because the influence of reward statistics 114 

on waiting time scales systematically with mean PRT (Fig. S2A). We therefore tested whether a 115 

generalized linear mixed-effects model (GLME) using a log link function could capture variability of 116 

mean PRT across mice and patch types. We fit a 3-factor GLME with reward size and frequency as fixed 117 

effects and mouse identity as a random effect and found that this model captured mean PRTs across 118 

conditions for the population (𝛽𝛽𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 0.168, 𝛽𝛽𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 0.103, both p < 0.0001, Fig. 1G). 119 

In addition to the differences in waiting behavior across mice, we observed substantial within-120 

subject variability in PRT over time. Some mice displayed striking fluctuations in their PRTs across 121 

sessions (Fig. 2A, Left: example mouse. Fig. S1E, population). PRT also varied gradually within sessions 122 

such that PRTs on successive patch trials were correlated with one another (Fig. 2B). This suggests a 123 

slowly fluctuating latent state, which we henceforth call ‘patience’, that describes the varying mean levels 124 

of willingness-to-wait we observed in mice. Taking advantage of this, we used PRT from successive 125 

patches as a proxy for estimating subjects’ latent degree of ‘patience’ on a given trial (Fig. 2C, Left). We 126 

then asked whether using these latent patient estimates to scale a common function could account for 127 

variance in PRTs across the population. We modified our GLME, transforming it into a GLM by replacing 128 

the random effect term for mouse identity with a regressor for latent patience estimates (Fig. 2D). Using a 129 

single set of four free parameters shared across mice, GLM-fitted PRTs well matched mice’s mean PRTs 130 

across patch types (Fig. 2D) and robustly predicted single trial PRTs for most mice (Population, median 131 

R2 = 0.45, Fig. 2E; example mouse, Fig. S2G, Left).  132 
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Figure 2: PRT variance is explained by scaling a common function. 

A) Left: Mean PRT per µ𝐿𝐿 across sessions, example mouse. Right: Standard deviation of mean PRT 
across sessions per subject, colored by mouse ID. 

B) Autocorrelation function of PRT over patches, mean across subjects. Error bars indicate standard 
deviation across subjects. 

C) Applying a Gaussian filter of PRT over successive trials provides an estimate of latent state. Left: 
Example session latent state inference (mouse 80). Gray trace tracks PRT across patches with 
colored dots indicating reward size for each patch. Black trace indicates value of the latent state 
estimation. Middle: Estimated latent across trials over all 10 sessions from mouse 80. Right: 
Mean normalized latent estimates across sessions per mouse. 

D) A generalized linear model (GLM) scaled by latent patience estimates accounts for PRTs across 
mice. Dots indicate empirical mouse PRT. Lines represent GLM fits. 

E) R2 statistics for predicting PRT using the GLME (from Fig. 1G), mean latent per session, per trial 
latent, and the latent-scaled GLM. Models ordered by ascending levels of R2, stars indicate 
significance of pairwise Wilcoxon signed-rank tests (p = .0044, .0027, .002, Bonferroni-adjusted). 

 

Mice behavior deviates from MVT predictions 133 

 We next performed direct tests of MVT predictions. First, the MVT dictates that, if patches are 134 

monotonically depleting in value as resources are consumed, an optimal forager should leave a patch once 135 

the instantaneous rate of reward drops to the average expected reward rate of the environment. Thus, 136 

irrespective of initial resource abundance, patches should all be left around this same threshold crossing 137 

(Fig. 3A, Left; Prediction 1, see Methods). To test this prediction of MVT, we computed expected reward 138 

rate at the time of each patch leave. We found that mouse behavior strongly violated this prediction, with 139 

animals leaving high value patches too early and low value patches too late28, relative to an ideal 140 

observer, with the dominant effect driven by reward size (Fig. 3A, middle: example mouse, p < 0.0001 for 141 

reward size and p > 0.99 for reward frequency, 2-way ANOVA, Bonferroni-adjusted; right: population 142 

means, p < 0.0001 for both size and frequency, linear mixed-effects model).  143 

 Second, we considered more specific predictions of MVT that can be tested because of our task’s 144 

reward schedules. Because all patch types had exponentially decaying reward probabilities with the same 145 

time constant (Fig. 1C), differences in PRTs across patch types should remain constant, regardless of the 146 

threshold (Fig. 3B; Prediction 2, see Methods). Furthermore, because we used patches with proportional 147 

reward sizes (1, 2, and 4µ𝐿𝐿), MVT predicts that the difference in leave time between 4 and 2 𝜇𝜇𝜇𝜇 patches 148 

(𝑃𝑃𝑃𝑃𝑇𝑇4µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿) should be equal to the difference between 2 and 1 𝜇𝜇𝜇𝜇 patches (𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇1µ𝐿𝐿; 149 

Fig. 3B; Prediction 3, see Methods). Neither of these predictions was borne out in the data. Instead, 150 

reward sensitivity grew with mean PRT (Fig. 2D, Fig. S2) and we consistently observed 𝑃𝑃𝑃𝑃𝑇𝑇4µ𝐿𝐿 −151 

𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 > 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇1µ𝐿𝐿 (Fig. 3C, p = 0.0002, Wilcoxon signed-rank test).  152 
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Figure 3: A competitive integration process explains foraging behavior. 

A) Instantaneous expected reward rate at time of patch leave across patch types, predicted by optimal 
MVT (Left), sample mouse (Middle, Bonferroni-adjusted p < 0.0001 for size, p > .99 for 
frequency, 2-way ANOVA), and population (Right, p < 0.0001 for size and frequency, linear 
mixed-effects model). Error bars for sample mouse indicate standard error of the mean. Error bars 
for population average indicate standard deviation across mice. 

B) Schematic demonstrating MVT predictions for PRT per reward size for two different thresholds. 
Traces are colored by reward size. Dashed lines show two sample thresholds, a and b. Black dots 
indicate points of threshold crossings for each reward size. Gray box notes examples for 
Prediction 2 (Top) and Prediction 3 (Bottom). 

C) Mice show greater differences in mean PRT between 4µ𝐿𝐿 and 2µ𝐿𝐿 patches, compared to 2µ𝐿𝐿 and 
1µ𝐿𝐿 patches. 

D) Sigmoid transformation of decision variable (DV) into probability of patch leave per one-second 
interval, scaled by different inverse temperature values (light grey = 0.5, dark grey = 1.0, black = 
2.0). Red dashed line indicates the maximum 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) output, 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚. 

E) Example schematics for DV (Top) and corresponding 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) output (Bottom) for three 
different integrator models over patches with rewards delivered at 𝑡𝑡 =  [0,1,4,5] seconds. DVs 
ramp upwards over time. Model 1 does not respond to reward deliveries. Model 2 resets to its 
baseline value following any reward delivery. Model 3 integrates rewards with a constant 
negative value. Red dashed line indicates the maximum 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) output, 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚. 

F) Schematic demonstrating how 𝐷𝐷𝐷𝐷 and 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) scale relative to latent patience estimation 
across patches, for a sample patch in which rewards were delivered 0 and 4 seconds. Black traces 
indicate patches with more patient estimations and ramp up more slowly. Red traces indicate 
impulsive latents and yield sharper ramps. 

G) Relative BIC values for the model fits across subjects. Model 3 yields a superior fit to Models 1 
and 2 (p < 0.0001, p = 0.0009, Wilcoxon signed-rank test). 

H) Example schematics demonstrating how Models 2 (Left) and 3 (Right) make differing predictions 
for DV (Top) and 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) predictions (Bottom) on patches with rewards at 𝑡𝑡 = [0,2] sec 
(‘R0R’ patches, black) compared with patches with rewards at 𝑡𝑡 = [0,1,2] sec (‘RRR’ patches, 
blue). 

I) Per subject mean Simulated PRT for ‘R0R’ versus ‘RRR’ patches from Model 2 fits (Left), Model 
3 fits (Middle), and empirical mice PRT (Right). Model 3 and mice PRTs were significantly 
higher for ‘RRR’ versus ‘R0R’ trials (p < 0.0001, Model 3; p = 0.0024, Mice; Wilcoxon signed-
rank test). There was a small but significant effect of greater PRTs for ‘R0R’ versus ‘RRR’ trials 
for Model 2 (p = 0.0037). However, this resulted due to a selection bias over latent patience 
values and was in the opposite direction of the empirical mice data. Points are colored per mouse. 
Axes are log-scaled. 

J) Mean PRT across patch types, per subject from Model 3 simulations versus empirical mouse PRT, 
log-scaled (𝑅𝑅2 = 0.985, over patch type means, Left), points colored per mouse. Instantaneous 
expected reward rate at patch leave across patch types from population simulations of Model 3 
using fit parameters per mouse. 

K) Schematic demonstrating how integrator models can account for deviations from MVT 
predictions. Example traces are shown when patience is lower (solid lines) versus higher (dashed 
lines) for each reward size (colored per µL). Patch leave times are determined by integrator value 
reaching threshold (black dashed line, dots indicate threshold crossings). Gray box notes example 
violations of Prediction 2 (Top) and Prediction 3 (Bottom). 

L) Schematic depicting a sample trial for calculating model-predicted PRT on single trials. Black 
dots indicate fraction of trials the model predicts subjects would still be on the patch at the start of 
that one-second time bin (Top). Red dots indicate the probability of leaving, 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿), within 
that time bin. The product of fraction of trials remaining on patch times and 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) determines 
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the corresponding leave density for that time bin (Bottom). The average predicted PRT is then 
calculated as that trial’s prediction. 

M) 𝑅𝑅2 statistics for single trial predictions from cross-validated Model 3 fits across mice (Left, 
median 𝑅𝑅2 = 0.544). Box edges indicate 25th and 75th percentiles. Whiskers stretch out to most 
extreme points, as none were categorized as outliers. Example mouse single trial Model 3 
predicted PRT versus empirical mouse PRT, points colored reward size per patch (Right, R2 = 
0.801). Predicted PRT for each trial was calculated using model fit parameters from training folds 
and compared with PRT over trials from held-out test folds. 

N) Model 3 predicted PRT and empirical mouse PRT across patches from the example session in left 
panel of Fig. 2C. Colored dots indicate mouse PRT, colored by reward size. Black dots indicate 
Model 3 predicted PRT, calculated from fitting on training folds. Lines connecting dots highlight 
the difference in predicted versus empirical PRT per trial. Red trace indicates latent estimations of 
patience for each patch. Y-axis is log-scaled. 

 

A competitive integration process explains patch leaving decisions 153 

Prior work has demonstrated the viability of integrator models as a potential solution to the patch 154 

leaving problem, as they can achieve MVT optimal behavior in limiting cases and produce satisfactory 155 

performance under more naturalistic conditions17. To test whether integrator models can match the 156 

observed PRTs of foraging mice, we devised several integrator models which differentially track time and 157 

reward events, yielding probabilistic predictions of patch leaving decisions. For each model, we compute 158 

a decision variable, 𝐷𝐷𝐷𝐷, for each time bin, which is then transformed through a softmax function to 159 

generate a predicted probability, 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿), of the animal leaving the patch—i.e., the hazard rate of 160 

leaving (Fig. 3D; see Methods for detailed model description). As 𝐷𝐷𝐷𝐷 increases, so does 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿). 161 

Because the model must account for decision processes unfolding over time durations spanning orders of 162 

magnitude, we constrained the maximum probability to 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚, which is a free parameter. As a result, the 163 

midpoint of the sigmoid, corresponding to instances when the 𝐷𝐷𝐷𝐷 = 0, is not an indifference point 164 

wherein 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) = 0.5, but instead is the point at which 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚
2

. 165 

 We fit three distinct integrator models for computing DVs over time (Fig. 3E). In each model, a 166 

𝐷𝐷𝐷𝐷 ramps up linearly over time in the absence of rewards, with its slope scaled by reward size via a 167 

power law function. What distinguishes the models is how they respond to reward deliveries. Model 1 168 

exclusively tracks time on patch, and is indifferent to rewards, ramping upwards irrespective of additional 169 

reward deliveries. Model 2 is a full reset model, which returns to its initial baseline value upon each 170 

reward delivery. Model 2 is therefore “memoryless,” in the sense that its value is dictated only by the time 171 

since the most recent reward and the patch’s reward size. It is equivalent to the “giving-up time model” 172 

discussed earlier7, with a giving-up time defined for each reward amount. Model 3 performs a competitive 173 

integration process of rewards versus time, preserving effects of multiple rewards over time instead of 174 
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only the most recent one. For each reward, Model 3 is reduced by an amount governed by a free 175 

parameter, 𝑅𝑅. For the purposes of this model, we fit only a single value for 𝑅𝑅 rather than scaling it with 176 

reward size, as we found that scaling slope alone was sufficient to account for the observed differences in 177 

PRT with reward size. As mouse PRTs and reward sensitivity were both strongly influenced by latent 178 

levels of patience (Fig. 2, S2), we scaled model parameters by the latent state on each trial (Fig. S3A; 179 

Methods). Non-latent-scaled versions of each model performed substantially worse than their latent-180 

scaled counterparts, with scaling of slope and 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 consistently yielding the best fits (Fig. S3A). We 181 

therefore used this scaling for our models (Fig. 3F). 182 

 To better understand how rewards affect the decision process, we compared predicted leave 183 

probabilities from the three integrator models to observed patch-leaving behavior. Model 1 can be ruled 184 

out a priori, as it could not account for the observed dependency of PRT on reward frequency, but we 185 

included it still as a baseline model for comparison. In contrast, Models 2 and 3 could both potentially 186 

account for the reward effects qualitatively, as each predict larger PRT for higher reward size and 187 

frequency by reducing their 𝐷𝐷𝐷𝐷 and 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) predictions following reward deliveries. We therefore 188 

sought a systematic means of comparing model performance beyond predicting mean PRT, instead 189 

focusing on the probabilistic leave decisions the models predicted within individual trials. 190 

 To fit and compare the models, we fit their parameters for each mouse separately by maximum 191 

likelihood and compare their goodness of fit using the Bayesian Information Criterion (BIC) (Fig. 3G), to 192 

account for the different number of parameters across models. BIC was lowest for Model 3, 193 

demonstrating that the competitive integration model best explained mouse leaving behavior across trials 194 

(p < 0.0001, Model 3 over Model 1; p = 0.0009, Model 3 over Model 2; Wilcoxon signed-rank test, 195 

Bonferroni correction). We corroborated the BIC metrics using 5-fold cross-validation and obtained 196 

similar results, with the likelihood consistently higher for Model 3 than the alternative models (Fig. S3B, 197 

p < 0.0001, Model 3 over Model 1; p = 0.0008, Model 3 over 2, Wilcoxon signed-rank test, Bonferroni 198 

correction). 199 

 To further distinguish between Models 2 and 3, we took advantage of the stochasticity and the 200 

richness in trial history that our task provides and examined trial types with specific reward histories for 201 

which Models 2 and 3 make divergent predictions (Fig. 3H). We compared two combinations of reward 202 

sequences: ‘RRR’ trials, which delivered rewards at 𝑡𝑡 = 0,1,2 seconds, and ‘R0R’ trials, which delivered 203 

rewards 𝑡𝑡 = 0 and 2 seconds (but no reward at 𝑡𝑡 = 1). Because Model 2 produces a full reset following 204 

reward, it predicts identical leaving behavior on both trial types, as both reset to the same value after the 205 

final reward (Fig. 3H, left). In contrast, Model 3 integrates reward history and preserves the effect of the 206 

𝑡𝑡 = 1 reward, predicting higher PRT on ‘RRR’ over ‘R0R’ patches (Fig. 3H, right). Simulations 207 
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demonstrate these differences (Fig. 3I, left, middle), and mouse behavior matched Model 3 predictions, 208 

with nearly all subjects waiting longer on ‘RRR’ trials (Fig. 3I, right). These results support Model 3’s 209 

competitive integration over Model 2’s reward reset (a.k.a. “giving-up time” model) as a better 210 

description of the decision algorithm. We similarly compared ‘RR0’ versus ‘R0R’ trials and found that 211 

mouse behavior again better matched Model 3 predictions (Fig. S3C-D). 212 

Using our Model 3 parameter fits for each mouse, we simulated PRTs by using 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) outputs 213 

to stochastically generate patch leaving decisions. Mean simulated PRTs per patch type from Model 3 214 

closely matched mice’s empirical PRTs across the population (Fig. 3J, Left, MSE = 0.413s). Moreover, 215 

we performed the same calculation of instantaneous expected reward rate at the time of patch leave (from 216 

