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Supplementary Information

Methods

1. Subjects

Our experiments were performed on two adult male macaque monkeys (Macaca mulatta, ages 8-
10 and 12-14 years old over the course of the experiments for monkeys H and F, respectively).
Monkeys were trained to perform a direction discrimination task with reaching movements of the
arm as operant responses. These were the same subjects used in our previous study!?, but with new
experiments. All training, surgery, and recording procedures conformed to the National Institutes
of Health Guide for the Care and Use of Laboratory Animals and were approved by Stanford

University Animal Care and Use Committee.

2. Apparatus

Monkeys sat in a custom-made primate chair (Stanford Machine Shop) in front of a video
touchscreen, with their heads restrained using a surgical implant. The front plate of the chair could
be opened, allowing the subjects to reach the touchscreen with the arm contralateral to the
implanted hemisphere. The ispsilateral arm was gently restrained using a Delrin tube and a cloth
sling. Stimuli were shown on the video touchscreen (ELO Touchsystems 1939L), which was
positioned approximately 35.5 cm away from the monkeys’ heads and allowed hand position to be
tracked at 75 Hz. Eye position was continuously tracked with an infrared eye tracker at 1 kHz

(EyeLink 1000, SR Research, Canada).
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3. Motion discrimination task

The task employed is a variation of the classical random dots motion discrimination task, in which
the subject uses an arm movement as the operant response! (Fig. 1a). We used a variable duration
version of this task in which the duration of the stimulus presentation varied from trial to trial.
There were two types of trials in our experiments: open-loop, in which the stimulus duration was
determined by the experimenter at the beginning of the trial and closed-loop, in which the duration
was contingent on a specific pattern of neural activity detected in real time (see Experiments 1-3).
The subject was never cued on what type of trial it was on. For open-loop trials stimulus duration
ranged from 500-1200 ms (median 670 ms) and was randomly chosen on each trial by sampling
an exponential distribution. For closed-loop trials the possible values for duration ranged between
250-1200 ms and were determined on each trial either by the timepoint at which the termination
conditions were met or a predetermined random duration sampled from the open-loop distribution,
whichever came first. All trials started with the onset of a fixation point (FP; 1.5 degree diameter)
on the video touchscreen (Fig. 1a). To initiate the task, the monkey was required to maintain both
eye and hand fixation within + 3 degrees of the FP as long as it remained on the screen. Importantly,
throughout the entire trial, the monkey was required to always maintain direct hand contact with

the screen, otherwise the trial would be aborted.

After 300 ms of fixation, two targets (1.5 degree diameter) appeared on opposite sides of the FP
(eccentricities between 10 and 17 degrees). After a 500 ms delay the random dot stimulus was
presented for the durations mentioned above, after which it was removed from the screen. The
monkey was asked to report the net direction of motion (0 or 180 degrees) by reaching to the target

in the corresponding direction. The difficulty of the task was adjusted by changing the fraction of
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dots moving coherently in one direction (motion strength). After stimulus offset the monkey either
entered a delay period during which it was required to withhold his response for 400-900 ms (on
30% of the open-loop trials) or was immediately presented the go cue (on 70% of the open-loop
trials and all closed-loop trials). The go cue was then signaled by the offset of the FP at which
point the monkey was free to gaze anywhere and report his decision with his arm by reaching one
of the two targets. Although gaze was monitored, reward acquisition depended solely on reaching
to the correct target. Finally, for a response to be considered valid, the monkey was required to
hold its hand position within * 4 degrees of the center of the target for 200 ms. The monkey was
then rewarded with a drop of juice for correct choices and given a timeout (2-4 seconds) for
incorrect ones. Zero coherence trials were rewarded randomly with a probability of 0.5 since there
was no correct response on these trials. The motion discrimination task was run on an Apple Mac

Pro running Mac OS.

4. Random dots stimuli

The stimuli used in our psychophysical experiment were random dot kinematograms (RDK)
generated using MATLAB and Psychophysics Toolbox. The details for generating the random
dots stimuli have been described previously*'. However, to allow for closed-loop experiments 1
and 2 (see below) we introduced a modification to be able to terminate the dot presentations early
if needed. The stimulus code was designed to precompute a sequence of kinematograms that
contain both random and moving dots. The sequence was then presented ballistically with no need
to continuously compute the content of each frame. Our modification allowed for DV values to be
received asynchronously from the real-time decoder and evaluated during the dots presentation. If

the DV criteria defined by the particular experiment were met, the dot presentation could then be
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terminated without the remaining frames being shown. For the experiment in which an additional
pulse of motion energy was injected (closed-loop experiment 3, see below), we arranged for two
sequences of kinematograms to be precomputed before presentation: one without the pulse, the
other for the 200 ms pulse itself. Contingent on the evolution of DV values, the stimulus could

then be rapidly switched from the standard sequence to the pulse sequence.

For both monkeys, the motion strength could take one of 6 possible values within a set, but the
sets were slightly different between subjects: [0%, 1.6%, 3.2%, 6.4%, 12.8%, 25.6%] for monkey
H and [0%, 3.2%, 6.4%, 12.8%, 25.6%, 51.2%] for monkey F. The top coherence (51.2%) was
dropped and a very low coherence (1.6%) was introduced for monkey H, due to its superior
discrimination ability. For pooled analyses across the two subjects, we grouped trials into relative
coherence levels as follows: level 0: 09%/0% level 1: 1.6%/3.2%, level 2: 3.2%/6.4%, level 3:

6.4%/12.8%, level 4: 12.8%/ 25.6%, and level 5: 25.6%/51.2% for monkey H/F.

The direction and coherence of the motion were randomly assigned on each trial by sampling from
a uniform distribution with replacement. For zero-coherence stimuli all dots were displaced
randomly but, due to the stochasticity of that process, one obtains non-zero net motion toward the

targets over a small number of frames.

5. Behavioral training

Both monkeys had been extensively trained on fixed and variable duration versions of the motion
discrimination task using an arm reach movement as the operant response prior to the current

study!’. A few training sessions (all open-loop trials) were used to get the subject accustomed to
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the new task timing (0.5-1.2 s stimuli and no delay on 70% of the trials). Real time decoding

sessions only started when psychophysical performance was stable.

6. Behavioral analysis

Psychophysical performance was assessed in two ways: by describing the percentage of correct
choices as a function of (unsigned) stimulus coherence and by describing the percentage of

rightward choices as a function of signed stimulus coherence.

The percentage of correct choices as a function of motion strength (stimulus coherence) was fit by

a cumulative Weibull distribution function:

C

Peorrect (¢) = 1—10.5 % e(_E)B Egn. 1

where Pcorrect 1S probability correct, ¢ is motion strength, « is the psychophysical threshold (the
value of c that corresponds to ~82% correct responses), and £ is a parameter that controls the shape
of the function, especially its steepness. For behavioral analyses shown in Extended Data Fig. 1a,
Eqgn. 1 was fit separately for trials in each stimulus duration quartile for each subject (monkey H
quartiles: Q1: [0.500 , 0.574] s, Q2: [0.574 , 0.680] s, Q3[0.680, 0.827] s, Q4: [0.827, 1.200] s;
monkey F quartiles: Q1: [0.500, 0.574] s, Q2: [0.574 , 0.667] s, Q3[0.667 , 0.813] s, Q4: [0. 813,

1.200] s).

The proportion of rightward choices, Pright, as a function of motion strength and direction was fit

by a logistic regression:
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Pright (c) =

where ¢ is motion strength, f1 is the slope parameter and —fo is the motion strength corresponding
to the indifference point. This value was used to assess the monkey’s behavioral bias on each

session.

7. Electrophysiological recordings

Two multielectrode arrays (Blackrock Microsystems, Utah) with 96 electrodes each (1mm long
platinum-iridium electrodes, 0.4 mm spacing, impedance average of approximately 400 KOhm)
were implanted in primary motor and dorsal premotor cortex of each monkey (Fig. 1b). The
methods for determining the array placement were described in our previous study*!. For monkey
F, the M1 array became unusable between the end of the previous study and the start of the current
study. Due to lack of neural signal from the M1 array, only the PMd array was used for this animal.
Continuous neural data were acquired and saved to disk from each channel (sampling rate 30 kHz)
and thresholded at -4.5 RMS using the Cerebus recording system (Blackrock Microsystems, Utah)
and two separate PCs (one for each array) running Windows 8. Waveforms corresponding to
threshold crossings were not sorted and each channel could contain one or more unit(s). Sorting
waveforms would require a significant lead-up time before the beginning of the experiment and
could negatively affect the ability to combine data and use decoders across days (see below,
Decoder training). Since units were not isolated within each channel our resulting units were most
likely multi-unit clusters. Any extremely noisy channels were deactivated at the beginning of a

session, and all other channels were used in this study.
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8. Datasets

Data were collected in two sets of experiments. In the first set of experiments we performed closed-
loop experiments 1 and 2 (see below). For this set, for each monkey we analyzed all datasets that
met two behavioral inclusion criteria: 1) over 500 trials and 2) a behavioral bias (|fo|) under 4%,
as determined by a logistic regression fit (see above). These criteria were imposed to ensure that
we have a sizeable number of trials per condition (6 coherence x 2 directions = 12 conditions) and
that the behavior of the monkey is virtually unbiased, such that both neural and behavioral results
are more easily interpretable. These criteria resulted in a selection of 17/17 and 15/20 sessions for

a total of 16468 and 15826 trials for monkey H and F, respectively.

