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Naturalistic goal-directed behaviour ofteninvolves continuous actions directed

at dynamically changing goals' . Just as microeconomics serves as a rigorous
foundation for discrete choices, control theory can serve as afoundation for
understanding choice in continuous ones**. In continuous contexts, behaviour

is composed of blends of goals, and the closest analogue to choiceis a strategic
reweighting of goal-specific control policies*. Here, to understand the algorithmic
and neural bases of continuous choice, we examined behaviour and brain activity

in humans performing a continuous prey-pursuit task’. Using a newly developed
control-theoretic decomposition of behaviour, we find that pursuit strategies are well
described by ameta-controller dictating a mixture of lower-level controllers, each
linked to specific pursuit goals. Neuronsin the anterior cingulate cortex predict major
changesin policy blends, whereas hippocampal neurons encode and update the latent
policy state supporting early planning. Meanwhile, orbitofrontal cortex activity is
consistent with an encoding of the current value structure of the task, rather than policy
switching. Together these results are consistent with a tripartite functional division in
which hippocampus serves as a state-estimating controller, anterior cingulate cortex
serves asameta-controller, and orbitofrontal cortex provides a value context signal.

The neuroscientific study of choice is primarily based on discrete
choices with static options. Yet many of the real-world decisions are
continuous and interactive' ., Consider a predator pursuing a fleeing
prey”S. At each moment, the predator chooses a single direction to
travel, while anticipating the response of the prey and incorporating
ongoing feedback (control policies). When there are multiple prey, the
predator must also decide whether and when to adjust which goal, or
blend of multiple goals, is pursued®®'°. Changes in the composition
ofthese goal blends are the closest analogue to choicesin continuous
contexts.

Optimal policy blending requires a meta-controller that can solve
anon-trivial and nonlinear goal optimization problem™ "™, In general,
this problemisintractable, because anew nonlinear controller would
have to be learned for each new set of goals™. However, one solution
is compositional control, which builds on control theory, artificial
intelligence and robotics™. In compositional control, nonlinear control
is approximated via composition of individual linear controllers'".
Each controller resolves the best actions for a single goal. Crucially,
these controllers depend on internal state estimation to map and
track the hidden dynamics of the environment. The behaviour of the

systemthenreflects ablended weighting of multiple controllers, with
ameta-controller monitoring shifts in goal priorities and adjusting
the relative weighting of individual controllers accordingly'®". Under-
standing whether and how the brain mightimplement compositional
control can explain the neural mechanisms enabling humans to arbi-
trate between competing goals in dynamic environments and help us
generalize choice to continuous contexts.

Brainregions coding for a policy weighting should have preferential
accesstoinformation needed for creating mappings of goals (for exam-
ple, goal distance) and goal-specific control policies®®”. This require-
mentaligns withmodern theories of hippocampus (HPC) function?® %,
Nonetheless, most studies view HPC as a static map-like resource for
other regions that perform control-related computations, leaving its
potential role in control underexplored.

Meanwhile, value comparison and control-demand computations
are more consistently attributed to frontal circuits®**, This func-
tion resembles meta-control, whichinvolvesintegrating information
about task context, goal priorities and expected outcomes to regulate
control strategies” . Previous work implicates the anterior cingulate
cortex (ACC) in precisely these meta-control functions® %, Building
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Fig.1| Continuous prey-pursuit task and control model validation.

a, Schematic of the prey-pursuit task. Prey were displayed as squares and
participants’avatar asacircle, with velocity determined by joystick deflection.
Right, reward combinations across trial types. b, Example trajectories from
twotrials. ¢, Capture timesacross trial types. 4 denotes absolute difference
between prey values. Results are shown for healthy (4 =0, 2 or 4; n=50) and
SEEG(A=0,n=7;4=2o0r4,n=19) participants.d, Capturerateacrosstrial
types. Dotsrepresentindividual participants (sample sizes asinc). Box plots
show the median (centreline), interquartile range (box) and 1.5x interquartile
range (whiskers). e, Recovery of w,across controller types and simulations
regimes. Controller types: p (position), pv (position-velocity), pf (position-
future position), pvi (position-velocity-integral position), pif (position-integral
position-future position) and pvf (position-velocity-future position). Bars show
mean Pearson correlationbetween simulated and recovered w,; error bars
indicatess.d. (n=30simulations per regime; 30 trials each).f, Distribution of w,
recovery correlationsin the empirical simulation regime. g, Example w,

onthisliterature, we predicted that ACC neurons would encode policy
switchingin a value-dependent manner.

A meta-control system that reallocates control across goals also
requires access to a representation of the current value structure of
the task. The orbitofrontal cortex (OFC), which encodes the relative
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blending blending take all

trajectory fromasimulated trial. h, Distribution of the recovered w,around
the simulated switch point (w, = 0.5); dashed lines indicate 95% confidence
interval.i, Time-lag histogram between simulated and recovered w, switch
times; dashed lines indicate 95% confidenceinterval. j, Recovery of gain
parameters across simulation regimes and controller types. Bars show mean
Pearson correlation between simulated and recovered gains; error bars
indicates.d. (samplesize asine).k, Correlation between simulated and
recovered controller gains (empirical simulation regime). 1, Lack of correlation
amongrecovered gains.m, Lack of correlation between recovered gains and
w,across trialepochs (all r < 0.1).n, Schematic of the control blending model.
Shaded circlesrepresentlatent variables (w, u, and u,); transparent circles
represent observed variables (x;, x, and &). 0, Schematic of the input blending
model. p, Bayesian model comparison of candidate controller architectures
(n=13).Bars show mean posterior probability across participants; error bars
indicate s.e.m. The asterisk denotes the model with highest posterior
probability.

desirability of available options and the relationships between states
and outcomes that define the value landscape of a task, can provide
this information?**”3%, Beyond scalar value signals, OFC may organ-
ize this information into a cognitive map of task space, conceptually
analogous to HPC cognitive maps, but emphasizing value and outcome



contingencies®. Consistent with this view, OFC representations may
share structural similarities with HPC state representations, while dif-
fering in the information that they emphasize*. Thus, because OFC
provides the value representations on which meta-control mecha-
nisms operate, we predicted that its activity would primarily reflect
the immediate value structure of the task.

We recorded brain activity in HPC, ACC and OFC in 19 patients
undergoing intracranial monitoring for epilepsy (the stereoelectro-
encephalography (sEEG) cohort) and recorded behaviour only in a
separate cohort of 50 healthy controlindividuals (the control cohort)
performing a prey-pursuit task™ (Fig. 1a—-d, Extended Data Tables 1
and 2 and Methods). On each trial, the participant used a joystick to
move anavatar freely in atwo-dimensional areato pursue fleeing prey
(Supplementary Video1). Prey coloursindicated their speed and point
value (Fig.1a,b). Three prey-value combinations were presented, rang-
ing from equal-value prey to pairs with large value differences (Fig. 1a).
Each trial ended with prey capture or after amaximum of 20 s. In the
SEEG cohort, participants completed 81 + 9 trials (mean * s.d.); partici-
pantsinthe control cohort completed 227 + 8 trials.

The average trial lasted 6.7 + 5.8 s. Trials took longer when the differ-
enceinprey valueincreased (two-sided t-test across value conditions;
all P< 0.05) owing to players’ preference for larger valued faster prey
(Fig. 1c). Capture rates were high across all conditions (87.6-90.8%;
Fig.1d).

Inferring continuous choice
In discrete decision-making tasks, identifying a participant’s
choices is trivial. In continuous decisions, inferring a participant’s
moment-to-moment decision strategy is more challenging®. To identify
each participant’s moment-to-moment control strategies, we must esti-
mateboththeir constituent controllers and the mixture parameter that
blends them (which we call w,; Methods, ‘Overview of control choice
decomposition’ equations). With 2 targets, w, varies between O (by
convention, we use this for the lower-valued target) to 1 (pursuing the
higher-valued target); values in between reflect a blend of strategies.
Whereas control strategies can be assumed to correspond to pursuit
ofeach preyitem, the details of the control strategy cannot be assumed.
Participants may minimize positional error, velocity error, integral of
position error, estimated future position error or any combination
of these. Thus, for example, estimating w, under the assumption of a
position-error controller would yield incorrect weights whenever the
true controller depends on other variables. We therefore developed
amodel-based decomposition that leverages optimal control and
compositionality theory to estimate controllers and their mixtures".
For eachtrial, we estimated w,by modelling the participant’s joystick
controlusing asecond-order linear dynamic system (that s, accelera-
tion; Methods). This processinvolved optimizing separate controller
gains for each target simultaneous with optimizing w,. We repeated this
process for all types and combinations of controller classes, ranging
from the usage of current position errors between cursor and target,
tointegral error, or onestep ahead future position error (see Methods
and Extended Data Table 3 for alist of all classes). We used a Bayesian
model-averaging framework to recover a per-trial estimate of w,, com-
puting a posterior probability weighted average of the w, estimates
obtained from all controller class combinations.

Validation of the blended control model

To validate our modelling approach, we performed recovery of
ground-truth simulated w, signals and controller gains. To ensure
that recovery performance was evaluated both within and beyond
the parameter range relevant to our data*’, we repeated the recov-
ery analysis across three gain regimes: (1) random draws between 1
and5; (2) random draws between1and 40; and (3) an empirical range

matching parameters obtained from our dataset (0.01-25; units depend
on controller class and are omitted for simplicity). Parameter recovery
was quantified as the Pearson correlation between simulated and recov-
ered parameters (30 trials over 30 simulations). We report results from
the empirical regime here; the random-gain regimes yielded consistent
results (see Extended Data Figs. 1-4, 6).

