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Extended DataFig. 4 |See next page for caption.



Extended DataFig. 4 |Relationship between monkeys’ timingerrorand
periodicity or phase, and encoding properties of EC neurons at joystick
offset.a,b, Distribution of the first (blue), second (red), and third (green) peak
phase before joystick offset across neurons for monkey A (a) and monkey M (b).
Same as Fig. 2f for the two monkeys separately. ¢, Left, raster plot of an example
neuronwith trials sorted according to the produced vector. The top (black
circle) and bottom (red circle) correspond to undershoot and overshooterrors,
respectively. Middle, ACG of undershoot and overshoot trials. Right, monkey A:
Platvariouslags for undershoot and overshoot trials shows higher periodicity
for overshoot trials. d, To quantify the effect of periodicity on timing error, we
focused our analysis on trials with a distance of 3, which were long enough to
quantify periodicity (i.e. two full periods) and afforded enough repeats to
gainstatistical power. For these trials, we sorted the distribution of timing
errorinascending order and pooled trials from the top and the bottom
tertiles representing undershoot and overshoot trials. We then computed the
periodicity for the two groups of trials following the same ACG procedure as
inFig.2.Note that the number of neurons is smaller than the total number of
periodic neurons because neurons with fewer than 15 trialsin each bin were
dropped fromtheanalysis.d, Left, scatter plot of all periodic neurons’ periodicity
forundershoot trials against those for overshoot trials. Inset, distribution of
periodicity difference. Right, same as left for monkey A. Across neurons, the
response period was significantly larger for overshoot trialsinboth monkeys
(rank-sum test; Z(194) = -5.80, p<<<.0001 for monkey Mand Z(161) =-3.3,

p<<<.0001for monkey A).e-g, Weused ANOVA to analyse the degree to which
different factors (distance, start landmark, target landmark, and direction)
explainthe variance of individual neuron’s firing rates or the rate of change of
firingrate (slope) prior to thejoystick offset. Firing rates were extracted within
awindow of 200 ms before the joystick offset. Slopes were estimated by fitting
alinetothefiring rate withinawindow of 300 ms before the joystick offset. The
two rows correspond to the two monkeys. For all plots, the metric of variance
explainedis the F-ratio for the correspondingindependent variablein the
ANOVA model. e, Variance explained by the firing rate plotted against variance
explained by the slope of firing rate (blue: significant distance effect for firing
rate, red: significant distance effect for slope, black: both, grey: none). Inset:
distribution of the difference of variance explained showing that distance
effect due to mean firingrateis significantly larger than that due to the slope
of firing rate (two-sample t-test, p<<.0001). f, Variance explained for start
landmark factor plotted against variance explained for distance factor (blue:
significant effect for distance, red: significant effect for start landmark, black:
both, grey: none). Inset: distribution of the difference of variance explained,
showing that the distance effectis significantly larger than the start landmark
effect (two-sample t-test, p<<.0001). g, Same asb for target landmark factor vs.
distance factor (blue: significant effect for distance, red: significant effect for
target landmark, black: both, grey: none). Inset: distribution of the difference
ofvariance explained, showing that the distance effect is significantly larger
thanthetargetlandmark effect (two-sample t-test, p<<.0001).
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Extended DataFig. 5| Cross-correlationstructure of periodic neurons
acrossepochs. a, Cross-correlation structure of cell pairs for the top 25
periodic neuronsin the window during mental navigation (first panel), during
thelTI(second panel), during the presentation of start and target landmarks
(third panel), during MNAV error trials (fourth panel) and during MNAV left and
rightdirection trials (two rightmost columns), all sorted according to the peak
correlation lagin the mental navigation window. Top: monkey A and bottom:
monkey M. b, Cross-correlation values averaged over the lag of -5 to 5 ms for
datafrom mental navigation plotted against data from ITI (left) and from the
image presentation window (right). Left panels: monkey A, right panels:
monkey M. ¢, Correlation between cross-correlation values during mental
navigation epoch vsITI (left) and vsinference epoch (right) at various lags
(left). Left panels:monkey A, right panels: monkey M. Red stars denote the
significance of Pearson’s correlation at p <.05 with Bonferroni correction.
d,Same asbbut for sessionsin which the neurons were non-periodic. e-g, Cell-
cell cross-correlation analysis compared across model and neural data. Left,
distribution of lags at which each cell pair’s cross-correlation peaked for model
(e), monkey A (f) and monkey M (g). Right, cross-correlation structure of
simultaneously recorded periodic neurons, rank ordered based on activity
during the navigation epoch for model (e), monkey A (f) and monkey M (g).
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Extended DataFig. 6| Model identifiability for the CANmodel. a, Schematics
ofthemodel, similar to Fig.4a. GCmodules receive input fromaLMthat receives
bothinternalinput (/,,) from GCs and external input (/.,) from visual stimuli.
Thesynaptic weights from GC to LM undergo Hebbian plasticity (+') and undergo
learningbothin the presence of /., mimicking conditions in NTS and in its
absence mimicking conditionsin MNAV. b, Learning of GC to LM connections
inthe presence of I, with a specific periodicity and 4 different phases (i.e.,

