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Abstract

How sensory cortical activity is read out by downstream circuits to guide behavior is a fundamental
unsolved problem. Substantial work has examined correlations between sensory neural responses
and animals’ perceptual judgments, but their interpretations remained controversial due to many
intervening variables, such as responses of unrecorded neurons. Furthermore, stimulus and choice
encoding in sensory populations are often not well aligned, and it remains contested whether this
misalignment indicates a limitation in sensory readout. Here, we introduce a closed-loop, neu-
rofeedback paradigm that directly interrogates the capacity of sensory readout: the key idea is to
train subjects to report specific patterns of population activity in a sensory area recorded online,
rather than the actual stimuli presented. To test this, we trained macaque monkeys on a visual
change-detection task using shape stimuli, implanted an electrode array in visual area V4, and
tested whether they could be further trained to rely on their own V4 activity along specific axes
in neural state space. Strikingly, monkeys successfully increased the neuron-choice correlation
along trained axes in neural population state space. No detectable changes in stimulus selectivity
or noise correlations were found within the recorded population, and further model simulations
confirmed that adjustment of sensory readouts best accounted for the results. A control experiment
that merely disrupted the stimulus–reward contingency without a closed loop failed to enhance
neuron–choice correlation. Together, these results demonstrate that closed-loop neural feedback
achieves neuron-choice alignment beyond the ceiling of natural perceptual training, suggesting
that the misalignment in perceptual tasks reflects constraints on learning within naturally available
training regimes.
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Introduction

How neural activity in the nervous system gives rise to perception has long been a central ques-
tion in systems neuroscience. For decades, researchers have addressed this question by training
animals to make perceptual judgments on ambiguous (near-threshold) sensory stimuli and probing
the correlation between their behavioral reports and the activity of individual neurons (Britten et al.
1996; Pletenev et al. 2026). Positive neuron-choice correlations (often quantified as “choice prob-
ability”; Britten et al. 1996) have been consistently observed across various sensory cortices, and
earlier works considered it as evidence for a link between neural activity and perception (Parker
and Newsome 1998). However, many other interpretations have been proposed since then; the-
ories have shown that choice probability strongly depends on the correlation structure within the
neural population (Cohen and Newsome 2009; Cumming and Nienborg 2016; Nienborg and Cum-
ming 2010; Shadlen et al. 1996) rather than on the direct contribution of the recorded neuron to
perceptual reports (Haefner et al. 2013). Non-causal correlations can also arise from feedback of
choice-related signals from downstream areas to sensory cortices (Zhao et al. 2020). Empirically,
studies have revealed that choice probability deviated from other measures that assessed the ef-
fects of stimuli or sensory neurons on behavior, such as microstimulation (Yu and Gu 2018) or
psychophysical reverse correlation (Levi et al. 2023; Nienborg and Cumming 2009).

More recently, the proliferation of large-scale neural recordings has extended this question to
the population level, but the interpretation of neuron-choice correlations remains controversial.
Analyses of simultaneously recorded population activity in sensory areas have revealed axes in
neural state space that can decode animals’ choices. However, these choice axes are often mis-
aligned with the axes that best decode the stimuli the animals are trained to discriminate (Ni et
al. 2018, 2022; Pletenev et al. 2026; Weiner and Ghose 2014; Zhao et al. 2020). The misalign-
ment suggests suboptimal information use, but its origin remains unresolved. One possibility
again is top-down feedback of choice-related signals into a subspace orthogonal to stimuli (Zhao
et al. 2020), but choice-related activity is also observed in early sensory responses before feedback
would arrive (Britten et al. 1996; Wimmer et al. 2015). Some have proposed that the misalign-
ment reflects an ecological strategy of animals to detect diverse stimuli (Ni et al. 2022; Weiner and
Ghose 2014) or to efficiently learn tasks (Laamerad et al. 2025). It is also noted that this choice
axis tends to align with the axis of greatest variance in neural state space (Ni et al. 2018), leading to
the idea that it may be selected for effective information transmission (Haimerl et al. 2023; Nassar
et al. 2021; Panzeri et al. 2022; Srinath et al. 2025).