Our recovery analyses proceeded in three stages: recovery of the
blending parameter w,, recovery of the controller gains, and analysis
of their joint interaction. Recovery of w, was strong on average (mean
r=0.57 £ 0.10; Fig. 1e), with correlations strongly skewed toward 1
(Fig. 1f,g). However, because high correlations can hide systematic
biases in recovery** and our subsequent analyses build on switch
points (w,= 0.5), we quantified bias and timing offsets in recovered
w,. Across controller classes, recovery was unbiased (mean w, = 0.49,
95% confidence interval [0.47,0.51]; Extended Data Fig. 1), and timing
offsets were less than a single display frame (that is, 16.67 ms; median
lag = 3.0 ms, 95% confidence interval [-96.4,102.4] ms; Extended Data
Fig.1).Since our analyses focused on the controller class that best fit
participants’ behaviour, we examined recovery performance for that
model: a position-velocity (pv) controller that minimizes both the
distance to the prey and the mismatch in velocity between the par-
ticipants and prey. This model was unbiased (mean w,= 0.5, 95% con-
fidence interval [0.49, 0.52]; Fig. 1h) and temporal lags were close to
zero (median lag = 3.0 ms, 95% confidence interval [-80.5, 87.0] ms;
Fig.1i). Recovery of the controller gains was highest for the pv controller
class (r=0.67 + 0.11; Fig. 1jand Extended DataFig. 2). For the remaining
classes, the average recovery correlation was lower (r=0.42 + 0.15;
Fig.1j,k and Extended Data Fig. 2).

We next assessed whether jointly estimating controller gains and w,
introduced identifiability issues*. In principle, smaller w, values could
compensate for larger gains and vice versa. To test this possibility, we
computed their correlations at the beginning, middle and end of each
simulated trial. These correlations were consistently low and stable
across trial epochs (mean r=0.008 + 0.01; Fig. Im and Extended Data
Fig.3).Insummary, compensatory trade-offs between w,and gain param-
eters were absent and both sets of parameters were robustly identifiable.

We also found that w, is largely unrelated to participant speed
(r=0.14+0.18, P=0.38), relative distance (r= 0.11 £ 0.06, P= 0.53)
or relative speed (r=0.09 + 0.02, P= 0.25) of the two prey across par-
ticipants. Consistent with good parameter identifiability, correlations
among recovered gains were generally modest (Fig. 1l and Extended
Data Fig. 4), although higher correlations emerged in more complex
models (pvf:r=0.42 + 0.20; Extended Data Fig. 4).

Toassess identifiability across controller classes, we performed full
confusion analyses (Extended Data Figs. 5 and 6). The pv model was
recovered above chance whenit was the generative model (43% correct;
95% confidenceinterval [0.40 0.47], P< 0.0001; Extended DataFig. 6),
butalso frequently fit data generated by the pviand pvfmodels. Thus,
because controller classes are partially nested, identification of the
pvmodel does not imply that it reflects the true generative process.

To complement this analysis, we compared the blended controller
model against two alternative strategies: all-or-none target selection
and input blending (Fig. 1n,0; proof in Supplementary Note 1) and
Bayesian model comparison showed that participant behaviour was
best explained by the blended controller strategy (posterior model
probability 84 + 8% across participants; Fig.1p). Further, because these
models are partially nested, model selection should be interpreted in
relative rather than absolute terms.

Signatures of continuous pursuit

We used therecovered w, trajectories to understand participants’ pur-
suitbehaviour (exampleinFig.2a,b). We set athreshold for the pursuit
ofw,>0.85and w, < 0.15for behaviours that we classified as pursuit of
the higher-value and lower-value targets, respectively. All participants
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Fig.2|Targetswitch characterization. a, Exampletrial, showing the w,
trajectory (top), relative prey-participant distance (middle) and relative prey-
participantspeed (bottom). The red star marks a candidate target switch.

b, Kerneldensity of participant-averaged w,across reward conditions. Results
areshown for healthy (4=0,20r4;n=50)andsEEG(4=0,n=7;4=20r4,n=19)
participants. Shaded areas indicate s.e.m. across participants. ¢, Proportion of
time spent pursuingeachtargetorinablended state across reward conditions.
Dataaremean +s.e.m.Samplesizesareasinb. Asterisk denotes significance
across conditions (two-sided paired t-test for healthy individuals:4=2,
P=8.45x10"*4=4,P=3.68 x107*.d, Candidate target switchesidentified as
crossings ofw,=0.5. e, Principal components analysis (PCA) of candidate

spentasubstantial portion oftimeinablended state (0.15 <w, < 0.85):
36-41% of time in equal-value trials (4 prey value = 0) and 37-43% in
the different-value trials (Fig. 2b,c). Asreward differences increased,
time spent pursuing each option varied modestly (high 28-32%, low
26-33%). Overall, this pattern in behaviour demonstrates that pur-
suit decisions are not merely discrete but rather involve continuous
reweighing of competing goals.
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switches; the first principal component (PC1) captures the characteristic
sigmoidal switch trajectory. a.u., arbitrary units. f, Candidate switches were
filtered by cosine similarity to the first principal component (threshold = 0.99).
g, Asecondfiltering step retained only complete switches. Sigmoids from high
values to low values represent switches from the lower-value prey to the
higher-value prey (and vice versa). h, Estimated per cent change in odds of
switching prey from a Bayesian generalized linear model (GLM). Bars show
posterior mean effects for healthy (n=50) and sEEG (n =19) participants; error
barsindicate 95% credibleintervals. Asterisks denote predictors with posterior
probability greater than 0.95.

States underlying goal switching

We next identified target switches. We defined switches as periods
in which w, changed rapidly from less than 0.15 to greater than 0.85
or vice versa (Fig. 2d-g and Methods). Across both cohorts, this pro-
cedure yielded 13,357 candidate switches, of which 48% (6,366) were
retained as switches for subsequent analysis (equal-value condition:
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a, Recordingsites fromthe ACC (left), HPC (middle) and OFC (right). Dots
representelectrodes across 19 patients. b, Exemplar tuning curves to w,
across reward conditions (columns) and brain regions (rows), estimated with
the Poisson GAM. ¢, Percentage of neurons tuned to each variable across
brainregions, asestimated with the GAM. d, Variance inflation factors (VIFs)
assessing multicollinearity among GAM predictors. Barsindicate mean VIF
acrossindividuals (n=19); error barsindicate the minimum-maximum range.
AllVIFs are lower than 2, indicating minimal multicollinearity and stable
coefficient estimates. Rel., relative. e, Pairwise Pearson’s correlations among
predictors, showing low to moderate correlations. f, Non-negative matrix

30.5%; A prey =2:46.3%; A prey = 4: 23.2%; Methods). Of these, half
(52%) of switches were low to high; the remainder (48%) were high
to low. Notably, switches did not occur simply when the future prey
was closer than the currently pursued prey. At the switch point, the
mean (z-scored) distance to the current and future prey did not differ

factorization components showing low-dimensional tuning bases to w, for
each brainregion (rows) and reward condition (columns). g, Cross-validated
Flwithmean (blackline) ands.e.m. (blue area). Grey shading represents the
permuted distribution (95% confidence interval). Black asterisks denote bins
with significant Fl (one-sided permutation test, FDR-corrected across w,

bins; exact statistics are reported in Results). Purple brackets indicate the
comparison between cumulative blended and committed states; purple
asterisks denote significant differences (one-sided permutation test). The
comparison varied significantly across reward conditionsin HPC (AF1 = 0.044,
P=0.001) and OFC (AFI=0.06,P=0.001), but not ACC. NS, not significant.

(low-to-high switches: 0.76 versus 0.79; P=0.30; two-sided t-test;
high-to-low switches: 0.79 versus 0.76; P= 0.29).

Thus, todetermine factors thatlead to changesin propensity for tar-
get switching we used a hierarchical Bayesian logistic model (percent-
age change in odds of switching; Fig.2hand Methods). Inboth cohorts,
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represent the averaged trajectories per participant. b, Percentage of variance
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time spent pursuing agiven target decreased the likelihood of switching
(SEEG: -14.7%; control: —12.0%). Prey value difference increased likeli-
hood of switching (SEEG: 4.7%; control: 2.1%). The effects of speed and
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dPCA projections (brain region 1)

variance explained by each dPCA component. Here dPCA was configured

to separate w, representations across five bins for different prey value
condition (left) and equal prey value condition (right). f, Neural population
activity projected onto the leading w,dPCA component for each brain

region (columns) and reward condition (rows). Heat maps show mean dPCA
projections across five w, bins as afunction of time relative to the switch
(colourindicates component magnitude). g, Pairwise correlations between
dPCA projections across brainregions in the different prey value condition.
Each pointrepresentsamatched time w,bin across regions; rdenotes
Pearson’s correlation coefficient. Significance was assessed using two-sided
Pearson correlation tests (ACC-HPC: P=7.81x10"**; ACC-OFC: P=1.45x107%;
HPC-OFC: P=4.76 x107%). h, Same as g, but for the equal prey value condition
(ACC-HPC:P=8.42x107; ACC-OFC: P=2.39 x 105 HPC-OFC: P=5.40 x 107%¢).

distance (both from and to the prey) showed some variability across
cohorts, asexpected given behavioural heterogeneity (Fig. 2h). Switch-
ing behaviour was alsoinfluenced by interactions among predictors and
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Fig.5|Neuralramping during changes of mind. a,c,e, Mean cluster firing
ratesin ACC (a), HPC (c) and OFC (e) aligned to switch onset in the different-
reward condition. Lines show mean z-scored firing in each cluster; shaded areas
indicates.e.m.across neurons.b,d,f, z-Scored cluster selectivity for ACC (b),
HPC (d) and OFC (f) in the different-reward condition, with neurons sorted by
the switch-aligned time of maximal difference between switch and control

none of the model coefficients differed significantly between cohorts
(Wald test, Bonferroni corrected, all P> 0.05). Together, these results
show that target switches reflected acombination of multiple spatial,
temporal and reward variables, rather than a single dominant factor.