In the second set of experiments we performed closed-loop experiment 3. This set of experiments
was performed later, on separate sessions, but using the same two subjects, arrays and decoding
techniques as the first set. In this set of experiments, we analyzed all datasets with over 550 trials.
These criteria resulted in a selection of 48/48 and 32/33 sessions for monkey H and F, respectively.

For all experiments in monkey H, PMd and M1 were recorded simultaneously.

9. Decoder training

We chose to use a logistic regression classifier based on our preliminary previous results showing
excellent offline prediction accuracy in variable duration tasks'! and because of the direct
probabilistic interpretation of its output. Our decision variable (DV) was defined as the log odds
ratio of observing a particular behavioral choice (T1: rightward choice or T2: leftward choice) given

the population response 7



140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

P(T,|7)

DV = log W = B () + ;ﬂl(t) X Ti(t) Eqgn. 3

Where r;(t) are the z-scored summed spike counts for each neuron and time window, fo is an
intercept term and pi(t) are the classifier weights (one for each unit and epoch). Data from all

electrodes with valid waveforms were combined.

For simplicity, we decided to use only 3 different decoders for an entire trial (Fig. 1a), instead of
a different one for each 50 ms time window in the trial'%. We applied the first decoder from fixation
up to and including the dots period, the second for the delay period and the third for the post go
cue period. After extensive offline tests on a few sessions, the precise epochs for classifier training

were defined as the following:
* Dots epoch: from 150 to 1000 ms after dots onset;
* Delay epoch: from 250 to 350 ms after dots offset;
* Post-go cue epoch: from 200 to 400 ms after onset of the go cue.

LASSO regularization was applied to prevent over-fitting when calculating each set of B weights.
A Lambda parameter constraining the L1 norm of the R vectors was calculated separately for each
of the 3 decoders using 10-fold cross validation on the corresponding time epochs listed above.
For each decoder the Lambda value with minimum cross-validation error was chosen. Extended

Data Fig. 6b shows beta weights for an example set of 3 decoders for monkey H sorted by epoch
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and ranked by magnitude. Positive weights correspond to rightward preferring channels while
negative weights correspond to leftward preferring channels. LASSO regularization sets weights
of channels with little or no predictive activity to zero. On average, 56% (78%) of the channels
were included in the dots epoch decoder, 34% (65%) in the delay epoch, and 44% (74%) in the

post-go epoch for monkey H (F) (Supplementary Table 5).

The linear classifier was determined offline using recently collected data (from real-time
experiments). All 50 ms samples of neural data during the selected period (above) for each epoch
were used to train the classifier. The classifier was trained on 90% of the trials and tested on 10%
of the trials using 10-fold cross-validation. The weights from one of the cross-validation folds were
then used in the upcoming real-time experiments. Decisions to train new decoders were based on
experimenter judgment in attempts to optimize performance: if a substantial decrease in real-time
decoding performance and/or an increase in the DV offset at baseline was observed, a new
classifier was trained and used in the following session. New classifiers were typically used every

5 sessions, but some proved to be stable over up to 14 sessions (Extended Data Fig. 6a).

10. Real-time decoding

An essential requirement to compute a real-time read-out of neural activity is the ability to
continuously and (nearly) instantaneously access and perform computations on the neural activity
being recorded. To accomplish this, the spikes for each channel were temporally smoothed using
a causal half-Gaussian kernel with 50 ms standard deviation (to mitigate spurious Poisson
fluctuations) and summed for the most recent 50 ms. These smooth spike counts were then stored

in a 192x1 (96x1 for monkey F) vector of neural activity and z-scored individually for each
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channel, using previously calculated # (mean) and & (standard deviation) vectors. Z-scoring neural
activity was crucial to ensure a reliable and stable real-time readout by preventing the highest firing
channels from dominating it. Finally, the z-scored neural activity was projected onto a previously
calculated linear decoder (a set of g weights, one for each channel) to obtain our linear readout of

internal decision state: a real time decision variable (DV)2.

The value of the DV was updated every 10 ms, reflecting the neural activity of the preceding 50
ms. Because we used a half-gaussian kernel, data preceding the 50 ms window also influenced our
DV estimate (with more recent spikes carrying more weight). 95% of the data contributing to the
spike counts was limited to the last 100 ms (i.e an additional 50 ms in the past to each 50 ms
window). The sign of the DV was used to predict the upcoming behavioral choice: positive for
rightward choices and negative for leftward choices. Prediction accuracy was calculated for each
time point using the real-time DV and quantified as the fraction of trials in which the classifier
correctly predicted the monkey’s upcoming choice. Baseline prediction accuracy was defined as
the average accuracy for the first 80 ms of the random dots stimulus, and latency as the first of 6
consecutive 10 ms time bins with a prediction accuracy value above baseline, Wilcoxon Sign Rank

test p<0.001.

In addition to using the DV sign to predict choices, the DV value and its history on a single trial
could be used (if desired) to impose conditions for termination of the random dots stimulus
(experiments 1 and 2) or presentation of a motion pulse (experiment 3), effectively closing the

loop on the experiment.

While the g weights were not updated online (during the course of one experiment), the # and &
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vectors for each epoch were learned continuously during the course of the experiment, due to
changing recording conditions and signals from day to day. The u and & vectors were initialized
at the beginning of the session using the values calculated offline when training the most recent
decoder. Once the session started, the initial # and ¢ vectors were blended with online calculated
values for the first 25 trials, using a blending factor a:

a; = max ((25 —j)/25,0)) , where j is the trial number. Eqn. 4

For trial j, sample number t and for a given epoch in trial, the # and & vectors were defined as a
weighted mixture between the initial values ginitiai(epoch) and einitial(epoch) and the estimate of the

current session’s values gcurrent(t,epoch) and ecurrent(t, epoch):

”blended(t' epOCh) = 0(]' * ﬂinitial(epOCh) + (1 - aj) * ”current(t: epOCh) Eqn- 5

ablended(tr epOCh) = @ * Ojpitial (epOCh) + (1 - ij) * acurrent(t' epOCh) Eqn- 6

After the first 25 trials o was set to zero which implies the # and & vectors kept being continuously

updated throughout the session but were no longer blended with values from the previous days.

The update rule for gcurrent(t, epoch) was:
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[I’lcurrent(t -1, ep0Ch)] *K4+r

Egn. 7
K+1 f

”current(t; epOCh) =

K = Nsamples(t: epoch)

where r is the most recently sampled vector of spike counts and K is the current number of samples

of spike count vectors obtained so far for this particular epoch.

The update rule for acurrent(t, epoch) was:

acurrent (tl epOCh)

K—1 ] 1 2 Eqgn. 8
= K * 0 current(t -1, epOCh) + E * (T‘ - ”current(tr epOCh))

After updating the pgcurrent(t, epoch) and ecurrent(t, epoch) vectors, the number of samples for the

Nsamples(t, epoch) = Ngumples(t — 1, epoch) + 1 Eqgn. 9

Importantly, even though we had only 3 different decoders (Fig. 1a) we effectively used 5 different
epochs in experiments 1 and 2: Fixation, Targets, Dots, Delay and Post Go-Cue. The Dots decoder
was also used in the Fixation and Targets epochs, but because average firing rates are different
between these, different 4 and ¢ vectors had to be used. In experiment 3, there was no delay period,
and we continued to use the Dots decoder in the Post Go-Cue period in order to track the post-

pulse evolution of the DV. Every 50 ms sample of neural data for a given epoch was used to update
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the corresponding # and & vectors as described above. We let the # and & vectors converge for
~200-300 trials, in the beginning of each experimental session, before starting any closed-loop
experiments. One way to check for this convergence was to monitor the average DV value for the
first 150 ms of the Dots epoch. Since we verified through offline analyses that no systematic pre-
planning activity towards one of the two targets was present in PMd or M1 during this time
window, we expected the average DV value in this period to be ~0. Under these conditions a DV
offset (systematic difference between the average DV value and 0) suggested that an artificial bias
was being introduced in the decoded DV through inaccurately estimated u and & vectors, leading
the algorithm to under or overestimate the contribution of certain channels to the DV. Having
similar 4 and & vectors across days (Extended Data Fig. 6¢-d) sped up their online convergence

thus increasing the number of trials available for closed-loop experiments within a session.

Using a single decoder for an entire epoch was far more efficient to implement than using a
different decoder for each time point (as it reduced the number of p and ¢ vectors that had to be
learned online). In addition, and as demonstrated in an offline analysis (Extended Data Fig. 3c-e),
there is no performance difference between a single and multiple decoders for dots and go cue
epochs for either brain area. Because choice modulation in PMd/M1 changes dramatically around
the peri-movement period a single decoder for an entire trial was not feasible (Extended Data Fig.