A critical limitation that has hindered deeper investigation is that typical perceptual tasks can
only indirectly link sensory neural activity and animals’ choices; sensory inputs inevitably activate
widespread brain networks that contribute to behavior, yet experiments can only measure correla-
tions between behavior and a small subset of recorded sensory neurons, leaving many unobservable
variables unaccounted for. If the goal is to show whether recorded neurons influence perception
and behavioral choices, a direct approach would be to manipulate their activity using microstimu-
lation or other causal interventions. However, the limited precision of these techniques constrains
our ability to address more computationally motivated questions (Jazayeri and Afraz 2017), such
as what axes in neural state space guide behavior (Semedo et al. 2019).
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Here, we introduce a closed-loop paradigm that directly interrogates the capacity of sensory
readout; rather than training animals to perform sensory judgments, we train them to report spe-
cific patterns of sensory population activity recorded online, directly linking behavioral feedback
to neural signals in a population subspace. This approach narrows the gap between behavioral
choices and recorded neural signals in a way that typical perceptual tasks cannot and goes beyond
coarse perturbation methods by precisely targeting specific patterns of population activity. We first
trained monkeys on a visual change-detection task using shape stimuli (Fig. 1A, left), implanted
an electrode array in visual area V4, and then tested whether closed-loop training (Fig. 1A, right)
could align their choices with V4 activity along axes encoding stimulus features in neural state
space. Monkeys successfully increased neuron-choice correlation along these axes without any de-
tectable change in V4 response properties. The increased correlations suggest that the closed-loop
training can achieve neuron-choice alignment beyond the ceiling of natural perceptual training.
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Figure 1: Baseline change detection task and closed-loop paradigm. (A) In standard perceptual
tasks, subjects make a choice based on physical stimuli (left). In the proposed closed-loop task
(right), neural population activity from a sensory area is recorded during stimulus presentation,
and the correct choice is determined by the online neural activity; for example, if activity along a
specific axis in neural state space exceeds a threshold, a Go response becomes correct. (B) Trial
structure for the baseline change-detection task. After fixation and the appearance of a peripheral
target dot, a reference and a test stimulus were presented sequentially with a brief inter-stimulus
interval. Monkeys were required to detect any change in the test stimulus relative to the reference
and, if detected, make a saccade to the target, or otherwise maintain fixation for 800 ms. (C) Object
features used in the task (each row). We varied morph levels to adjust stimulus difficulty. The
reference was always the 0% morph. Test stimuli with positive morphs (∼ 50% of trials) required a
Go response for reward. During training, one feature was selected randomly on each trial. During
the main experiments, a single feature was used throughout each session to enable comparison
between baseline and closed-loop conditions. (D) Psychometric functions in the change-detection
task. Example data from monkey B. Error bars indicate S.E.M. across sessions. See Supplementary
Fig. 1 for monkey A.
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Results

Stimulus and choice encoding are misaligned in the change-detection task

We first extensively trained two macaque monkeys on a change-detection task, in which they were
required to detect the changes in the shape, color, and texture of sequentially presented object stim-
uli (Fig. 1B). After monkeys fixated on a central dot, a peripheral target dot appeared, followed
by reference and test stimuli presented with a brief inter-stimulus interval at the average receptive
field (RF) location of the recorded V4 population. Monkeys were required to make a saccade to the
target upon detecting any difference between the reference and test stimulus, and to maintain fix-
ation when no change was detected. The saccade target was positioned approximately orthogonal
to the V4 RF to minimize contamination from saccade-related signals in V4 (Chandrasekaran et al.
2024; Steinmetz and Moore 2014). On each trial, one of 4-5 features (color, texture, sharpness,
aspect ratio; Fig. 1C) could change, with a change magnitude defined as a morph level ranging
from 0% (no change) to 100% (full change), scaled based on preliminary human psychophysics
(see Methods). The reference stimulus was always at 0% morph. Thus, when the test stimulus was
not 0% morph (shown in ∼ 50% of trials), choosing a Go target yielded a reward. Both monkeys
successfully learned the detection task (Fig. 1D), achieving performance comparable to, or slightly
below, that of humans (Supplementary Fig. 1). This change-detection training set the baseline for
the neuron-choice correlations obtained in natural perceptual tasks and also prepared them for the
forthcoming closed-loop experiments. In the main experiments explained below, only one feature
was varied per session.

