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Extended DataFig.7|a. Number of significant sessions for each region R*for the Bayes-optimal prior in WFI. e. Correlations between confounds
represented on the dorsal map for WFland the Swanson map for Ephys. across modalities. Left panel: Number of pixelsin WFl as afunction of the
b.Histograms representing the distribution of the number of significant number of unitsin Ephys. Right: Number of pixels as afunction of the number
sessions for each regioninboth WFI (top) and Ephys (bottom). Note that the of recorded sessionsin Ephys. f. Corrected R*for Ephys as afunction of the
number of significant sessions per region in Ephys is low, which prevents us corrected R*for WFl after correcting the WFI R*data for region size. Correcting
from making robust claims at the regional level. c. Number of units (left) and for theregionsize in WFl was performed by subtracting the size-predicted R?
number of recorded sessions (right) as a function of the decoded R*for the (from paneld) from the WFIR%. Each dot corresponds to one region. All Ephys

Bayes-optimal priorin Ephys. d. Number of pixels asa function of the decoded regions (significantand non-significant) were included in this analysis.
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Extended DataFig. 8 |See next page for caption.



Extended DataFig. 8 |a. Null distribution of the slopes for the proportion of
right choice vs decoded prior onzero contrast trials. Slopes were estimated
using logistic regression to predict the choice (left or right) asa function of the
decoded prior. The null distribution was calculated using 200 pseudosessions.
Foreach pseudosession, pseudoactions were generated from an action kernel
behavioural model that was fit to each real session (see Methods for more
details). We then obtained pseudoslopes by predicting (with logistic regression)
the pseudoactions as afunction of the decoded prior. The null distribution was
obtained by averaging the pseudoslopes across all sessions (we thus obtain
200 averaged pseudoslopes). The empirical average slope (yellow dashed
lines) does not overlap with the null distribution obtained with pseudosessions
(blue histogram). Therefore the correlations between the predicted prior and
proportion of right choice can not be explained away by spurious temporal
correlations or driftin the neural recordings. top: ephys, bottom: WFI. b. Left:
Proportion of right choices vs. cross-validated decoded Bayes-optimal prior
fromneuralactivity for all contrast strengthsin Ephys. Different shades of blue
denote different contrast strengths. Main Fig. 2e focused on the zero-contrast
case; here we show the same analysis across all contrasts. Right: Slopes,
estimated using logistic regression to predict choice from decoded prior (asin
panel a-see Methods). Slopes are strongly modulated by contrast strengths,
arguing against amere perseverative motor bias, which would produce aslope
thatisinvariantacross contrastsc. Sameasb. butin WFI.d. Proportion of right
choicesonzero contrasttrialsasafunction of the decoded region-level Bayes-
optimal prior. We decoded the Bayes-optimal prior for each region and
computed the slope of this decoded prior as afunction of the proportion of
right choices (corrected using pseudo-sessions). Thisis the analysis presented

