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Extended DataFig. 4 |Consistency in FINDR-inferred dynamics. a, FINDR-
inferred input and autonomous dynamics are consistentacross 5 different
cross-validation folds as shown for the same sessionin Fig. 2. b, Normalized
differencein the speed between autonomous and input dynamics for five
different time periods (“start (time=0s)” “early”, “pre-peak”, “post-peak”, and
“late”) is consistent across folds (n=27; seeFig. 3c). ¢, The direction of motion
ofthetrial-averaged trajectories andits angle with respect to the z;-axis for
different time periodsis consistent across folds (n =21out of 27 sessions; see
Fig.3d).d, Variability in the dynamics across sessions dependsin parton the
variability in the behavioral performance. For each each session, behavioral
sensitivity was estimated as the parameter 3 inaprobit model p(y | x) = ®(B*x +c¢),
whereyistherat’sleftvs.rightchoice oneachtrial, x thelog-ratio of the right
vs.left click rate on that trial, ® the normal cumulative distribution function,
cthe constantterminthe probit model. The two-sided p-value of the Pearson’s
correlation was computed using a Student’s t-distribution for a transformation
ofthe correlation. Pink marker indicates the example session. e, The linear
correlation between the difference in autonomousvs. input dynamics and
behavioral sensitivity was negative for all epochs, but reliable only for the pre-
peakepoch. The 95% confidence intervals were computed by bootstrapping
acrosssessions (n=27).f, FINDRreliably recovers the FINDR-inferred dynamics.
After fitting FINDR to adataset, the model parameters were used to simulatea
synthetic dataset using the exact same set of sensory stimuliin the real dataset
and containing the same number of neurons and trials. From new initial

parameter values, FINDR was fit to the simulated data to infer the “FINDR-
generated” vector fields. g, FINDR s fit to both choice-selective and non-
selective neurons. We find similar dynamics to when FINDR s fit to only choice-
selective neurons. h, We find vector fields that are consistent across multiple
differentrandomseeds that change theinitializationin the deep neural
networks of FINDR and the order inwhich the mini-batches of the training data
aresupplied to FINDR during training. i, Curved trial-averaged latent trajectories
predicted by FINDR depend ontheclickinputs. When FINDR was fit to datain
which the clickinputs were randomly shuffled across trials, the trial-averaged
latent trajectories remain near the origin. j, The dynamics are two-dimensional
eveninthebeginning of the decision period. An early-epoch sample zone
indicated by the dotted line was computed using trajectories that were truncated
attime=0.33s. The early-epoch samplezone delimits the portion of the state
occupied by atleast 50 of 5000 simulated single-trial trajectories. k, When we
computethe PCs for the trajectories truncated at time=0.33 sand project the
trajectoriesonto PC2, thestandard deviation along this directionis 20.4% of
thestandard deviation along PC1.1, We candecode behavioral choice from
logistic regression significantly better than chance (dashed line) from the
projections of the truncated trajectories onto PC 2. Bold line indicates the
mean, and the shading indicates 95% confidence interval. m, Single-trial latent
trajectories extending to time=1.0 s, simulated using stimuli of different
evidencesstrength, whichis quantified by the ratio of rightand leftinputs.
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Extended DataFig.5|Thedataarebetter captured by FINDR thanbya cFINDR. ¢, Example DDM line attractor dynamics generated from cFINDR.
variant of FINDR constrained to parametrize the dynamics described by d, Example non-normal dynamics with aline attractor generated from cFINDR.
previously proposed hypotheses. a, The constrained FINDR (cFINDR) model e, cFINDR-inferred dynamics froma synthetic dataset generated using the
replaces the neural networks parametrizing Fin FINDRwithalinear combination  bistableattractor dynamicsinb.f, cFINDR-inferred dynamics from asynthetic
ofaffine dynamics, specified by Mand N, and bistable attractor dynamics datasetgenerated using the DDM line attractor dynamics generatedinc.
specified by ¢. Thedynamics are furthermore constrained to be two- g, cFINDR-inferred dynamics fromasynthetic generated using the non-normal