Fig. 3A) on our simulated data and found that Model 3 produced a nearly identical deviation from MVT 217 

Prediction 1 as was observed in our experiments (Fig. 3J, Right). 218 

Figure 3K demonstrates how integrator models can implicitly explain the departures from MVT 219 

predictions that we observed in the foraging task, with most parameter combinations resulting in different 220 

terminal reward rates across patch types. For example, given two integration processes with different 221 

slopes (e.g. 2µL versus 4µL traces shown, solid lines), proportionally reducing their slopes 222 

(corresponding to increased patience, dashed lines) results in a greater PRT difference between them, thus 223 

violating Prediction 2. Additionally, unless slopes are precisely tuned across reward sizes, then 𝑃𝑃𝑃𝑃𝑇𝑇4µ𝐿𝐿 −224 

𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 ≠ 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇1µ𝐿𝐿, thereby violating Prediction 3. Consistent with our experimental results 225 

shown in Fig. 3C, our best-fitting model replicated the observed 𝑃𝑃𝑃𝑃𝑇𝑇4µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 > 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇1µ𝐿𝐿. 226 

Notably, prior work has emphasized that integrator models can achieve MVT optimal behavior 227 

under idealized conditions17; here, we show that while mouse wait times increase with patch value (a core 228 

feature of optimal foraging), they deviate from optimality in ways that can be explained by a patience-229 

scaled integration process that is not perfectly tuned to reward statistics. Therefore, while we cannot rule 230 

out additional assumptions that may render our data consistent with MVT (e.g. imperfect task knowledge 231 

or risk sensitivity), our results suggest that integrator models offer a parsimonious explanation for the 232 

observed behavior. 233 

We next asked how well we could predict PRT across individual held-out trials not used to fit 234 

Model 3 (Fig. 3L, example trial; Methods). We found that model predicted PRT distributions explained a 235 

substantial amount of the variance across individual patches (Fig 3M, Left: population, median 𝑅𝑅2 =236 

0.54, Right: example mouse, 𝑅𝑅2 = 0.80). An example session is shown to demonstrate how these model 237 

predictions capture PRT variance beyond that which is predicted by the latent patience estimates (Fig. 3N, 238 

Fig. S3H). 239 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 14, 2024. ; https://doi.org/10.1101/2023.09.05.556267doi: bioRxiv preprint 

https://doi.org/10.1101/2023.09.05.556267
http://creativecommons.org/licenses/by-nc/4.0/


15 
 

In addition to our per mouse model fits, we fit a version of Model 3 in which a single set of free 240 

parameters was shared across mice. With the differences across mice being driven solely by the latent 241 

patience scaling, we were able to robustly capture the variability across mice and conditions consistently 242 

better than an alternative Model 3 fit separately per mouse without latent scaling (Fig. S3F, population; 243 

Fig. S3G, sample mice). These results demonstrate that latent-patience scaling is both necessary and 244 

sufficient to account for the variability in PRT that we observe across subjects and patches, providing 245 

further evidence that individual differences might be driven via scaling of a common underlying 246 

algorithm. 247 

 248 

Slow ramping is a prominent feature of frontal cortex activity 249 

The above behavioral analyses have indicated that various aspects of behavior in our patch 250 

foraging task, including systematic deviations from the MVT, can be parsimoniously explained by an 251 

integration-to-threshold model. We next aimed to investigate the neural underpinnings of the foraging 252 

strategies identified above. We recorded spiking activity of neurons using high density probes, 253 

Neuropixels, broadly throughout frontal cortex and underlying subcortical areas while mice performed the 254 

task (Fig. 4A,B; n = 6,090 units from 33 recording sessions in 9 mice). We observed neurons whose 255 

activity slowly ramped up or down as mice remained in the patch (example in Fig. 4C). For this example 256 

neuron, firing rate ramped to a similar level prior to patch leave with a slope that depended on reward 257 

size, and was inhibited by reward delivery—much like the ramping DVs in our behavioral model.  258 

Like the example neuron, the top principal components (PCs) of neural activity on patches often 259 

resembled an upward ramp with interim drops at reward events (Fig. 4D). We identified “ramping” PCs 260 

as those having significantly non-zero slope between 0.5 and 2 seconds on trials with no reward at t=1 261 

(see Methods). The average total variance explained by ramping PCs was 32.5 ± 2.2% (n = 33 sessions), 262 

significantly greater than a shuffle control in which neural traces were jointly circularly permuted (4.3 ± 263 

0.5%, paired t-test p < 10e-14; Fig. 4E). 264 

The prevalence of reward-modulated ramping activity suggests that DVs derived from behavioral 265 

models may be directly linked to spiking activity. Indeed, the activity of individual neurons was 266 

significantly correlated with ramping DVs derived from behavioral models (Model 3 DV; Fig. 4F). 267 

Correlations could be either positive or negative but were more frequently positive than negative (1,308 268 

and 881 cells out of 6,090 with z-test, p < 0.001 versus shuffle, respectively; Fig. 4F). Notably, Model 3’s 269 

DV explained more variance in single neurons’ firing rates in Frontal Cortex compared to Subcortical 270 

Areas, suggesting a specialized role for Frontal Cortex in this task (Fig. 4G). 271 
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Figure 4: Ramping suppressed by reward is a prominent feature of neural activity and enhanced in 
frontal cortex. 

A) Example histology slice showing probe tracks targeting M2 and OFC. Red: DiI, Purple: DiD. 
Probe tracks were tilted relative to brain slices, so only part of each probe track is visible in each 
slice. 

B) Distribution of recorded brain areas from 9 mice. Areas designated as “Frontal Cortex” are 
grouped together.  

C) An example neuron showing ramping activity which was suppressed by reward delivery. Left: 
PSTH aligned to patch stop, split by reward size (cyan: 1 𝜇𝜇𝜇𝜇, purple: 2 𝜇𝜇𝜇𝜇, magenta: 4 𝜇𝜇𝜇𝜇; trials 
with reward at t=1 omitted). Middle: PSTH aligned to patch leave, split by reward size. Right: 
PSTH aligned to patch stop, split by whether reward was delivered at 1 second (red) or not 
(black); rewards of different size combined.  

D) Hand-picked principal components (PCs) of neural activity showing reward integrator-like 
activity. For simplicity, only large reward size (4 𝜇𝜇𝜇𝜇) trials are shown. Magenta/black traces are 
trials with reward/no reward delivery at t=1. Lines indicate means and shaded area indicates 
standard error of mean. 

E) PCs with significant ramping slopes, positive or negative, were identified using a shuffle analysis 
(see Methods and Fig. S6D). The total variance explained by these PCs was computed (black 
points, each point represents a session). For a shuffle control (gray points), neural activity traces 
were randomly rotated relative to task events, and the same analysis was performed, once per 
session. Because PCs with any non-zero ramping slope were included, not necessarily ramping 
patterns matching those in panel D, this analysis gives a ceiling on ramping variance. **** P < 
0.0001, data versus shuffle, sign rank test (N = 33 sessions).   

F) Histogram of Pearson’s correlation between smoothed firing rate and the Model 3 decision 
variable (DV; Fig. 3) for each neuron in our data set. A shuffle distribution was generated 
separately for each neuron and a z-test was used to identify neurons with significant correlations 
(P < 0.001). 

G) 𝑅𝑅2 values for the regression of Model 3 DV on individual neurons’ firing rates (as in E), by brain 
region. In the left plot, each point represents a recording session. In the right plot, each point 
represents a mouse. Consistently across mice, frontal cortex areas had higher 𝑅𝑅2 values than sub-
cortical areas. ** P < 0.01, paired t-test (N = 9 mice). 

H) Snippets of several contiguous patches from three example recording sessions, showing the 
Model 3 DV in black and the cross-validated neural prediction in red. Neural predictions were 
generated using linear regression on training trials applied to held-out test trials. 

I) Comparison of Model 3 DV coding between Frontal Cortex and Subcortical Areas. For each 
within-session comparison, neurons were down-sampled so that each region had the same number 
of neurons. Only sessions with at least 20 neurons in each of the two brain regions were kept 
(23/33 sessions). Each pair of data points represents a recording session, and colors represent 
mice. ** P < 0.01, paired t-test (N = 23 sessions). 
Frontal Cortex Areas: OFC: Orbitofrontal cortex, ACC: Anterior cingulate cortex, PL: Prelimbic 
cortex, IL: Infralimbic cortex, M2: Secondary motor cortex, M1: Primary motor cortex. 
Other Areas: DMS: Dorsomedial striatum, DP: Dorsal peduncular area, LS: Lateral septum, 
OLF: Olfactory areas, STR: Striatum, TTd: Taenia tecta dorsal part, VS: Ventral striatum.   
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To quantitatively measure the degree to which DVs were represented in neural population 272 

activity, we fit cross-validated linear models predicting each DV from the joint activity of co-recorded 273 

neurons (Fig. 4H, Fig. S4B). DVs could be reliably decoded from neural activity in most sessions (Fig. 274 

S4C). Although Model 3 best explained mouse behavior (Fig. 3), DVs from Model 2 could be decoded 275 

from neural activity with similar fidelity, and Model 1 with only slightly lower fidelity, consistent with a 276 

recent report27 (mean CV 𝑅𝑅2 ± SEM for Model 1 = 0.31 ± 0.03, Model 2 = 0.38 ± 0.04, Model 3 = 0.35 277 

± 0.03; n = 25 sessions after excluding 5 sessions with CV 𝑅𝑅2 < −0.2, see Methods; Fig. S4D). 278 

Moreover, Model 3 DV decoding from neural activity was unrelated to performance of the behavioral fit 279 

on a per-session basis (Fig. S4E). 280 

To assess how the ability to decode the Model 3 DV relates to brain region, we chose sessions in 281 

which we had sufficient neurons in both Frontal Cortex and Subcortical Areas (least 20 neurons each). 282 

Units were down-sampled so that both areas contained the same number of neurons in this analysis. In 283 

this within-session, unit-number-matched comparison, we were better able to decode the Model 3 DV 284 

from Frontal Cortex than Subcortical Areas (Fig. 4I; mean CV R2 ± SEM, Frontal Cortex = 0.34 ± 0.03, 285 

Subcortical Areas = 0.28 ± 0.03, paired t-test, p = 0.0037, n = 23 sessions after excluding 7 sessions with 286 

insufficient neurons and 3 sessions with CV 𝑅𝑅2 < −0.2 for both Frontal Cortex and Subcortical Areas). 287 

Importantly, DVs were also correlated with behaviors such as running speed and lick rate (Fig. 288 

S4F). These correlations were generally lower in patches in which mice resided longer but remained non-289 

zero (Fig. S4G). Such correlations may reflect embodied cognition and therefore should not necessarily 290 

be viewed as confounds per se (see Discussion). Nevertheless, to rigorously isolate task-related activity 291 

from correlated behavioral variables, we next turned to a multivariable regression approach using 292 

generalized linear models (GLM). 293 

 294 

GLM modeling with unsupervised clustering reveals six clusters of neurons, the most prominent of 295 

which shows ramping activity and reward responses with opposite signs 296 

To comprehensively characterize the space of task-related neural activity, we used a Poisson 297 

Generalized Linear Model (Poisson GLM; Fig. 5A, top; Fig. S5A; snippet of GLM fit to an example 298 

neuron, Fig. S5B,C) which included the following regressors: session time and its square, to capture 299 

slowly varying changes in firing rate; behavioral variables derived from the rotation of the running wheel 300 

(position, speed, and acceleration) and the lick sensor (lick rate and its derivative); discrete events at patch 301 

stop, patch leave, and reward times, which were convolved with a raised cosine basis, separately for each 302 

reward size; and three ramping decision variables per reward size which could be used to construct the 303 
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decision variables in the behavioral models (Time on Patch, Total Reward, and Time Since Reward). In 304 

total, the GLM included 85 variables. Elastic net regularization with 90% L1 (regularization strength 305 

selected through cross-validation, see Methods) encouraged the model towards sparsity, thus mitigating 306 

issues related to correlated regressors. As a further test of whether behavioral variables such as running 307 

speed may contribute to ramping activity in our data, we fit also GLMs to the neural data in inter-trial 308 

intervals (ITIs), and found that GLM coefficients for running speed were more correlated between odd 309 

and even patches than between odd and even ITIs, suggesting that even if ramping activity is correlated 310 

with speed it is not a low-level, non-specific motor code that is common to both patches and ITIs (Fig. 311 

S4H).  312 

To assess model performance, we computed cross-validated percent deviance explained 313 

compared to a null model (Fig. S5D, top; mean % deviance explained ± SEM = 5.2 ± 0.1, n = 6,090 314 

neurons). Reward kernels and decision variables were termed “Task Variables” and used to identify task-315 

related neurons. Percent deviance explained was computed for full models compared to models without 316 

Task Variables (“reduced models”), and neurons with deviance explained > 1% in this comparison were 317 

deemed “task-related” (Fig. S5D, bottom; 1,458/6,090 neurons, mean % deviance explained versus 318 

reduced model ± SEM = 0.87 ± 0.03). Mirroring Model 3’s DV decoding performance, GLM 319 

performance was higher for Frontal Cortex areas than other areas (Fig. S5E, mean % deviance explained 320 

± SEM, Frontal Cortex = 6.5 ± 1.0, Subcortical Areas = 4.1 ± 0.6, paired t-test, p = 0.016, n = 9 mice). 321 

Aligning the activity of task-related neurons to patch stop, splitting trials by those in which a reward was 322 

delivered at 1 second or not (RR versus R0 trials), and sorting by the time of peak response revealed a 323 

“wave” of activity following each reward: A rapid reward response with variable latency which gradually 324 

transitioned into upward ramping activity that was reset by reward delivery (Fig. 5B). 325 

 We clustered task-related neurons based on their GLM coefficients to characterize the space of 326 

activity patterns in our task in an unbiased manner (Fig. 5A, bottom). Clustering was performed on a 327 

dimensionality-reduced matrix of task-variable coefficients by neurons (top 3 principal components, 328 

34.7% of variance; Fig. S5F), with number of clusters (K = 6) chosen to minimize the BIC (Fig. 5C) 329 

(Methods). The resulting 6 clusters could be grouped into 3 pairs with similar shapes but opposite signs 330 

(Fig. 5D): (1) A pair of clusters with a slow negative/positive reward response, scaled by reward size, and 331 

positive/negative coefficients on Time Since Reward (Clusters 1 and 2), (2) A pair of clusters with rapid 332 

reward response, scaled by reward size, and minimal ramping coefficients (Clusters 3 and 4), and (3) a 333 

pair of clusters with minimal reward coefficients but significant positive/negative coefficients on Time On 334 

Patch (Clusters 5 and 6).  Similar clusters could be identified in 6 out of 9 mice; the other 3 mice had too 335 

few task-related neurons to reliably identify the same patterns (Fig. S5G). PSTHs of the average activity 336 
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of each cluster aligned to patch stop and split by reward delivery at one second matched the patterns of 337 

GLM coefficients (Fig. 5E). Moreover, aligning to patch leave revealed that Cluster 1 ramped to a 338 

common threshold approximately 0.5-1 seconds prior to patch leave (Fig. 5F). Because of the clear ramp-339 

to-threshold-like properties of Cluster 1, we considered this to be our “ramping” population (568/1,398 340 

task-related neurons). 341 

A greater percentage of neurons in frontal cortex areas was identified as “task-related” compared 342 

to other areas (Fig. S5H; frontal cortex areas: 916/3,156 [29%], other areas: 482/2,934 [16%]), consistent 343 

with a specialized role for frontal cortex in our task. However, of task-related neurons, similar fractions 344 

were assigned to Cluster 1 across brain areas (Frontal Cortex: 40.7%, Subcortical Areas: 40.5%). To 345 

assess whether our GMM Clusters may be enriched for certain cell types29,30, we classified waveforms as 346 

Regular or Narrow based on spike width (Fig. S5I). In Frontal Cortex recordings, GMM Cluster 3 347 

(transient positive response to reward) contained an over-representation of Narrow waveforms, indicating 348 

that our functionally defined clusters may map onto cell type-specific populations of neurons in the 349 

cortex. 350 

 351 

The ramping population exhibits ramp-to-threshold activity with reward sensitivity modulated by 352 

latent state. 353 

We next examined the activity of our “ramping” population (Cluster 1) more closely. Splitting 354 

trials by PRT revealed that the activity gradually ramped to a common threshold across trials of differing 355 

duration (Fig. 6A, Fig. S6A,B). While the magnitude of the reward-induced dip was strongly modulated 356 

by reward size (Fig. 6B), the ramp slope could be modulated positively or negatively across individual 357 

neurons, resulting in an average modulation not significantly different from zero (Fig. 6C). We therefore 358 

looked specifically for task-related neurons with ramping slopes modulated by reward size and identified 359 

a subgroup of neurons with this property (362/1398 neurons, 26%; Fig. S6F-I). Of these, 156 neurons 360 

(43%) showed modulation opposite to the direction of the ramping slope itself (i.e. shallower slopes for 361 

larger reward size), as in the behavioral model (Fig. S6F). Notably, though trials with reward at t=1 were 362 

not used to identify these neurons, their activity dipped following reward delivery at t=1, like the 363 

behavioral DVs. Applying a similar analysis to neural PCs, we found that ramping PCs with ramp slope 364 

modulated by reward size accounted for ~10% of in-patch variance (Fig. S6J), roughly 1/3 of the total 365 

variance explained by ramping PCs (Fig. 4E). These activity patterns provide a plausible neural basis for 366 

an integrate-to-threshold process guiding patch foraging decisions. 367 
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Figure 5: Unsupervised clustering reveals six clusters of neurons, the most prominent of which 
shows ramping activity and reward responses with opposite signs. 