Neural encoding of controller blending

We recorded single neurons while 19 patients performed the
prey-pursuit task, including neurons from ACC (254 neurons, 15 par-
ticipants), HPC (546 neurons, 18 participants) and OFC (103 neurons,

Time from switch onset (ms)

Time from switch onset (ms)

activity. Asterisks denote clusters in which firing during switch windows
significantly differed from control windows (two-sided permutation test,
all P< 0.01). g-i, Same as panels a-f, but for the equal-reward condition.
Jj.k,Meanresidual firing ratesin ACC (j) and HPC (k) aligned to switch onset,
afterregressing out behavioural covariates. Shaded areasindicates.e.m.
across neurons.

7 participants; Fig.3a and Extended Data Table 2). These regions were
recordedin atleast five participants; no other region met this criterion.
We used a Poisson generalized additive model (GAM; Methods) with
a spline basis to estimate tuning for w,, alongside task parameters
and its interaction with prey value (Fig. 3b,c). We computed pairwise
correlations and variance inflation factors among predictors (all less
than 2), confirming that collinearity was minimal and did not affect
the analysis (Fig. 3d,e). We found that neurons were tuned linearly to
w,inallthebrainregions (16.9%in ACC;17.2% inHPC and 39.8%in OFC;
Fig.3c). Asubstantial portion of neurons showed nonlinear mixing of w,
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Table 1| Mixed-effects model results for the unequal-value condition (4 prey value=0)

Apreyvalue#0 Predictors significance (P values for full model)

Brain region Timefromswitch Timeuntilswitch Timeelapsed Apreyvalue Awaydistance Todistance Awayslope LRx? LR (Pvalue) AAIC
onset(ms)

ACC -400 <0.001 0.60 <0.001 <0.001 0.29 <0.001 15.18 <0.001 1318

HPC <0.001 0.002 0.07 0.002 <0.001 0.07 12.49 <0.001 10.50

ACC -100 0.03 0.84 0.02 0.30 0.68 0.06 477 0.03 277

HPC 0.81 0.02 0.28 <0.001 <0.001 0.03 0.06 0.81 -1.94

Predictor P values from the full model are reported for two pre-switch windows (~400 ms and 100 ms) and reflect two-sided Wald z-tests on fixed-effect coefficients. Model comparisons between
full and reduced models (lacking time until switch) were assessed using likelihood-ratio (LR) x* tests and AAIC (AIC,.y.ceq—AlCs,). Positive AAIC values indicate a better fit of the full model.

with relative prey value (14.2% in ACC; 14.8% in HPC and 35.0% in OFC,
Fig.3c). Wealso found neurons tuned to all auxiliary variables (Fig. 3c).

By examining how Fisher information (FI; Methods) is distributed
across w,, we can compare how sensitively neural populations from
each brain region can discriminate changes in the policy value. For
example, ifapopulationis chiefly concerned with the value of a pursuit
strategy, the Flwill be skewed toward extreme w, values (for example,
pursuing higher-value prey). Conversely, amore similar Flaround low
and highw,indicates amore balanced strategy. We first visualized the
population tuning to w, using a non-negative matrix factorization for
dimensionality reduction (Fig. 3f). In ACC, we found a skew towards
high-value prey, whereas HPC showed more balanced selectivity. OFC
components differentiated low and high w,when prey values differed,
with weaker differentiationin the equal-value condition (Fig. 3f). Thus,
population tuning was not uniformly distributed across the policy
space but differed across brain regions.

The non-negative matrix factorization analysis provides visualiza-
tion; we next quantified this by examining Fl in separate permutation
testsforeach w,bin.In ACC, we found significant w,information for high
prey values across reward conditions (one-sided permutation test, both
false discovery rate (FDR)-corrected, Benjamini-Hochberg adjusted
P=0.01); whereas FIwas high for blended states only when prey value
differed (both FDR-corrected P=0.005; Fig. 3g). In the HPC, Fl was
high for blended states (one-sided permutation test, all FDR-corrected
P=0.02; Fig.3g).In OFC, Fl peaked at low w, values when prey values
differed (w, < 0.15, one-sided permutation test, FDR-corrected P= 0.01),
whereas inthe equal-value condition, it was distributed across blended
states (0.15 <w, < 0.85,both FDR-corrected P= 0.02; Fig.3g). HPC and
OFC had higher Flin blended states than in committed states in the
equal-value condition (one-sided permutation test, both P= 0.001; pur-
plebracketsinFig.3g), but notin the unequal-value condition (P = 0.51
and P=0.99 respectively). This difference across reward conditions
wasitselfsignificant (HPC: P=0.001; OFC: P=0.001). By contrast, ACC
showed no significant differences within and across conditions (all
P> 0.05; Fig. 3g), suggesting that its Fl is not dominated by a global
difference between blended and commitment states.

Thus, neural information about w, was differentially organized across
brainregions. HPC and OFC preferentially represented blended policy
when the alternatives were equally valuable, whereas the ACC main-
tained a value-biased w, representation across value conditions.

Neural dynamics track switch dynamics

If abrain region participates in meta-control, then its neural popula-
tiondynamics should evolve in parallel with the behaviourally derived
w,dynamics®. Inaddition, if aregion explicitly represents the current
policy state, that information should be linearly accessible from the
population activity. We therefore explored whether neural dynamics
tracked the temporal evolution of w,around switch time and whether
the current policy value could be decoded from neural activity.
Totest this, we aligned the neural activity to target switches, whose
trajectory resembles a canonical sigmoidal shape (Figs. 2g and 4a), and
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decomposed population activity using demixed principal components
analysis (dPCA; Fig.4b and Methods). We thenreduced the population
activity to asingle low-dimensional trajectory by projectingitonto the
dPCA componentrelated tow,. Totestif the current policy value could
bedecoded from neuralactivity, we projected held-out test trials onto
the same w,component (Methods).

We found that for ACC, the top dPCA component for w, explained
17.8% of the variance, whereas its interaction with prey value difference
explained 22.5% (Fig. 4b). ACC neural dynamics closely mirrored the
sigmoidal w, trajectory (Pearson’s r=0.99, P < 0.0001). Furthermore,
in ACC, switch value could be decoded before and after the switch
(decodingaccuracies 61.0% and 62.5%, respectively; one-sided permu-
tation test: both P=0.03; Fig. 4c). Together, these resultsindicate that
ACC closely tracks the meta-controller variable throughout the whole
switch period and contains an explicit representation of the current
policy state at both switch onset and offset.

In HPC, as in ACC, neural population dynamics were explained by
the w,dPCA component (14.2%), and its interaction with differencesin
prey value (19.9%; Fig. 4b). HPC w,dPCA projections also resembled the
switchtrajectories (r=0.84, P < 0.001; Fig.4c), but this correlation was
significantly weaker thanin ACC (Fisher test for correlation, P < 0.001).
Moreover, switch value could be decoded from HPC neurons only at
switch offset (64% decoding accuracy, P < 0.001). These findings sug-
gest that HPC representations primarily reflect the selected policy after
the switch, rather than throughout the transition.

In OFC, as in the other areas, neural population dynamics were pri-
marily explained by the w,dPCA component (14.7%) and its interaction
withdifferencesin prey value (20.6%; Fig. 4b). The correlation between
the w,dPCA projections and switch trajectories was comparable to
thatobservedinthe HPC (r=0.86,P < 0.001; Fig. 4c) and significantly
lower than in ACC. However, switch direction could not be decoded
from OFC activity at any time point. The absence of significant decod-
ing in OFC may reflect reduced statistical power due to lower neuron
counts, but substantial single-neuron tuning to w, (Fig. 3c) argues that
limited sampling aloneis unlikely to explain this result. OFC projections
converged at switch onset and diverged only after the transition. Thus,
OFC may primarily reflect the outcome of the policy transition rather
thanits ongoing evolution.

The dPCAalsoindicated substantial variance explained by condition-
independent modesinall brain areas (ACC:12%; HPC: 14.1%; OFC:18.8%;
Fig. 4d). The condition-independent modes represent w, evolution
over time, and although the origins of their dynamics are unclear, visual
inspection suggests distinct temporal patterns across brain regions.

Next, we examined how switch representations differ between the
equal-value and unequal-value conditions. We re-applied dPCA, this
time configuring the decomposition toisolate w,dynamics across five
discrete w, levels (Fig. 4e and Methods). Across all regions, most vari-
ance was explained by thetime-dependent w,component (Fig. 4e). Pro-
jecting population activity onto the top dPCA component related to w,
revealed differences in how policy dynamics were structured by reward
value (Fig. 4f). In ACC, unequal-value trials produced an asymmetric
organizationacross w,bins that became more symmetric when values



Table 2 | Mixed-effects model results for the equal-value condition (A prey value=0), using the same analyses and

conventions as in Table1

Apreyvalue=0 Predictors significance (P values for full model)

Brain region Time from switch onset(ms) Timeuntilswitch Timeelapsed Awaydistance Todistance Awayslope LRx> LR(Pvalue) AAIC
ACC -400 0.4 0.86 0.85 0.75 0.90 217 014 017
ACC -100 0.02 0.08 0.54 078 0.49 584  0.02 3.84

were equal, consistent with the Fl results showing value-biased blending
policies (Figs. 3g and 4f).In HPC, activity symmetrically spanned the
full w,continuum in the different-value condition, but shifted toward
blended states when values were equal (Fig. 4f). OFC projections were
largely symmetric across reward conditions (Fig. 4f).