inmainFig.2ebutataregionlevel (significanceis assessed when theregion-
level p-values < 0.05, using Fisher’s method for combining p-values). We
observed that the slopes are significantin17.8% of the regions in Ephys and
90.1%in Widefield, spanning every level of the hierarchy, including LGd, SCm,
CP,MOs, and ACAd. It should be noted that the analysis for Ephysincludes only
241regions dueto the exclusion of two sessions where the mouse made the
same choiceonevery zero contrasttrial. e. Correlation at theregional level
betweenthe decoded R? values and the corrected slopes. We find correlations
inbothmodalities. These correlations prompt furtherinvestigationinto
whether they could be explained away by differences in how the Bayes optimal
prior versus theaction kernel model account for behaviour across sessions.
Specifically, sessions that more closely follow the action kernel model could
potentially show lower corrected R*and slopes, as these metrics are calculated
using the Bayes optimal prior. In Ephys, we found no correlation between the
log Bayes Factor (the differenceinthe marginalloglikelihood between the
action kerneland Bayes optimal models at the session level) and the corrected
slopes (Spearman correlation:R=0.05,P =0.29, N =412 sessions), with the
corrected slopes averaged across regions for each session. Inwidefield, asmall
correlation was detected (Spearman correlation:R=-0.34,P =0.014, N =51
sessions). However, even after adjusting for the log Bayes factor (by removing
thelinear prediction of the log Bayes factor from the corrected slope), the
correlation between the corrected R?and the adjusted corrected slope remained
strong (Spearman correlation:R=0.935,P =4.7 x10™,N =32 regions). This
suggests that the type of behavioural strategy the mice used does not confound
the correlation between the corrected R? and the corrected slope.
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Extended DataFig.9|a.The decoding R*for the Bayes-optimal prior from
neural activity is significantly correlated with the decoding R? for the Bayes-
optimal prior from DLC features (Pearson correlationR=0.18,P=1.6 x107).
b.Embodimentanalysis accounting for both the DLC features and the eye
position. Left: Decoding R?for the Bayes-optimal prior from neural activity
against decoding R*for the Bayes-optimal prior from DLC features and eye
position. The correlation between these two quantities is significant (Pearson
correlationR=0.24, P=2.5x10"). Right: DLC +eye position residual decoding
R*against neural decoding R The residual decoding R? values are obtained by
firstregressing the Bayes-optimal prior from DLC features and eye position,
andthenregressingthe prior residual (Bayes-optimal prior minus Bayes-optimal
prior estimated from DLC features and eye position) against neural activity.
The neuraldecoding R? corresponds to the R?when decoding the Bayes-optimal
prior fromneural activity. The two quantities are strongly correlated (Pearson
correlationR=0.79, P=5.5x10"*), suggesting that the prior cannot be entirely
attributed toacombination of both DLC features and eye position. c. Regressor
eliminationapproach: for each feature, we remove it to measure the decreasein
thedecoding score compared to the fullmodel (see Methods). The first feature
toimpact the modelsignificantly when removed is the paw position. In this

Neural prior decoding of LGd/VISp
(corrected R?)

Neural prior decoding of LGd/VISp
(corrected R?)

task, the paws are typically engaged to manipulate the wheel, whichin turn
adjusts the stimulus. It appears that the paws are positioned differently—likely
onthe wheel-depending on whether the prior suggests the next side will be
leftor right. The second key feature was the x-coordinate of the eye position,
which aligns with the task setup where the stimulus is positioned along a
horizontal plane, indicating that the micetend tolookinthe direction suggested
by the Bayes-optimal prior. d. Left: decoding R*for the Bayes-optimal prior
fromneural activity in VISp and LGd against decoding R*for the Bayes-optimal
prior fromeye position. The correlation between these two quantitiesis
significant (Pearson correlation R = 0.36, P=0.0163). Right: residual decoding
R*againstneural decoding R2. The residual decoding R? values are obtained

by first regressing the Bayes-optimal prior against eye positionand then
regressing the prior residual (Bayes-optimal prior minus Bayes-optimal

prior estimated from eye position) against neural activity in VISp and LGd

(see Methods). The neural decoding R? corresponds to the R*when decoding
the Bayes-optimal prior from neural activity. The two quantities are strongly
correlated (Pearson correlation R= 0.8, P=7.3x10™), suggesting that the prior
signalsinLGd and VISp are not solely due to the position of the eyes across blocks.
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Extended DataFig.10| Granger causality analysis. a. Average percentage of
significant directed pairs between two regions thatreflect the prior across
sessions. When consideringall pairs of regions encoding the prior significantly,
and for which we had simultaneous recordings, we observed that information
was significantly exchanged between 71% of these pairs in Widefield imaging
and 36%in Ephys. Blue histograms: null distribution. b. Average percentage

of significant directed pairs (A- > B) whichare reciprocated within the same
session by their counterparts (B- > A); we found this to occur 38% of the time in
Widefieldand11%in Ephys. Blue histograms: null distribution. (same as in main
Fig.2h). c. Histogram showing the number of sessions for each directed pair
and barplotshowing the percentage of observed directed pairs (directed pairs
with atleast one session) versus unobserved pairs. Right: In Ephys, with a total
of242 observed regions, the possible number of pairs amounts to 242 x
241=58,322.0f these, approximately 10% of the directed pairs had been
recorded simultaneously, but the vast majority (75%) of these pairsappearedin
two or fewer sessions, highlighting their scarcity. Left: Widefield provides a
richer dataset, because, with 32 regions recorded simultaneously, we can
analyse atotal of 992 possible directed pairs (32 x 31), most of them available
onallsessions. d. Left: Complete connectivity graph from Ephys (p < 0.05
uncorrected for multiple comparisons). When correcting for multiple
comparisons, none of the links remains significant. This lack of significant