A) Schematic of the analysis approach: A Poisson GLM to estimate task variable coefficients, which 
are used to cluster neurons using a Gaussian Mixture Model (GMM). 

B) Z-scored neural activity for all task-related neurons from all brain regions on “40” trials (4 𝜇𝜇𝜇𝜇 
reward at 0 seconds, no reward at 1 second; left panel) or “44” trials (4 𝜇𝜇𝜇𝜇 reward at 0 and 1 
second; right panel; white dashed line indicates reward at 1 second). Neurons were sorted based 
on the time of peak activity on odd 40 trials; the left panel showed the same sort on even 40 trials, 
and the right panel shows the same sort on all 44 trials. An initial transient reward response (as in 
Fig. S4A) gradually transitioned into upward ramping activity which was suppressed by reward 
delivery (as in Fig. 4C). GMM cluster identity for each neuron is indicated on the right.   

C) GMM clustering on the top 3 PCs of task variable coefficients was used to identify clusters of 
neural activity patterns. Top left: Bayesian information criterion (BIC) was used to select the 
number of clusters (minimum BIC: 6 clusters). Top right: Percentage of neurons assigned to each 
cluster. Clusters were ordered so that patterns with similar shapes but opposite signs were 
adjacent (see panel E). Bottom: Task-related neurons projected into the PC space used for 
clustering, colored by assigned cluster. 

D) Average z-scored GLM task variable coefficients for each cluster. Reward kernel coefficients 
were multiplied by corresponding basis functions and summed to generate the predicted reward 
response. 

E) Average PSTHs of z-scored neural activity following patch stop for each cluster, split by reward 
size and whether reward was delivered at 1 second (R0 indicates a reward at 0 second, not 1 
second, RR indicates rewards at both 0 and 1 second).  

F) Average PSTHs of z-scored neural activity aligned to patch leave for each cluster, split by reward 
size. 

 

Because latent state (or “patience”) strongly influenced mouse behavior (Fig. 2), a natural 368 

question is whether latent state affects the coding properties of ramping neurons in a manner that could 369 

explain the behavioral changes. To test this, we fit neural GLMs to high and low latent trials separately 370 

(trials split in half by latent state within each recording session), following the same GLM fitting 371 

procedure as above. Cluster 1 neurons’ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 coefficients were more negative in high latent (patient) 372 

trials compared to low latent (impatient) trials (Fig. 6D), consistent with the putative integration 373 

mechanism implementing leave decisions. No other decision variable or behavioral variable coefficient, 374 

including running speed and lick rate, differed between high and low latent trials (all p > 0.05), but 375 

average Cluster 1 reward kernel coefficients were slightly more negative in high compared to low latent 376 

trials, consistent with the enhanced sensitivity to 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 (paired t-tests, 1 𝜇𝜇𝜇𝜇, p = 0.093; 2 𝜇𝜇𝜇𝜇, p = 377 

0.034; 4 𝜇𝜇𝜇𝜇, p = 0.039). Thus, latent state may shape decision making in part by enhancing the sensitivity 378 

of cortical ramping dynamics to integrated reward. 379 

 380 
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State space modeling demonstrates that neural population activity is ramping, not stepping, on 381 

single trials 382 

In previous sections, we identified a cluster of neurons that showed ramping activity on average 383 

(“Cluster 1”, Fig. 5-6). We next tested whether single trial dynamics within this sub-population (e.g. Fig. 384 

7A) were also continuously varying ramps or were discrete processes – an issue that has been 385 

controversial in decision-related activity in perceptual decisions31,32. Although previous analyses relied on 386 

single neuron recordings, we reasoned that our ability to record the activity of multiple “ramping” 387 

neurons simultaneously may help us resolve this issue for patch foraging decisions33,34. To this end, we fit 388 

a continuous ramping model and a discrete state stepping model to the neural population response 389 

(Cluster 1 spike rate, summed across neurons; Fig. 7B,C). The ramping model had a pulse response to 390 

rewards and otherwise ramped in the absence of rewards. The stepping model had two discrete firing rate 391 

states; the firing rate started in the low state and probabilistically jumped to the higher state following 392 

Markovian dynamics. Additionally, to capture reward responses, the firing rate returned to the low state 393 

after rewards, whereas otherwise the firing rate was fixed to remain in the high state. We found that all 16 394 

sessions with at least 10 Cluster 1 neurons were better fit by the ramping than the stepping model (Fig. 395 

7D). Additionally, the latent accumulator drop was greater for larger reward sizes (Fig. 7E, left; regression 396 

slope of model parameter vs. reward size, mean ± SEM = -0.012 ± 0.0041, t-test, p = 0.0093, n = 16 397 

sessions), and slopes were marginally shallower (Fig. 7D, right; regression slope of model parameter vs. 398 

reward size, mean ± SEM = -0.025 ± 0.012, t-test, p = 0.065, n = 16 sessions), consistent with the 399 

hypothesized integration mechanism which accounts for the impact of rewards on mouse wait times (Fig. 400 

3). 401 
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Figure 6: The ramping population (Cluster 1) exhibits ramp-to-threshold activity with reward 
sensitivity modulated by latent state. 

A) Average PSTHs of z-scored neural activity for each cluster, split by patch residence time. Lines 
indicated means, shaded regions indicate standard error of the mean (N = 568 Cluster 1 neurons). 

B) Top: Mean reward kernel GLM coefficient for each reward size, by mouse. ****, P < 0.0001, 
fixed effect of reward size, linear mixed effects model with a random effect per mouse (N = 7 
mice). Bottom: Histogram of regression coefficients (𝛽𝛽) of mean reward kernel versus reward 
size, for all Cluster 1 neurons. The example neuron shown in Fig. 4C is indicated. In the mouse-
level analyses in panels B-D, two mice with very few task-related neurons were excluded (mice 
24 and 39, with 30 and 17 task-related neurons respectively), leaving 7 mice. 

C) Same as B, but for the slope of ramping activity, extracted from trials with no reward at t=1 (see 
Fig. S6D). n.s., not significant, fixed effect of reward size, linear mixed effects model with a 
random effect per mouse (N = 7 mice). 

D) Total reward (TotalRew) GLM coefficients for Cluster 1 neurons, from GLMs fit to high and low 
latent trials separately. TotalRew tracks the total number of rewards received on a given patch 
(see Fig. S5B for example traces). P-values are from paired t-tests on the average coefficient in 
high and low latent trials by mouse (N = 7 mice; not corrected for multiple comparisons).  
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Figure 7: Cluster 1 population activity is ramping, not stepping, on single trials. 

A) Example trial showing ramping activity of simultaneously recorded Cluster 1 neurons while the 
mouse remained still on the patch. Top: Raster plot of 25 Cluster 1 neurons. Middle: Raster plot 
of mouse licks. Bottom: Mouse speed (blue) and average firing rate of Cluster 1 neurons (red). 
Magenta dashed lines: Reward delivery (4 𝜇𝜇𝜇𝜇).  

B) Schematic of ramp and step models. Models were fit to Cluster 1 neurons. 
C) Single trial ramping and stepping model fits for an example session (80_20200317). 
D) Model comparison across sessions. Only sessions with at least 10 Cluster 1 neurons were 

included (16/33 sessions). For 16/16 sessions, the ramp model outperformed the step model on 
held out data. 

E) Ramping reward coefficients and slopes across reward size, by session. Note that reward weights 
become more negative with reward size (i.e., bigger dip), resulting in a larger decrease in the 
tendency to leave.  
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Discussion 402 

In the present study, we sought to identify the algorithm underlying leaving decisions in a classic 403 

patch foraging paradigm long studied in the framework of optimal foraging theory in behavioral ecology. 404 

We modeled an environment with multiple “patches” with depleting resources, using a novel virtual 405 

reality-based patch foraging task, which allowed us to precisely control the timing and the amount of 406 

reward. The naturalistic decision-making paradigm balanced behavioral complexity with analytical 407 

tractability, maintaining a link to ethologically relevant behavior while allowing us to carefully probe its 408 

neural and algorithmic basis. We varied patch richness along two independent dimensions (reward size 409 

and frequency) and showed that mice’s PRTs were sensitive to both, consistent with a basic prediction of 410 

the MVT. However, more direct tests of the MVT, facilitated by the reward schedules and stochasticity in 411 

our task, revealed that mouse behavior systematically deviated from MVT predictions: The instantaneous 412 

reward rate at leave time differed between patch types, and differences in PRT between patch types 413 

increased with mean PRT. While we cannot rule out alternative formulations of MVT that could capture 414 

these effects, we found that both are explained by integrator models. Of three integrator model variants, 415 

the Reward Integrator (Model 3) best fitted our behavioral data, as confirmed by both quantitative model 416 

comparison and diagnostic trial type comparisons. Notably, a model fit with a single set of free 417 

parameters shared across the population was able to account for mean PRT variability within and across 418 

mice, demonstrating that a common algorithm underlying the choice process could produce the observed 419 

wide range of behaviors. This raises the intriguing possibility that scaling of a similar common algorithm 420 

could be responsible for variation in human behaviors such as impulse control, and that maladaptive 421 

scaling could underlie pathological conditions. 422 

In large-scale electrophysiological recordings across frontal cortex and underlying subcortical 423 

areas, we found a prevalence of single neurons whose activity exhibited a ramping profile, which 424 

integrated the elapsed time and intermittent rewards—two categorically distinct variables—in an 425 

opposing manner, consistent with the Reward Integrator model. We identified a population of “ramping” 426 

neurons (Cluster 1) and found that the single-trial activity of these neurons was better described by 427 

continuous ramping rather than a discrete stepping process. The reward amounts affected the magnitude 428 

of the reward-induced dip, and in some neurons modulated the ramp slope, resulting in population activity 429 

that could be used to decode the Model 3 ramping decision variable, more robustly in frontal cortex 430 

compared to subcortical areas. Ramping activity persisted for up to tens of seconds, thus demonstrating 431 

that the same mechanism could be scaled to produce both patient and impulsive choices. Together, these 432 

results indicate that a continuous integration process reflected in the activity of frontal cortex neurons is a 433 

likely mechanism by which mice make patch leaving decisions during foraging. 434 
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 435 

Integrator models can account for deviations from the Marginal Value Theorem 436 

The MVT provides a normative solution to the question of when an animal should leave a patch 437 

of depleting resources. However, such a precise solution is practicable only under idealized conditions17 438 

and quantitative tests of the theory reveal a range of contradictions5,35-39. While modeling efforts have 439 

reconciled such results with MVT by invoking non-linear marginal utility curves17,38 or quasi-hyperbolic 440 

temporal discount functions39, we show that integrators—while operating at the level of algorithm rather 441 

than objective—can readily explain deviations from the predictions of MVT in its simplest form. 442 

Moreover, in situations where an MVT theoretic solution is intractable, integrators can provide a means 443 

for allocating greater foraging time to locations in which resources are more abundant. 444 

We structured the task such that MVT makes explicit predictions about the differences in relative 445 

leave times across patch types. By utilizing a reward schedule with stochastic rewards of diminishing 446 

probability, rather than a deterministic reward schedule or one with fully observable decays in reward 447 

size, mice were required to make their leaving decisions in the face of uncertainty, and were thus 448 

prevented from using a strategy such as leaving once an observed reward dropped below a particular size 449 

threshold. By tuning the statistics of the task in a way that allows for tests of explicit predictions from the 450 

MVT about differences in PRT across patch types, we were able to observe discrepancies from theoretical 451 

expectations that are not readily explained by previous accounts. 452 

For example, Prediction 3 dictates that, due to the steady decay rate we used for reward 453 

probability within patches, mice should remain on patches with double the reward size for 5.6 seconds 454 

longer. We observed that this relationship was consistently broken across animals, with mice producing 455 

smaller than predicted average PRT differences across reward sizes (Fig. 3C). Temporal discounting 456 

would not account for this deviation since discounted reward expectation would scale proportionally 457 

across patches of different reward size. A nonlinear expected utility curve across reward sizes could, in 458 

principle, account for these deviations by scaling the marginal gains in expected value from larger 459 

rewards sublinearly. However, we also observed that the magnitude of deviations in expected reward rate 460 

at the time of patch leave across reward sizes was not constant across time and subjects. Instead, PRT 461 

differences across reward sizes were dependent on latent levels of patience both within and across 462 

subjects (Fig. S2A,E), thus violating Prediction 2. Critically, this would require the shape of the utility 463 

curve across reward sizes to depend on patience to explain the observed PRTs. An account of this 464 

dependency, or analogous dependencies for alternative explanations such as risk sensitivity or reward size 465 
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uncertainty, would therefore be needed. In contrast, these deviations can emerge naturally from integrator 466 

processes. 467 

 468 

Latent scaling of a common algorithm explains PRT variability across mice 469 

Decision making varies dramatically with the internal state of the organism40-44. While mice were 470 

value-based in their PRT behavior, they exhibited substantial variability in their overall willingness to 471 

wait (“patience”). Interestingly, we observed that reward sensitivity scaled systematically with patience, 472 

resulting in greater differences in PRT as a function of patch value when patience was higher. Coefficients 473 

for reward size and frequency effects on PRT varied widely, but they did so with approximately the same 474 

ratio across mice (Fig. S2A). Because of this common scaling, we were able to consistently capture PRTs 475 

across conditions and individuals with a GLME where reward effects were fixed across the population, 476 

and with only a random effect term per mouse to scale as a multiplier (Fig. 1G). Furthermore, replacing 477 

the per-individual random effect with a term for latent patience scaling allowed us to robustly predict 478 

PRTs with all model parameters shared across mice (Fig. 2D). These results suggest that mice with 479 

different PRT behavior may employ a common algorithm, with individual differences in scaling. 480 

Consistent with this hypothesis, we were able to robustly predict single trial PRTs across the population 481 

with our competitive integrator model using a shared set of parameters, with the only source of individual 482 

differences arising from the scaling introduced by the patience estimates (Fig. 3F-G). 483 