The V4 population, recorded with a chronically implanted 96-channel Utah array, encoded
the strength of each stimulus feature along an approximately linear axis within population state
space. Many units showed significant selectivity for the varied features (57.2%, 83.7% in monkey
A and B, respectively; one-way ANOVA), and most selective units showed higher firing rates at
higher morph levels (Fig. 2A; average of selective units). To minimize the influence of feedback
from downstream areas, subsequent analyses and closed-loop experiments were restricted to an
earlier stimulus presentation period (80 to 150 ms from stimulus onset; gray shade in Fig. 2A). We
calculated mean firing rates for each trial and unit and denoised them by reducing the population
dimensionality to 12 via principal component analysis (PCA). The 12 dimensions were chosen
through a parallel analysis (Altan et al. 2021; Supplementary Fig. 2A). We then applied linear
regression to predict the stimulus morph level on each trial. Mean population responses to different
morph levels fell approximately along a line in the population state space (Fig. 2B), confirmed by
the high accuracy of linear regression fit to the mean responses at each morph level (Fig. 2C).

How was stimulus-selective population activity related to monkey choice? Although Go
choices must generally be associated with activity along the positive-morph side of the stimulus
encoding axis, the neural activity predictive of monkey choice may not be fully aligned with
stimulus encoding (Fig. 2D; Ni et al. 2018, 2022; Weiner and Ghose 2014; Zhao et al. 2020). To
test this, we identified the choice decoding axis by subtracting the mean activity for each morph
level along each dimension of the latent space and then performing a linear logistic regression that
classified Go and No-go choices. Choice decoding performance along the obtained axis (“choice
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axis” in Fig. 2E) —evaluated with cross validation— was comparable to previous V4 studies
(Jasper et al. 2019; Ni et al. 2018; Mean decoding accuracy: 0.629 for monkey A, t(21) = 20.15,
p < 10−10; 0.638 for monkey B, t(27) = 27.35, p < 10−10, two-tailed t-test). However,
choice decoding accuracy along the stimulus axis (“stimulus axis” in Fig. 2E) was substantially
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Figure 2: Misalignment of stimulus and choice encoding axes in V4 during the change-
detection task. (A) Example population average responses to object stimuli (red color morph).
The shaded region indicates the time window used for all analyses and closed-loop experiments.
The example is from a passive-fixation session from monkey A (black horizontal bar: stimulus
period), but the response properties were similar in the main tasks. (B) Average population re-
sponses to stimuli with different morph levels lie approximately along a linear axis in neural state
space, visualized using PCA for the same session with A. Circles represent trial-averaged popu-
lation response to each morph level. (C) A linear regression of neural population responses onto
stimulus morph levels explained substantial variance in the 12D latent PC space. Colors indicate
the object feature presented in that session. (D) Definitions of stimulus and choice axes in neural
state space. As demonstrated in C, the stimulus axis can be defined as a linear axis in the space.
The choice axis is defined as the axis that best separates Go and No-go choices after removing
the effect of stimulus morph levels. (E) Choice decoding accuracy was significantly lower along
the stimulus axis than along the choice axis, indicating their misalignment. The dominant axes of
population variability (top PCs) decode choice more accurately than the stimulus axis. A dashed
horizontal line indicates the chance level. Black circles represent session means, and error bars
indicate S.E.M. across sessions (not visible due to small values). (F) Conversely, stimulus decod-
ing accuracy (0% versus positive morphs) was significantly lower along the choice axis than along
the stimulus axis, confirming their misalignment. The dominant axes of population variability (top
PCs) also carried less stimulus information than the stimulus axis. (G) Schematic. The stimulus
and choice axes are misaligned, and the choice axis is more closely aligned with the dominant axis
of population variability (PC1).* p < 0.05, ** p < 0.01., *** p < 0.001.
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lower than that along the choice axis (0.556 for monkey A, t(21) = −10.13, p = 1.5 × 10−9;
0.552 for monkey B, t(27) = −12.65, p < 10−10) albeit being above chance (t(21) = 7.90,
p = 1.0× 10−7 for monkey A; t(27) = 8.54, p = 3.7× 10−9 for monkey B). Conversely, stimulus
decoding performance (0 % vs. non 0% morph stimuli) along the choice axis was poorer than
that along the stimulus axis (Fig. 2F; t(21) = 3.27, p = 0.0037 for monkey A and t(27) = 6.36,
p = 8.3 × 10−7 for monkey B, two-tailed t-test). Together, these results indicate that stimulus
and choice information were not fully aligned in population state space (Fig. 2G), consistent with
previous observations (Ni et al. 2018, 2022; Pletenev et al. 2026; Weiner and Ghose 2014; Zhao
et al. 2020).