Correspondingly, ACC correlations with HPC and OFCwere reduced
in the equal-value condition, while HPC-OFC correlations increased
(Fisher test, P < 0.001; Fig. 4g,h), indicating that reward structure
reshaped how policy representations were coordinated across brain
regions.

Neural ramping during goal switching

In discrete choices, ACC population activity often exhibits ramping
dynamics aligned to decisions®****, We hypothesized that ACC may
have an analogous role in continuous choices (Fig. 5a).

We used a method that combines k-means clustering with linear
dynamic systems, which enabled us to cluster neurons based on their
dynamics (Methods). The number of clusters was optimized (silhou-
ette score) separately for eachbrainregion and reward condition, and
cluster selectivity for target switches was then assessed using two-sided
permutation tests comparing firing rates during switch and control
(non-switch) windows. Only clusters showing significant differences
were retained.

InACC, this processyielded three ACC clusters (unequal-value condi-
tion, permutation test, P< 0.01; Fig.5a,b). The largest cluster (cluster1,
n=45neurons) exhibited ramping activity that peaked at switch time
and spanned the entire switchwindow (Fig. 5a, dark greentrace). Ramp-
ing associated with switches from higher-value to lower-value prey
was stronger and peaked later (33 ms). Notably, for both high-to-low
and low-to-high switches, neural activity preceded the switch time
(-150 ms; Fig. 4a), suggesting that ACC modulation precedes switch-
ing. The sustained activity across the switch window is consistent with
amonitoring role for ACC.

In the HPC, we found four clusters of neurons (permutation tests,
P<0.01; Fig. 5c,d). Cluster 1 qualitatively resembled the ACC ramp-
ing signal, although it differed quantitatively: it started at a higher
baseline (ACC mean z-scored firing rate at switch start =-0.64;
HPC =-0.37; two-sided ¢-test: P< 0.001) and reached a lower peak (ACC
at switch time = 0.46; HPC = 0.33; two-sided ¢-test: P< 0.001), result-
ing in a reduced slope (ACC mean slope: 1.09; HPC: 0.70; two-sided
t-test: P<0.001). Neurons in cluster 2, instead, tracked the w, over
time (Fig. 5¢), consistent with a representation of policy state rather
than switch-related ramping (see also Fig. 4a). These responses dif-
fered across switch directions, indicating that some HPC neurons are
sensitive to value. Clusters 3 and 4 were mostly overlapping across
switch directions, indicating that some neurons are not sensitive
to value (for further characterization, see Supplementary Note 2).
Moreover, neuronsin cluster 3 recapitulated the dynamics observedin
population-level decoding (Fig.4c), exhibiting increased activity after
the switch rather than ramping toward the decision point (t= 0 ms).

In OFC, we identified three clusters (all permutation tests, P < 0.01;
Fig. 5e,f), each exhibiting distinct temporal dynamics, without clear
ramping toward the switchin any of them.

Overall, unequal-value trials revealed distinct switch-related dynam-
ics across brain regions: ACC showed sustained ramping that peaked

at switch time, HPC showed a weaker ramp together with mixed
value-sensitive and value-insensitive dynamics, and OFC exhibited
heterogeneous non-ramping profiles. Interestingly, one OFC cluster
resembled the policy-like dynamics observed in HPC cluster 2, suggest-
ing a partial convergence in how these regions represent ongoing policy
states despite otherwise distinct temporal organizations.

In the equal-value condition trials, ACC had three clusters
(P<0.01; Fig. 5g); cluster 1 recapitulated the ramping observed in the
different-value condition, demonstrating that rampingis not an arte-
fact of value difference, but likely relates to the decision to switch.
Cluster 2 exhibited a temporal profile reminiscent of the behavioural
policy; cluster 3did not map onto any recognizable switch-related sig-
nature. InHPC, we found two significant clusters (P < 0.01; Fig. 5h), both
of which exhibited multiphasic ascending and descending temporal
profiles reminiscent of the sigmoidal shape of the behavioural policy,
even when value asymmetries are removed. In OFC, we only found a
single significant cluster showing an ascending temporal profile that
peaked at the end of the switch (P < 0.01; Fig. 5i).

Distinct rampingin ACCand HPC

The ramping observedin ACC could reflect a prediction of theimpend-
ing switch, butit could also arise from variationin behavioural variables
thatare themselves predictive of switching (Fig. 2h and Extended Data
Fig. 7). Toisolate switch activity, we regressed out these behavioural
covariates and looked at the residual firing, which revealed a ramp
emerging immediately (-100 ms) before the switch (Fig. 5j). We then
quantified this effect by fitting linear mixed-effects models to ramping
neurons (both reward conditions), including behavioural covariates
and a time-until-switch regressor (counting down to the upcoming
switch), across 400 ms and 100 ms pre-switch windows (=0 msin
Figs.4aand 5aand Methods). InACC, time until switch explained firing
beyond behavioural covariates: in the different-reward condition, the
fullmodel outperformed the reduced modelinboth windows (Table1),
whereasin the equal-reward condition this effect remained significant
inthe immediate pre-switch window (Table 2).

We then repeated this analysis in cluster 1 HPC neurons. The full
model outperformed the reduced model only in the 400 ms window
before the switch, with a smaller difference in Akaike information cri-
terion (AAIC) than ACC (Table 1), but this effect did not persist in the
immediate pre-switch period. Accordingly, time-until-switch did not
explain HPC firing in this late window, while behavioural covariates
continued to contribute. Residual activity did not show alateincrease
approaching the switch, butinstead exhibited an early peak followed
by arelatively flat trajectory (Fig. 5k).

Together, these findings indicate that ACC carries sustained predic-
tive signals of impending switches, whereas HPC activity is more con-
sistent with anearlier, transient planning-related signal that precedes
but does not extend into switch execution.

Discussion

Behaviour in naturalistic, continuous, interactive contexts is driven
by goals, which can be blended to produce a composite behaviour.
Here we use the idea of compositional control to model behaviour
and its neural foundations in a continuous multi-prey-pursuit task.
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Our control-theoretic decomposition of behaviour resembles etho-
gramming®*¢, However, whereas standard ethogramming approaches
assume that behavioural states are discrete and exclusive, our method
estimates blended strategies.

Our neural results challenge the traditional division of [abour
between the medial temporal lobe and the frontal executive system,
raising the possibility of the HPC as a central node in the real-time con-
trol of complex, multi-variable behaviour. Some HPC neurons (clus-
ter 1) showed a transient component that was related to anticipatory
variables over abroader time window preceding the switch. However,
these signals did not persist at the time of commitment, pointing to
an early, transient representation of impending switches rather than
a sustained predictive signal*. Our results do not, however, imply
that other regions have no role in continuous choice. For example,
parietal cortex and dorsolateral prefrontal cortices almost certainly
have major roles”.

Recent theorizing on the HPC emphasizesits role in representing
relational structures?*?3, The cognitive map theory posits that the
HPC creates structured representations of the world by composing and
bindingindividual basis elementsinto a cognitive map'®**°, Our neural
results align with and extend the cognitive map theory to the domain
of control. That is, we found that the HPC also encodes compositions
that bind goal-specific control policies.

Indeed, our findings suggest an active role for HPC in choice: as a
state-estimator controller for dynamic behaviour. That is, a system
that represents current latent states, plans future states and updates
the representations through feedback®. Although the set of studies
positing potential control functions remains relatively small, several
recent works show HPC functions integrating with decision-making
and planning® ¢,

The presentresultsindicate that ACC carries arobust meta-control
signal. This potential control-related role relates to a long tradition
that emphasizes the role of ACC in control****” and meta-control.
The rampingeffects, in turn, are reminiscent of an extensive literature
demonstrating that ACC accumulates evidence for strategic shifts in
decision-making or rule application®?%**, Notably, meta-control can be
either implicit or explicit; our data, which show clear explicit monitor-
ing and meta-control signalsin ACC, provide evidence for the explicit
implementation. We also find that this ramping switch signal is depend-
entonthe value of switching goals, a finding in line with previous studies
and theories linking ACC to integrating cost-benefit information into
decisions®*®% Theseresults clearly implicate ACCin the meta-control
aspectinaway that HPC and OFC are not as clearly involved.

Our results suggest that OFC has aminimal rolein policy switching.
Value is animportant input for control®. A value-input role would be
consistent with known economic roles for OFC*"*®, OFC may also organ-
ize information into a cognitive map of task space?*. Furthermore,
our datashow that OFC activity evolved with switching, but unlike the
other brain regions, OFC representations converged at switch onset
and diverged only after the transition, suggesting that OFC contex-
tualizes the selected policy after the switch rather than tracking its
ongoing evolution.

Ultimately, our results take on classic questions of neuroeconom-
ics regarding how we represent the space of possible choices, assign
values to them and adjudicate between them, but extend them to the
continuous domain. Doing so reveals the fundamental unification
between choice and control; moreover, it argues for control theory,
rather than microeconomic theory, as an intellectual foundation for
aneuroscience of continuous choice’.
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Methods

Human intracranial neurophysiology

Experimental data were recorded from 19 adult patients (8 men and
11 women; mean age 40.1 + 13.1years; Extended Data Tables1and 2)
undergoing intracranial monitoring for epilepsy (for general record-
ing methods, see ref. 61). The HPC, ACC and OFC were not a seizure
focus area of any patients included in the study. Single-neuron data
were recorded from stereotactic (SEEG) probes, specifically AdTech
Medical probes in a Behnke-Fried configuration. Each patient had an
average of four probes. Each probe includes eight microwires (that
is, eight contacts), specifically designed for recording single-neuron
activity. Single-neuron data were recorded using a 512-channel Black-
rock Microsystems Neuroport system sampled at 30 kHz. To identify
single-neuron action potentials, the raw traces were spike-sorted using
the WaveClus® sorting algorithm and then manually evaluated. Noise
was removed and each signal was classified as multi or single unit using
several criteria: consistent spike waveforms, waveform shape (slope,
amplitude, trough-to-peak), and exponentially decaying inter-spike
interval histogram, with nointer-spikeinterval shorter than the refrac-
tory period (1 ms). We used only single-neuron activity for all analy-
ses. The experiment’s procedures were conducted by the standards
set by the Declaration of Helsinki and approved by the Institutional
Review Board for Baylor College of Medicine, Houston, TX (H-18112).
Participants provided writteninformed consent after the experimental
procedure had been fully explained and were reminded of their right
towithdraw at any time during the study. Participantsincludedin our
study received a standard monetary compensation, which did not
depend on task performance.