While the current experiments do not provide direct insight into what factors contribute to the 484 

varying degrees of patience, we can rule out several simple explanations based on the observed mice 485 

behavior. Satiation would be a sensible candidate hypothesis, since changes in this state occur over the 486 

course of a session, as does the varying latent state. However, the within-session dynamics we observed 487 

were complex and heterogenous across sessions, and even the direction of the change varied (Fig. 2C). 488 

For the same reasons, we can rule out other variables that vary monotonically, such as physical exhaustion 489 

due to running on the treadmill. Moreover, the greatest variance we observed in latent patience estimates 490 

were across sessions and mice, whereas we would expect the greatest differences in satiation to occur 491 

between the beginning and end of each session since supplemental water amounts were calibrated to keep 492 

mouse weights steady throughout training. Therefore, although satiation inevitably plays an important 493 

role in varying motivational state, it is also clearly not the sole factor, and its effect likely interacts with 494 

other factors resulting in different net effects on behavior across mice or at different times. 495 

The latent state we call patience is related to a broader literature on task engagement, arousal, and 496 

motivational state45-51 and the idea that decision processes may be non-stationary44. Whereas other studies 497 
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have focused on identifying discrete or abruptly changing latent behavioral states45,51-53, ours is a 498 

continuous, slowly changing variable50 derived from the average of surrounding trials. The patience state 499 

is likely influenced by neuromodulation, for example from serotonin54 or noradrenaline43. In a recent 500 

study, optogenetic activation of serotonin neurons increased “active persistence” during foraging54, 501 

whereas here patience reflects a passive process of waiting for rewards55, making it difficult to generalize 502 

across studies. As our work focused on spiking activity in frontal areas, further experiments are needed to 503 

identify the contributions of neuromodulation to the latent patience state identified here. 504 

In our behavioral modeling, we were best able to capture the dependence of PRT on latent state 505 

by using latent state to scale ramping slope (Fig. S3A). In contrast, the primary effect of latent state 506 

observed in our neural data was a scaling of the reward-triggered decrements of the ramps (Fig. 6). 507 

Importantly, however, we observed the greatest variance in latent estimates across sessions and mice (Fig. 508 

S2C), but could only examine the relationship between neural activity and patience within individual 509 

sessions. Therefore, future work tracking the same neurons across sessions would be needed to better 510 

understand how patience modulates ramping neural activity. 511 

 512 

Comparison with reinforcement learning models of foraging behaviors 513 

Previous works have analyzed foraging behavior in the framework of reinforcement learning 514 

(RL)38,56-58. While we did not implement RL models here, integrator and RL models share key 515 

commonalities. For one, variables in RL models often ramp over time; for example, the value of staying 516 

on a patch decays over time and increases when rewards are delivered, mirroring our ramping DVs. It 517 

therefore may be difficult to distinguish RL models from integrator models using ramping neural signals 518 

alone. Indeed, integrator models may be seen as a kind of heuristic implementing an RL model, with the 519 

value of the integrator representing the relative value of staying on the patch. In general, integrator 520 

models are a highly flexible model class capable of capturing a range of behaviors, and previous models 521 

including MVT and RL variants may be mapped to integrators by specifying the rules which set and 522 

update integrator parameters17. 523 

As in Shuvaev et al.56, we found that animals left richer patches at higher reward rates, which is 524 

suboptimal compared to ideal MVT (Fig. 3A). Shuvaev et al. account for this using R-Learning, an RL 525 

algorithm which updates patch value and environment value in parallel and compares them to determine 526 

the probability of patch leave. In this framework, mice leave good patches too early because the estimate 527 

of environment value has also increased, making leaving more attractive. In contrast, we account for this 528 

deviation from optimality empirically by fitting different slope parameters for each reward size (Fig. 3E). 529 
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Interestingly, our models do not explicitly predict overstaying on patches with low reward sizes and 530 

understaying when rewards are larger. Instead, they dictate that this trend is contingent upon the latent 531 

patient state because reward size-dependent differences in slope accumulate over time (Fig. 3K). At levels 532 

of patience higher than those generally observed in our experiments, the models predict this trend would 533 

reverse, with subjects instead waiting too long on patches with large rewards relative to those with 534 

smaller rewards. Future experiments could test this prediction. 535 

Notably, over up to 30 days of training, we observed no change in relative PRT across patch 536 

types, nor did we observe an increase in average reward rate (Fig. S1F). This suggests that animals are not 537 

gradually learning the task’s reward statistics, potentially ruling out RL models that feature such slow 538 

learning. Rather, the data are most consistent with mice implementing a default integration strategy which 539 

may be adjusted within sessions by local reward history and other factors, such as patience. Indeed, we 540 

found a small tendency for mice to wait longer on patches when previous patches were smaller reward 541 

size (Fig. S1G). This may indicate that a local integration of reward history sets a threshold for patch 542 

leaving which tracks environment value38,56. Future work can investigate whether and how trial history 543 

modulates the parameters of the integration models proposed here. 544 

 545 

Implications of correlated behavioral and cognitive variables 546 

Cognitive variables are notoriously difficult to separate from behavior in animal experiments. As 547 

shown in Figure S4, several behavioral variables (most prominently position, speed, lick rate) correlated 548 

either positively or negatively with ramping decision variables, raising the possibility that some of the 549 

ramping activity in our neural data could be associated with task-related movements. Indeed, several 550 

recent studies have reported movement-related activity widely throughout the brain, beyond classically 551 

movement-related areas59,60. Such correlations likely contribute to the ramping signals in our data, 552 

especially for mice in which these correlations were high. However, movement is unlikely to fully 553 

account for ramping activity, for the following reasons: (1) Ramps were observed even in trials in which 554 

mice remained completely still on the running wheel (Fig. 7A), (2) A population of ramping neurons 555 

(“Cluster 1”) could be identified from GLM regression coefficients, in which movement-related activity 556 

had been regressed out by including behavioral variables in the model (Fig. 5, 6), (3) Cluster 1 firing rates 557 

preceding leave time were similar across reward sizes despite different leaving speeds (Fig. 5F, Fig. S1B), 558 

and (4) Speed coding was qualitatively distinct in the trial periods and inter-trial-intervals (Fig. S4H). An 559 

additional possibility is that correlations between decision variables and behavior could, in part, reflect an 560 
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embodied cognitive process61. The extent to which behavior is itself an element of natural decision-561 

making represents an interesting direction for future study. 562 

Although Model 3 best explained mouse behavior in our task, decision variables from all three 563 

models could be decoded from neural activity with similar accuracy (Fig. S4D). This could reflect a 564 

“reservoir” of decision variables in frontal cortex, in which strategies that are not currently used are 565 

nevertheless continuously tracked in neural dynamics27. However, caution must be taken to consider the 566 

contribution of task-related movements to these results. For example, licking patterns are similar 567 

following each reward and may contribute more to a “Model 2” (reset)-like pattern of neural activity, 568 

regardless of the actual decision algorithm implemented by the brain. If we simply exclude all movement-569 

related activity (which is not practical), then we risk discarding activity related to embodied cognitive 570 

processes. At the same time, it is circular to identify movements as “embodied cognition” because they 571 

match a particular model, and then exclude other movement-related activity and draw conclusions based 572 

on the match between activity and behavior. Thus, we believe the neural data are of limited use in 573 

identifying the exact strategy employed by animals in this task. Instead, our argument for Model 3 is 574 

behavioral (Fig. 3), and we show that activity related to the decision variable from this model is present in 575 

neural activity (Fig. 4F-I), providing a potential substrate for patch foraging calculations in the brain. 576 

 577 

Ramping activity during decision making 578 

Ramping activity has been shown to be a prevalent feature of perceptual decision making across a 579 

range of organisms and brain areas13,34,62-64. It provides a mechanism for accumulating evidence over 580 

time13,34,65, making relative value decisions66, tracking time for episodic memory67, and determining action 581 

timing68-72. We observed similar ramping dynamics within the context of naturalistic foraging, which can 582 

itself be conceptualized as a type of evidence accumulation problem17, with time and rewards providing 583 

evidence for and against leaving, respectively. The flexibility of ramps to scale their slope and integrate 584 

categorically distinct inputs, taken in the broader context, suggests that ramping activity could be a 585 

ubiquitous feature of decision processes that unfold gradually over time.  586 
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Figure S1: Mouse behavior over training, trial history effects, and task engagement (related to 
Figure 1). 

A) Mice stopping behavior in response to the proximity cue. 
B) Mean population running speed (Top) and lick rate (Bottom) in response to task events. (Left) 

Aligned to proximity cues appearance, split by trials in which mice successfully stopped (blue) or 
skipped (red) the patch. (Middle) Aligned to patch stop, split by reward size. Red line indicates 
mean time of proximity cue appearance. (Right) Aligned to time mice left the patch, split by 
reward size. 

C) Example mouse learning over first three days of pre-training in which proximity cue onset is 
followed by automatic reward delivery after a short delay. Patches are not introduced yet. Mouse 
learns that proximity cue is predictive of reward and begins showing anticipatory licking and 
slowdown in response to it. 

D) First session full task with patches introduced, example mouse. Mice must stop in response to the 
proximity cue to enter a patch and earn rewards (p < 0.0001, linear regression of PRT on patch 
value). Column groupings separate patches by reward size. Within columns, patches are split by 
reward frequency. 

E) Per subject PRTs across sessions, split by patch reward size. Error bars indicate standard error of 
the mean. Dashed red line indicates when mice task performance achieved inclusion criteria, after 
which sessions are included in the final data set. Mice with no dashed red line met inclusion 
criteria on the first day of the full task. Black dots mark recording sessions included for neural 
analysis. 

F) Behavioral performance metrics over training. Norm. PRT = normalized PRT (PRT divided by 
mean PRT within session). Error bars indicate standard error of the mean over mice. Mice were 
trained for differing numbers of days; top rightmost plot shows the number of mice remaining on 
each training day. 

G) Linear regression of normalized PRT (PRT divided by mean PRT, within session) on reward size 
or frequency on the current and previous trials. Reward size was 1, 2, or 4 𝜇𝜇𝜇𝜇, reward frequency 
was coded as 1, 2, or 4 (low, medium, or high), and intercept terms were included in the model. 
Models were fit using the function fitlm in MATLAB, separately for each session, then 
coefficients were averaged by mouse. Lines and error bars show mean regression coefficients and 
standard error of the mean over mice (n = 22). n.s. Not Significant, * p < 0.05, ** p < 0.01, **** 
p < 0.0001, one-sample t-tests of model coefficients versus zero (n = 22 mice for each test, each 
lag tested separately, no correction for multiple comparisons).  

H) Cross-validation of the GLME from Fig. 1G showing held-out PRT versus training fold predicted 
PRT. Training fold in the leftmost panel is unshuffled. Training fold trial labels for the remaining 
four were shuffled by reward size, frequency, size and frequency, and mouse ID, from left to 
right, respectively. Folds yielding the median mean squared error between predicted and held-out 
PRTs are shown for each shuffle type.  
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Figure S2: Reward sensitivity scales with patience across and within mice (related to Figure 2). 

A) Linear regressions of PRT on reward factors per mouse. Left: Regression coefficients for reward 
frequency and size scales with mean PRT. Middle: Effects of reward size and frequency scale 
with same ratio across mice. Right: Regression coefficients for PRT on reward frequency are 
larger for larger reward sizes. 

B) 𝑅𝑅2 values for linear regression across mice for models including reward frequency, reward size, 
and a full model including both frequency and size as well as their interaction. Stars indicate 
significance of pairwise Wilcoxon signed-rank tests (both p < 0.0001, Bonferroni-adjusted). 

C) Comparing coefficient of variance on latent patient estimates within versus across sessions. Red 
line indicates the coefficient of variance over mean patience estimates across mice. 

D) PRT per patch type with trials split into two latent state groupings: impulsive and patient, 
separated by median latent state, example mouse (Left) and population means (Right). 

E) Linear regressions on reward factors, fit separately per latent state grouping across subjects (p < 
0.0001, Wilcoxon signed-rank tests). 

F) GLM with scaling by latent patience estimates, same as Fig. 2D except fitting with a separate set 
of parameters per mouse. 

G) Single trial PRT predictions from GLM population fits (Left) and per mouse fits (Right), example 
mouse. 

H) R2 statistics for GLM fits per mouse yield modest improvements over population fit (p = 0.0004, 
Wilcoxon signed-rank test, Bonferroni-adjust).  
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Figure S3: Additional analyses of behavioral model fitting (related to Figure 3). 
A) Model fits by scaling different factors by latent patient estimates. BIC values shown relative to 

the scaling method providing the best fits. 
B) Cross-validation of model fits: relative log predictive probability of training fold model fits on 

held-out test folds, means across folds. For each fold, we used maximum likelihood estimation to 
obtain parameter fits across the four training folds. Those parameter fits were then used to 
generate predicted 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) across bins in the held-out test fold patches, over which we summed 
log predictive probability of patch leaving decisions. 

C) Example schematics demonstrating how Models 2 (Left) and 3 (Right) make differing predictions 
for DV (Top) and 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) (Bottom) on patches with rewards at 𝑡𝑡 = [0,2] sec (‘R0R’ patches, 
black) compared with patches with rewards at 𝑡𝑡 = [0,1] sec (‘RR0’ patches, blue). 

D) Per subject mean Simulated PRT for R0R versus RR0 patches from Model 2 fits (Left), Model 3 
fits (Middle), and empirical mice PRT (Right). Points are colored per mouse. Axes are log-scaled. 
There was also a significant effect of greater PRTs for ‘R0R’ versus ‘RR0’ trials for Model 3 
resulting due to a selection bias over latent patience values. 

E) Left: Model 3 free parameter fits versus mean PRT across mice (Left, 𝑋𝑋0: p = 0.009, Ψ: p = 
0.0011, 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚: p < 0.0001, R: p = 0.0022, 𝜔𝜔: p = 0.5828, 𝜆𝜆: p = 0.2270, linear regression with 
Bonferroni correction). Right: Correlation matrix of Model 3 free parameter fit values across 
mice (significant correlations indicated with asterisks, Bonferroni correction). 

F) R2 statistics for predicting single trial PRT per mouse with a latent-scaled model 3 using a single 
shared set of fit parameters across mice, versus model 3 fit separately per mouse but without 
latent scaling (p < 0.0001, Wilcoxon signed-rank test). 

G) Single trial predictions from models fit in ‘F’. Example mouse 80 is shown (Top). Mouse with 
median fit difference across models, mouse 68, additionally shown (Bottom) as representative 
example since mouse 80 was an outlier for this fit comparison. 

H) First 20 patches from Fig. 3K showing single trial mouse and Model 3 predicted PRTs with 
reward timings indicated per patch. 
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Figure S4: Additional example neuron, decision variable decoding, and behavioral confounds 
(related to Figure 4).  

A) An example neuron showing reward-responsive activity. Left: PSTH aligned to patch stop, split 
by reward size (cyan: 1 𝜇𝜇𝜇𝜇, purple: 2 𝜇𝜇𝜇𝜇, magenta: 4 𝜇𝜇𝜇𝜇; trials with reward at t=1 omitted). 
Middle: PSTH aligned to patch leave, split by reward size. Right: PSTH aligned to patch stop, 
split by whether reward was delivered at 1 second (red) or not (black); rewards of different size 
combined.  

B) Schematic of decision variable decoding (cross-validated linear regression of decision variables 
on smoothed, z-scored neural activity).  

C) Histogram of cross-validated 𝑅𝑅2 for each recording session in the data set. Sessions with CV 𝑅𝑅2 

below an arbitrary threshold of −0.2 were deemed “poor fits” and excluded. 
D) Comparison of CV 𝑅𝑅2 for the decision variable derived from each of the models in Figure 3. * p 

< 0.05, Wilcoxon signed rank test (not corrected for multiple comparisons). 
E) 𝑅𝑅2 for Model 3 behavioral model fitting (y-axis) versus 𝑅𝑅2 for decoding of Model 3 decision 

variable from neural data (x-axis), after excluding 5 sessions with Neural 𝑅𝑅2 < −0.2. The ability 
of the Model 3 decision variable to predict behavior was not related to fidelity of neural decoding 
of that variable on a per-session basis. 