4).

In the end, our method yielded a reliable real-time decision state read out and required only ~18%
(15%) of trials in a session for calculating the values of x# and & for monkey H (F), leaving the
remainder available for imposing neurally contingent conditions in closed-loop. The real time

decoder was run on two separate PCs (server and client) using the Simulink Real-Time/xPC
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platform (Mathworks, Massachussetts).

11. Closed-loop experiments

11.1 Experiment 1: Virtual boundaries

On each trial we set a virtual threshold, or boundary (B), for the magnitude of the DV during the
dots epoch. If the DV on the current trial reached B or —B * tolerance, the dots presentation was
terminated and the monkey asked to report its decision. If the bound was not reached on a given
trial, stimulus presentation continued to a preset duration for that trial which was randomly
sampled from an exponential distribution ranging from 500-1200 ms. Closed-loop trials for which

the boundary was not reached were effectively indistinguishable from open-loop trials.

Typically, 5 values for boundaries spanning 0.5 to 5 (DV units) were used every session and one
of them was randomly assigned on each trial (uniform distribution). The tolerance used was *
0.25 DV units. We imposed a minimum duration for all trials to avoid spurious bound crossings,
which could be problematic for low bound values in particular. In all sessions the minimum
duration was 250 ms, a conservative estimate of the latency for choice related signals driven by

the visual stimulus to appear in PMd and ML1.

After the minimum stimulus duration was reached, the DV was assessed every 10 ms to determine
whether it fell within + 0.25 DV units of the boundary chosen for the current trial (B or —B). If so,
the stimulus was terminated within 34 ms of the boundary being met (see Methods section 11.4),

and we defined DV ermination as the DV value that triggered stimulus termination (thus, DVermination
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took values within £0.25 DV units of the boundary +B assigned on each trial). If the bound for the
particular trial was not reached, the presentation continued up to the maximum stimulus duration
selected for that trial which had been obtained by randomly sampling from an exponential

distribution: 500-1200 ms (median 670 ms).

Finally, we randomly interleaved closed-loop trials from both experiments 1 and 2 on 70% of the
trials (see breakdown below) with open-loop trials on 30% of the trials. In open-loop trials no DV-
dependent termination condition was imposed. The motivation for interleaving closed-loop and
open-loop trials was to make it extremely hard for the monkey to learn that accelerating the
dynamics of choice related signals® (potentially by recruiting more choice related neurons or
increasing their modulation) and thus hitting bounds sooner could potentially increase its reward
rate. Not accounting for this possibility could lead to an undesirable change in the monkey’s
strategy during the course of the closed-loop experiments, which could become problematic when

combining data across days.

11.2 Experiment 2: CoM detection

Under our logistic regression framework, the signature of a putative CoM is a sign change of the
decision variable. Since these sign changes could happen at any time during the trial, capturing
them required not only monitoring the most recent state of the DV, but its history throughout the
trial. Because there was noise in our DV estimation and DVs usually started close to O at the
beginning of the trial we imposed selection criteria to detect likely CoMs based on the neural data.
A necessary feature for all potential CoMs was a zero crossing in the sign of the DV: change of

DV sign from negative to positive reflected a change in the likelihood of a rightward decision from
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less than 50% to greater than 50%, and vice versa for the opposite change in sign. To eliminate

zero crossings resulting solely from measurement noise, we imposed four additional criteria:

* Minimum DV value after zero crossing;

* Minimum DV value with opposite sign before zero crossing;

* Minimum duration of DV sign stability after zero crossing;

* Minimum duration of DV sign stability before zero crossing;

The minimum DV values before and after zero crossing were symmetrical for most sessions, as
were the periods of minimum duration of DV sign stability (negative or positive values for all time
points). If a zero crossing was detected and all four criteria were met, the stimulus presentation
was interrupted and the animal was virtually immediately (within 34 ms or less, see Methods
section 11.4) prompted to report a decision. The exact parameters used for each session can be

found in Supplementary Table 4.

By sweeping the parameter space we could test zero crossings that differed in magnitude and
stability. Analogously to the virtual boundary experiment, if the minimums were not met and a
CoM thus not detected, the stimulus presentation continued uninterrupted for a random duration
ranging from 500-1200 ms, selected prior to the start of the trial. A minimum stimulus duration of

250 ms was also in place.
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Because putative CoMs are quite rare?, in the first set of experiments we devoted 70% of the
closed-loop trials to detect them leaving the remaining 30% as virtual boundary trials. The exact
fraction of trials with CoM depends dramatically on how we parameterize them. The longer the
minimum periods of consistent sign and the higher the minimum DV value in the initial
commitment stage, the rarer they become. Running both experiments on the same sessions ensured
that the mapping from DV to choice likelihood was held during the CoM experiments and provided

the most faithful indirect validation of initial commitment we could obtain.

11.3 Experiment 3: Motion pulse perturbation

In this experiment, motion pulses were introduced on some trials with motion coherences near or
below psychophysical threshold. No motion pulses were presented for suprathreshold coherences
based on the results of a pilot experiment (not shown) in which pulses presented at suprathreshold
coherences were more perceptually salient and led to changes in the animals’ strategy. As in
Experiment 1, on each trial we set a virtual boundary (B) for the magnitude of the DV during the
dots epoch. In this experiment, 100% of trials with dots coherence at or near psychophysical
threshold were treated as closed-loop trials (this corresponds to trials with maximum unsigned
coherence of 6.4% for monkey H and 12.8% for monkey F; psychophysical thresholds were
measured using the Weibull function described above in Eqn. 1, Methods section 6). Low-
coherence trials in which the boundary was not reached (per the criteria below) and trials with

suprathreshold dots coherences were all effectively open-loop.

If the DV on a closed-loop trial reached B or —B * tolerance (£0.25 DV units), after a minimum

stimulus duration of 50 ms, a 200-ms motion pulse was presented, followed immediately by
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termination of the visual stimulus and presentation of the cue for the monkey to report its decision.
If not, dots presentation continued for a pre-assigned duration drawn randomly from an
exponential distribution of 500-1200 ms. Four integer values for boundaries (spanning 1 to 4 DV
units) were used every session, and one of them was randomly assigned on each trial (uniform

distribution).

Motion pulses were 200-ms periods of additional dots stimulus presentation with small additive
average coherence (£2% or 4.5% from the initial dots coherence on the same trial for monkey H
and F, respectively, where positive coherence values indicate rightward motion); thus pulses
effectively randomly added either a small amount of rightward or leftward motion evidence to the
stimulus. Pulse strength was calibrated in pilot experiments, in which we converged upon
coherence shifts that slightly but significantly biased each animal’s behavior, without being overtly
perceptually salient (biases were measured using the logistic regression on rightward choice
described above in Egn. 2, Methods section 6). Animals were rewarded for correct reaches in the
direction of the coherence of the initial dots stimulus (randomly assigned on 0% coherence trials),

regardless of the pulse direction.

11.4 Estimated latency for real time closed-loop setup

To validate our setup, we measured the latency between a neural condition being met and the
corresponding task change being implemented. We tested this latency by generating simulated DV
steps in the same model used to detect when DV triggering conditions were met in the real
experiments. We used these simulated steps to trigger the onset of a bright light on the touchscreen

in front of a photodetector, again within the same code used to run the task and generate the stimuli
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in the real experiments. We then passed both the simulated DV and the photodetector output
signals into an oscilloscope, triggered the display on the “DV” steps, and manually measured the

delay to onset of the bright dot. Almost all measured delays were within 2 frames, or 26 ms.

11.5 Estimated trial count savings for real time closed-loop setup

The real time setup allowed for precise experimental control over which DV values or DV history
to use to trigger a modification in the task (stimulus termination or pulse). However, it could be
argued that given enough data, similar trials would have been captured simply by either
terminating the stimulus (as in experiments 1 and 2) or presenting the pulse (as in experiment 3)
at a random point in the trial and then back sorting them offline (by DV value or history after the
data is collected). Note that such an open-loop experiment would require an alternative algorithm
for stimulus modification, e.g. random timing within a pre-specified interval. It is conceivable that
the sampling algorithm itself could affect the animals’ behavioral strategy and/or the average
evolution of the DV over the course of a trial, which could impact our trial count yield in unknown

ways.

To estimate how much more trial-count efficient it was to use our real time setup compared to
offline back-sorting trials where the stimulus was presented for a random duration, we used the
CoM experiment as a case study given how rare change of mind events are (10.6% (17.2%) of

trials for monkey H (F)).