Electrode visualization

Electrode locations were localized using the intracranial electrode visu-
alization pipeline (iELVis®®). Postoperative CT scans were co-registered
to preoperative MRI space using FSL®*%, and electrode contacts were
manually identified in Biolmage Suite (v3.5%). Electrode coordinates
were transformed to native anatomical space and visualized on
Freesurfer-reconstructed cortical surfaces (v7.4.1%") using iELVis®.
Microelectrode locations were assigned to the deepest macro con-
tact of the AdTech Behnke-Fried electrodes. For group visualization,
electrode coordinates were transformed into MNI152 space and plot-
ted on a glass brain using Reproducible Analysis and Visualization of
intracranial electroencephalography (RAVE®’; Fig. 3a).

Healthy participants

Inaddition to the dataset with intracranial recordings, behavioural data
were collected from 50 healthy adult participants who performed the
same joystick-controlled prey-pursuit task but without physiological
recordings (Extended Data Table 1). Of these participants, 33 were
recruited at Baylor College of Medicine, and the remaining 17 were
recruited at the University of Minnesota. The experiment’s procedures
were conducted by the standards set by the Declaration of Helsinki and
approved by the Institutional Review Board for Baylor College of Medi-
cine, Houston, TX (H-54759) and University of Minnesota (00009204).
Participants provided writteninformed consent after the experimental
procedure had been fully explained and were reminded of their right
towithdraw at any time during the study. Participantsincludedin our
study received a standard monetary compensation, which did not
depend on task performance.

Experimental apparatus

To control their computer avatar, participants used ajoystick that was
amodified version of acommercially available joystick with a built-in
potentiometer (Logitech Extreme Pro 3D). The joystick position was
read outinthe MATLAB psychophysics toolbox running on the stimulus
control computer.

Task description

All participants performed the prey-pursuit task”*”! (see Supplemen-
tary Video 1). At trial start, two or three shapes appeared on a grey
computer monitor placed directly in front of the participant. The
yellow circle (15 pixels in diameter) was an avatar that represented
the participant and began at the centre of the screen. Participant
position was determined by the joystick and was limited by the screen
boundaries. A square (30 pixels in length) represented the prey(s).
Prey movement was determined by a simple algorithm (see below).
Each trial ended with either the successful capture of the prey or
after 20 s, whichever came first. Successful capture was defined as
any spatial tangency between the avatar circle and the prey square.
Capture resulted in an immediate numeric reward. Prey movement
was generated interactively using an A-star algorithm. Specifically,
for every frame (16.67 ms), we computed the cost of 15 possible future
positions the prey could move to in the next time-step. These 15 posi-
tions were equally spaced on the circumference of a circle centred on
the current position of the prey, with aradius equal to the maximum
distance the prey could travel within one time-step. The cost was
based ontwo factors: the positionin the field and the position of the
participant’s avatar. The field that the prey moved in had a built-in
bias for cost, which made the prey more likely to move toward the
centre. The cost due to distance from the avatar of the participant
was transformed using a sigmoidal function: the cost became zero
beyond a certain distance so that the prey did not move, and itbecame
greater as distance from the avatar of the participant decreased. From
these 15 positional costs, the position with the lowest cost was selected
for the next movement. If the next movement was beyond the screen
range, then the position with the next lowest cost was selected until
it was within the screen range. The maximum participant speed was
23 pixels per frame (each frame lasted 16.67 ms). The maximum and
minimum speeds of the prey varied across individuals and were set
by the experimenter to obtain a large number of trials. Specifically,
speeds were selected so that participants could capture prey on no
more than 85% of trials. To ensure sufficient time of pursuit, the mini-
mum distance between the initial position of each individual avatar
and prey was 400 pixels.

Datastructure

The study involved repeated measurements within participants, includ-
ingmultiple trials per participant and multiple neurons recorded from
each participant.

Behavioural modelling

Overview of control choice decomposition. The problem we are
studying here is how individuals decide between how to pursue goals
on a moment-to-moment basis. This means we must estimate a deci-
sion variable over how targets are selected to drive control actions.
We motivate this problem by first considering the low-level, individual
goal problem.

Foragiven target, participants must deploy some policy that dictates
their actions for reaching that goal, u,(¢). Here we consider the controls
as the output of a linear controller that is driven by a set of gains that
dictate controls (library of controller types considered in Extended
Data Table 3). For example, the simplest proportional controller with
again (g,) that minimizes distance to target (e,) for asingle target k is:

u (6 =gkek(t)

When there are multiple goals, and each target has different con-
trollers gains, inferring a decision variable requires inferring how a
weighted mixture of targets drives participants’ control actions?®7%
To do this, we used ideas from control theory to develop a method
for decomposing the participants’ instantaneous control (that is,



acceleration) into distinct contributions from each target. This pre-
vious work has shown control in a nonlinear cost landscape—when
there are multiple targets and thus minimain the landscape—can be
approximated by a compositional mixture of linear controllers, and
the mixing weights in optimal settings are given by the relative cost/
value of individual controllers'". Next, we state the general problem
and connection to common mixture models, then our approach to
estimating this quantity from behavioural data™".

At every time point, we want to decompose the individual’s meas-
ured control signal (u,(f) = acceleration) into the proportion of their
control signal attributable to individual prey (k) targets (u(¢)).

K
pluy, ()= p(target, |uq()) u(t)
i=1

These controls are weighted by the posterior probability of them fol-
lowing atarget, given their control signal. Estimation of these weights
implicitly defines a multinomial posterior probability over K targets
given the control signal. This posterior is the same form as the familiar
Gaussian mixture model”. Posterior latent target probabilities are then
computed via Bayes rule:

plugps(t)itarget, )p(target, )
Yho p(ugbs(t)Itargetjzl)p(targetjzl)

wi(t) = p(target, |uoy(t)) =

This shows that estimating w,(¢) willimplicitly define the integration
of an observed data likelihood and categorical prior. Because solving
for the weights is a convex optimization problem, we will explicitly
optimize (see Model parameterization) the controller weights w,(¢):

K
pluy, (0)=Y wt)u(c)

i=1

A final note worth mention is how optimizing w;(t) (that is, target
posterior) as a mixture model mixture approachis different from hid-
den Markov models. Mixture modelling applies soft-assignment or
weighting and, as such, using w,(¢) to explain participants’ control
signal allows blending of controllers and smooth transitions between
them. Hidden Markov models use state decoding or hard-assignment,
and effectively apply anargmax[w,(t)] to choose asingular controller.
In the supplementary (section: model optimization) we show with
simulations using asoft-assignment picks up both cases, where switch-
ingiseither gradual or binary between targets; thus, using soft-assigned
weights will correctly detect the target pursuit and switching strategy
foreither blending of controllers (soft assignment) or discrete control-
ler choices (hard assignment).

Model parameterization. To infer an estimated w,(t) time series per
trial, we estimated maximum a posteriori parameters frombehavioural
data, including the parameters of w,([¢,i]) and controller gains (g, = 6).
Both sets of parameters are explained below. Optimization of these
parameters proceeded by minimizing the negative log posterior:

-
_Ing(uobs) e Z _IOg p(upred,K(t; 0, o, (I))) - IOg p(9, ?, (p)

t=1

Thefirsttermonthe right side of the above equationis the negative
loglikelihood (priors are second). u,,.qis the model predicted control
signal that is determined by the mixture of controls across targets:

upred(ef (p' ll)) = wl(t; ¢' w)upred,kzl(t; 6) + wz(t; ¢' (p)upred,kzz(t; 9)

Parameterization of w,. Mixture weights (w,) were parameterized by
implicitly modelling time-dependent logits with (n = 30) radial basis

functions equally-spaced over each trial’s time. Basis parameters in-
cluded weights (¢) and a shared width parameter (¢). We chose to
implicitly parameterize w, with basis functions as it allows a flexible
and smooth parameterization of transitions between target control
blending. Practically, w, values are defined though a softmax over the
logits. Logits are computed by multiplying basis functions by their
optimized parameters.

w,(t) = softmax(logits,(¢t; ¢, ¥))
w;y(t) =1-w(t)

Note, this approach is readily extended to the case of K > 2 targets
by constraining onetarget’slogits toland increasing the basis param-
eterstonk - 1.

Parameterization of u,,..q. For generating predicted controls per tar-
get, U,..q We tested different controller types and estimate their gain
parameters per controller (g,). We model the predicted subject’s states
(Xprea = {positions, velocities}) and controls as alinear dynamic system
mapping joystick input to the cursor. Joystick position controlled the
cursor velocity, and therefore control signals from the subject (i) are
acceleration, which are composed of the controls from distinct targets
(Upreq )- These controls and states step the predictions forward and
generate anew set of control predictions in each optimizationiteration.
The linear system describing the subject’s cursor is:

xpred(t+ 1) =Axpred(t) + Bupred(t)

Where A and B are known system parameters (4¢ =sampling rate
(1/60 Hz)) that determine the mapping from joystick to subject cur-
sor dynamics.