F) Pearson’s correlation between Model 3 DV (Fig. 3) and multiple behavioral variables: position, 
speed, acceleration, lick rate, derivative of lickrate. Each data point represents a single 
Neuropixels recording session. 

G) As in F, but split into short versus long patches (patch residence time above or below the median, 
per session). For each mouse, short patches are plotted on the left, and long patches on the right. 
Data points from the same session are connected by black lines.  

H) GLMs fit to intertrial intervals (ITIs) revealed qualitatively distinct speed coding compared to 
patches, suggesting that ramping activity in patches is not a low-level motor response. The 
structure of the GLM in patches was the same as in Figure 5, but fit to odd and even patches 
separately. The GLM in odd/even ITIs included the following regressors: Intercept, session time 
and its square, speed, and acceleration. Otherwise, the GLM fitting procedure in ITIs was 
identical to patches. In plots, each point represents a neuron, and “rho” above the plot indicates 
Pearson’s correlation coefficient. 
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Figure S5: Additional information related to GLM fitting and GMM clustering (related to Figure 
5). 

A) Schematic of the Poisson GLM. 
B) A snippet of an example cell showing the structure of the Poisson GLM: Regressors (top) and 

neural activity (bottom). Inverted triangles in the bottom panel indicate reward delivery. Vertical 
lines indicate the boundaries between patches; only on-patch times were included. Colors indicate 
reward size. Reward Kernels, Time on Patch, Total Reward, and Time Since Reward were 
considered “Task Variables.” 

C) GLM coefficients for the example cell shown in B. Task Variables were used for clustering 
(Reward Kernels, Time on Patch, Total Reward, and Time Since Reward; the latter three are also 
termed Decision Variables, or DVs). Only “task-related” neurons were included in clustering 
(panel D), and further were required to have at least one non-zero Task Variable GLM coefficient. 

D) Top: Cross-validated percent deviance explained versus null model (intercept only) for all 
neurons in the dataset. Bottom: Cross-validated percent deviance explained versus reduced 
model (no task variables) for all neurons in the dataset. Neurons with >1% deviance explained 
versus reduced model were designated as “task-related.” 

E) Top: Average percent deviance explained versus null model by brain region. Within each brain 
region, neurons were averaged by mouse. Colors indicate mice. Bottom: Average percent 
deviance explained versus reduced model by brain region. 

F) The top 3 PCs of the matrix of Task Variable coefficients (accounting for 34.7% of variance). 
Task Variable coefficients were z-scored prior to PCA. 

G) Left: Heatmap of z-scored GLM Task Variable coefficients for all neurons included in the 
analysis, split by cluster and sorted within cluster by the projection onto the first principal 
component (shown in F). Right: Same as left, but split by mouse. 

H) Top panel: Number of neurons in each GMM cluster, split by brain region. Bottom panel: 
Percent of all recorded neurons in each brain region assigned to each cluster.   

I) Left: Histogram of spike widths for all units in the dataset. A threshold of 0.433 ms was used to 
define Narrow versus Regular waveforms. Inset: The mean waveform for Regular and Narrow 
units. Right: Unit waveforms by GMM cluster. Especially in Frontal Cortex, Cluster 3 was 
enriched for units with Narrow waveforms. 56% of Frontal Cortex Cluster 3 neurons were narrow 
spiking, versus 32% of Frontal Cortex neurons from the other 5 clusters. In Subcortical Areas, 
these numbers were 43% versus 34%.  
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Figure S6: Additional analysis of ramping neural activity (related to Figure 6).  

A) Same as Figure 6A, but for all GMM clusters. 
B) Same as A, but with mice split into three groups by mean patch residence time (short, medium, 

long; N=3 mice in each group). Ramp-to-threshold-like activity in Cluster 1 could be observed in 
all three groups. 

C) Same as the top of Figure 6B, but for all GMM clusters. 
D) Explanation of how ramping slope is calculated, using trials with no reward delivery at t=1. 
E) Same as the top of Figure 6C, but for all GMM clusters. 
F) Neurons with ramping slopes modulated by reward size were identified using a shuffle analysis 

(see Methods). These neurons were then split into 4 groups based on the sign of the ramping 
slope and the sign of the modulation by reward size. 

G) PSTHs of z-scored neural activity aligned to patch stop for each of the 4 groups in G. Colors 
indicate patch types as in Figure 5E (“11 trials” indicates trials with 1 𝜇𝜇𝜇𝜇 reward delivered at t=0 
and t=1, etc.). Lines indicate means and shaded area indicates standard error of the mean. 

H) PSTHs of z-scored neural activity aligned to patch stop for the 4 groups in G, split by reward size. 
Lines indicate means and shaded area indicates standard error of the mean. 

I) An example Group 2 neuron showing ramping activity whose slope decreased with reward size. 
Top: Left: PSTH aligned to patch stop, split by reward size. Middle: PSTH aligned to patch 
leave, split by reward size. Right: PSTH aligned to patch stop, split by whether reward was 
delivered at 1 second (red) or not (black); rewards of different size combined. Bottom: A snippet 
of the same neuron’s activity across several consecutive trials, showing single neuron ramping 
activity over several seconds in individual trials. Shaded regions indicate patches, with the color 
indicating reward size. Vertical lines indicate reward delivery. 

J) Variance explained by principal components (PCs) of neural activity with ramping slopes 
modulated by reward size. Ramping PCs with reward size-modulated slopes were identified in the 
same manner as single units in panels G-J. Plot is analogous to Fig. 4E, but for ramping PCs with 
reward size-modulated slopes instead of all ramping PCs. Black points/bars indicate data, gray 
points/bars indicate a shuffle control in which PCs were circularly permuted relative to task 
events, once per session. **** P < 0.0001, data versus shuffle, sign rank test (N = 33 sessions).    
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METHODS 587 

KEY RESOURCES TABLE 588 

REAGENT or RESOURCE 
 

SOURCE IDENTIFIER 

Antibodies 
   
Bacterial and Virus Strains  
   
Chemicals, Peptides, and Recombinant Proteins 
   
Critical Commercial Assays 
   
Deposited Data 
   
Experimental Models: Organisms/Strains 
Mouse: C57BL/6J The Jackson Laboratory Jax # 000664 
Mouse: C57BL/6N Charles River 027 
   
Software and Algorithms 
VirMEn (Virtual Reality MATLAB Engine) Dmitriy Aronov https://pni.princeton.edu/pni-

software-tools/virmen 
MATLAB (version 2019b or 2022a for analysis, 2011b for 
VirMEn) 

MathWorks https://www.mathworks.com 

R (version 4.2.2) The R Project for Statistical 
Computing 

https://www.r-project.org 

SpikeGLX (version 20190413-phase3B2) Bill Karsh https://github.com/billkarsh/Spike
GLX 

Kilosort (versions 2 and 3) Marius Pachitariu https://github.com/MouseLand/Kil
osort 

glmnet (version 4-1.8) Stanford University https://glmnet.stanford.edu 
   
Other 
Isosol (Isoflurane, USP) 
 

Vedco 
 

N/A 
 

Ketoprofen (for analgesia) Patterson Veterinary 
 

Cat #07-803-7389 
 

Buprenorphine 
 

Patterson Veterinary 
 

Cat #07-850-2280 
 

Neuropixels 1.0 probes and acquisition system imec https://www.neuropixels.org/ 
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LEAD CONTACT AND MATERIALS AVAILABILITY 589 

Further information and requests for resources and reagents should be directed to and will be fulfilled by 590 

the Lead Contact, Naoshige Uchida (uchida@mcb.harvard.edu). This study did not generate new unique 591 

reagents. 592 

 593 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 594 

Mice 595 

A total of 30 adult mice (C57/BL6j, 20 male, 10 female, age 2-5 months) were used in the 596 

experiments. Mice were housed on a 12 h dark/12 h light cycle (dark from 07:00 to 19:00) and performed 597 

the task in the dark period. All procedures were performed in accordance with the National Institutes of 598 

Health Guide for the Care and Use of Laboratory Animals and approved by the Harvard Animal Care and 599 

Use Committee.  600 

 601 

METHOD DETAILS 602 

Surgery 603 

Mice were anaesthetized using isoflurane (4% induction, 1-2% maintenance). For behavioral 604 

experiments, a custom titanium headplate was attached to the skull with Metabond (Parkell). For 605 

Neuropixels recordings, fiducial marks were made at the target sites for probe insertion using a fine-606 

tipped pen, and a ground pin was inserted into the skull above contralateral cortex and attached with 607 

Metabond.    608 

 609 

Virtual reality setup 610 

Virtual reality setups were identical to those used in 73. Three monitors (width 53 cm, height 30 611 

cm) were placed in front and on either side of the animal. Virtual reality scenes were generated using 612 

VirMEn software in MATLAB74 on a workstation computer (DELL Precision 5810). Mice were head-613 

fixed on a cylindrical Styrofoam treadmill (diameter 20.3 cm, width 10.4 cm). The rotational velocity of 614 

the treadmill was recorded using a rotary encoder. The output pulses of the encoder were converted into 615 

continuous velocity signal using custom Arduino code running on a microprocessor (Teensy 3.2). Velocity 616 

was integrated within VirMEn to compute position. Water was delivered to the mouse from a spout placed 617 
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in front of the mouse’s mouth. Licks were monitored using an infrared sensor (OPB819Z, TT electronics). 618 

Voltage signals from the rotary encoder were digitized and recorded on the virtual reality computer using 619 

a data acquisition system (PCIe-6323, National Instruments). Water timing and amount was controlled 620 

using a solenoid valve (LHDA 1221111H, The Lee Company) and a switch (2N7000, On Semiconductor), 621 

with TTL pulses generated by the virtual reality computer via the PCIe-6323 data acquisition card.   622 

 623 

Patch foraging paradigm in virtual reality 624 

Mice were water-restricted to maintain body weight >85% of their baseline weight to ensure task 625 

motivation while maintaining health. Additional water supplementation was provided shortly following 626 

training sessions with a total of task and post-task water ranging from 1.0-2.4mL per day, determined 627 

individually per mouse. Mice that showed task motivation at higher weights were given greater amounts 628 

of total water supplementation accordingly to minimize any stress from water restriction. Body weights 629 

ranged from 85-105% of baseline pre-restriction weight across mice. 630 

Early training: 631 

Mice were habituated to the treadmill prior to initial head-fixation, delivering occasional water 632 

droplets from the reward spout while mice were free to explore on top of the treadmill, which was held in 633 

place to prevent rotation. After mice showed consistent interest over 1-2 sessions in consuming water 634 

droplets from the spout (2-3 days of habituation), head-fixation was begun in the following session. Initial 635 

head-fixed sessions were run for durations of 5-10 minutes, with gradual increases in session duration of 636 

typically 5-10 minutes across consecutive sessions, until reaching a max session duration of 45-75 637 

minutes, varied per mouse based on how long they were observed to show task engagement as evident by 638 

running and licking behavior. Mice were initially head-fixed for 2-3 consecutive daily sessions before 639 

being given the following day off, after which the next set of consecutive daily sessions was increased by 640 

+1-2 days, followed by another day off, and continued in that manner until reaching a typical training 641 

schedule of 6 days on, 1 day off. 642 

Initial head-fixed sessions were run in the dark. During those sessions, water rewards were 643 

delivered within 60sec intervals regardless of whether mice ran on the treadmill, to maintain positive 644 

reinforcement to rig fixation. To reinforce running behavior, mice were able to receive additional water 645 

rewards more readily via running, with water rewards delivered after traversing distances that were 646 

gradually increased across rewards. 647 
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After mice demonstrated consistent running behavior during the dark training (typically 2-3 648 

sessions), mice began their initial training on the linear virtual track. After running a fixed distance, a 649 

visual “proximity cue” was illuminated on the track, followed by an automatic 1, 2, or 4µL (randomly 650 

varied) water reward delivery after a delay of 0.25-1.0s following cue onset. Running distance required to 651 

trigger the proximity cue and subsequent reward was increased after each block of 20 trials was 652 

completed. When mice completed >40 trials in a training session, the following session was started with a 653 

greater required running distance. This training stage served to teach mice that they must run to obtain 654 

rewards and that the proximity cue indicated an upcoming reward delivery. We determined that mice had 655 

successfully learned the association between the proximity cue and reward after observing consistent 656 

behavioral signs of reward expectation in response to proximity cue onset by reducing their running speed 657 

and licking. After mice progressed through increasing levels of running distance across sessions and 658 

demonstrated anticipatory slowdown and licking in response to the proximity cue onset prior to reward 659 

delivery, mice were transferred to the full version of the foraging task. 660 

Full task: 661 

Mice traversed a virtual linear track wherein the periodic appearance of a visual proximity cue 662 

indicated that they could halt their running at that time to enter a virtual patch, in which water rewards 663 

could be obtained. Visuals for the linear track and proximity cues were the same as in earlier training. 664 

Each trial began with mice running along the track (travel time), and after running a fixed distance (~2m; 665 

for two mice [34 and 39], the VR gain was set such that travel distance was ~60 cm, with all other 666 

distances scaled accordingly), a proximity cue was illuminated. Contrary to earlier training, no automatic 667 

reward delivery occurred following the onset of the proximity cue. Instead, mice were required to pause 668 

their running on the treadmill while the cue was displayed, maintaining a near stationary positioning for 669 

~480ms, to obtain water reward(s). When mice achieved this stopping criteria, the surrounding visuals 670 

changed to indicate they had entered a patch, at which time an initial water reward was always delivered, 671 

droplet size = 1, 2, or 4µL, depending on patch type. If mice failed to reduce their speed sufficiently to 672 

meet the stopping criteria and continued running through the proximity cue (distance =~40cm), the cue 673 

was extinguished and a new trial started at the beginning of the track. 674 

Nine patch types were pseudorandomly varied across trials. Visual cues were the same across all 675 

trials, irrespective of patch type. Patches differed in their reward statistics, with size and frequency of 676 

reward deliveries varied across patch types. Three values were used for each, yielding nine unique 677 

combinations for patch type. Reward sizes were 1, 2, or 4µL, with size held constant across all rewards 678 

within a given patch. After the initial deterministic reward that was always delivered upon patch entry, 679 

additional reward events were drawn probabilistically following each one-second interval that elapsed on 680 
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the patch. Values used for determining the probability of each reward delivery were dictated by an 681 

exponential decay function, which was scaled by reward frequency per patch type, 𝑁𝑁0 =  .125, .25, 𝑜𝑜𝑜𝑜 .5. 682 

ℎ(𝑡𝑡) = 𝑁𝑁0𝑒𝑒
−𝑡𝑡𝜏𝜏 (1) 683 

Values used for 𝑁𝑁0 per patch frequency type were .125, .25, or .5. A time constant of 8 seconds 684 

was used across all patches, 𝜏𝜏 = 8𝑠𝑠. To obtain a discrete probability for reward delivery following each 685 

one-second interval, we integrate over the decay function: 686 

𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟)𝑡𝑡 =  � 𝑁𝑁0𝑒𝑒
−𝑡𝑡𝜏𝜏

𝑡𝑡

𝑡𝑡−1
 (2) 687 

Mice were free to leave each patch at any time. Patches were delineated in virtual space, and 688 

leaving was triggered by crossing the virtual boundary (~20cm from patch entry location). Leaving the 689 

patch marked the start of a new trial at the beginning of the track. 690 

 691 

Electrophysiological recording and spike sorting 692 

Spiking data were collected using Neuropixels 1.0 single shank probes75. Neuropixels data were 693 

recorded with SpikeGLX (https://billkarsh.github.io/SpikeGLX/). Craniotomies were performed the day 694 

before recording and covered with Kwik-Cast (World Precision Instruments), and mice were allowed to 695 

recover overnight. On the day of recording, a 3d-printed piece was placed over the head of the mouse, 696 

blocking from the mouse’s sight the experimenter manipulating the probe above the mouse’s head. This 697 

was critical to maintain good behavioral performance on Neuropixels recording days. 698 

Neuropixels probes were lowered using a Thorlabs micromanipulator (PT1-Z8) at 9 𝜇𝜇𝜇𝜇/sec. 699 