findings post-correctionislikely due to the sparse nature of the observationsin
Ephys (see panel c.). Right: Connectivity graphin Ephys across Cosmos regions
(p <0.05Bonferronicorrected). p-values across directed pairs of regions are
aggregated at the Cosmoslevel with Fisher’'smethod (see Methods, identical to
main Fig.2gleft). e. Left: Complete connectivity graph from Widefield (p < 0.05
Bonferronicorrected). The graphis densely populated and consequently
difficulttointerpret. Middle: A partial connectivity graph from Widefield,
highlighting significant directed pairs projecting to the Primary Visual Cortex
(VISp), asshownin Fig. 2g (right). We uncover feedback connections from
higher-order areas such as the Motor Cortex (MOs), Ventral Retrosplenial
Cortex (RSPv), Prelimbic Cortex (PL), and Anterior Cingulate Area Dorsal
(ACAd) —theseregions are marked with grey circles for emphasis — to the early
sensory area, the Primary Visual Cortex (VISp). Left: Percentage of sessions
exhibiting significant reciprocal connections (A->VISp->A) for sessions in
which the Bayes optimal prior could be significantly decoded from both VISp
andthe previouslyidentified higher-order regions (MOs, RSPv, PLand ACAd).
Thesize of thearrowis proportional to the percentage. Our findings indicate
the existence of reciprocal connectionsin these sessions: 33.3% between MOs
and VISp,16.7% between ACAd and VISp, 20% between PLand VISp, and 18.75%
betweenRSPvand VISp.
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Extended DataFig.13|a.Bayesian model comparison for11behavioural
models, considering the possibility of one step repetition bias (i.e. atendency
torepeat the previous choice), multi-step repetition bias (i.e. atendency to
follow an exponentially decaying average of past choices), and, for the stimulus
kernelmodel, the presence of positivity and confirmation biases as asymmetric
learning rates (accounting for the possibility to learn differently from positive
versus negative rewards and from information that confirms versus contradicts
existing beliefs*°. See Methods for more details on the Bayes-optimal, action
kernel and stimulus kernel models and Supplementary information for the
formal equations of the repetition biasand asymmetrical learning rates. Model
frequency (the posterior probability of the model given the subjects’ data, left
panel) and exceedance probability (the probability that a model is more likely
thanany other models, right panel) are shown. The action kernel model offered
the bestaccountof the dataeven whenincluding models with repetition,
positivity and confirmation biases (Peyceedance > 0.999). b. Bayesian model
comparison for two behavioural models, the action kernel and a variant that
operatesonly during 0% contrast trials (by calculating an exponentially decaying
average of chosen actions at 0% contrast trials). Our comparisons indicate that
theaction kernel, updating across all contrasts, more effectively explains
behaviour (exceedance probability > 0.999), suggesting that mice do not limit
their subjective prior estimations to 0% contrast trials alone. c. Performance
on zero contrast trials, distinguishing whether the preceding action was
correctorincorrectand considering that the previous contrast was non zero.
This analysis mirrors the main analysis in Fig. 4c butisspecifically restricted to
previoustrials with non-zero contrast. When considering behaviour within
blocks, anagentusing anactionkernel prior should show a higher percentage