Because the subject’s control strategy for a given targetis unknown,
we must also fit the mixing weights using different combinations of con-
troller classes that could generate responses. We considered controllers
that use different combinations of error signals to drive target pursuit.
Model classes included either proportional or integral errors, where
the error signals were of different classes described below, includ-
ing feedback and feedforward predictive controller errors. All model
classes are listed in Extended Data Table 3.

Note that we also included models with future position errors. This
controller class allows the subject’s predicted controls to be driven by
feedforward signals based on the target’s predicted (one step ahead)
position. Theerror signal encodes the difference between the subject’s
current (¢) position and target’s future (¢ + 1) position. Target future
position was computed using the forward kinematics of the target:

— 2
xtarget(t+ 1) _xtarget(t) + Atxt,arget +At xt,z;rget

Model loss priors. The parameter priors for the loss are denoted as:

pOP)p(®) =N(0, I55)N(O, G;)N(O, (AS)™)

The prior over controller gains (6) was a zero-mean normal distri-
bution, with identity variance-constraining gains independently. A
similar prior was used for the basis function width (¢). For both priors,
increasing o” decreases the regularization of the prior. For basis func-
tion weights (¢p), we wanted to penalize deviations from smoothness.
For this, we used a Gaussian Laplacian prior (multivariate Gaussian)
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often used in spline models to penalize the wiggliness of functions™.
This prior uses the inverse precision matrix with aregularization coef-
ficient ((AS)™). Sisapenalty matrix defined as the second-order differ-
ence between adjacent weights, penalizing the curvature:

Ag= P20+ &4

Model optimization. For parameter estimation, we used trust-constin
scipy.optimize. During each parameter update, the current parameter
set (6,¢,y) is used to simulate the predicted dynamics and compute
the loss. Loss Jacobians and Hessians were computed automatically
usingJax and parameters were iteratively optimized by maximizing
the negative log posterior. To ensure positively constrained control-
ler gains (6) and basis width (¢), we optimized their log and used a
softplus transform. Each trial was optimized separately. For each
optimization run, we fit a specific controller class (same for both
targets). This was repeated four times for each controller class, with
different parameter initializations, and the one with best loss was
retained for cross model performance comparisons (next section).
Thiswasrepeated for each of the seven model classes (Extended Data
Table 3).

Quantifying model performance and computing mixture. After
optimizing parameters and retaining the best fit for each model class
(and each trial), we computed the evidence lower bound (ELBO) for
each model using a Laplace approximation to the parameter posteri-
ors™. The ELBO provides an estimate of lower bound on the marginal
log likelihood of each model, balancing model fit and penalizing the
number of parameters.

The next step is computing a mixing trajectory (for example, w;)
for each trial that marginalizes over each model, while accounting
for each model’s uncertainty in predicted parameters. Because the
model probability is quantified via the ELBO, we can use these ELBOs
to compute posterior probabilities for each model.

exp(ELBO,,)
PMuy) =72 =
21 exp(ELBO)

We use these model probabilities to perform Bayesian model averag-
ing (BMA) to obtain asingular w, trajectory. Inshort, the w, trajectory
around the maximum a posteriori parameters for each model class
is weighted and summed. Computing w, through model averaging
accounts for model uncertainty by marginalizing over the generating
models, and thisis the target blending estimate (BMA) that we use for
downstream analysis.

BMA(wy) =wy p(Milu )

Comparison of different control mixing strategies

We also want to compare a smooth controller blending model to two
other possible controller selection models that could drive behaviour.
We can use the same model fitting framework as above. For one com-
parison model, we fit a model that assumes subject’s choose a single
controller at an given moment. This is equivalent to argmax model
over individual target controllers, is nested within the smooth blend-
ing model, and resembles how an HMM would choose the generative
controller. Comparison of this model to the smooth blending effectively
tells us how much of behaviour is explainable by a continuous mixing
versus discrete selection strategy. This argmax model is formulated
for the predicted control as:

upred(e' o, ll’) = argmaxupred'k(wl(t; o, ‘l))r wz(t; o, KIJ))

Another strategy that subjects could use is blending inputs with a
single controller. Note that this control strategy is not nested within

the smooth controller blending model, as control signals produced by
multiple controllers versus one produced by weighting multiple inputs
arenotrelated through any linear transform (Supplementary Note 1).
Theinputblending modelis formulated using a single set of controller
gains rather than distinct gains per target, and weighting the inputs:

K
Ugps(D) =0 Y w(£) x,(£)
i=1

Both comparison models were fit using the same approach as the
controller blending model. Bayesian model selection with the ELBO
was used to select the best-fitting model for each trial. For each subject,
we computed the mean posterior probability of each model type for
group level model selection.

Behavioural analysis

Finding behavioural switch points. To separate instantaneous mo-
ments into pursuit versus change-of-mind points between targets,
we first searched each trial to find points where w,= 0.5. These points
denote crossings between targets. (There is necessarily some element
of estimation in the process of detecting switches, and, due to the in-
herent variability in human behaviour, our algorithm necessarily has,
at some point, an arbitrary cutoff.) We excluded any putative switch
points that occurred within 325 ms of the trial start time, under the
assumption that theselikely representacorrection to aninitial choice
rather than true pursuit switching or change of mind. Using the remain-
ing potential switch points, we created a window of -250 to +250 ms
around these points. The switch trajectories were then categorized as
falling into one of three categories. The main category (1) was those
where a full switch was made between targets, the other two were either
(2) partial switches or (3) unclassifiable. To achieve this classification,
we used a PCA across all switch trajectories from within asession. The
input matrix for the PCA had switches index as rows and samples as
columns (switches x samples). The first principal component always
captured the sigmoidal shaped full switch trajectory of interest. We
computed the cosine similarity of this first principal component score
and all switch trajectories and retained those with a similarity of >0.9.
We ran a PCA again on this subset, with the first principal component
again producing the canonical sigmoidal trajectory. In this case, we
retained those with cosine similarity of >0.97. This threshold proved to
be conservative enough to remove all partial switches, based on visual
inspection. Intotal, an average of 35% of crossing-points were labelled
aslegitimate switches and forwarded for further analysis. Switch onset
and offset timing were determined using alinear fitting change-point
algorithmthat looked for changes in mean and slope of the trajectory.
Tofind the switch start, we searched backward in time from the crossing
of w,=0.5.Switchends were found by searching forward intime. Note
that if two or more switches occur in the defined time window, their
combined trajectory nolonger resembles aclean sigmoidal transition.
Because our PCA based classification relies on cosine similarity to the
first principal component (which captures the prototypical sigmoid
shape), such multi switches events would yield low similarity scores
and would not be labelled as ‘full switches’. In our exploration of the
data, we find that such double switches are very rare, so our approach
is fundamentally conservative.

Switch statistics. The factors underlying the propensity to make tar-
getswitches were modelled using a Bayesian binomial mixed-effects
modelimplemented instatsmodels in python”. We used this approach
to allow modelling all participants together, while accounting for indi-
vidual variationin predictors. Predictor significance was determined
using the 95% posterior credible interval. In terms of predictors, we
asked if switch probability was sensitive to the time elapsed in trial,
the difference in prey reward, and several prey distance variables.
Specifically, we included the mean distance to the prey being pursued



and the mean distance of the prey switched to, where the mean is
calculated in the 100 ms leading up to a switch. We also included a
factor to determine the meanrate of change of distance (distance clo-
sure) betweenboth preys, too. The distance closure captures whether
either prey getting closer or farther away (on average) altered switch
probability. Each of these variables was centred by using their median
values extracted from trials in which there were no switches. This
allows interpreting the coefficients in terms of changes with respect
to control, no-switch trials.

Neural analysis

Single-neuron encoding of task variables. To assess how neurons
are tuned to task variables, we employed a linear-nonlinear Poisson
model as a GAM™”8, Specifically, we aimed to quantify how neurons
were tuned to subject speed, relative prey distance, relative prey speed,
relative time in trial, prey reward difference, and the model-based
blending variable. As our main goal was estimating whether neurons
exhibited disentangled (linear) tuning to w, or multiplexed with prey
value, we included both w, and its interactions with prey value as pre-
dictors. The GAM was fit with a penalized regression smoothing spline
model™. Penalized smoothing spline GAMs were chosen as they have
been shown to offer good recovery of nonlinear neuron tuning,
particularly in tasks where tuning is estimated with respect to con-
tinuously changing variables (for example, speed”). Natural cubic
regression splines served as a basis function. Cubic splines are con-
venient as a smooth interpolant basis because their only hyperpara-
meter is the number of bases’ (J). The spike counts y, are fit ina GAM
with univariate and interaction effects with basis functions ; ,, (basis
Jjand variable x;). As an example, in a two-variable model the firing is
modelled as:

J J J
080 = 2. bjB 2 BB, X B ® b)),
=1 . 4

J=1 J=1

Thefirst two terms are examples of single (marginal) variable tuning
effects. The latter component encodes the interaction (nonlinear mixed
selectivity) term as a tensor over the two univariate basis functions.

The model was fit in a Bayesian framework using stochastic vari-
ational inference in NumPyro. To estimate smooth and regularized
tuning functions, we follow previous implementations’’%7° and
implement two types of regularization. Specifically, regularization
was implemented through two types of priors on model coefficients
that (1) control for basis wiggliness and enforce smoothness across
basis functions, and (2) force sparse sets of bases similar to an L1 regu-
larization. Combining these two effectively performs model selection
by both smoothing across bases (1) and (2), forcing bases that do not
contribute to the model likelihood to be zero. All marginal and inter-
action terms were included in a single model and subject to the same
smoothness and shrinkage priors. As a result, interaction terms that
were not supported by the data were automatically shrunk toward zero,
yielding an effective main-effects-only model when appropriate. These
priorsareimplemented for basis coefficients asamultivariate normal
distribution, for a given variable as:

B~ MVN(0, 25)

5= +A,S,)

The smoothing/regularization terms (1) are treated asrandom vari-
ablesinthe Bayesian approach, with Half-Cauchy priors. This allowed
estimating separate smoothing terms per univariate and tensor model
term directly from the data, without cross-validation. S encodes a
second-order difference penalty between basis coefficients, induc-
ing smoothing as a Laplacian graph prior thatis used to construct the

coefficients prior covariance. We point the reader to ref. 79 for more
specifics on how Sand S, are constructed.