For simplicity, we focused on sessions 1, 2 and 3 from Monkey F, which all have the same (and

intermediate) CoM requirements (Supplementary Table 4). We started by calculating the yield



363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

from the real time experiment in closed-loop as the ratio between detected CoM trials and trials in
which CoMs were checked (i.e. all closed-loop trials in which the stimulus could be terminated if

the conditions dictated by the CoM parameters were met, Supplementary Table 4):

Yieldc;, = #CoMs detected/#trials CoMs checked = 11.91% Eqgn. 10

To calculate the yield for offline back-sorting trials we used the open-loop trials in the same
sessions, which were terminated after a random stimulus duration. Importantly, the stimulus
duration on these open-loop trials was sampled from the same distribution as for the closed-loop
trials in which CoMs were checked, which allows for a fair yield comparison. We calculated the
yield from offline back-sorting as the ratio between the number of trials that would have met all

the criteria for CoMs for the same session and the total number of open-loop trials:

Yieldy,, = #Valid putative CoMs /#Open loop trials = 1.85% Egn. 11

Since the goal would be to probe the new choice preference shortly after the zero crossing (putative
change of mind), not many hundreds of ms later, we only considered CoM trials that were (closed-
loop) or that would have been (open-loop) terminated within 150 ms of the zero crossing. This
cutoff value corresponded to the 82" percentile of post zero crossing durations for the closed-loop

trials analysed in these sessions.

In this analysis, YieldcL was 6.43 times higher than YieldoL. This result implies that had we not
used a real time setup in closed-loop we would have had to collect 6.43 times the number of trials

(and thus sessions) to obtain the same number of events. This would in turn mean collecting
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around 100 sessions/monkey just for experiments 1 and 2 (assuming the same 30%/70% trial split

used in the real time experiments), rendering this experiment practically unfeasible.

12. Logistic regression analysis of neural and behavioral data

12.1 Comparison of motion energy, mean DV and single trial DV as predictors of choice — Closed-

loop experiment 1

To contextualize the choice prediction accuracy of our single-trial DV in the first closed-loop
experiment, we compared it to the performance of two other variables: the average motion energy
of the stimulus within each trial, and mean DV across trials (for the corresponding stimulus
coherence and time of stimulus termination). Motion energy quantifies the strength of the visual
stimulus along the horizontal axis and was calculated by convolving the positions of the dots with
spatio-temporal filters as previously described®. Due to the stochastic nature of the random dots
kinematograms, even within the same stimulus coherence level and direction, the motion energy
fluctuates from moment to moment and from trial to trial. For this reason, motion energy provides
a finer description of the visual evidence favoring a specific choice than stimulus coherence, and
we used it as a regressor here to quantify how stimulus fluctuations on individual trials predict

choice behavior.

We performed the model comparison analysis in two complementary ways. First, we built three
models (nested) each containing an additional variable of interest (average Motion Energy, Mean
DV and Single trial DV). Second, we trained three separate models (single regressor) each

containing only one of the three variables of interest. The first way tests how much additional



400 predictive power each regressor adds to an increasingly complex model and the second way tests

401  how each individual regressor by itself compares to the others.

402  For all models, we performed the following logistic regression on the probability of rightward

403 choice:

Pright = #- Eqn. 12
404  For nested model 1 and single regressor model 1:
z= By + Pug X ME Eqgn. 12a
405  For nested model 2:
z(c,t) = Bo + Pme X ME + Byeanpv X Mean DV(c, t) Eqn. 12b
406  For nested model 3:
z(c,t) = By + Bue X ME + Byeanpv X Mean DV(c, t)
Eqn. 12c

+ BDV X thermination

407  For single regressor model 2:
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z(c,t) = By + Bmeanpv X Mean DV(c,t) Eqn. 12d

For single regressor model 3:

z= Po + Bov X DViermination Eqgn. 12e

Where applicable, ¢ is motion coherence, ME is average motion energy within a single trial and t
is elapsed time of stimulus presentation. We used 10-fold cross-validation to test the accuracy of
each model. Accuracy was defined as the percentage of correctly predicted choices on held out

test data. The regressors can be interpreted as follows:

Ro — A constant term that captures the choice preference bias of the subject. A significant
positive (negative) coefficient implies the subject has a right (left) side choice bias that

cannot be attributed to the other regressors.

ME- Average Motion Energy within a single trial, calculated as described above for each
trial in closed-loop experiment 1 and averaged for a specific window of time during the
trial defined by latency (offset between DV and ME traces) and window size (averaging
period duration). In other words, for regression at time t, ME was averaged between [t-
(window size + latency)], t-latency]. To find the best model, 16 pairwise combinations of
4 values for latency ([100,150,200,250]) and 4 values for window size ([40,80,120,160])
were tested. A significant positive coefficient indicates the subject is using stimulus motion
energy information to guide choice in a way that is expected from the structure of the task

(increasing probability of a rightward choice as visual evidence changes from strong
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leftward to strong rightward values). A significant negative coefficient would indicate the
opposite. The highest prediction accuracy was obtained using 100 ms latency for both
monkeys and 160 (120) ms window size for monkey H (F). For this reason, these were the

parameters used for averaging ME in Eqgn. 12a-12c.

Mean DV(t) - Average DV across all open and closed-loop trials as a function of stimulus
duration and stimulus coherence. A significant positive coefficient indicates that the
average DV at the time of termination and stimulus coherence for each trial is predictive
of choice likelihood with strong positive Mean DV values leading to higher likelihood of
a rightward choice and strong negative Mean DV values to higher likelihood of a leftward

choice. A significant negative coefficient would indicate the opposite.

DVermination - As defined in Methods section 11.1, the DV value at the time the stimulus
was terminated and the go cue presented. A significant positive coefficient indicates that
the DV at termination is predictive of choice likelihood beyond the other regressors with
strong positive DV values leading to higher likelihood of a rightward choice and strong
negative DV values to higher likelihood of a leftward choice. A significant negative

coefficient would indicate the opposite.

12.2 Effect of experimental and internal factors on choice — Closed-Loop Experiment 1

For the first closed-loop experiment we investigated the effect of experimental factors (stimulus
coherence and stimulus duration) as well as internal factors (DV at termination and DV derivative

at termination) on choice behavior in our task.



445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

To quantify the effect of these factors on choice behavior, we performed the following logistic

regression on the probability of rightward choice:

1

— Eqgn. 13
1+ e %

Pright(c) =
where z = [, + Beon X coherence + fpy X DViermination + Bpvpire X DV Diff
+ Bstimulus duration X Stimulus duration

+ :Bstimulus durationsp X (StimUIus duration * D)

Ro and DVermination are defined as above (see Methods section 12.1). The remaining regressors can

be interpreted as follows:

Coherence — Signed coherence of the stimulus presented on that trial (positive for rightward
stimuli and negative for leftward stimuli). A significant positive coefficient indicates the
subject is using coherence information to guide choice in a way that is expected from the
structure of the task (increasing probability of a rightward choice as stimulus coherence
changes from strong leftward to strong rightward values). The converse would be true for

a significant negative coefficient.

DV Diff — DV derivative calculated as the change in the DV value over the 50 ms preceding
termination. A significant positive coefficient indicates that the DV derivative at
termination is predictive of choice likelihood beyond stimulus coherence and DViermination,
with strong positive DV Diff values leading to higher likelihood of a right choice and strong

negative values to higher likelihood of a left choice. For a significant negative coefficient
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the opposite would be true. The DV Diff term is proxy for the direction the DV is heading
at and shortly after stimulus termination, presumably due in part to stimulus motion energy

already in the visual processing pipeline at the time of termination.

Stimulus Duration — Duration of the period between stimulus onset and stimulus offset for
each trial. A significant positive/negative coefficient indicates an increased

rightward/leftward bias for longer trials.

Stimulus Duration * D — Interaction term in which the stimulus duration is multiplied by
the sign of the correct choice for a given trial (stimulus direction, D; +1 for right, -1 for
left). A significant positive coefficient indicates improved discrimination performance for

longer trials. The converse would be true for a significant negative coefficient.

The results from this regression analysis can be found in Supplementary Table 2.

12.3 Offline logistic regression of neural activity on choice

For each session, the responses of all neurons in 90% of the trials were fit with a logistic model
that attempted to separate rightward (T1) and leftward (T2) upcoming choices. The logistic model

was fit in 50 ms windows, advanced in 20 ms steps over the entire trial duration:

1
+ o-Bo O+E=; i(OXi(D)

P(Ty|7) = N Eqn. 14
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Where P(T,|7) is the probability of observing a particular behavioral choice (T1 or rightward
choice in this case) given the population response 7; r;(t) are the z-scored spike counts for each
neuron and time window, So(t) is an intercept term and pi(t) are the classifier weights (one for each

neuron and time window).

The remaining 10% of the trials were tested using the previously trained model and its accuracy
was recorded. The same process was followed 10 times for each window (10-fold cross-validation)
and the percentage of correctly predicted choices recorded. This process was repeated for
consecutive windows displaced by 20 ms and yielding a prediction accuracy trace for each session
and brain area. Both correct and error trials were included in this analysis to assure there would
not be an imbalance between high coherence trials (more likely to be correct trials) and low

coherence trials, which would bias the classifier to perform better on high coherence trials.

An L1-regularization technique (LASSO) was used to constrain the norm of the g coefficients
fitted by the model to prevent over-fitting. The lambda parameter that determines the strength of
the penalty for the L1 norm was calculated for the 50 ms window preceding the go-cue by
sweeping through 25 potential values and selecting the value with lower deviance by running 10-

fold cross validation. This lambda value was then used for the model for all time points.