4 different model simulations). Left, synaptic weights fromall neuronsinall GC
modules (m1, m2, m3, m4) areinitially random. Middle, after learning, synaptic
weights of those GC cells whose periodicity and phase match /., (middle)
strengthens. Right, tests of the model with landmark placed at 8 different
phases. Learned landmark phase, computed as the phase of the GC neuron
with maximum weight to the LM neuron, plotted as a function of the true
landmark phase for the appropriate module (red) and all other modules (grey).
c,Learninginanewinstantiation of the model with 20 modules. Left, in the

presence of I, withaspecific periodicity and phase (black circle), the model
learns the correct phase and periodicity. Right, robustness of learning relative
tolandmark periodicity. The modellearns to associate the module with the
correct periodicity forawide range of scales. d, Left, ACG of average unit
activation (top) and ACG of Fano factor (bottom) of all units in the model under
noisy velocity (average velocity: 42 a.u.). Middle, average ACG across all units
forarange of velocity (red: fastest; black: slowest). Right, periodicity of unit
activationand Fano factor both scale with the velocity input. e, Left, model
simulations with (red) and without landmarks (black) under different levels of
noise (Weber fraction,wm=0.2and 0.5; wm=0.8inFig.4c,d; avg. velocity:42a.u.).
Dotted lines denote the distance traversed in 650 ms and its multiples. Arrows
pointtolocationsof endogenousresetsin the network dynamics. Middle,
bootstrapped standard deviation of temporal distance versus mean temporal
distance at corresponding noise levels. Right, mean-matched temporal
distances were achieved by adjusting velocity input to the models.
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Extended DataFig.7|Cell-cell cross-correlation analysisondatafroma
previousstudy. a, Reproduced Fig. 2a from Kinkhabwala et al.*® showing the
firing pattern of alandmark cell whenlandmarks were visible (top) and invisible
(bottom). b, Cell-cell spike time cross-correlation across all the simultaneously
recorded cell pairs for region B (left) and for region A (right), both sorted
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visible and plotted against the values fromregion A (left) and region Bwith



Extended DataFig. 8| The Fano factor of ECneuronsis periodicatthe
behaviourally relevant periodicity. a, An example neuron (monkey A) showing
aperiodic Fano factor (bottom) but little or no periodicity in average spike count
time series (top). b, ACG of Fano factor for the two example neurons (blue) and
their corresponding (Poisson) null ACG (orange). ¢, Distribution of periodicity
ofthe Fano factor for neurons with significant periodicity compared to their
corresponding (Poisson) null data. Dotted lines denote the window within
whichsignificant difference was tested. We created a null distribution for each
neuron by passingits mean firing rate through a Poisson process 100 times.
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We calculated the distribution of the true Fano factor by bootstrapping 100 times.
Wethencomputed the autocorrelation of the Fano factor and the corresponding
PIfor bothdistributions. We then estimated the periodicity of each neuron that
had asignificantly higher Plin the window of 300 to 900 mslag, compared to
its corresponding Poisson Null (two-sample t-test with p < (.0001/20), with
Bonferronicorrection). The periodicities of the neurons with significant periodic
Fano factor were tightly clustered at the behaviourally relevant periodicity of
650 ms. d-f, Same as a-c for monkey M. Note that plots ¢, rightand f, rightare
alsoshowninFig.4h.Theyareincluded here for completeness and clarity.
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Extended DataFig.9|Description and identifiability of the two Bayesian
observer models. a, Schematicillustration of the Bayesian observer model
that combines the prior (top left) with the likelihood function (top right: three
examplelikelihood functions associated with three intervals) and uses the
posterior mean to produce the desired interval. We considered two noise models
forinterval production. In one model (left), the standard deviation of noise
scaleswith temporal distance. Thismodelis consistent with pathintegration
withoutincorporating landmarksresets. Inthe other model (right), the standard
deviationincreases sublinearly with temporal distance (variance increases
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linearly withtemporal distance). This modelis consistent with mental navigation
withlandmarkresets. b, Distribution of mean squared error (MSE) between
ground truth datagenerated fromachosen generative model and datagenerated
fromthe two models fitted to the ground truth data. Left: ground truth data
generated fromamodelwithreset (blue). Right: ground truth data generated
fromamodel without reset (red). ¢, Distribution of fitted parameter values
(Weber fraction, w,) of the two models fitted to data generated by the model
withreset (left) and to data generated by the model without reset (right).
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Extended DataFig.10 | Motor preparation signals before joystick offset.
Two example non-periodic neuronsin the EC showing motor-related activity
before joystick offset similar to ‘memory-trace’ cellsin Qasim etal.?>. Overall,
the majority of neuronsin both monkeys showed such motor-related response,
77% (477/614) inmonkey A and 70% (607/864) inmonkey M (two-sample t-test
(p<.0001) between average activity inthe twointervalsindicated by the
shaded grey regions). Within the non-periodic population, the proportion of
neurons withmotor-related response was 81% (368/452) inmonkey A and 89%
(432/481) inmonkey M.
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