To fit the models and approximate the posterior distribution of
parameters, we employed a variational inference approach with a
Gaussian guide. Variational parameters (mean and covariance) were
optimized by minimizing the negative ELBO. This approach balances
computational efficiency with parameter uncertainty estimation. All
models were optimized using Adam (learning rate: 10~), each run for
10,000 steps.

To further determine coefficient significance, 99% posterior cred-
ibleintervals were used to evaluate whether they included zero. Those
variables with intervals non-overlapping with zero were retained. To
determine whether neural activity was reliably modulated by task vari-
ables, we compared the full model against a baseline intercept-only
model using the expected log predictive density (ELPD) estimated via
WAIC®. The resulting WAIC model weight was used as a neuron-level
model selection criterion, and only neurons for which the full model
was favoured over baseline were retained for subsequent analyses.

Fisher information of w, tuning. We computed a cross-validated and
denoised estimate of Fisher information using neuron tuning tow,. We
computed tuning curves for each neuroninten bins. We used fivefold
cross-validation when computing the tuning curves. Tuning curves
fromthe training set for each brain region were reduced using principal
components analysis, retaining enough dimensions to account for
90% of variance. Fl was computed using PCA projections of the test
set, and taking the Euclidean distance between adjacent levels of w, of
these projections®. To test for significant information, we created a
null distribution for permutation testing by permuting w, labels dur-
ing calculation of the tuning curves. This distribution was created by
repeating this process 1,000 times, and the P value was computed by
comparing the mean actual fivefold information to the permutation
distribution. Benjamini-Hochberg FDR test was applied to control for
false positives. To summarize global differences in tuning, we grouped
w, bins into commitment states (extreme bins: indices 1-2 and 9-10)
and blended states (intermediate bins: indices 3-8). Fl was averaged
within each group, and differences between blended and commit-
ment states, as well as across reward conditions, were assessed using
permutation tests.

dPCA. To examine the low-dimensional population dynamics related
to behavioural controller blending, we performed dimensionality re-
ductionon neural data using dPCA®, Using dPCA, we can extract linear
subspaces of population activity that maximize the variance specifi-
cally related to separating levels of blending. In effect, this approach
allows us to determine whether the population has linearly decodable
representations of blending.

Because our aim was assessing whether neural population dynam-
ics closely tracked the behavioural blending variable, we focused on
time windows in which there was an explicitly consistent blending
trajectory: change of mind between prey targets. To decompose the
neural data, we first sorted all switch points, during a trial, for a given
subject, and within a session, into those that switched from alow to
high or high to low-value target. Under the assumption that blending
differsinamirrored manner (high tolow versus low to high w,), across
time, for these switch directions, we can take the decoding subspace
as the dynamic subspace for w,.

We fit the dPCA model to firing rate tensors as pseudo-populations
thatincluded all subjects. The model included the effects for w,, prey
reward difference, and their interaction. Each fit was done separately
for ACC (n=254), HPC (n=546) and OFC (n =103). The fitting and
significance testing procedure was carried out by performing 1,000
repetitions randomly sampling (stratified Monte Carlo) the data and
holding out 5% of trials (balanced between switch directions). AdPCA
model was then trained using a fixed regularization of 1075, Firing rate
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test sets were then projected along the top decoder dimension for
the switch direction. We took the decoded switch direction to be the
minimum distance of the projected test datato the projected training
data. This classification was computed for each of the 30 time points
inthe switchwindow. Second, we established significance thresholds
by repeating the above procedure, but randomly swapping trial labels
to create anullaccuracy distribution. We created the null distribution
by repeating the 1,000 iterations 50 times. For each of the 50 sets, we
computed the null decoding accuracy. We determined that decoding
was statistically significant when the decoding accuracy was greater
than the null for 100% of the 50 sets.

To visualize how neural population activity varied across blend-
ing states and reward conditions, we performed an additional dPCA
analysis inwhich neural activity was binned by the behavioural blend-
ing variable w,. This analysis was performed separately for trials with
equal prey value and trials with different prey value. Neural firing
rates were aligned to switch events. For each condition, firing rates
were grouped into bins according to the instantaneous value of w,
and averaged to form a population activity matrix spanning time
and blending state. We fit the dPCA model to firing rate tensors as
pseudo-populations thatincluded all subjects. We applied dPCA with
marginalizations over blending state and its interaction with time,
and projected population activity onto the leading components
associated with these terms. The resulting low-dimensional activity
patterns were visualized as heatmaps illustrating how neural dynam-
ics evolved across time and blending state, separately for HPC, ACC
and OFC.

Clustering ramp. We clustered firing during the target switches to
assess whether classes of single neurons also exhibit ramping behav-
iour. To obtain a meaningful clustering based on latent neural dynamics
and potential, we first fit a linear dynamic system to trial-averaged,
Gaussian smoothed (full width at half maximum (FWHM) 60 ms) firing
rates using the ssm package in Python. In addition, the models were fit
toboth switch directions (high-to-low value and low-to-high value prey)
simultaneously, giving them shared parameters but different inputs.
We used the normalized relative target distance as inputs to the model.
Thisapproachto clustering accounts for similar latent dynamics evolv-
ing under different inputs. The number of the latent state dynamics
for each model were optimized by computing the loss (ELBO) from
a held-out test in fivefold cross-validation. This was done separately
for each brain region. We found three latent states were suitable for
describingeach area.

Clustering was then performed on the firing rate embedding matrix
Cusing k-means. The C matrix links latent states to firing rates. The
number of clusters was optimized using the silhouette score, separate
for each brain region. We chose clusters to retain based on those that
exhibited significant differencesin activity between time-locked seg-
ments with switched and control segments without. Significance was
determined by permuting (1,000 times) the mean clustered firing rate
between the actual switches and controls.

Mixed-effects model. To quantify if the neural activity carried informa-
tion about the upcoming switch carried beyond behavioural covariates
we used a linear mixed-effects model. For each identified switch and
each subject, we aligned neurons firing rates to the time at which w,
crossed 0.5, and constructed amatrix one row per neuron, switch event,
and time bin within the pre-switch window. Predictorsincluded behav-
ioural covariates (time elapsed within the trial, 4 prey value, to and away
distance, to slope) along with a ‘time until switch’ predictor. The latter
was defined as the time remaining until the switch. All predictors were
z-scored prior to model fitting. We assigned a unique label to each neu-
ronandincludeditasarandominterceptinthe model. We thenfitted a
fullmodelincludingall the predictors and areduced model lacking the
time-until-switch predictor (statsmodels” in Python). We obtained the

estimates of the coefficients using the restricted maximum likelihood
(REML), whereas we compared the models using the likelihood ratio test
(LR test) and the Akaike information criterion (AAIC = AIC,cqyced = AlCe1),
with positive values indicating improved fit of the full model. We
repeated the analysis separately for each pre-switch time window
(-400 and -100 ms).
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Extended DataFig. 3 |Relationship betweenrecovered controller gains represents one recovered gain estimate from one prey-specific policyina
andrecovered w trajectories across controller classes. (A). Empirical simulated trial. Each columnrepresents a controller class. Pearson’s
simulation regime (30 simulations x 30 trials x 2 prey-specific controllers): correlation coefficient (r) is shown for each trial epoch. (B). Same as panel A,
scatter plots showing the relationship between recovered controller gains and but for therandom1-5simulation regime. (C). Same as panel A, but for the
recovered w, trajectories at thestart, middle, and end of the trial. Each point random1-40 simulation regime.
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Extended DataFig. 4 |Pairwise relationships betweenrecovered classes. Each pointrepresents onerecovered gain estimate from asimulated
controller gains across controller classes. (A). Empirical simulation regime trial. Pearson’s correlation coefficient (r) isshown for each gain pair. (B). Same
(30 simulations x 30 trials x 2 prey-specific controllers): scatter plots showing aspanel A, but for the random 1-5 simulation regime. (C). Same as panel A, but
pairwiserelationships betweenrecovered controller gains across controller forthe random1-40 simulationregime.
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Extended DataFig.5|Modelrecovery of controller classandblending
parameter w,. We simulated ground-truth trajectories using known controller
class (p) and known wprofiles, considering five types of w,. Simulations were
generated by sampling 20 trials across sessions, with trial durations matched
to the empirical distribution (approximately 0.91,1.45,2.83,and 4.1s). To

fix model complexity, simulations were fit using a fixed number of basis
functions, rather than the model-averaging procedure used in the main text.
(A). Posterior probability of recovering the true generative controller model
relative to abaseline position-only controller. Across all controller classes, the
true generative model was recovered above baseline (all probabilities > 0.5).