dimensional. b-g, cFINDR model can generate and infer dynamics describedby ~ dynamicswithalineattractorind.
previous hypotheses. b, Example bistable attractor dynamics generated from
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Extended DataFig. 6 | Multi-mode drift-diffusion model (MMDDM).
a,Directedgraph of the MMDDM for a trial with Ttime steps and Nsimultaneously
recorded neurons. Ateachtimesstep, the decision variable zdepends on
external clickinput (1) and its value in the previous time step. The spike train
dependsonzandalso atime-varyingbaseline input. The behavioral choice (c)
isthesignofthe decision variable at the last time step. In this example trial,
zreachesthebound, and the encoding weight of zof each neuron changes from
weytowpe.b, The MMDDM s aninstance of astate-space model, which consists
ofadynamic model governingthe probability distributions of the latent states
(here, scalar decision variable z) and measurement models specifying the
conditional distributions of the emission (here, spike counts yand therat’s
choicec) giventhe value of the latent states. In the dynamic model, z’s time
derivative (2) is a piecewise linear function. When the absolute value of zis less
thanthe bound height B, the velocity depends on external click input (u) and
i.i.d. Gaussiannoise (7). When zreaches either -Bor B, the time derivative is
zero.Theinputofeachclickemitted at time ronzisscaled by the depressive
adaptation from previous clicks, parametrized by C(7), and it is corrupted by
i.i.d. multiplicative Gaussian noise {with variance o,>. The parameter o,’is
oneofthethree parameterslearned duringfitting and represents the signal-to-
noise of the system. The behavioral choice (c) is the sign of the decision variable
atthelasttime step. The mapping from zto spike train response (y) passes
through the softplus nonlinearity hand depends on baseline b and encoding
weight w. The encoding weight s either w;, and w,.depending onz. The three
parametersthatare fitin MMDDM consist of the bound height B, the mean u, of
starting distribution, and the signal-to-noise of each momentary input.c, The
baselineinput consists of a cross-trial component, parametrized by smooth
temporal basis functions, as shown for an example neuron. d, The spike history
filter of the same neuron. e, The post-stimulus filter of the neuron. This filter
doesnotdependonthe content of the click trainand only depends on the
timing of the first click, which is always a simultaneous left and right click.

f, The kernel of the same neuron to account for movementanticipation. The
kernel does not depend on the actual choice of the animal. g, The psychometric

functionis well captured across sessions. h, The vector field inferred fromreal
spike trainsis confirmed to be similar to thatinferred from MMDDM-simulated
spike trains for the session“T176_2018_05_03".i, After fitting the model to
eachrecordingsession, the learned parameters are used to simulateadata