Finally, a slightly different procedure was used when training a single classifier over an entire

epoch. The four epochs used for training the four corresponding classifiers were:

* Targets epoch: [-150, 350] ms aligned to targets onset;
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* Dots epoch: [150, dots offset] ms aligned to dots onset;

* Go epoch: [-600, 0] ms aligned to go cue;

* Peri-movement epoch: [-200, 600] ms aligned to reach;

All valid 50 ms samples of neural data during the selected period (above) for each epoch were
used as a sample to train the corresponding classifier. Valid 50 ms samples were those fully
included within the time limits of each epoch. We used the 10-fold cross-validation and LASSO
regularization methods explained above. However, the regularization parameter lambda was
calculated individually for each epoch through cross-validation and chosen as the value with
minimum expected deviance. Accuracy was calculated as fraction of test trials correctly predicted

at every 50 ms long window (stepped in 20 ms increments).

12.4 Effect of experimental and internal factors on choice — Closed-loop experiment 2

For the second closed-loop experiment we investigated the effect on choice behavior of the four
parameters enforced during the experiment to detect neural candidate CoMs: DV deflections
before and after the CoM and duration of the required period of stability in the sign of the DV
before and after the CoM. Signed stimulus coherence was also included in the regression given its

large influence on choice behavior in our task.

To quantify the effect of these factors on choice behavior, we performed the following logistic

regression on the probability of rightward choice:
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1

T Eqgn. 15
1+ e %

Pright (c)=

where z = ﬁo + ﬁcoh X coherence + IBDV X thermination + ﬁDVmaxopposite X Dvmaxopposite

+ ﬁtime post CoM*Dq X time post CoM x Dl

+ ﬁtime pre CoM+*D, X time pre CoM x DZ

Here, D, is the sign of the DV at termination following the CoM, and D, is the opposite of D,,
enforced prior to the CoM. Ro, coherence, and DViermination are defined as above (see Methods

section 12.1 and 12.2). The remaining regressors can be interpreted as follows:

DV max opposite — Maximum deflection in DV value with sign opposite to DV termination,
achieved prior to the candidate CoM (zero-crossing). A significant positive coefficient
indicates that the maximum opposite DV deflection decreases the likelihood of the final
choice being congruent with the sign of the DV at termination: a strong early negative
deflection would decrease the odds of a final rightward choice and vice-versa. The

converse would be true for a significant negative coefficient.

Time post-CoM * D1 — Interaction term in which the duration of the stability period after
the zero-crossing is multiplied by the sign of DViermination for a given trial. A significant
positive coefficient implies that a longer post-CoM duration is associated with an increased
likelihood that the final choice is congruent with the sign of the DV at termination. The

converse would be true for a significant negative term.
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Time pre-CoM * D2 — Interaction term in which the duration of the stability period before
the zero-crossing is multiplied by the opposite sigh of DVtermination for a given trial. A
significant positive coefficient implies that a longer pre-CoM duration is associated with a
decreased likelihood of the final choice being congruent with the sign of the DV at

termination. The converse would be true for a significant negative coefficient.

The results from this regression analysis can be found in Supplementary Table 3.

13. DV variability

Within trial variability was computed by first calculating the difference between consecutive DV
values (estimated every 10 ms) for every trial in the datasets collected for experiments 1 and 2
(open and closed-loop). This step yielded a DV derivative trace for each trial aligned to dots onset.
For each trial these traces were computed only up to the offset of the stimulus and did not include
any delay or post go-cue DV data. The DV derivative traces were then sorted and averaged for
each choice (Extended Data Fig. 10a-b) or each signed coherence level (Extended Data Fig. 10c-
d). Longer trials are increasingly rare due to the shape of our stimulus duration distribution, but
this asymmetry does not influence the interpretation of the time course of average DV derivative

as this metric only captures within trial variability and not across trial variance.

14. DV and motion energy correlation

Motion energy (ME) was calculated for each trial in the datasets collected for experiments 1 and

2 (open and closed-loop) as described above (Methods section 12.1). The ME trace obtained for
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each trial captures the strength of the stimulus at every timepoint during the stimulus presentation
on individual trials. To evaluate the effect of motion energy on DV we performed a linear
regression of single trial DV traces on single trial ME traces. From experiments 1 and 3 we
determined that, due to neural latencies, a stimulus fluctuation only exerts an effect on the decoded
DV ~180 ms later. For this reason, the regression was always performed between DV(t) and ME(t—
180ms) or earlier. In Extended Data Fig. 9a-b, each green trace corresponds to a different way to
estimate the motion energy that might affect DV at time t. For the lightest trace and for every
timepoint, t, ME was averaged between (t-180ms) and (t-200ms) for every trial and used to regress
against DV(t). A separate regression was performed for each timepoint and the resulting variance
explained was plotted. The same process then was repeated for every other green trace by
progressively increasing the averaging window for ME in 20 ms increments from (t-180, t-200)
ms to (t-180, t-500) ms. As a control the DV was also regressed against signed coherence for each
trial (Extended Data Fig. 9a-b grey traces). This analysis was used to assess how much of the DV
variance across coherences is explained by motion energy or signed coherence as a function of

time.

To assess how much DV variance within each coherence level could be explained by the motion
energy of the stimulus we first sorted the DV traces for each signed coherence level. For each
signed coherence level and each timepoint we regressed DV(t) against the instantaneous ME(t—
180ms) for the corresponding trials and calculated the variance explained (Extended Data Fig. 9c-

d).

Finally, we performed a within-coherence analysis to assess the impact of the motion energy on

the direction and magnitude of the DV zero-crossings we captured as putative CoMs (Extended
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Data Fig. 9e-f). To do this, we calculated the signed DV slope in the 100 ms centered on the DV
zero-crossing defining the CoM as the difference between DV at +50 ms and DV at -50 ms aligned
to CoM divided by the window size (100 ms) for all CoM trials. We then sorted the slopes by the
corresponding signed coherence level. For the trials in each signed coherence level, we regressed
the DV slope around the CoM against the ME averaged over the 100 ms preceding the CoM, offset
by the 180 ms estimated neural latency described above (ME was averaged between (t*—~180ms)

and (t*-280ms) for every trial, where t* is the time of the CoM zero-crossing).

15. CoM regularities

To test whether the effects of coherence on the number of CoMs were statistically significant we
used a bootstrap method to generate 1000 distributions of CoM events with the corresponding
coherences by sampling with replacement from the distribution of captured events for each subject
separately. For each subject each distribution had the same number of observations as those
captured in experiment 2: 985 for monkey H and 1727 for monkey F. For each randomly sampled
distribution the number of CoMs for each coherence level was counted. The resulting counts were
then regressed against the coherence level they belonged to. CoM count was highly and negatively

correlated with coherence for both subjects (p<0.001).

To test whether the CoMs were more likely to correct a mistake than lead to one (corrective vs.
erroneous), we followed a similar bootstrapping procedure and generated 1000 distributions of
CoM events (excluding 0% coherence trials, in which correct and erroneous are undefined). For
each randomly sampled distribution the number of CoMs for each condition was counted. The

difference between the median counts of corrective and erroneous CoMs was tested by performing
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a one-sided Wilcoxon rank sum test (p<0.001) testing the hypothesis than corrective counts were

higher than erroneous counts.

Accurate and stable decoder performance (Extended Data Fig. 6) was crucial for studying rare
events such as CoMs, which could not have been characterized adequately using a single session’s

data.

16. Pulse effects

To quantify the overall behavioral effect of the pulses, we performed the following logistic

regression on the probability of a rightward choice:

1
1+ e‘ﬂl X (.80+ .BpulseD"'C) ’

Prignhe(c) = Eqn. 16

where ¢ is motion coherence, f1 is the slope parameter, D is the pulse direction, and —po is the

motion strength corresponding to the indifference point.

To determine the effect of the pulse on the evolving DV, we first estimated the minimum latency
for the visual stimulus information to influence the DV by calculating the first time of significant
divergence of rightward vs. leftward DV traces during dots presentation on open-loop trials with
stimuli of maximal motion strength (£25.6%, 51.2% coherence for monkey H, F), assessed using

a two-sample t-test with correction for a false discovery rate of 0.05*. We refer to this estimate as
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the “evidence representation latency” (ERL; 170, 180 ms, bootstrapped SEM with 1000 iterations
of 58, 63 ms for monkey H, F, respectively). We then measured the evolution of the DV after pulse
presentation by calculating the difference between the empirically observed DV at each time point
tand the DV at the “pulse evidence representation latency” (PERL, or time of pulse onset plus the

ERL):

DV values for all neural pulse analyses were calculated using the decoder trained from the Dots
epoch (see Methods sections 9-10). Because the DV calculated using the Dots decoder became
dramatically less reliable in the time bins preceding reach onset (see Extended Data Fig. 4), we
truncated these DV traces 150 ms before the single-trial reaction times (RTs). However, because
single-trial RTs varied, the number of trials contributing to each data point dropped off with
increasing time post-PERL. Therefore, to standardize the time window for analysis of neural pulse
effects across trials, 5DV traces were terminated no later than 100 ms before the subject’s median
RT. Any trials for which the online DV traces were corrupted (truncated) before the end of this
time period (0 (1) closed-loop pulse trial for monkey H (F)) were excluded from further analysis.
Additionally, there were rare trials in which the online DV traces peaked dramatically over the
course of the trial, or with very large offsets from 0 at baseline. These outlier trials, defined as
trials with DV offset magnitudes reaching >50 DV units (33 (0) closed-loop pulse trials for monkey
H (F)), or DV values reaching magnitudes >100 DV units (4 (3) closed-loop pulse trials for

monkey H (F)), were also excluded from further analysis.