We further asked whether intrinsic neural fluctuations were aligned with the choice axis
(Haimerl et al. 2023; Nassar et al. 2021; Panzeri et al. 2022; Srinath et al. 2025). We extracted the
leading PCs of the 12-dimensional subspace as axes capturing major fluctuations in population
activity. This PCA was performed on neural responses during the stimulus period (gray shading in
Fig. 2A), but PC scores remained largely stable across wider trial epochs (Supplementary Fig. 2B,
C). The first PC decoded monkey choice better than the stimulus axis (Fig. 2E; t(21) = −4.84,
p = 8.8 × 10−5 for monkey A and t(27) = −5.21, p = 1.7 × 10−5 for monkey B, two-tailed
t-test), while its decoding performance for stimulus was indistinguishable from that of the choice
axis (Fig. 2F; t(21) = −1.98, p = 0.061 for monkey A and t(27) = −0.15, p = 0.87 for monkey
B, two-tailed t-test). Thus, the choice axis was misaligned with the stimulus encoding axis, while
it was closer to the dominant axis of intrinsic neural fluctuations (Fig. 2G). These results are
also consistent with previous works (Ni et al. 2018; Srinath et al. 2025), while the source of this
stimulus-choice misalignment remains contested (Laamerad et al. 2025; Ni et al. 2022).

Closed-loop training increased neuron-choice correlation

We then conducted the main closed-loop experimental sessions (Fig. 3A). In this experiment, we
projected the recorded V4 population activity onto a predefined stimulus axis in real time and
trained the monkey to align their choices with the decoder output rather than with the physical
stimulus. The stimulus decoding axis was determined during a passive viewing task performed
immediately before each closed-loop session. During the closed-loop experiments, the correct
answer on each trial was set by comparing V4 responses along the stimulus axis to a fixed threshold
(Fig. 3A inset). To quantify closed-loop training effects, we first established a behavioral baseline
on the change-detection task using a single object feature over 4 or more sessions, then conducted
5-7 closed-loop sessions with the corresponding stimulus axis as a training target (Fig. 3B). This
procedure was then repeated for a different object feature in the next round.

Strikingly, closed-loop training induced a robust increase in neuron-choice correlation. To
quantify this, we plotted the probability of Go choice as a function of neural activity projected onto
the trained stimulus axis (Fig. 3C; binned into seven levels), focusing on 0% morph trials in which
no physical stimulus change occurred. The slope of this function reflects the strength of correlation
between monkey choice and projected neural activity. In the baseline sessions, the slopes were
already significantly greater than zero for both monkeys (Fig. 3C, gray; t(21) = 6.75, p = 1.1 ×
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Figure 3: Closed-loop training improved neuron-choice correlation. (A) During the closed-
loop task, neural population responses were analyzed in real time to determine the correct choice.
Spike counts were projected onto a predefined stimulus axis in the latent state space, and if the
projected value exceeded a threshold, a Go response became correct (orange and gray inset). (B)
(top) In each round of data collection, monkeys performed the standard change-detection task with
a single object feature as a baseline (≥ 4 sessions), followed by the closed-loop task with the same
object feature (≥ 6 sessions). (bottom) We set the stimulus encoding axis as the closed-loop tar-
get. (C) Both monkeys improved neuron-choice correlation through closed-loop training. (left) Go
response probability calculated for binned neural activity along the target stimulus axis, averaged
across sessions. Error bars indicate S.E.M. (right) Slopes estimated from individual sessions (open
circles). Horizontal bars indicate the means. (D) Slopes over sessions. Baseline slopes were calcu-
lated by pooling all baseline sessions within each round. The gray horizontal line is the average of
the baseline. Orange dots are individual sessions. (E) In both monkeys, choice decoding accuracy
along the stimulus axis increased, while the accuracy along the choice axis and the PC1 remained
unchanged. (F) Cosine similarity between the target stimulus axis and choice axis increased after
closed-loop training. (G) The slopes of psychometric functions (α1 in Eq. 3) were slightly steeper
after closed-loop training in both monkeys. * p < 0.05, ** p < 0.01, *** p < 0.001.