set, using the same number of trials and the same auditory click trains. The
simulations are used to fitanew model, the recovery model, starting from
randomized parameter values. The encoding weights of theaccumulated
evidence of the recovery model are compared against the weights used for the
simulation (which were learned by fitting to the data) using the coefficient-of-
determination metric. j, Consistency in the encoding weights between the
training models during five-fold cross-validation. For each session, a coefficient-
of-determination was computed for each pair of training models (10 pairs), and
themedianisincludedinthe histogram.k, Whereas the Poisson distribution
requires the mean tobe the same as the variance, the negative binomial
distributionisacountresponse model that allows the variance tobe larger
thanthe mean p, withan additional parameter a, the overdispersion parameter,
thatspecifies the variance to be equal to p + ap®. When the overdispersion
parameteriszero, thedistributionis equivalent toaPoisson.Fitting the datato
varying values of the overdispersion parameter shows that log-likelihood is
maximized withaPoisson distribution for the conditional spike count response.
Similarly, when the overdispersion parameter was learned from the data, the
best-fit values were all close to zero. 1, The magnitude of the input after sensory
adaptation of each clickinasimulated Poisson auditory click train. Based on
previous findings?*, the adaptation strength (¢) is fixed to 0.001, and the post-
adaptationrecoveryrate (k) to100. The generative click rateis40 Hz, asin the
behavioral task.m, Sensory adaptationis not critical to theimprovementin fit
by the MMDDM compared to the single mode DDM. Even without modeling
sensory adaptation-by setting ¢ =1and k = 0, suchthatevery click has the same
input magnitude-the out-of-sample log-likelihood is reliably improved by the
MMDDM compared to the single mode DDM. n, The out-of-sample goodness-
of-fitofthe PSTH’sis alsoreliably improved eveninthe absence of sensory
adaptation. m-n, P-values were computed using two-sided sign tests.
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Extended DataFig. 7 |nTcand psychophysical kernels. a, For the inferred
weights of the stimulus fluctuations to beinterpretable, the click input
fluctuations must not be strongly correlated across time steps. On each time
step oneachtrial, the fluctuationinauditory clickinput was computed by
counting the observed differencein right and left clicks at that time step, and
thensubtracting fromit the expected difference given the random processes
used togenerate the stimulus. Theinput fluctuations at time step of t =0 s were
excluded because they are strongly correlated with the input fluctuations
before decision commitmentand strongly anti-correlated withinput
fluctuations after commitment. b, To determine the time resolution of the
kernel that best captures the weight of the input fluctuations, 10-fold cross-
validation was performed to compare kernels quantified by different numbers
of parameters and types of basis functions. The kernel with the lowest
temporal resolutionis a constant, represented by asingle parameter, implying
that fluctuations across time have the same weight. At the highest time
resolution, the kernel canbe parametrized by aseparate weight for each time
step. Atintermediate time resolution, the kernel is parametrized by basis
functions that span the temporal window. The basis functions canbe evenly
spaced across the temporal window, or stretched such thattimeneart=0s
isrepresented with higher resolutionand time far fromt =0 s with lower
resolution. The most likely model had six moderately stretched (7 =1) basis
functions. ¢, The optimal model’s set of six moderately stretched (n =1) basis
functions. d, Even when using basis functions, the psychophysical kernel is
consistent with the core prediction of MMDDM: The psychophysical weight of
the stimulus fluctuations on the behavioral choice ceases after the time of
decision commitment. Note that no basis function was used in the analysis in
Fig.5d. e, In contrast to the commitment-aligned kernel, the kernel aligned to
the onset of the auditory click trains is smooth. Mean stimulus onset-aligned
psychophysical kernel across sessions, estimated using amodel with five
temporal basis functions. For each session, 10-fold cross-validation was
performed onfitting the kernel model to the data, and ten estimated kernels
were averaged. Then, the kernels were averaged across sessions. f, The onset-
aligned psychophysical kernelis parametrized by five evenly spaced radial
basis functions. g, Cross-validated model comparison shows that atemporally
flat psychophysical kernelis most likely given the observed data. h, Similarly,
given the simulated choices generated by the MMDDM, the out-of-sample log-
likelihood is maximized by assumingaflatkernel. g-h, N=115sessions. i, The
approximately flat psychophysical kernel inferred from MMDDM-simulated
choicesis consistent withthe MMDDM'’s prediction of the probability of

decision commitment given the stimulus: throughout the trial, the probability
of decision commitmentis relatively low, and at no pointin the trial is decision
commitmentanabsolute certainty. j, Att=0.75s, the window used to compute
the psychophysical kernel, the median probability of decision commitment
across sessionsis 0.57.k, A small but statistically significant effect of whether
decision commitment was reached on the “movement onset time”, i.e., thetime
whenthe ratwithdrawsits nose fromthe fixation port minus the earliest time
whentheratisallowedtodoso. Theeffectis notsimply due to trial difficulty
because it remains when we consider only easy trials (right: left click rate either
greater than38:1orless than1:38). k-m, N =35962 trials (without nTc), 19095
(with nTc), 10261 (without nTc among easy trials), 7962 (with nTcamong easy
trials). 1, Similar effect of whether commitment was reached ontherat’s
“movement executiontime”, i.e., the time whentheratreacheseithertheleftor
right port minus the time when it withdrew its nose from the fixation port.