16.1 Dissociating the influence of pulse time and DV at pulse onset — Closed-loop experiment 3
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We adopted a data-driven, somewhat brute force approach to disentangle the effects of DVperL
and time. The same approach was used separately to analyze the neural and behavioral pulse effects
(measured using the change in the DV post-PERL or the monkey’s choice, respectively). In
essence, we first calculated the condition-averaged response variable (choice or post-PERL change
in DV) for each of many conditions specified below, then subtracted the condition-averaged effect
from single trial measurements for each trial belonging to each condition. This yielded a set of
residual values, one for each trial, that we then combined across all conditions to generate
statistical power. To calculate how the time-adjusted pulse effect varied with DVpere, stimulus
duration was included in the definition of the conditions (described below). Thus residuals were
calculated separately for each time bin before combining the data to examine the effect of DVperL
on the pulse effect. Similarly, to calculate how the DV-adjusted pulse effect varied with time,
DVeere (not time) was included in the definition of conditions and the individual trials were re-
sorted among conditions before subtraction of the condition-averages. This yielded a set of
residuals that were calculated separately for each DVperL bin before being combined across
conditions to achieve statistical power. This basic procedure was used to calculate the data of

Figure 4e-h and Extended Data Figure 8c-j. We now describe the procedure in detail.

The data set for this analysis consisted of all trials with motion pulses in experiment 3 (19111 trials

for monkey H and 20358 for monkey F). We define the response variables as follows:

Choice: Binary values assigned 1 for rightward choices and 0 for leftward choices.

ADV: We consider neural pulse effects over the time window from PERL to 100 ms

before median RT or 150 ms before the single-trial RT (whichever came first; see
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Methods section 16 above). In order to quantify the single-trial change in DV after the
pulse, we define ADV as the DV averaged over the last 50 ms of that time window, minus

the DV averaged in the 50ms pre-PERL. This variable is continuous.

We also define the following predictors:

Coherence: Signed coherence of the baseline (pre-pulse) dots stimulus. This variable
could take one of 7 possible values on a given trial for each subject (3 negative/leftward,

one zero, and 3 positive/rightward peri- and subthreshold coherences)

DVererL: The DV at the time of pulse onset plus the estimated PERL for each subject, as
described above. Negative values correspond to greater likelihood of a leftward choice, as
per conventions in experiments 1 and 2. This variable is continuous but was rounded to
the nearest integer for conditionalization as described below. Trials with DVperL values <
-5.5 or > 5.5 were discarded (359 trials were discarded for monkey H and 455 for

monkey F, corresponding to 1.9% and 2.2% of trials, respectively).

Stimulus duration: Duration of the period between stimulus onset and offset for each
trial, including the 200 ms motion pulse. This variable could take values between 250 and
1400 ms. To pool data across subjects, the stimulus duration was normalized to fall in the

range [0 1] for each subject before pooling.

Pulse direction: Binary values assigned 1 for rightward pulse trials and -1 for leftward

pulse trials.
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We used these variables as follows to calculate, statistically evaluate, and visualize the residual

pulse effects described in general terms above.

Step 1: Re-sign variables according to the direction of the baseline stimulus

To reduce the number of conditions in the following analyses, we re-signed all relevant
variables according to their congruence with the baseline motion stimulus (this allowed
us to use the unsigned baseline stimulus coherence in later steps). For trials with leftward
(negative) baseline coherences, we flipped the signs (or the values of the binary choice
variable) of DVperL, pulse direction, choice, and ADV. The sign-adjusted variables are
denoted with daggers. Thus pulse direction® is positive (‘congruent’) for trials with
rightward pulses on rightward baseline dots or leftward pulses on leftward baseline dots;
it is negative (‘incongruent’) for trials with rightward pulses on leftward baseline dots or
leftward pulses on rightward baseline dots. After re-signing, choice’ takes a value of 1
for correct responses and 0 for incorrect responses, because the direction of the baseline

stimulus determines the correct response in our task.

Pulses were also presented on trials with 0% baseline motion coherence. In that case, we
used the sign of DVeerL as a proxy for the momentary directional evidence at the time of
pulse onset. Thus, on 0% coherence trials with DVeerL < 0, we flipped the signs of

DVeerL, pulse direction, choice, and ADV.

Step 2: Sort trials into conditions
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Step 3:

Step 4:

For analyses of pulse effects over time, to isolate the effects of stimulus duration from
those of the pre-pulse motion strength and DVeerd, trials were first sorted into one of 88
conditions (11 rounded DVeerL integer values from -5 to 5 * 4 unsigned baseline
coherence levels * 2 pulse directions), irrespective of stimulus duration. For analyses of
pulse effects over DVperL, to isolate the effects of DVeerL from those of the pre-pulse
motion strength and stimulus duration, trials were sorted into one of 64 conditions (eight
stimulus duration quantiles * 4 unsigned baseline coherence levels * 2 pulse directions),
irrespective of DVperL. (As mentioned above, we accounted for
congruence/incongruence with the baseline dots stimulus by re-signing the variables in

Step 1, which eliminates the need to sort by the signed baseline coherence.)

Calculate single-trial residual pulse effects around within-condition means

This is the critical step in isolating the predictor variable of interest for each analysis.
Residual behavioral pulse effects (choiceres) were calculated by subtracting the mean
choice’ for each condition from the single-trial choice values for trials within that
condition. Similarly, residual neural pulse effects (ADVres) were calculated by
subtracting the mean ADV for each condition from the single-trial ADVT values. Note
that the conditions were defined differently for analyses of pulse effects over stimulus
duration vs. DVperL, as described in Step 2. We denote these different residuals with the
subscript resT for the analyses of pulse effects over stimulus duration, and resD for the

effects over DVpERL.

Quantify effects
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Statistical analysis

Based on preliminary observations, we expected that pulse effects might decrease at
longer stimulus durations, even after accounting for the effects of the baseline motion
strength and DVrerL. To test this hypothesis, we re-sorted the residuals (choice'rest or
ADV'rest) by pulse direction only, and then fit curves to the residual pulse effects
(choicefrest or ADVrest) over the full distribution of stimulus durations using the built-in

function fitnlm in MATLAB.

The behavioral and neural pulse effects were fit separately using the following equations

for a half-Gaussian curve centered at the minimum stimulus duration:

.t T _
Ch01ceresT - Cllrpulse X (ﬁbaseline + Bamplitude X e Z) Eqn' 18

and

ADV:eST = dirpulse X (ﬁbaseline + lgamplitude X e—z) Eqn- 19

(durstim — min (durstim))2

where z = >
,3 width

Here dirpuise is the pulse direction (-1 for stimulus incongruent and +1 for stimulus

congruent pulses, as defined above) and dursim is the stimulus duration. A significant
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positive fitted amplitude coefficient (Bampiituge) for a given model implies that the pulse

effect decreases over time.

Analogously, our preliminary observations suggested that pulse effects might decrease at
large |[DVrerL| values, even after accounting for the effects of the baseline motion
strength and the stimulus duration. To test this hypothesis, we re-sorted the residuals
(choicefresp or ADVTresp) by pulse direction only, and then fit curves to the residual pulse
effects (choicefresp or ADVresp) over the full distribution of [DVeerL| values, again using

the MATLAB fitnlm function.

Here, the behavioral and neural pulse effects were fit separately using the following

equations for a half-Gaussian curve centered at zero:

.t T -
Ch01ceresD - dlr'pulse X (ﬁbaseline + Bamplitude xXe Z) Eqn- 20
and
+ . -
ADVresD - dlrpulse X (ﬁbaseline + ,Bamplitude X e™* Eqn' 21

|DVPERL|2

2
width

where z =
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Here, dirpuise IS again the pulse direction (-1 for stimulus incongruent and +1 for stimulus
congruent pulses, as defined above). A significant positive fitted amplitude coefficient

(Rampiituge) for a given model implies that the pulse effect decreases over [DVperL|.

We also performed a final complementary statistical analysis of the pulse effects over
signed DVeperL, hypothesizing that the effects would peak near zero/at lower DVperL
magnitudes. To test this hypothesis, we again took the residual pulse effects re-sorted by
pulse direction only, and then fit curves to the residuals (choicefreso or ADVTresp) over the

full distribution of signed DVperL values.