7

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 13, 2026. ; https://doi.org/10.64898/2026.08.07.743408doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.07.743408


10−6 for monkey A, t(27) = 3.11, p = 0.004 for monkey B, two-tailed t-test), consistent with
the above-chance choice decoding along the stimulus axis observed earlier (Fig. 2E). Critically,
the slopes became significantly steeper following closed-loop training in both animals (Fig. 3C;
t(66) = 3.66, p = 5.1×10−4 for monkey A and t(76) = 3.23, p = 0.002 for monkey B, two-tailed
t-test across sessions), indicating enhanced correlation between population activity and choice.
This effect remained evident when non-zero morph trials were included (Supplementary Fig. 3A).
Furthermore, choice probability calculated for individual units exhibited greater correlations with
their weights for the closed-loop axis after the training (Supplementary Fig. 3B). When we plotted
the time course across sessions within each round, we found an increasing trend from day 1 of the
closed-loop training, which persisted over sessions (Fig. 3D).

The steeper neuron-choice slopes reflected a better alignment between the stimulus and choice
axes, rather than an increase in overall choice information in V4. As in the previous section, we
compared choice decoding accuracy along the stimulus axis against that along the best choice de-
coding axis. Consistent with the change in slopes, choice information captured along the stimulus
axis increased significantly after closed-loop training (Fig. 3E; t(66) = 3.69, p = 4.5 × 10−4

for monkey A and t(76) = 2.87, p = 0.005 for monkey B, two-tailed t-test). Importantly, how-
ever, the overall magnitude of choice information remained unchanged, as evidenced by stable
choice decoding accuracy along both the choice axis (t(66) = 0.61, p = 0.55 for monkey A
and t(76) = −0.12, p = 0.91 for monkey B, two-tailed t-test) and the leading PC axes (PC1:
t(66) = 0.61, p = 0.76 for monkey A and t(76) = 1.25, p = 0.22 for monkey B). We further quan-
tified axis alignment between the choice and stimulus axes through their cosine similarity (Fig.
3F), which was significantly greater after closed-loop training than at baseline (t(144) = 4.60,
p = 9.1 × 10−6, two-tailed t-test). Together, closed-loop training strengthened the neuron-choice
correlation by aligning the stimulus and choice axes without altering the total amount of choice-
related activity in V4.

Did closed-loop training also alter behavioral performance on the physical change detection?
Interestingly, we found both monkeys showed a moderate increase in psychometric slope during
closed-loop training (Fig. 3G; t(66) = 2.43, p = 0.018 for monkey A and t(76) = 2.11, p =
0.038 for monkey B, two-tailed t-test), indicating improved perceptual sensitivity. This could
be an outcome of the better alignment between the stimulus and choice axes. One might wonder
whether heightened attention or engagement during closed-loop sessions could have independently
improved both psychometric slope and neuron-choice alignment, but analyses in the next section
weigh against this possibility.

We also observed an increase in overall Go response probability following closed-loop training,
evident in both neuron-choice slopes (Fig. 3C) and psychometric functions (Fig. 3G). This was
not an intended outcome; we speculate that the broken contingency between stimuli and correct
choices (e.g., 0% morph trials could be rewarded by choosing Go) encouraged the monkeys to
bias their choices. There was no significant correlation between this Go bias and neuron-choice
correlation across sessions (p > 0.27 for both monkeys; Supplementary Fig. 4), ruling out the
possibility that this bias somehow caused the increased neuron-choice correlation. Also, we later
present a control experiment showing that the broken contingency alone could not drive the neuron-
choice correlation.
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Changes in neural selectivity and correlation structures do not explain the
closed-loop effects

Since choice probability can be strongly influenced by neurons’ stimulus selectivity (Pitkow et al.
2015) and pairwise-correlation structures among neural populations (Haefner et al. 2013), we won-
dered whether changes in these properties underlie closed-loop effects. For example, heightened
attention or perceptual learning can sharpen neural tuning (Reynolds et al. 2000; Yang and Maun-
sell 2004) or reduce noise correlations (Cohen and Maunsell 2009; Mitchell et al. 2009), either
of which could enhance neuron-choice correlations (Law and Gold 2009). We therefore tested
whether closed-loop training produced any systematic changes in neural response properties.