m, Relative timing of decision commitments between pairs of simultaneously
recorded brainregions. For each pair of regions, the comparison was made on
only the trials on which the threshold for commitment was crossed for both
regions. N =3936 trials (dmFC vs. mPFC), 7024 (M1 vs. dStr), 6251 (M1vs. vStr),
8463 (dStrvs.vStr), 529 (dStrvs. FOF), 487 (vStr vs. FOF). n, Inferred times of
commitment, relative to stimulus offset. m-n, P-values were computed using
two-sided sign tests. 0, As expected from the model, nTc’s occur more oftenin
easier trials, i.e., trials with larger generative (experimentally controlled)
difference between theleftand right click rate. p, Asexpected from the model,
the meanvalue of the latent variable (the expectation under the posterior
probability given the spikes and choice) reaches values of larger magnitude on
trialson which nTc could be inferred compared to trials on which an nTc could
notbeinferred. Shadingindicates 95% bootstrapped confidenceintervals
across sessions. q, Consistent with the model, even when considering only the
period while the clicks were still playing, the mean of the latent variable
abruptly plateaus after the nTc. r, The trials on which nTc could be estimated
were separated into three groups using the terciles of the distribution of nTc
relative to stimulus onset. s, Psychometric function of each group, showing the
fraction of arightchoice against the generative (i.e., experimentally specified)
difference between therightand left click rates. t, Behavioral sensitivity is
higher for trials with longer nTc. Alogistic model with two terms (bias and
slope) wasfittoregressthe choice oneach trial against the generative
differencein click rate. Dataare presented as the best-fit slope parameters and
their 95% confidenceintervals, computed by bootstrappingacross trials.
N=6120 trials (first tercile), 6545 (second tercile), 6336 (last tercile).
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Extended DataFig. 8| The distribution of commitment timesinferred from
MMDDM does not match the distribution of start time of peri-movement
kernels. a, Separately for each choice-selective neuron (N =4605), peri-
movementkernels are estimated using Poisson generalized linear models
(GLM)*%38 Theinputs (i.e., regressors) to the model depend on two events that
occuroneachtrial: onset of fixation (i.e., when theratinsertsits noseinto the
center port), and the time when theratleaves the center port and begins to
move toward the side port. Animpulse (i.e., delta function) at the time of each
eventisconvolved withalinear filter, or kernel, to parametrize the time-varying
inputrelated tothatevent. Ateach timestep, the sum ofthe inputsis fed through
arectifying nonlinearity (softplus) to specify the neuron’s Poisson firing rate at
thattime. Three kernels, related to fixation, leftward movement, and rightward
movement, are learned by maximizing the marginal likelihood*’. b, Example
neuron. Two GLM variants were fitted to the same neuron, and for each GLM
variant, the observed peri-event time histogram (PETH) is overlaid the cross-
validated, model-predicted PETH. The choice-dependence of the PETH of this

neuroniswell captured by the model variant whose peri-movementkernels
start-3.0 sbeforeand 0.5 s after movement onset (left), but less well captured
by another variant whose peri-movement kernels time base are limitedto-0.5
to 0.5 (right). ¢, To identify the optimal start of the movement kernel for each
neuron, cross-validated (5-fold) model comparison was performed onseven
modelvariants that vary inthe start time of the movementkernels and the
number of radial basis functions used to parametrize the kernels. The end time
ofthe movementkernel (0.5 s), and the parametrization of the fixation-related
kernel (-1.5st02.0 sand 4 basis functions) areidentical for all variants.d, The
out-of-sample log-likelihood s highest for the model variant whose peri-
movementkernelsstartat-3.0s.e, Foreachneuron, the GLM variant with the
highest out-of-sample log-likelihood determines the optimal start of the
peri-movementkernels. Themode of the distributionisat-3.0 s.f, The start
of peri-movement kernels for most neurons precede the time of the first click.
g, The start of peri-movement kernels for most neurons precede the earliest
commitment timeinferred from MMDDM.
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Extended DataFig.9|Changesinneural responses after stimulus offsetare
moreclosely aligned to movement onset thanstimulus offset. a, Relative
timing of task events. The offset of the auditory click train stimulus always
occurredattheend ofthe1.5s minimum fixation period onevery trial. b, The
median time of movement onset relative to stimulus offset across trials without
aneurally inferred time of commitment (nTc) is 0.192 s. The rightmost bin
contains trials for which the movement onset is 0.8 s or more after stimulus
offset. ¢, Principal component analysis (PCA) was performed on peri-event
time histograms (PETH’s) aligned to stimulus offset (circles) and averaged
across trialswithouta neurally inferred time of commitment (nTc). Spikes were