Here, the behavioral and neural pulse effects were fit separately using the following

equations for a Gaussian curve centered at zero:

.t T _
chmceresD - dlr'pulse X (ﬁbaseline + Bamplitude X e Z) Eqn- 22

and

ADVr-l-esD = dirpulse X (ﬁbaseline + ﬁamplitude X e—z) Eqn' 23

(DVPERL - ﬁcenter) 2

2
width

where z =



748 Here, dirpuise is the pulse direction as defined above. A significant positive fitted

749 amplitude coefficient (Rampiituge) for a given model implies that the pulse effect decreases
750 at larger DVperL magnitudes.

751 Visualization

752 To visualize the variation of the pulse effects over time, we binned the residuals

753 (choicefrest or ADVrest) into eight equally populated stimulus duration quantiles and
754 subdivided each duration quantile by pulse direction (minimum trial counts in each

755 subdivided condition: 1122, 1217 for monkey H, F respectively). We calculated the mean
756 residual value in each of these 16 new conditions, and quantified the overall pulse effect
757 as the difference between the mean residuals for congruent minus incongruent pulse
758 trials, A(Mean choice'rest) or A(Mean ADV'rest), in each of the 8 stimulus duration bins.
759 Because we did not have both congruent and incongruent pulses on individual trials, and
760 because the number of congruent and incongruent pulses in each condition did not

761 perfectly match, we used a bootstrap procedure to estimate the standard error of these
762 differences between mean residuals. We randomly resampled each distribution, with
763 replacement, to build 1000 new distributions of the same sample size as the original in
764 each of the 32 conditions described above (stimulus duration quantile and pulse

765 direction). For each resampled data set, we calculated the difference between the mean
766 residuals for congruent minus incongruent pulse trials in each of the 8 stimulus duration
767 bins. We used the standard deviation of these 1000 differences of means to estimate the
768 standard error of the mean of the original measurements. In Fig. 4g-h (Extended Data

769 Fig. 8e-f), we plotted in black the mean and bootstrapped SEM of the overall pulse
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effects in the data (difference between residuals for congruent and incongruent pulse
trials) for each of the 8 stimulus duration bins. We then overlaid in blue the model fits
(described in “Statistical analysis” above) to the actual data in each of the 8 stimulus

duration bins.

For analyses of pulse effects over [DVrerL|, we re-sorted the residuals (choice'resp or
ADVTresp) by the rounded |[DVeerd| and pulse direction to calculate the mean in each of
those 12 new conditions (minimum trial counts in each subdivided condition: 501, 504
for monkey H, F respectively). We then quantified the overall pulse effect as the
difference between the mean residuals for congruent minus incongruent pulse trials for
each of the 6 |DVrerd| values, plotted in black in Fig. 4e-f (Extended Data Fig. 8c-d,
A(Mean choice'resp) or A(Mean ADVresp)). Error bars for these differences of means
were calculated by the bootstrap procedure described above. We overlaid in blue the
model fits to the actual data in each of the 6 [DVrerL| conditions. This procedure was also
followed using the 11 rounded signed DV pere values to generate Extended Data Fig. 8g-
Jj (minimum trial counts in each subdivided condition: 149, 151 for monkey H ,F

respectively).

17. General statistical analysis and reproducibility

Sample sizes were chosen based on our labs' experience and standards in the field. Trial count
targets for experiment 3 were based on the effect sizes and sample sizes used in prior
psychophysical and electrophysiological studies with similar motion pulses®*°. Unless explicitly

described, behavioral data without neural recordings are not reflected in the main body of the
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manuscript; we only report behavioral data during neural recordings. Any extremely noisy neural
recording channels were deactivated at the beginning of a session, and all other channels were
used in this study. Trial parameters (including stimulus difficulty, stimulus direction, stimulus
duration, pulse direction, delay duration, and DV boundary values) were randomly assigned.
Blinding was not relevant for this study because trial parameters within each experiment were
automatically randomly assigned and interleaved without cues (subjects could not anticipate, and
experimenters did not autonomously control, the parameters used on a given trial). All data
collection and analyses were carried out in two subjects and were generally consistent as

presented in this article; no additional replications were attempted.
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Supplementary Notes

Supplementary Note 1 — Effect of coherence and stimulus duration on DV and prediction
accuracy.

Figure 2c (Extended Data Fig. 1d) combines trials across a wide range of coherences and
stimulus durations, aggregated across 17 (15) sessions from monkey H (F). To identify
experimental factors that might influence the observed relationship between DV at termination and
prediction accuracy, we first resorted the same trials in Figure 2c by stimulus coherence. The
results show that there is a separation between the curves for high and low coherence trials
(Extended Data Fig. 1e) with higher accuracy for high coherence trials. The shift is small but
reliable across monkeys. We hypothesized that this difference resulted from motion energy signals
already en route from the retina to PMd/M1 (~175 ms latency) when the DV reached stimulus
termination. More motion energy signals would be arriving from this neural ‘pipeline’ on high
coherence trials, leading to a slightly higher DV than we measured at stimulus termination.

To assess this possibility, we measured the derivative of the DV around termination and
performed the following two analyses. First, we checked whether DV derivative explained a
significant fraction of choice variance beyond DV value alone (see Methods section 12.2). For
both monkeys the effect of DV derivative (defined as the DV slope in the last 50 ms of stimulus
presentation) was significant (p = 0.02, p = 4.5x10!! for monkey H and F, respectively) and the
effect was congruent with our hypothesis: stronger positive derivatives predicted higher likelihood
of rightward choices and stronger negative derivatives predicted higher likelihood of leftward
choices (Supplementary Table 2, “DV diff”). Second, we tested whether high coherence trials were

associated with higher DV derivatives at termination by performing linear regression of DV
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derivatives as a function of signed coherence. For both monkeys signed coherence was strongly
predictive of DV slopes: p = 2.17 x10'*"* and R? = 0.23 for monkey H and p = 1.57 x101% and R?
= 0.16 for monkey F. These results confirm that DV derivative is predictive of choice beyond DV
alone and show that higher coherence trials are associated with higher DV derivatives. The data
are consistent with our hypothesis above that the DV continues to evolve under the influence of
‘pipeline’ sensory information for a short interval following stimulus termination, resulting in
somewhat better prediction accuracy than expected from the DV at termination, especially at high
coherences.

Sorting trials by duration (Extended Data Fig. 1f) reveals a different effect: the centers of
the quantiles are strongly shifted to the right (higher DV magnitudes) for longer stimuli compared
to shorter stimuli. This effect is expected from multiple sequential sampling models®*>17:19, In drift
diffusion models, for example, diffusion to high decision bounds requires more time than for low
bounds given constant stimulus coherence®?. However, we tested whether stimulus duration per se
was a significant predictor of choice independently of DV value by including two additional
regressors in our logistic model of choice: stimulus duration (representing choice bias as a function
of time) and an interaction term between stimulus duration and direction (representing increased
sensitivity to stimulus coherence as function of time). Neither regressor was significant for either
monkey (p>0.05, Supplementary Table 2), implying that the likelihood of making one or the other

choice depended on DV value independently of the time required to reach that value.

Supplementary Note 2 — Interpretation and validation of individual neural CoMs
By the most demanding standard, a true CoM requires a full commitment to an initial

choice that is later reversed. We cannot assert unequivocally that this was the case for each putative
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CoM that we captured from the neural data since only one behavioral choice is reported per trial.
However, in aggregate the median magnitude of DV deflection prior to the zero crossing was 2.1
(2.2) for monkey H (F), indicating that the subjects were expected to have chosen their initial
preference ~90% of the time had the trial stopped then. In addition, across all trials, we correctly
predict the final choice in 80% (92%) of the trials for monkey H (F). Putting these two results
together for the pre- and post-CoM likelihood of choice strongly suggests that the vast majority of
captured CoMs in our experiment are indeed real CoMs, even though we cannot say with 100%

confidence that the subject changed its mind on any individual trial.

Supplementary Note 3 — Effect of DV trajectory parameters on choice likelihood.

We formally tested the hypothesis that choice likelihood was influenced by some aspect of
the DV trajectory history by regressing choice as a function of three additional parameters (in
addition to the DV at termination) that were enforced and monitored in this experiment (see
Methods section 12.4): maximum DV deflection before sign change, and duration of sign stability
before and after DV sign change. For monkey F, no additional factor was choice predictive,
whereas for monkey H both the duration of sign stability before and after the CoM were also choice

predictive (Supplementary Table 3) as suggested by Extended Data Fig. 7a.

Supplementary Note 4: Intra-trial fluctuations in DV are likely driven by multiple factors,
including the visual stimulus and noise sources.