After reaching the target depth, the probe was allowed to settle for 30 minutes prior to starting the 700 

recording. Recordings lasted 34 minutes (minimum) to 74 minutes (maximum) and were terminated once 701 

the experimenter determined the mouse was no longer engaging with the task (e.g., running through 702 

patches without stopping). 703 

Neuropixels data were spike sorted offline with Kilosort 2 or 376,77, followed by manual curation 704 

in Phy (https://github.com/cortex-lab/phy). 705 

 706 

Histology 707 
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 After the last Neuropixels recording session, mice were perfused with phosphate buffered saline 708 

(PBS) followed by 4% paraformaldehyde in PBS. The brains were cut in 100 𝜇𝜇𝜇𝜇 coronal sections using a 709 

vibratome (Leica). Brain sections were mounted on glass slides and stained with 4’, 6-diamidino-2-710 

phenylindole (DAPI, Vectashield). Slides were imaged with a fluorescence microscope (Zeiss Axio 711 

Scan.Z1). Probe tracks were identified in histology images and aligned to a reference atlas using SHARP-712 

Track78 or software written by Dr. Andrew Peters (https://github.com/petersaj/AP_histology). 713 

 714 

QUANTIFICATION AND STATISTICAL ANALYSIS 715 

 716 

Unless otherwise noted, data were analyzed with custom code written in MATLAB (version 2019b or 717 

2022a). 718 

 719 

Mouse inclusion criteria 720 

A total of 30 mice were trained for these experiments, 22 of which (73.3%) passed our inclusion criteria 721 

for analysis. For inclusion, mice were required to progress through the early training stage to the full task 722 

and complete at least 10 sessions with at least 20 trials in each. Sessions were included after mice 723 

achieved >50% of their maximal session reward rate. 2 mice failed to progress through the initial training, 724 

and 3 mice failed to complete the required number of eligible sessions after progressing to the full task. 725 

Of the remaining 25 mice that completed the required number of sessions, 3 were excluded from the 726 

analysis group due to their PRT varying randomly across patch types, indicating an indifference to reward 727 

statistics. 728 

 729 

Definition of latent state 730 

To obtain an approximate measure of mice’s latent levels of patience across trials, we calculated a 731 

weighted average of PRT over successive trials. For each session, we ordered PRT by trial number. We 732 

then iterated over trials to compute the latent value per trial. First, we removed the PRT value associated 733 

with that trial, to prevent biasing the latent estimation. We then smoothed PRT across the session by 734 

applying a Gaussian filter (standard deviation = 10 trials, filter length = 30 trials). Artificial trials were 735 

added prior to the first trial of the session and following the last trial, using mean PRT from the first and 736 

last ten trials in the array, respectively, to avoid the filter being cutoff. After obtaining the smoothed PRTs 737 
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across trials, we calculated the mean of the trials before and after the trial of interest and used that value 738 

as its latent patience estimate. 739 

 740 

Regression analyses modeling PRT 741 

We fit a generalized linear mixed-effects model (GLME) with a log link function to predict PRT per patch 742 

type across subjects (Fig. 1G), given by the following equation: 743 

𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑒𝑒𝛽𝛽0𝑖𝑖+ 𝛽𝛽𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠∗𝑥𝑥1+ 𝛽𝛽𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓∗𝑥𝑥2  (3) 744 

𝛽𝛽𝑜𝑜𝑖𝑖 serves as a random effect, fit with a separate value per mouse (𝑖𝑖). 𝛽𝛽𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝛽𝛽𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 are fixed effects, 745 

each with a single parameter shared across the population. 𝑥𝑥1 and 𝑥𝑥2 indicate reward size and frequency, 746 

respectively, for each patch. The values for the three reward sizes and frequencies were standardized to 747 

[1, 2,𝑎𝑎𝑎𝑎𝑎𝑎 4] to allow for interpretation of size and frequency coefficients on the same scale. The fit was 748 

performed using the ‘fitglme’ function in MATLAB version R2022a with the Statistics and Machine 749 

Learning Toolbox. The model was fit using the Laplace approximation, and the optimization was 750 

performed with ‘fminsearch’. 751 

Additional GLME fits (same equation) were performed using 5-fold cross-validation and 752 

compared with alternative fits in which the trial labels (reward size, reward frequency, reward size and 753 

frequency, or mouse ID) were shuffled in the training set (Fig. S1H). Trials were split into folds by 754 

ordering patches per subject and labeling them 1-5 in serial. The GLME was then fit, as above, on the 755 

training folds. For the cross-validation and shuffles, GLME-predicted PRTs were calculated for patches in 756 

the held-out test folds. 757 

We similarly fit a GLM using a log link function to predict PRT across patches by removing the 758 

per subject random effects term and adding a term to scale each patch by its latent ‘patience’ estimate 759 

(Fig. 2D), given by the following equation: 760 

𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑒𝑒𝛽𝛽0+ 𝛽𝛽𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠∗𝑥𝑥1+ 𝛽𝛽𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓∗𝑥𝑥2+ 𝛽𝛽𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙∗𝑥𝑥3  (4) 761 

In this formulation, 𝛽𝛽0 is the log-intercept. 𝑥𝑥1 and 𝑥𝑥2 are the standardized values for reward size and 762 

frequency for each patch, same as in the GLME. 𝑥𝑥3 is the log of the latent ‘patience’ estimate for each 763 

patch. A single set of values for the four free parameters was fit across the population. We next performed 764 

this same GLM fitting procedure, but fitting a separate set of parameters individually for each mouse (Fig. 765 

S2F). We also performed several linear regressions, separately per mouse (Fig. S2A,E), in which the 766 

values for patch reward size and frequency were standardized the same as above. 767 
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The Marginal Value Theorem (MVT) 768 

 In this study, we tested various predictions of the MVT. Following the derivation of the MVT by 769 

Charnov (1976)3 and Stephens and Krebs (1986)1, here we describe the assumptions and predictions of 770 

the MVT. We consider 𝑛𝑛 patch types (𝑛𝑛 = 1,2,3, … ,𝑛𝑛). A patch type 𝑖𝑖 is defined by 𝑟𝑟𝑖𝑖(𝑡𝑡), the 771 

instantaneous reward rate as a function of the time on the patch, 𝑡𝑡. We assume that the animal encounters 772 

each patch type with the probability 𝜆𝜆𝑖𝑖. We define 𝑅𝑅𝑖𝑖(𝑡𝑡𝑖𝑖) as the cumulative energy intake from staying in 773 

a patch type 𝑖𝑖 for the duration 𝑡𝑡𝑖𝑖, where 𝑅𝑅𝑖𝑖(𝑡𝑡𝑖𝑖) = ∫ 𝑟𝑟𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑
𝑡𝑡𝑖𝑖
0 . We also consider 𝐸𝐸𝑆𝑆,𝑖𝑖, which is the energy 774 

cost per unit time while searching in a patch type 𝑖𝑖. The gain function 𝑔𝑔𝑖𝑖(𝑡𝑡) in a patch type 𝑖𝑖 can be 775 

obtained by: 776 

𝑔𝑔𝑖𝑖(𝑡𝑡𝑖𝑖) = 𝑅𝑅𝑖𝑖(𝑡𝑡𝑖𝑖) − 𝐸𝐸𝑆𝑆,𝑖𝑖 ∙ 𝑡𝑡𝑖𝑖 (5) 777 

We assume that the derivative of 𝑔𝑔𝑖𝑖(𝑡𝑡𝑖𝑖) is a monotonically decreasing function over time for all patch 778 

types.  779 

We consider the time (𝑇𝑇𝑇𝑇) and energy cost per unit time (𝐸𝐸𝑇𝑇) of traveling between patches. The 780 

average time per trial to stay in a patch type (average travel time + average patch residence time) 𝑇𝑇𝑢𝑢 is 781 

defined by: 782 

𝑇𝑇𝑢𝑢 = 𝑇𝑇𝑇𝑇 + �𝜆𝜆𝑖𝑖 ∙ 𝑡𝑡𝑖𝑖 (6) 783 

The average energy intake from a patch 𝐸𝐸𝑒𝑒 is obtained by: 784 

𝐸𝐸𝑒𝑒 = �𝜆𝜆𝑖𝑖 ∙ 𝑔𝑔𝑖𝑖(𝑡𝑡𝑖𝑖) (7) 785 

The overall rate of energy intake (𝐸𝐸𝑛𝑛) (energy intake on patch + energy loss while traveling) is then 786 

described by: 787 

𝐸𝐸𝑛𝑛 =
𝐸𝐸𝑒𝑒 − 𝑇𝑇𝑇𝑇 ∙ 𝐸𝐸𝑇𝑇

𝑇𝑇𝑢𝑢
=
∑𝜆𝜆𝑖𝑖 ∙ 𝑔𝑔𝑖𝑖(𝑡𝑡𝑖𝑖) − 𝑇𝑇𝑇𝑇 ∙ 𝐸𝐸𝑇𝑇

𝑇𝑇𝑇𝑇 + ∑𝜆𝜆𝑖𝑖 ∙ 𝑡𝑡𝑖𝑖
 (8) 788 

Assuming that the travel time is independent of the time spent in a patch, the above equation can be 789 

written from the standpoint of a patch type of interest 𝑗𝑗 as: 790 

𝐸𝐸𝑛𝑛 =
𝜆𝜆𝑗𝑗 ∙ 𝑔𝑔𝑗𝑗(𝑡𝑡𝑗𝑗) + 𝐴𝐴
𝜆𝜆𝑗𝑗 ∙ 𝑡𝑡𝑗𝑗 + 𝐵𝐵

 (9) 791 

where 𝐴𝐴 and 𝐵𝐵 are not functions of 𝑡𝑡𝑗𝑗.  792 
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To obtain a set of 𝑡𝑡𝑗𝑗’s that maximizes 𝐸𝐸𝑛𝑛, we differentiate 𝐸𝐸𝑛𝑛 with respect to a given 𝑡𝑡𝑗𝑗 (= patch 793 

residence time at patch 𝑗𝑗): 794 

𝜕𝜕𝐸𝐸𝑛𝑛
𝜕𝜕𝑡𝑡𝑗𝑗

=
𝜆𝜆𝑗𝑗𝑔𝑔𝑗𝑗′�𝑡𝑡𝑗𝑗��𝜆𝜆𝑗𝑗𝑡𝑡𝑗𝑗 + 𝐵𝐵� − �𝜆𝜆𝑗𝑗 ∙ 𝑔𝑔𝑗𝑗�𝑡𝑡𝑗𝑗� + 𝐴𝐴� ∙ 𝜆𝜆𝑗𝑗

�𝜆𝜆𝑗𝑗 ∙ 𝑡𝑡𝑗𝑗 + 𝐵𝐵�2
 (10) 795 

By setting 𝜕𝜕𝐸𝐸𝑛𝑛
𝜕𝜕𝑡𝑡𝑗𝑗

= 0, we obtain: 796 

𝑔𝑔𝑖𝑖′�𝑡𝑡𝑗𝑗��𝜆𝜆𝑗𝑗𝑡𝑡𝑗𝑗 + 𝐵𝐵� − �𝜆𝜆𝑗𝑗 ∙ 𝑔𝑔𝑗𝑗�𝑡𝑡𝑗𝑗� + 𝐴𝐴� = 0 (11) 797 

𝑔𝑔𝑗𝑗′�𝑡𝑡𝑗𝑗� =
𝜆𝜆𝑗𝑗 ∙ 𝑔𝑔𝑗𝑗�𝑡𝑡𝑗𝑗� + 𝐴𝐴

𝜆𝜆𝑗𝑗𝑡𝑡𝑗𝑗 + 𝐵𝐵
 (12) 798 

The right hand-side of this equation is equal to the overall rate of energy intake 𝐸𝐸𝑛𝑛. Considering that 799 

𝑔𝑔𝑗𝑗′�𝑡𝑡𝑗𝑗� is a monotonically decreasing function, this indicates that an optimal forager should leave a given 800 

patch 𝑖𝑖, when the instantaneous energy intake rate 𝑔𝑔𝑗𝑗′�𝑡𝑡𝑗𝑗� drops to the net rate of energy intake 𝐸𝐸𝑛𝑛. This 801 

is Charnov’s Marginal Value Theorem (MVT). 802 

Importantly, while 𝐸𝐸𝑛𝑛, and therefore the patch residence time (𝑡𝑡1, 𝑡𝑡2,⋯ , 𝑡𝑡𝑗𝑗), depend on the values 803 

of travel time (𝑇𝑇𝑇𝑇), travel cost (𝐸𝐸𝑇𝑇), and search cost (𝐸𝐸𝑆𝑆,𝑖𝑖), the following equality must hold true 804 

regardless of the values of these parameters: 805 

𝑔𝑔1′(𝑡𝑡1) = 𝑔𝑔2′(𝑡𝑡2) = 𝑔𝑔3′(𝑡𝑡3) = ⋯ = 𝑔𝑔𝑛𝑛′(𝑡𝑡𝑛𝑛) (13) 806 

Note that 𝑔𝑔𝑗𝑗�𝑡𝑡𝑗𝑗� contains the cost of staying in the patch 𝑗𝑗 (i.e. 𝐸𝐸𝑆𝑆,𝑗𝑗 ∙ 𝑡𝑡𝑗𝑗) in addition to the cumulative 807 

rewards 𝑅𝑅𝑗𝑗�𝑡𝑡𝑗𝑗� as discussed above, with its derivative given by 808 

𝑔𝑔𝑗𝑗
′�𝑡𝑡𝑗𝑗� = 𝑟𝑟𝑗𝑗�𝑡𝑡𝑗𝑗� − 𝐸𝐸𝑆𝑆,𝑗𝑗 (14) 809 

If the energy cost per unit time in a patch 𝐸𝐸𝑆𝑆,𝑗𝑗 is the same across all patches, like in our task, the following 810 

equality should hold true (Prediction 1): 811 

𝑟𝑟1(𝑡𝑡1) = 𝑟𝑟2(𝑡𝑡2) = 𝑟𝑟3(𝑡𝑡3) = ⋯ = 𝑟𝑟𝑛𝑛(𝑡𝑡𝑛𝑛) (15) 812 

Next we consider the consequences of specific reward schedules used in our task such as exponentially-813 

decreasing reward rates and the proportional scaling of overall reward rates between patches.  814 

In our task, the instantaneous rate of reward for patch type 𝑖𝑖 is: 815 
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𝑟𝑟𝑖𝑖(𝑡𝑡) = 𝑚𝑚𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖 ∙ 𝑒𝑒
−𝑡𝑡𝜏𝜏 (16) 816 

Where 𝑚𝑚𝑖𝑖 = [1,2,4], 𝑓𝑓𝑖𝑖 = [0.125, 0.25, 0.5], and 𝜏𝜏 = 8 sec.  817 

For a pair of two patch types, 𝑖𝑖 and 𝑗𝑗,  818 

𝑟𝑟𝑖𝑖(𝑡𝑡) = 𝑚𝑚𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖 ∙ 𝑒𝑒
−𝑡𝑡𝑖𝑖𝜏𝜏  (17) 819 

𝑟𝑟𝑗𝑗(𝑡𝑡) = 𝑚𝑚𝑗𝑗 ∙ 𝑓𝑓𝑗𝑗 ∙ 𝑒𝑒
−
𝑡𝑡𝑗𝑗
𝜏𝜏  (18) 820 

Now we define 𝑎𝑎 such that 𝑎𝑎 = 𝑚𝑚𝑗𝑗∙𝑓𝑓𝑗𝑗
𝑚𝑚𝑖𝑖∙𝑓𝑓𝑖𝑖

 .  821 

At the MVT-optimal patch residence times, 𝑡𝑡𝑖𝑖 and 𝑡𝑡𝑗𝑗: 822 

𝑟𝑟𝑖𝑖(𝑡𝑡𝑖𝑖) = 𝑟𝑟𝑗𝑗�𝑡𝑡𝑗𝑗� (19) 823 

Therefore, 824 

𝑚𝑚𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖 ∙ 𝑒𝑒
−𝑡𝑡𝑖𝑖𝜏𝜏 = 𝑚𝑚𝑗𝑗 ∙ 𝑓𝑓𝑗𝑗 ∙ 𝑒𝑒