Animals Action kernel

of correctresponses followingacorrect, block-consistent action compared to
anincorrectone. Thisisbecause, onincorrecttrials, the prioris updated with
anaction corresponding to theincorrect stimulus side. Even when limited to
previoustrials with non-zero contrast, thereis anotable differencein the
probability of making a correctdecision following anincorrectvs.acorrect
choice (Wilcoxon paired test, t =11734, P =1.1x107). This finding is confirmation
that mice update their priors using information from all contrast levels, not
solely zero contrast trials. d. Psychometric shift during both the first 90 trials
(unbiased) and the other trials (biased) for animals and the action kernel. This
shiftis determined by analysing two psychometric curves, one conditioned on
theactionkernel prior being above 0.5 (favoring theright side) and the other
conditioned onthe actionkernel prior beingless than 0.5 (favoring the left
side). We fit psychometric functions to these curves, and then calculate the
psychometricshiftas the vertical displacement of these curves at zero contrast.
As predicted by the action kernel model, the analysis reveals a significant
positive psychometric shift during the unbiased phase (first 90 trials).
Furthermore, the shiftinthe behavioural dataisless pronounced during the
unbiased period compared to the biased period because the stimuliare more
balancedinthe unbiased phase, keeping the subjective prior closerto 0.5.
Specifically, when distinguishing the trials that favour the right side (action
kernel priorabove 0.5) from those favoring the left side (action kernel prior
below 0.5), theunderlying action kernel priors remained close to 0.5 during the
unbiased period. However, the presence of significant and comparable shifts
betweenthe animals and theaction kernel model during the unbiased period
indicates that mice exhibitabehavioural shift during the unbiased trials.
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Extended DataFig.14|Same analysis asin Fig. 4c,e, but for three specific
brainregionsusing Ephys (SCm, CP, VPM) or WFl data (right column, MOp,
VISp, MOs) (*p<0.05, **p<0.01, **p<0.001). For the influence of past actions

onthe decoded Bayes-optimal prior, significanceis assessed in the same way as
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inthe main Fig. 4e (see Methods). For the asymmetry effect, the effect being
observed onabrain-wide level, we performed al-tailed signed-rank Wilcoxon
pairedtest for assessing significance on theregion level.
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Extended DataFig.15|See next page for caption.
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Extended DataFig.15|a.Behaviouralinverse decay constants, obtained by
fitting the stimulus kernel model to the behaviour, as a function of the neural
inverse decay constants, obtained by estimating the temporal dependency of
the neural signals withrespect to previous stimuli (see Methods). The neural
and behavioural inverse decay constants are not significantly correlated for
either Ephys (Pearson correlationR=0.03, P=0.71) or WFI (Pearson correlation
R=-0.04,p=0.82).b.Hierarchical modelling of the neural and behavioural
inverse decay constants (also referred to here as learning rates). The parameter
Hy defined for each mousej, isthe slope (the multiplicative coefficient) of the
linearregression predicting the neural learning rate from the behavioural
learning rate (on the sessions of mousej). These parameters y. are sampled
fromacommon populationlevel prior withmean . The parameter u, defined
atthepopulationlevel, characterizes anoverall relationship between neural
and behavioural learning rates. We found that the relationship between neural
andbehaviourallearning ratesis significantly positive for the action kernel model
(toprow), bothinelectrophysiology (left column) and in widefield imaging
(right column), whichis not the case for the stimulus Kernel model (bottom
row). Furthermore, when testing the difference in means of the population
level parameter Ho between action and stimulus kernels, we found thatit was
significantly greater for the actionkernel, both in Ephys and in WFI. Significance
was assessed by estimating the means of the u distributions for the action

and stimulus kernels with the BEST Bayesian test®. In both Ephys and WFI,

we found that p( ﬂézctl(emel > ﬂostimkernel y=1with MézctKemel and ﬂgtimkemel the
means of the y distributions for the action and stimulus kernels, respectively.

Regarding the effect sizes, with the same BEST procedure, we find an effect size
of2.53inEphysand1.96 in widefield (effect sizes greater than1.3 are commonly
consideredtobe very large®*). See Supplementary Information for the full
specification of the hierarchical generative model. c. Correlation, ataregion
level, between neuralinverse decay constants (estimating temporal dependency
of the neural signals on previous actions), and behavioural inverse decay
constants (from fitting the action kernel to behaviour). A decay constant is
estimated for each pixel (asin Fig. 4f, refer to Methods), but now, averages are
takenacross pixels for each session and specific region. In the analysis Fig. 4f,
session-level learning rates were obtained by averaging across all pixels,
regardless of regionidentity. Left: Regions with asignificant correlation
between behavioural and neural inverse decay constants. As expected, only
positive correlations emerge as significant. Right: Correlation between
behavioural and neural inverse decay constants is correlated with the prior
decoding corrected R*from the same regions. These two quantities were found
tobealsocorrelated (R=0.46,P =0.008).In other words, regionsin which the
prior decoding R*is large are also regions which best reflect the behavioural
decay constant, i.e., thesearetheregions thatarebest correlated with the
animals’ cognitive strategies as assessed by thelengths of the action kernels.
Wedid not repeat this analysis with the electrophysiology recordings because
we only have avery limited number of significant sessions per region (1-2 for
mostregions, as opposed toaround 20 sessions per region for the WFl data - see
Extended DataFig.7a,b).
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Data collection  please see https://int-brain-lab.github.io/iblenv/notebooks_external/data_structure.html