Controller classes are defined in Extended Data Table 3. (B). Correlation
betweentrue and predicted position trajectories for each generative
controller class, averaged across simulated trials, showing good recovery
across classes (meanr = 0.83). (C-H). Example simulations showing recovery
ofthe ground-truthblending parameter w, for each controller class. Bluelines
indicate true w,, orange lines indicate recovered w,. Left panels (scaling =1)
show low-complexity trajectories, and right panels (scaling =5) show
higher-complexity trajectories. Complexity was controlled by the scale
parameter of the Gaussian process used to generate w,. Across models, the
meanrecovery ofw,wasr=0.87.
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Extended DataFig. 6 | Fullmodel recovery confusion matrix. To assess
overall modelidentifiability, we performed a full confusion analysis across
three simulation regimes. For each generative model correspondingtoa
controller class (Extended Data Table 3), we simulated datasets with known
parameters (30 datasets with 30 trials each), fit all candidate models to each
dataset, and selected the best-fitting model using the evidence lower bound
(ELBO). (A-C). Confusion matrices quantifying how reliably each generative
controller class could be distinguished from the others under the (A). empirical
simulationregime, (B). random1-5, and (C). random 1-40 simulation regimes.

Recoverability was significantly above chance for controller classes p, pv

and pvi (binomial test, all p < 0.0001), whereas the remaining classes showed
weaker identifiability. The py model, which provided the best fit to participant
behavior, was significantly recovered (43% correct; 95% C1[0.40, 0.47],

p <0.0001), but was frequently confounded with pviand puf. This overlap
likely reflects the nested structure of the controller classes, indicating that
interpretation of fitted model identities should account for partial
non-identifiability between related controller families.
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Extended DataFig.7|Behavioral predictors of target switching and
average controller dynamics. (A). Target switch GLMrestricted to sEEG
subjects (n =19), showing the contribution of behavioral predictors at two time
windows before the switch onset. Left: predictors computed as the mean value
within the100 ms preceding switch onset (-100 to 0 ms). Right: predictors
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computed as the mean value froman earlier window preceding switch onset
(-400to -300ms). Barsindicate the mean posterior effect size (percent
change), and error barsindicate the 95% credible interval, as in Fig. 2h.
Asterisksindicate predictors whose 95% credible interval excluded zero.
(C). Averaged w, trajectory across all the participants (n = 69).



Extended Data Table 1| Experimental cohorts and participants demographics

Number of Mean Gender Collection
Cohort Collection period Task apparatus
participants | age + SD {M/F) site
Baylor
sEEG 401+
) 19 8/11 College of Dec 2022 — July 2025
subjects 13.1 o Computer screen +
Medicine
commercially
Baylor . ) )
Healthy available joystick
. 33 235+45 19/14 College of Nov 2024 — July 2025 )
subjects . (Logitech —
Medicine
extreme 3D pro)
Healthy University of
. 17 222+45 8/9 . Jan 2022 — Feb 2023
subjects Minnesota
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Extended Data Table 2 | Number of recorded neurons across participants and brain regions

subject | ACC | hippocampus | OFC para entorhinal | amygdala | thalamus | PCC
hippocampus
1 3 6 0 0 0 0 0 0
2 15 38 4 0 0 0 0 0
3 18 25 0 0 0 0 0 0
4 25 16 0 0 0 0 0 0
5 25 21 0 0 0 0 0 0
6 17 0 0 0 0 0 0
7 22 0 0 0 0 0 19
8 7 42 0 0 0 0 0 0
9 12 41 0 0 0 0 0 0
10 17 44 0 0 0 0 0 0
11 25 58 0 0 0 0 0 0
12 23 0 0 0 0 0
13 0 34 0 0 0 0
14 0 39 11 17 0 0 8 0
15 31 44 29 0 0 0 0 0
16 24 38 12 0 0 15 12 0
17 20 43 0 0 0 22 0 0
18 12 27 8 0 0 21 13 0
19 6 17 16 0 17 11 9 0
neurons
count 254 546 103 51 17 69 42 19




Extended Data Table 3 | Controller types

Equation Description Associated Model Name
Uprea = Jp €p Current position error P
Current position and velocity
Upred = 9p €p T Gv €v PV
errors
Current and future position
Uprea = Gp €p + J5 € PF
errors
Current, future, and integral PE|
u =gye, tgre,t+g;| e
prea = 9p €p T Ir & glf P position errors
Current, velocity, and integral PV
u =gpe, toye,+g;| e
prea = Gp €p T G Ev glf P position errors
Current, velocity, and future
Uprea = Jp €p +9v €y + g5 es - PVF
position errors

Error signals are denoted e,, (€, = Xyositon, subject = Xposition, target - ) With subscripts indicating type (e.g., e, is current position error).
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Medical) implanted using a ROSA ONE Brain robotic system (Zimmer Biomet). Neural activity was acquired using a 512-channel NeuroPort
System (Blackrock Microsystems) sampled at 30 kHz. Electrode locations were verified using co-registered pre-operative MRI and post-
operative CT scans and reconstructed using FreeSurfer (v7.4.1), Biolmage Suite (v3.5), iELVis, and RAVE. Single-neuron activity was isolated
using Wave_clus spike sorting (Chaure et al., 2018) followed by manual curation based on waveform shape, refractory-period violations, and
inter-spike interval distributions.

Data analysis Data analyses were performed using custom codes written in MATLAB (MathWorks; R2024b) and Python 3.11. Python analyses used NumPy
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The complete preprocessed behavioral and neural datasets generated during this study have been deposited in a Figshare repository and are publicly available at:
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Reporting on sex and gender Biological sex was recorded for all participants and is reported in Table S1 and S2. Sex was determined from medical records
for the intracranial cohort, while it was self reported for the healthy behavioral cohort. The intracranial cohort included 19
participants (8 male, 11 female). The healthy behavioral cohort included 50 participants (27 male, 23 female). No analyses
were performed as a function of sex because the study was not designed or statistically powered to evaluate sex-related
differences.

Reporting on race, ethnicity, or | No socially constructed or socially relevant categorization variables (e.g., race or ethnicity) were used in this study.

other socially relevant Participants were characterized only by clinical and demographic covariates (age, sex, epilepsy diagnosis for the intracranial
groupings cohort) relevant to the neural recordings.
Population characteristics Nineteen epilepsy patients undergoing clinical SEEG monitoring participated. Age ranged from 20 to 68 years (mean + sd =

40.1 + 13.1 years). All participants were patients with drug-resistant epilepsy implanted with depth electrodes for clinical
seizure localization. Periods containing seizures were excluded from all analyses.

50 healthy participants were included for behavioral analysis only. Age ranged from 18 to 33 years for the Baylor cohort
(mean +SD =23.5 + 4.5); age ranged from 18 to 34 years for the Minnesota cohort (mean + SD = 22.2 + 4.5).

Gender for both cohorts is reported above.

Recruitment Intracranial participants were recruited from patients with drug-resistant epilepsy already undergoing clinically indicated
SEEG monitoring at Baylor College of Medicine; recordings were obtained opportunistically during this clinical stay.
Participation was voluntary and did not affect clinical care. Because the sample is limited to surgical epilepsy patients, it is not
representative of the general population, and electrode placement was determined solely by clinical need rather than
research aims, which constrains anatomical coverage. These constraints are inherent to human single-neuron research and
are not expected to bias the within-subject effects reported here. Participants received a standard monetary compensation,
which did not depend on task performance. All participants received the same compensation.
All healthy participants provided informed consent in accordance with protocols approved by the respective institutional
review boards at each site. Also here, participants received standard monetary compensation that did not depend on task
performance.

Ethics oversight The study was approved by the Institutional Review Board of Baylor College of Medicine, Houston, TX (protocols H-18112 for
the intracranial cohort; protocol H-54759 for healthy subjects). All procedures followed the Declaration of Helsinki.
Participants gave written informed consent and were reminded of their right to withdraw at any time.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No formal statistical method was used to predetermine sample size. For the intracranial dataset, sample size was determined by the
availability of eligible patients undergoing clinically indicated stereotactic EEG monitoring and meeting inclusion criteria. During the review
process, six additional participants were included, increasing the final cohort to 19 participants and strengthening the robustness of the
reported findings. This sample size is comparable to, or larger than, those commonly reported in human single-neuron recording studies. The
healthy behavioral cohort comprised 50 participants and was collected to provide an independent behavioral comparison dataset. The final
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sample sizes yielded sufficient numbers of trials, switch events, and recorded neurons to support the statistical analyses reported in the
manuscript.

Data exclusions  No participants were excluded from the study. At the neuronal level, exclusion criteria were pre-established and applied during preprocessing.
Only well-isolated single units meeting standard spike-sorting criteria were retained, including consistent waveform shape, refractory-period
violations below 5%, and appropriate inter-spike interval distributions. All neurons passing these criteria were included in the analyses;
analyses were not restricted to task-responsive neurons. Periods containing seizures were excluded from all analyses. For specific analyses,
neurons with zero total firing or fewer than two valid observations were excluded because the relevant statistical quantities could not be
computed. No healthy participants were excluded.

Replication The reproducibility of the findings was assessed using multiple complementary approaches. Behavioral results were evaluated in both the
intracranial cohort and an independent cohort of 50 healthy participants performing the same task, yielding consistent behavioral patterns.
Neural analyses employed cross-validation, held-out test datasets, permutation testing, and repeated resampling procedures where
appropriate. During peer review, the intracranial cohort was expanded from 13 to 19 participants; the inclusion of these additional
participants did not alter the principal conclusions of the study. The principal conclusions remained unchanged across these validation
procedures.

Randomization  Randomization into experimental groups was not relevant to this study. This was an observational within-subject design in which all
participants performed the same behavioral paradigm (the prey-pursuit task), and no participants were assigned to different experimental
conditions or treatment groups. Consequently, no participant-level randomization procedures were performed.

Blinding All spike sorting and preprocessing were performed prior to the analyses, ensuring that neurons isolation and inclusion were determined prior
to the statistical analyses. Blinding to group allocation was not relevant because the study did not involve experimental groups; all participants
performed the same task and all neurons were analyzed using the same predefined processing and analysis pipelines. Statistical inference
relied on permutation tests, shuffle controls, and cross-validation procedures rather than subjective experimenter judgment.
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