−
𝑡𝑡𝑗𝑗
𝜏𝜏  (20) 825 

log(𝑚𝑚𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖) −
𝑡𝑡𝑖𝑖
𝜏𝜏

= log(𝑎𝑎 ∙ 𝑚𝑚𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖) −
𝑡𝑡𝑗𝑗
𝜏𝜏

 (21) 826 

−
𝑡𝑡𝑖𝑖
𝜏𝜏

= log(𝑎𝑎) −
𝑡𝑡𝑗𝑗
𝜏𝜏

 (22) 827 

Thus, 828 

𝑡𝑡𝑗𝑗 − 𝑡𝑡𝑖𝑖 = 𝜏𝜏 ∙ log(𝑎𝑎) (23) 829 

This means that although both 𝑡𝑡𝑖𝑖 and 𝑡𝑡𝑗𝑗 are sensitive to the net energy intake of the environment 𝐸𝐸𝑛𝑛, the 830 

difference in patch residence times is constant for any given pair of patches with exponentially decaying 831 

reward rates with the same time constant (𝜏𝜏), irrespective of 𝐸𝐸𝑛𝑛, as long as 𝑎𝑎 is constant (Prediction 2). 832 

Furthermore, with three patch types whose initial reward rates 𝑚𝑚𝑖𝑖𝑓𝑓𝑖𝑖 increase proportionally such that: 833 

𝑚𝑚1𝑓𝑓1:𝑚𝑚2𝑓𝑓2:𝑚𝑚3𝑓𝑓3 = 1:𝑎𝑎:𝑎𝑎2 (24) 834 

Then the difference in MVT-optimal PRT will be constant across successive patch types, i.e., 835 

𝑡𝑡2 − 𝑡𝑡1 = 𝑡𝑡3 − 𝑡𝑡2 = 𝜏𝜏 ∙ log(𝑎𝑎) (25) 836 

That is, the difference in the patch residence times should be constant across the pairs with the same 837 

proportional increase in reward rates (Prediction 3). In this study, we used patches with proportional 838 

reward sizes (1, 2, and 4µ𝐿𝐿). The difference in leave time between 4 and 2 𝜇𝜇𝜇𝜇 patches (𝑃𝑃𝑃𝑃𝑇𝑇4µ𝐿𝐿 − 𝑃𝑃𝑃𝑃𝑇𝑇2µ𝐿𝐿) 839 
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should, therefore, be equal to the difference between 2 and 1 𝜇𝜇𝜇𝜇 patches, for patches with the same initial 840 

reward frequency. More specifically, this difference should be equal to a fixed number, 8 ∙ log(2) =841 

5.5452 sec. 842 

 843 

Calculation of instantaneous expected reward rate 844 

To determine whether mice are determining their patch leaving times via reward rate estimation 845 

and setting a threshold as MVT predicts, we calculate the instantaneous expected reward rate at the time 846 

of patch departure from an ideal observer perspective (same as Lottem et al.54). We use this quantification 847 

rather than the true empirical reward rate since the underlying reward frequency condition is a hidden 848 

feature of each patch and cannot be observed directly. The model assumes full knowledge of the 849 

distribution of patch types in the task and their respective reward statistics. Reward size is therefore 850 

always known, as the first reward on each patch provides this information. For each frequency condition, 851 

fi, likelihood is calculated based on the series of outcomes (rewards vs. omissions) observed across one 852 

second intervals within each patch o1, …, on. Assuming a uniform prior over frequency conditions, the 853 

probability of reward delivery at time t+1 is (same as Lottem et al.54): 854 

𝑃𝑃(𝑜𝑜𝑡𝑡+1 = 1|𝑜𝑜1, … , 𝑜𝑜𝑡𝑡) =  �𝑃𝑃(𝑜𝑜𝑡𝑡+1 = 1|𝑓𝑓𝑖𝑖) ∗ 𝑃𝑃(𝑓𝑓𝑖𝑖|𝑜𝑜1, … , 𝑜𝑜𝑡𝑡)
3

𝑖𝑖=1

 (26) 855 

=  �𝑃𝑃(𝑜𝑜𝑡𝑡+1 = 1|𝑓𝑓𝑖𝑖) ∗
𝑃𝑃(𝑜𝑜1, … , 𝑜𝑜𝑡𝑡|𝑓𝑓𝑖𝑖)

∑ 𝑃𝑃�𝑜𝑜1, … , 𝑜𝑜𝑡𝑡�𝑓𝑓𝑗𝑗�3
𝑗𝑗=1

3

𝑖𝑖=1

 (27) 856 

Probability of reward delivery at each timepoint per frequency condition is given by Eq. 2 and 857 

aggregate probability across observations per patch is: 858 

𝑃𝑃(𝑜𝑜1, … , 𝑜𝑜𝑡𝑡|𝑓𝑓𝑖𝑖) =  � 𝑃𝑃(𝑜𝑜𝑘𝑘|𝑓𝑓𝑖𝑖)
𝑡𝑡

𝑘𝑘=1
 (28) 859 

Lastly, to obtain instantaneous reward rate from expected reward probability, we scale it by reward size 860 

and consider that expected value over a one second interval as reward rate. 861 

 862 

Behavioral model fitting 863 

 Models 1 and 2 have five free parameters: 𝑋𝑋0 sets the midpoint of the sigmoid. 𝛹𝛹 is inverse 864 

temperature. 𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃0 constrains the models’ 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) output. 𝜔𝜔0 is an exponent for power-law scaling of 865 
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slope per reward size. 𝜆𝜆0 is an exponent for power-law scaling by latent state. Model 3 included those 866 

five, plus one additional free parameter for the value subtracted from the integrator per reward delivery, 867 

𝑅𝑅. 868 

 The slope of the integrator model was scaled based on the patch’s reward size. We fit this slope 869 

scaling by a power-law function to allow for varying sensitivity to reward size across mice. We used µ =870 

 [.5, 1, 2] for [1, 2, 4] µ𝐿𝐿, respectively, to normalize slope to the medium reward size. 871 

𝜔𝜔µ = µ𝜔𝜔0  (29) 872 

Slope was additionally scaled by the estimate of patience for each patch (patch = 𝑖𝑖). We again 873 

used a power-law function for this scaling, fitting the free parameter, 𝜆𝜆0, per mouse to account for 874 

differences in how dependent PRT was on estimated patience across mice. Values for patience across mice 875 

were mean-normalized to ensure fit values across parameters could be straightforwardly compared across 876 

mice. Each patch’s normalized latent, 𝐿𝐿𝑖𝑖, was scaled by 𝜆𝜆0 to determine its contribution to slope scaling: 877 

𝜆𝜆𝑖𝑖 = 𝐿𝐿𝑖𝑖
𝜆𝜆0  (30) 878 

Because variance in patch leaving times increases when PRTs are longer, we also scaled 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 879 

with patches’ latent patience estimates. Because 0 < 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 < 1, we used a function that would 880 

reasonably allow scaling in either direction, while constraining the transformed value to remain between 0 881 

and 1: 882 

𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃𝑖𝑖 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃0
𝜆𝜆𝑖𝑖⋅(1−𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃0)+𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃0

 (31)883 

The other free parameters, 𝛹𝛹, and, for Model 3, 𝑅𝑅, were not scaled across patches. 884 

The models produce a decision variable (DV) per one second interval (𝑡𝑡) by calculating its 885 

current integrator value, 𝑋𝑋𝑖𝑖,𝑡𝑡 and subtracting 𝑋𝑋0 from it: 886 

𝐷𝐷𝐷𝐷 = 𝑋𝑋𝑖𝑖,𝑡𝑡 − 𝑋𝑋0 (32) 887 

The models differ in how they each track time, TOP (Time on Patch) or TSLR (Time Since Last 888 

Reward), and whether they integrate rewards delivered (𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = number of rewards delivered up to that 889 

point on the patch), to compute 𝑋𝑋𝑖𝑖,𝑡𝑡: 890 

Model 1, reward indifferent: 891 

𝑋𝑋𝑖𝑖,𝑡𝑡 =
𝑇𝑇𝑇𝑇𝑇𝑇
𝜔𝜔µ ∗  𝜆𝜆𝑖𝑖

 (33) 892 
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Model 2, reward reset: 893 

𝑋𝑋𝑖𝑖,𝑡𝑡 =
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝜔𝜔µ ∗  𝜆𝜆𝑖𝑖

 (34) 894 

Model 3, reward integrator: 895 

𝑋𝑋𝑖𝑖,𝑡𝑡 =
𝑇𝑇𝑇𝑇𝑇𝑇
𝜔𝜔µ ∗  𝜆𝜆𝑖𝑖

− 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ∗ 𝑅𝑅 (35) 896 

To compute the model’s output prediction, 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿), the probability of leaving a patch per one 897 

second bin, the DV is scaled by inverse temperature and sigmoid transformed with the output constrained 898 

by 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚: 899 

𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿)𝑖𝑖,𝑡𝑡 =
𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃𝑖𝑖

1 + 𝑒𝑒−𝜓𝜓𝜓𝜓𝑉𝑉𝑖𝑖,𝑡𝑡
 (36) 900 

We optimized free parameter fits per subject and compared the models using the mfit toolbox for 901 

MATLAB. Maximum a posteriori estimates were computed using MATLAB’s fmincon function using 20 902 

random initializations, converging upon the set of parameter fits that maximized log likelihood of the 903 

models at predicting 𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) across one second time bins. Ranges for the parameters used to fit were 904 

𝑋𝑋0[−5: 20], 𝛹𝛹 [0: 10], 𝑚𝑚𝑚𝑚𝑚𝑚𝑃𝑃0[.01: .98], 𝜔𝜔0 [0: 2], 𝜆𝜆0[0: 4], and 𝑅𝑅[0: 20], with uniform priors for each. 905 

Resulting parameter fits are shown in Fig. S3. BIC values were computed for each model fit, and a 906 

protected exceedance probability was calculated for each model to estimate how prevalent the model is 907 

across subjects. 908 

 5-fold cross-validation was additionally performed across models. Trials were split into folds by 909 

ordering trials per subject and labeling them in serial 1-5. Fitting was then performed as above on the 910 

training folds, after which we computed the log predictive probability over trials from the held-out test 911 

folds. 912 

 913 

Using behavioral models to patch leaving times on single trials 914 

 To compute the average leaving time predicted from a given behavioral model on a single trial 915 

(Fig. 3L-N), we first calculated the “leave density” per each one-second time bin. For time bin in each 916 

patch, the leave density is given by the product of the fraction of trials the model predicted to still be on 917 

the patch at the start of the time bin by that time bin’s predicted leave probability: 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑡𝑡,𝑖𝑖 ∗918 
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𝑃𝑃𝑡𝑡,𝑖𝑖(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑦𝑦𝑡𝑡,𝑖𝑖. The predicted leaving time is then computed by averaging time bins, 919 

weighted by the leave density. 920 

 921 

Unit inclusion criteria 922 

To be included for analysis, units from Neuropixels recordings had to have a minimum firing rate 923 

of 1 Hz within patches and additionally at least 1 Hz within each third of the session to ensure that they 924 

were tracked throughout the recording session.  925 

 926 

Spike waveforms 927 

 Spike waveforms were extracted for each unit using C_Waves 928 

(https://billkarsh.github.io/SpikeGLX/). Spike width was defined as the difference between the time of the 929 

waveform minimum and the maximum following this minimum. A threshold of 0.433 ms was used to 930 

define Regular (>0.433 ms) versus Narrow (<0.433 ms) waveforms (Fig. S5I). 931 

 932 

Principal components analysis (PCA) of neural activity 933 

For each unit, firing rate traces were generated by binning spikes into 50 ms bins. These traces 934 

were then smoothed by convolution with a causal filter, a half-Gaussian, where the standard deviation of 935 

the full Gaussian was 100 ms. Prior to PCA, only in-patch times were selected, excluding the inter-patch 936 

intervals, and this trial-concatenated, smoothed firing rate trace of each neuron was z-scored. PCA was 937 

performed on the resulting per-session matrix of neurons x in-patch time points (MATLAB function 938 

“pca”).  939 

 940 

Definition of ramping principal components (PCs) 941 

 To identify “ramping” PCs (Fig. 4E), trials with no reward at t=1 were selected. For each PC, 942 

slopes were computed on single trials by calculating the linear slope between t=0.5 and t=2 or patch leave 943 

time, whichever came first. A sign rank test was performed to compare these single trial slopes against 0, 944 

and PCs were deemed “ramping” if this test was significant at p < 0.05.  945 

 946 
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Linear models to predict behavioral decision variables from neural activity 947 

For each unit, spikes were binned into 50 ms bins and smoothed with a 100 ms Gaussian kernel to 948 

generate single-cell firing rate traces within each patch. Then, firing rate traces were z-scored across 949 

patches for each neuron, so that model coefficients could be compared across neurons. We then fit cross-950 

validated linear models to predict the ramping decision variable (DV) from neural activity.  951 

Regularized linear models were fit using the function lasso in MATLAB with alpha = 0.1 (10% 952 

L1, 90% L2 regularization), predicting a DV from the activity of all recorded neurons at each time point. 953 

For cross-validation, patches were split into the same 5 folds as for the GLM (see above). The 954 

regularization parameter lambda was selected by nested cross validation within training folds. 955 

Specifically, the training data was split into 10 folds and models were fit with a range of lambda values. 956 

Mean squared error was computed on nested test folds for each value of lambda, and lambda was chosen 957 

such that mean squared error was within 1 standard error of the minimum. The linear model was then fit 958 

on the entire training set to obtain 𝛽𝛽, the coefficients mapping neural activity to the DV, and 𝑅𝑅2 was 959 

computed on the test set. 𝑅𝑅2 and 𝛽𝛽 were averaged across training folds to obtain final values for each 960 

recording session/neuron. 961 

 962 

Generalized linear model (GLM) to predict neural activity from behavioral variables 963 

Poisson GLMs were fit to spiking activity of single neurons using the glmnet toolbox 964 

(https://glmnet.stanford.edu)79,80. To prepare data for GLM fitting, we binned spikes from each neuron 965 

into 50 ms bins aligned to patch stop and continuing until patch leave. The following variables were 966 

included as regressors in the GLM: 967 

1. Session time: time in session, (time in session)2 968 

2. Behavioral variables: patch position, velocity, acceleration, lick rate, d(lick rate) 969 

3. Patch stop kernels: 6 kernels x 3 (1 set per reward size), peaks spanning 0-1 seconds from 970 

patch stop 971 

4. Patch leave kernels: 6 kernels x 3 (1 set per reward size), peaks spanning 0-1 second prior to 972 

patch leave 973 

5. Reward kernels: 11 kernels x 3 (1 set per reward size), peaks spanning 0-2 seconds after each 974 

reward 975 

6. Time on patch: 3 (1 per reward size). Time on patch was log scaled: 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = ln(𝑡𝑡 + 1) 976 
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7. Time since last reward: 3 (1 per reward size). Time since reward was log scaled: 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =977 

ln(𝑡𝑡 + 1) 978 

8. Total reward: 3 (1 per reward size). Total reward was log scaled: 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = ln(𝑅𝑅 + 1) 979 

Thus, a total of 85 variables were used in the GLM (86 including intercept). Kernels were a raised 980 

cosine basis with log scaling of the x-axis (time), created using MATLAB code from the Pillow lab 981 

(https://github.com/pillowlab/raisedCosineBasis). Parameters used were: logScaling = ‘log’, logOffset = 982 

1.0, timeRange = [0 5].  983 

Variables were z-scored prior to model fitting. Variables with one coefficient per reward size were 984 

z-scored across reward sizes, so that coefficients could be compared across reward sizes. Kernels were z-985 

scored together. 986 

Data were prepared for glmnet using custom MATLAB code, and then fit using glmnet (version 987 

4.1-8) in R (version 4.2.2). Model fitting was performed on the Harvard Faculty of Arts and Sciences 988 

Researching Computing cluster (FASRC cluster, https://www.rc.fas.harvard.edu/).  989 