Data analysis all our code is available at https://github.com/int-brain-lab/prior-localization
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scikit-learn==1.5.1
psychofit @ git+https://github.com/cortex-lab/psychofit.git
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brainwidemap @ git+https://github.com/int-brain-lab/paper-brain-wide-map.git
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The electrophysiology data for this paper are available via http://viz.internationalbrainlab.org and https://int-brain-lab.github.io/iblenv/notebooks_external/
data_release_brainwidemap.html

The widefield and pupil tracking data are also available through the public IBL database (https://openalyx.internationalbrainlab.org) and can be accessed via the
ONE API using the tag ''2023_Q3_Findling_Hubert_et_al" as described here https://int-brain-lab.github.io/ONE/notebooks/one_search/one_search.html#Searching-
data-with-a-release-tag.

The Swanson flat map can be found at https://int-brain-lab.github.io/iblenv/notebooks_external/atlas_swanson_flatmap.html

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

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

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

Sample size No statistical methods were used to predetermine sample sizes. For electrophysiology, data were collected from 699 Neuropixels probe
insertions across 459 sessions in 139 mice, with 414 sessions meeting inclusion criteria. For widefield calcium imaging, 51 sessions from 6
mice were included. Regions were analyzed if at least 5 well-isolated units (Ephys) or pixels (WFI) passed quality control. These sample sizes
ensured sufficient statistical power for decoding analyses and robust brain-wide coverage, as supported by estimates indicating ~10
recordings per region are sufficient (see fig S5e).

Data exclusions  Pre-established exclusion criteria were applied to ensure data quality. Trials were excluded if mice did not respond, or if reaction times were
<80ms or >2s. Sessions with <250 included trials were excluded (41 Ephys, 1 WFI). For electrophysiology, only neurons passing strict quality
control (amplitude >50uV, noise cut-off <20, and no refractory period violations) were included. Regions required >5 QC-passed units (Ephys)
or pixels (WFI) to be analyzed. These criteria were defined prior to analysis and are detailed in the Methods.

Replication The main behavioral and neural analyses were replicated across two independent recording modalities—Neuropixels electrophysiology (699
insertions across 459 sessions in 139 mice) and widefield calcium imaging (51 sessions in 6 mice). Behavioral effects and neural decoding of
the prior were consistent across both modalities.

Randomization  Randomization into experimental groups was not applicable, as all mice were trained on the same task and underwent the same recording
procedures. To assess significance in decoding neural representations, we employed a pseudo-session resampling procedure to construct null
distributions, as detailed in the Methods.

Blinding Blinding was not performed because all mice were trained using identical protocols and recorded using standardized procedures. There were
no experimental groups or treatment conditions to blind against.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging
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Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals we used C57BL/6 laboratory mice
Wild animals No wild animals were used in this study
Reporting on sex both sexes were used; and are reported

Field-collected samples  No field-collected samples were used in this study

Ethics oversight All experimental procedures involving animals were conducted in accordance with local laws and approved by the relevant
institutional ethics committees. Approvals were granted by the Animal Welfare Ethical Review Body of University College London,
under licences P1DB285D8, PCC4A4ECE, and PD867676F, issued by the UK Home Office. Experiments conducted at Princeton
University were approved under licence 1876-20 by the Institutional Animal Care and Use Committee (IACUC). At Cold Spring Harbor
Laboratory, approvals were granted under licences 1411117 and 19.5 by the IACUC. The University of California at Los Angeles
granted approval through IACUC licence 2020-121-TR-001. Additional approvals were obtained from the University Animal Welfare
Committee of New York University (licence 18-1502); the IACUC at the University of Washington (licence 4461-01); the IACUC at the
University of California, Berkeley (licence AUP-2016-06-8860-1); and the Portuguese Veterinary General Board (DGAV) for
experiments conducted at the Champalimaud Foundation (licence 0421/0000/0000/2019).

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