Interestingly, we frequently observed large, behaviorally relevant fluctuations in the DV—
equal in amplitude to many CoM fluctuations—even when the DV remained on one side of the

discriminant hyperplane in non-CoM trials (e.g. Figs. 1e and 2b). We wondered whether these DV
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fluctuations were related to moment-to-moment stochastic variations in motion strength of the
stimulus within single trials. While average motion energy explains a large portion of DV variance
across coherence levels (Extended Data Fig. 9a-b, Methods 14), our data show that stochastic,
momentary stimulus fluctuations are not the dominant cause of DV fluctuations within single trials
(Extended Data Fig. 9c-d, Methods 14). Even in CoM trials, moment-to-moment motion strength
fluctuations within coherence levels explain a very small proportion in the variance of the signed
DV slope during the 100 ms centered around the zero-crossing defining the CoM, which
determines the direction of the CoM (Extended Data Fig. 9e-f). Considered as a whole, the analyses
in ED Fig. 9 suggest that single-trial DV fluctuations, including neurally defined CoMs, are likely
shaped by a variety of factors, some dependent on the visual stimulus while others (including
multiple possible noise sources) are independent of the stimulus. Further experiments will be
needed to address the source(s) of these fluctuations and their relationship with fluctuations in
other brain areas*® as well as other cognitive processes including motor preparation and

execution*®47_ attention, motivation, and confidence.

Supplementary Note 5 — Computational models

As mentioned in the Discussion, models of the decision-making process that are compatible
with our finding of absorbing decision bounds include linear integration to a bound (such as a
simple stopping criterion) or more complex nonlinear integration processes!®222325 However, our
finding that pulses are less effective when presented later in the trial cannot be explained without
extensions of or alternatives to these models, such as those incorporating time-varying decision
bounds or other “urgency” signals (which could be implemented via gain modulation rather than

COI IapSIng bOUndS)16'18’20'21‘27’28'48'49.
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The bistable attractor dynamics and leaky-competing accumulator models can also be
extended to permit commitment to a choice prior to their attractor states, by adding decision bounds
to these models. Proper parameterization of these extended models could replicate our
experimental observations. Interestingly, similar extensions have been used to explain behavior in
reaction-time tasks®2223 but they are commonly avoided for fixed and variable duration tasks—a
practice that should be revised in light of our results. Our results are also compatible with discrete
attractor networks with a nonselective ramping input as proposed in Inagaki et al. 2019%*,

Finally, we cannot completely rule out a time-dependent termination of attention to the
visual stimulus in combination with a model that otherwise lacks a time dependent decision
termination criterion. In independent behavioral experiments with the same two monkeys'?, we
estimated the psychophysical integration times to be ~530 ms and ~680 ms for monkeys H and F
respectively, which is equivalent to the first ~3(~6) duration bins for monkey H(F) in Figure 4g,h.
Thus, while variable attention might account for some of the decrease in pulse effect for longer
duration trials in Figure 4g,h, it is unlikely to account for the more pronounced decrease in shorter

duration trials.

Supplementary Note 6 — Caveats and future directions

In considering our results as a whole, it is reasonable to consider two caveats. First, the
impressive choice prediction accuracy achieved in this study using a linear decoder does not imply
that the brain’s decision formation process is also linear. In principle, a linear decoder could predict
binary choices quite well even if the true neural process underlying decision formation were
nonlinear, depending on the form of the nonlinearity (see, e.g., Sussillo et al. 2016%° for an example

of a linear neural to kinematic decoder which only slightly underperforms a more powerful
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nonlinear recurrent neural network). Regardless, our linear DV is tightly linked to choice behavior
(e.g. Fig. 2c), showing that variations in the DV magnitude meaningfully track the ongoing process
of decision formation despite any nonlinearities in the underlying neural mechanism. Second, it
is possible in principle that our decoded DV might in part reflect movement preparation or even
small changes in muscle tone over the course of individual trials®->3, However, given the
previously reported lack of EMG modulation during an enforced delay period in cued reaching
tasks®*0, it is unlikely that such movement-related signals explain the bulk of the variance in our
decoded DV.

Future work could build upon our neurally contingent feedback approach with experiments
designed to interrogate additional aspects of the neural computations underlying decision
formation. For example, one could imagine closed-loop experiments that dynamically titrate
stimulus information from moment to moment during the trial to “clamp” the DV at particular
values to further dissociate the DV from elapsed time in a given trial, or perhaps drive the DV to
particular values earlier or later in a trial to better understand the effects of DV history on the

upcoming choice (and its susceptibility to changes in the stimulus).
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Supplementary Tables

Results for Models with 1 regressor + bias term

Choice Prediction Accuracy at termination for LR models with

the following regressors: Monkey H Monkey F
Signed Coherence 77.80% 73.60%
Motion Energy 74.50% 71.50%
Mean DV 78.70% 72.90%
Single Trial DV 88.40% 83.40%
Results for nested models + bias term

Choice Prediction Accuracy at termination for LR models with

the following regressors: Monkey H Monkey F
Motion Energy 74.50% 71.50%
Motion Energy, Mean DV 78.10% 73.20%
Motion Energy, Mean DV, Single Trial DV 89.30% 85.90%

Supplementary Table 1 — Prediction accuracy results for single regressor and nested

regressor logistic regression models for both subjects (see Methods section 12.1).
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Logistic Regression on Choice

Monkey H Monkey F

Predictor Beta value 95% ClI p-value Beta value 95% CI p-value
Bias -0.1613  [-0.2987,-0.02381]  0.02147 -0.1197  [-0.2413,0.001806] 0.0535
Coherence 2.747 [2.268, 3.227] 2.757e-29 1.885 [ 1.65, 2.22] 2.912e-28
DV Termination 2.073 [1.779, 2.367] 1.887e-43 1.708 [ 1.52, 1.895] 1.626e-71
DV Diff 0.2989 [0.0488 , 0.5491] 0.01916 0.577 [0.4062 , 0.7478] 3.586e-11
Stimulus duration 0.1199 [-0.01489, 0.2548]  0.08125 0.07474  [-0.04713,0.1966]  0.2293
Stimulus duration*

stimulus direction -0.02803 [-0.2053, 0.1492] 0.7566 0.0466 [-0.1132, 0.2064] 0.5677

935
936  Supplementary Table 2 — Coefficients obtained from logistic regression on choice — virtual

937  boundary experiment (see Methods section 12.2).

938
939
940
Logistic Regression on Choice after CoM
Monkey H Monkey F
Predictor Beta Value 95% CI p-value Beta Value 95% CI p-value
Bias -0.2876  [-0.4658 , -0.1093] 0.001568 -0.192 [-0.3773,-0.00662] 0.04235
Coherence 1.304 [1.005, 1.602] 1.189e-17 1.284 [ 0.96, 1.608] 8.028e-15
DV Termination 1.67 [1.158, 2.182] 1.623e-10 2.46 [1.872, 3.049] 2.51e-16
DV max opposite 0.06967  [-0.4461, 0.5854] 0.7912 -0.2387  [-0.8959, 0.4185] 0.4766
Time after CoM *
sign(DV Termination) 0.7065 [0.2317, 1.181] 0.003544 0.02265 [-0.3835, 0.4288] 0.913
Time before CoM *
sign(DV max opposite) 0.7471 [0.3083, 1.186] 0.0008467 -0.1427  [-0.6394, 0.3539] 0.5732
941

942  Supplementary Table 3— Coefficients obtained from logistic regression on choice - change of mind

943  experiment (see Methods section 12.4).



Subject Session 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
tminPre(s) 01 01 01 0.1 0.05 0.05 0.05 0.05 0.05 0.05 0.15 0.15 0.15 0.1 0.05 0.15 0.15
tminPost(s) 0.1 0.1 0.1 0.1 0.05 0.05 0.05 0.05 0.05 0.05 0.15 0.15 0.15 0.15 0.15 0.05 0.1
DVminPre 2 15 3 1 2 1 15 3 15 1 2 2 2 2 2 2 2

Monkey H
DVminPost 2 15 3 1 2 1 15 3 01 01 2 2 2 2 2 2 2
tminDots(s) 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25

tminPre(s) 01 01 01 01 01 0.1 005 0.05 0.05 0.05 0.05 0.05 0.05 0.15 0.15

tminPost(s) 0.1 0.1 0.1 01 0.1 0.1 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.1

DVminPre 2 2 2 15 3 1 2 3 15 1 1 15 1 2 2
Monkey F

DVminPost 2 2 2 15 3 1 2 3 15 1 1 01 01 2 2

tminDots(s)  0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
944

945  Supplementary Table 4 — Parameters used for virtual boundaries and CoM closed loop

946  experiments (monkeys H and F).
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Number of Channels with non-zero weights for the Decoders

Monkey H - 192 channels available

Monkey F - 96 channels available

Monkey H- |Monkey H - Monkey H - Monkey F - [Monkey F - Monkey F -

Decoder|Dots Delay Post Go Dots Delay Post Go

D1 122 77 92 71 53 60
D2 117 54 51 78 72 76
D3 131 98 67 53 74
D4 70 108 80 73 66
D5 79 86 67 73
D6 120 84 71 60
D7 112 96 80 80
D8 100 97 79 78
D9 113 81 74 67
D10 124 70 75 60
D11 121 66 80 73
D12 88 74 83 86
D13 89 86 79 75
D14 74 57
D15 66 75
D16 77 77
D17 70 72
D18 83 82
D19 73 65
D20 71 69
D21 71 69
D22 70 79

Supplementary Table 5 — Number of channels with non-zero weights for all decoders used

in both subjects.
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