countedin10 msbins, and the PETH was not additionally filtered. Spikes after
the animal moved away from the fixation port (i.e., movement onset) were
included. For each neuron and each trial condition, the PETHis a100-element
vector. Concatenating across 4605 choice-selective neurons and 4 trial
conditions gave a4605-by-400 matrix. The mean of eachrow (i.e., the average
response of each neuron) was subtracted from the matrix, and PCAwas
performed onthe resulting matrix. Trianglesindicate the median time of
movement onset. Projections are scaled by the standard deviation explained
byeachPC.d,PCAperformed PETH’s aligned to movement onset offset and
averaged acrosstrials without nTc.
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Extended DataFig.10|Further analyses and validation of the dynamics
discovered by FINDR. a, Whenwe computed the eigenvalues of the numerical
Jacobian] obtained from the detected slow pointaround the origin, thereal
components of both eigenvalues were greater than zero for all sessions (n =27),
indicating that the origin is not astable point. Units of 1 are sec™. b, To quantify
how non-normal the dynamics are around the origin, we computed the angle
between the two eigenvectors of ). 90°indicates that the dynamics are normal,
and angleless than 90°indicates that the dynamics are non-normal. ¢, We
further evaluated the non-normality of the discovered dynamics around the
origin by taking the Schur decompositionJ = QTQ*and computing the ratio
between the non-normal part and the normal part of the dynamics, p = |7, ,||/
II[T,1; T5,,1ll. p> O indicates that the dynamics are non-normal, with higher
values of pindicating stronger non-normality. d, Here we estimated the low-
dimensional vector field for each session using amethod that does not specify
adynamical model (“model-free” approach). We compared the vector fields
estimated using this approach to the FINDR-inferred vector fields. To obtain
the model-free vector field, we first estimated single-trial firing rates of
individual neurons by binning the spike trains in At =10 msbins and convolving
the spike trains with a Gaussian of 6 =100 ms. Then, we projected the estimated
single-trial population firing rate trajectories onto the subspace spanned by
the FINDR Iatent axes. This allows direct comparisons between vector fields.
For eachevaluation point (i,j) on a8-by-8 grid of the latent state spacez, we
estimated the velocity arrow by taking the average of 2 = (z,- z,,,)/At for all
tacrossalltrajectories thatfallinside the cell corresponding to the point (i, /).
To compare vector fields, we measured S., the mean of the cosine similarities

between the vector arrows of the model-free approach and the vector arrows
from FINDR inside the sample zone. The median of the S.’sacross all sessions
was 0.73. Three example sessions from across the distribution are shown, with
session2around the median S, of the histogram. For both FINDR and the
model-free approach, the colored trajectories were obtained by trial-averaging
based onthe evidencestrength. Tocompare between arandom vector field
and the model-free vector field, for each session, we generated 1,000 random
vector fields by randomizing the direction of each arrowin the 8-by-8 grid.

e, We assessed the dynamical stability around the origin using amodel-free
approachsimilar tod. We estimated the autonomous velocity around the
initial starting point (indicated as the center of the circle) of the model-free
latent trajectories by taking the average of 2 = (z,— z.,,)/At for all tacross all
trajectories that fallinside each of the 5 pie slices. Here we excluded time
points where clicks affect the dynamics (z, - z,,,)/At, and only considered the
trajectories with #L clicks = #R clicks during the epoch when they arein the pie
slice, when computing the estimate of the autonomous dynamics arrow. When
computing the average of (z,—z,,,)/At for one of the pie slices, we required z,;
tobeinside the pieslice. Thecircles have aradius of 0.2 (in the units of 2).

We found that all five arrows were pointing outwards (p < 0.5° = 0.03125) for
20 out of 27 sessions, consistent overall with the stability analysisina. f, FINDR-
inferred vector fields for all recording sessions (n =27) with more than 30
neurons and 400 trials, and sessions where the animal performed with greater
than80% accuracy. These fits were used for the summary plotsin Fig. 3. The
vector field represents the autonomous dynamics and the trajectories are trial
averagessorted by the evidence strength of each trial.
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