Models were regularized with elastic net regularization with 𝛼𝛼 = 0.9 (90% L1, 10% L2) to 990 

encourage sparse coefficients81. For cross-validation, patches were split into 5 folds. Each patch was 991 

assigned in its entirety to a single fold. Folds were counterbalanced for patches of different reward size. 992 

Cross-validation with these folds was used to select the regularization parameter for each neuron (using 993 

the function cv.glmnet). 994 

Cross-validated deviance explained was computed for each neuron as follows: 995 

𝐷𝐷𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 1 −
𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝐷𝐷𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

 (37) 996 

 Where 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the cross-validated model deviance and 𝐷𝐷𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is the cross-validated null 997 

deviance. These two terms were computed once per test fold and then averaged across folds.  For each 998 

test fold 𝑗𝑗, 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑗𝑗  and 𝐷𝐷𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

𝑗𝑗  were computed using the formula for Poisson deviance: 999 

𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑗𝑗 =

2
𝑁𝑁𝑗𝑗
��𝑦𝑦𝑖𝑖 ln

𝑦𝑦𝑖𝑖
𝑦𝑦�𝑖𝑖
− (𝑦𝑦𝑖𝑖 −  𝑦𝑦𝚤𝚤�)�

𝑖𝑖

  (38) 1000 

𝐷𝐷𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
𝑗𝑗 =

2
𝑁𝑁𝑗𝑗
��𝑦𝑦𝑖𝑖 ln

𝑦𝑦𝑖𝑖
𝜇𝜇𝑗𝑗
− �𝑦𝑦𝑖𝑖 − 𝜇𝜇𝑗𝑗��

𝑖𝑖

 (39) 1001 

 Where 𝑁𝑁𝑗𝑗 is the number of observations (time bins) in the 𝑗𝑗th test fold, 𝑦𝑦𝑖𝑖 is the number of spikes 1002 

in the 𝑖𝑖th time bin in the 𝑗𝑗th test fold, 𝑦𝑦�𝑖𝑖 is the predicted mean of the Poisson distribution in the 𝑖𝑖th time 1003 
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bin (computed using the model fit on the training data), and 𝜇𝜇𝑗𝑗 is the mean spike count per bin in the 1004 

training data. For bins with no spikes, we set 0 ⋅ ln(0) = 0.  1005 

 To estimate the contribution of task variables (reward kernels, time on patch, total reward, and 1006 

time since reward) to model fits, we fit a reduced model in which task variables were removed. Poisson 1007 

deviance was computed for the reduced model and deviance explained by task variables was computed as 1008 

1 − 𝐷𝐷𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
. Neurons with deviance explained > 1% by this metric were deemed “task-related.” 1009 

 1010 

Unsupervised clustering of GLM coefficients 1011 

  We used a Gaussian Mixture Model (GMM) to cluster the matrix of Task Variables (M=42) x 1012 

Task-Related Neurons (N=1398; we excluded 60 neurons whose coefficients on task variables were all 1013 

zero, leaving 1398 task-related neurons in this analysis) (Fig. 5). The dimensionality of this matrix was 1014 

reduced to 3 x 1398 using PCA (34.7% of variance; Fig. S5F). The dimensionality-reduced matrix was 1015 

clustered using a Gaussian Mixture Model (function fitgmdist in MATLAB, with parameters 1016 

RegularizationValue = 0.4, MaxIter = 10000, Replicates = 10, TolFun = 10-6) with K (the number of 1017 

clusters) spanning 1-10. For each value of 𝐾𝐾, the Bayes Information Criterion (BIC) was calculated. 𝐾𝐾 1018 

was selected to minimize BIC (K = 6; Fig. 5C).   1019 

 1020 

Identification of neurons and principal components with ramping slopes modulated by reward size 1021 

(Fig. S6F-J) 1022 

 We identified ramping neurons whose ramping slopes were modulated by reward size. Ramps 1023 

could be positive or negative, and reward size modulation could also be positive or negative, resulting in 1024 

four groups of neurons (Fig. S6F). For each neuron, single-trial ramping slopes were computed as in Fig. 1025 

S6D. To be considered “ramping,” a neurons’ single trial ramping slopes had to differ significantly from 1026 

zero (one-sample t-test p < 0.05). To assess whether a neuron’s single trial ramping slopes were “reward 1027 

size-modulated,” first, single-trial ramping slopes were linearly regressed against the reward size on each 1028 

trial; neurons with a positive regression coefficient were considered to have ramping slopes positively 1029 

modulated by reward size, and vice versa. Then, reward size labels were shuffled across trials, 100 times 1030 

per neuron, and a z-test was performed to compare the regression coefficients for the unshuffled versus 1031 

shuffled data. Neurons with z-test p-value < 0.05 were considered to have significantly “reward size-1032 

modulated” ramping slopes. To produce the neuron grouping in Fig. S6F-I, neurons had to pass both 1033 
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preceding tests at p < 0.05 ([1] ramping slope different from zero across reward sizes, and [2] shuffle test 1034 

for reward size-modulation), and the resulting neurons were split by whether the average ramping slope 1035 

was positive or negative and whether reward size modulation was positive or negative, resulting in four 1036 

groups (Fig. S6F).  1037 

To estimate the fraction of in-patch neural activity variance accounted for by ramping activity 1038 

whose slope is modulated by reward size, we performed the same analysis on principal components of 1039 

neural activity, and summed the variance explained by principal components identified as having reward 1040 

size-modulated ramping slopes (Fig. S6J). For details on how principal components were computed, see 1041 

the section “Principal components analysis (PCA) of neural activity.” 1042 

 1043 

State space modeling of ramping and stepping dynamics 1044 

 The ramping model was implemented as a constrained recurrent, switching linear dynamical 1045 

system with Poisson emissions82,83. The model has a continuous latent state 𝑥𝑥 and discrete latent state 𝑧𝑧 1046 

that both evolve over time. The discrete latent state can be in one of two states corresponding to an 1047 

accumulation state (𝑧𝑧𝑡𝑡 = 𝑎𝑎𝑎𝑎𝑎𝑎) and a boundary state (𝑧𝑧𝑡𝑡 = 𝑏𝑏). The continuous latent state is initialized to 1048 

𝑥𝑥0 < 1. In the accumulation state, it follows a drift-diffusion process with a separate slope per reward size 1049 

and a shared diffusion variance 𝜎𝜎2. It also accumulates pulsatile reward inputs 𝑢𝑢𝑡𝑡 with a separate 1050 

accumulator weight per reward size. This corresponds to the following dynamics 1051 

𝑥𝑥𝑡𝑡 =  𝑥𝑥𝑡𝑡−1 + 𝛽𝛽𝑐𝑐,𝑟𝑟𝑢𝑢𝑡𝑡 +  𝛽𝛽𝑐𝑐,𝑠𝑠 +  𝜖𝜖𝑡𝑡 ,    𝜖𝜖𝑡𝑡 ∼ 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁(0,𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎2 ) (40) 1052 

where 𝛽𝛽𝑐𝑐,𝑟𝑟 is the coefficient for rewards for reward size c, and 𝛽𝛽𝑐𝑐,𝑠𝑠 is the slope for reward size c. When  1053 

𝛽𝛽𝑐𝑐,𝑟𝑟 < 0 the reward decrements the accumulator, although importantly 𝛽𝛽𝑐𝑐,𝑟𝑟 is unconstrained during fitting 1054 

and is initialized at 0. In the boundary state, the continuous dynamics have no constant slope and a small 1055 

constant variance. However, because a salient reward event could alter an animal’s decision to leave even 1056 

after that intention was formed, rewards still influence the continuous state which can cause the model to 1057 

leave the boundary 1058 

𝑥𝑥𝑡𝑡 =  𝑥𝑥𝑡𝑡−1 + 𝛽𝛽𝑐𝑐,𝑟𝑟𝑢𝑢𝑡𝑡 +  𝜖𝜖𝑡𝑡 ,    𝜖𝜖𝑡𝑡 ∼ 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁�0,𝜎𝜎𝑏𝑏2� (41) 1059 

where 𝜎𝜎𝑏𝑏2 is fixed to 1e-4. Transitions between discrete states depends on the value of the continuous state 1060 

relative to a fixed boundary threshold at 𝑥𝑥 = 1. In particular, the discrete state transition distribution is 1061 

𝑝𝑝(𝑧𝑧𝑡𝑡|𝑧𝑧𝑡𝑡−1,𝑥𝑥𝑡𝑡) ∝ exp �𝛾𝛾�𝑅𝑅𝑧𝑧𝑡𝑡−1 + 𝑊𝑊𝑥𝑥𝑡𝑡−1�� (42) 1062 
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𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 = [0,−1]𝑇𝑇 ,    𝑅𝑅𝑏𝑏 = [0,−0.99]𝑇𝑇 ,    𝑊𝑊 = [0, 1]𝑇𝑇 (43) 1063 

and 𝛾𝛾 = 50. This setting of the parameters places a boundary at 𝑥𝑥 = 1 with probabilistic transitions to and 1064 

from the boundary state for values of the continuous state near the boundary. We note that the discrete 1065 

state is slightly encouraged to stay in the boundary state, as in the discrete state the threshold for returning 1066 

to the accumulation state decreases to 𝑥𝑥 = 0.99. Overall, the generative model is  1067 

𝑧𝑧𝑡𝑡|𝑧𝑧𝑡𝑡−1,𝑥𝑥𝑡𝑡~ 𝑝𝑝(𝑧𝑧𝑡𝑡|𝑧𝑧𝑡𝑡−1,𝑥𝑥𝑡𝑡) (44) 1068 

𝑥𝑥𝑡𝑡|𝑧𝑧𝑡𝑡,𝑢𝑢𝑡𝑡~�
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁�𝑥𝑥𝑡𝑡−1 + 𝛽𝛽𝑐𝑐,𝑟𝑟𝑢𝑢𝑡𝑡 + 𝛽𝛽𝑐𝑐,𝑠𝑠 ,𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎2 � 𝑖𝑖𝑖𝑖 𝑧𝑧𝑡𝑡 = 𝑧𝑧𝑎𝑎𝑎𝑎𝑎𝑎

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁�𝑥𝑥𝑡𝑡−1 + 𝛽𝛽𝑐𝑐,𝑟𝑟𝑢𝑢𝑡𝑡  ,𝜎𝜎𝑏𝑏2� 𝑖𝑖𝑖𝑖 𝑧𝑧𝑡𝑡 = 𝑧𝑧𝑏𝑏
 (45) 1069 

𝜆𝜆𝑡𝑡 = log(1 + exp(𝐶𝐶 𝑥𝑥𝑡𝑡)) (46) 1070 

𝑦𝑦𝑡𝑡 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜆𝜆𝑡𝑡) (47) 1071 

The time-varying reward inputs are shifted in time such that 𝑢𝑢𝑡𝑡 is equal to one 400ms after a reward and 1072 

otherwise equal zero.  1073 

 The parameters 𝜃𝜃 = (𝛽𝛽(1:𝐶𝐶,𝑟𝑟),𝛽𝛽(1:𝐶𝐶,𝑠𝑠),𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎2 ,𝐶𝐶) were fit using variational Laplace EM (vLEM)83, 1074 

while the other parameters were fixed to correspond to the ramping model structure. The vLEM algorithm 1075 

returns an approximate posterior distribution 𝑞𝑞(𝑥𝑥1:𝑡𝑡) that approximates the true posterior distribution over 1076 

the continuous latent states 𝑝𝑝( 𝑥𝑥1:𝑇𝑇 ∣∣ 𝑦𝑦1:𝑇𝑇 ,𝑢𝑢1:𝑇𝑇 ,𝜃𝜃 ). For model comparison, the held-out log-likelihood was 1077 

estimated via importance sampling using 𝑞𝑞(𝑥𝑥1:𝑡𝑡) 1078 

log𝑝𝑝𝜃𝜃(𝑦𝑦1:𝑇𝑇 ∣ 𝑢𝑢1:𝑇𝑇) ≈ log
1
𝑆𝑆
�

𝑝𝑝𝜃𝜃 �𝑦𝑦1:𝑇𝑇 , 𝑥𝑥1:𝑇𝑇
(𝑠𝑠)

∣∣ 𝑢𝑢1:𝑇𝑇 �

𝑞𝑞 �𝑥𝑥1:𝑇𝑇
(𝑠𝑠)�

,     𝑥𝑥1:𝑇𝑇
𝑠𝑠 ∼ 𝑞𝑞 �𝑥𝑥1:𝑇𝑇

(𝑠𝑠)�
𝑆𝑆

𝑠𝑠=1

 (48) 1079 

with S = 200 and where the discrete latent state is marginalized in the numerator when computing 𝑝𝑝𝜃𝜃. 1080 

 The stepping model was implemented as a constrained HMM with input-dependent transitions 1081 

and trial-dependent rates. It has two discrete states corresponding to a “down” and “up” state.  Here the 1082 

time-varying inputs 𝑢𝑢𝑡𝑡 are one-dimensional and equal to 1 when there is a reward at time t and are 1083 

otherwise zero. As in the ramping model, the rewards are shifted 400ms in time. The model starts in the 1084 

down state and in the absence of a reward transitions to the up state with probability 𝑝𝑝𝑠𝑠. When there is a 1085 

reward, the model is forced to transition back to the down state. The generative model is  1086 

 𝜋𝜋(𝑢𝑢𝑡𝑡) =  �
�1 −  𝑝𝑝𝑠𝑠 𝑝𝑝𝑠𝑠

0 1 �      𝑖𝑖𝑖𝑖 𝑢𝑢𝑡𝑡 = 0

�1 0
1 0�                𝑖𝑖𝑖𝑖 𝑢𝑢𝑡𝑡 = 1

 (49) 1087 
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𝑧𝑧𝑡𝑡 ∣ 𝑧𝑧𝑡𝑡−1,𝑢𝑢𝑡𝑡 ∼ 𝜋𝜋(𝑢𝑢𝑡𝑡)𝑧𝑧𝑡𝑡−1  (50) 1088 

𝑦𝑦𝑡𝑡 ∣ 𝑧𝑧𝑡𝑡 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝜆𝜆𝑧𝑧𝑡𝑡,𝑖𝑖� (51) 1089 

where 𝜆𝜆𝑧𝑧𝑡𝑡,𝑖𝑖 is the firing rate for state 𝑧𝑧𝑡𝑡 on trial i. Notably, we fit separate firing rate parameters for each 1090 

state and trial to allow the model to account for variability in overall rates across trials. While the ramping 1091 

model has condition-dependent parameters and the stepping model does not, the stepping model gains 1092 

significant flexibility by having per-trial firing rate parameters. 1093 

 The overall model parameters are 𝜃𝜃 = (𝜆𝜆:,1:𝐼𝐼 ,𝑝𝑝𝑠𝑠) and are fit via maximum likelihood using the 1094 

EM algorithm. The per-trial firing rates are initialized to the mean number of spike counts in the first and 1095 

last 10 time bins of a trial for the down and up states, respectively. To evaluate the model on heldout 1096 

trials, the step probability 𝑝𝑝𝑠𝑠 was kept constant but we fit the per-trial firing rates 𝜆𝜆𝑧𝑧𝑡𝑡,𝑖𝑖 to the test trials. 1097 

Given the per-trial firing rates on test trials, the heldout log-likelihood was computed as the log-likelihood 1098 

of the test trials marginalizing out the discrete states. This is a strong baseline since it has access to the 1099 

heldout data for fitting the per-trial firing rates, whereas the ramping model does not have per-trial 1100 

parameters that are fit on the heldout data.  1101 

 For both models, we fit the model to the summed spike count of Cluster 1 neurons from the 1102 

frontal cortex. We fit and compared the models for sessions with at least 10 such neurons. The models 1103 

were fit to binned spike counts in 50ms bins. For each session, 80% of the trials were used for training the 1104 

model parameters and the held-out loglikelihood is computed and reported on the remaining 20% of the 1105 

trials. Both models were fit using code in the SSM (https://github.com/lindermanlab/ssm) and SSM-DM 1106 

(https://github.com/davidzoltowski/ssmdm) code packages.   1107 
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