We first assessed whether stimulus encoding improved during closed-loop training and found
no substantial evidence for it. We measured classification accuracy between the 0% morph and
positive morph stimuli at each morph level along the best stimulus decoding axis in the 12-
dimensional latent space. The resulting neurometric functions increased monotonically with morph
level but their slopes were indistinguishable between baseline and closed-loop conditions (Fig. 4A;
t(144) = 0.18, p = 0.86, two-tailed t-test, sessions aggregated across monkeys; for individual
monkeys, see Supplementary Fig. 5). Likewise, response variability, quantified as the Fano factor
computed on 0% morph trials, did not significantly differ (Fig. 4B; t(144) = 0.37, p = 0.71,
two-tailed t-test).

We next assessed pairwise noise correlations and again found no substantial change following
closed-loop training. Mean spike count correlation across all recorded channels, computed on
0% morph trials, did not differ significantly (Fig. 4C; t(144) = 0.17, p = 0.87, two-tailed t-
test). We further characterized the structure of pairwise correlations by computing the eigenvalue
spectrum of the covariance matrix across all recorded units. No significant change after training
was observed (Fig. 4D; PC1: t(144) = 0.15, p = 0.88, two-tailed t-test). We also examined
the relationship between neuronal tuning and pairwise correlation structure (Haefner et al. 2013).
Each neuron was approximately linearly tuned to morph levels (Fig. 2A-C), thus we used a linear
regression slope as a measure of tuning strength. Consistent with prior reports (Kohn and Smith
2005), neuron pairs with similar tuning tended to exhibit higher spike count correlations (Fig. 4E
left; baseline example session: r = −0.25, p < 10−10). However, the strength of this relationship
was unchanged following closed-loop training (Fig. 4E right; t(144) = 0.47, p = 0.64, two-tailed
t-test). These results held consistently across both monkeys (Supplementary Fig. 5).

Given the absence of detectable changes in V4 response properties, we developed a neural
population model to test whether changes in behavioral readout alone could account for the closed-
loop effects (Fig. 4F). The model consisted of a pool of 10,000 simulated V4 units whose stimulus
tuning, pairwise correlations, and the tuning-correlation relationship were approximately matched
to parameters sampled from the recorded data. The model linearly sums unit firing rates according
to readout weights and generates a binary Go/No-go choice by comparing the result to a fixed
threshold. To mimic the electrophysiological recordings, we randomly subsampled 100 units from
the pool and computed neuron–choice correlation.

We first confirmed that this population model reproduced monkeys’ psychometric curves and
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Figure 4: Neuronal response properties did not change after closed-loop training, supporting
a readout account. (A to E) Stimulus encoding and correlation structure remained unchanged
after closed-loop training. We assessed population stimulus decoding accuracy (positive versus 0%
morph; A left) quantified as neurometric slopes (A, right), Fano factor (B), pairwise spike count
correlations (C), population correlation structure quantified as eigenvalues of principal components
(D), and the relationship between stimulus tuning similarity and noise correlation (E). Open circles
are individual sessions. Pale dots in E are individual unit pairs. Results are pooled across monkeys.
See Supplementary Fig. 5 for individual monkey results. (F) A model consisting of sensory
neuron pools (n = 10, 000) whose selectivity and noise correlation structure were matched to
the recorded data. A linear weighted sum of the activity determined a Go/No-go choice. Neuron-
choice correlation was calculated from a subset of neurons (n = 100) to simulate realistic recording
conditions. (G) Aligning the readout weights with the recorded population increased neuron-
choice correlation to a level comparable to that observed in the monkey data. Shading on the lines
indicates S.E.M. of the empirical data from monkey B. Monkey A’s data could also be reproduced.
Continued on the next page.
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(H to J) Modifying response properties of the neuron pool alters neuron–choice correlation, but the
magnitude of change required to match the closed-loop data fell outside the range of response prop-
erty changes observed in the empirical data, ruling out these alternatives. (K) Diagram illustrating
how each model parameter affects psychometric slope (behavioral response) and neuron-choice
correlation slope. Gray and orange open circles represent experimental data. Each line corre-
sponds to independent simulations varying a single parameter. Numbers adjacent to lines indicate
the parameter value. Error bars on model results indicate S.D. across 5 model instances. (L) We
also performed a random reward control task to confirm that the neuron–choice correlation does
not increase without closed-loop. In this task, stimulus-target contingency was disrupted as in the
closed-loop task, but reward delivery was determined randomly rather than by online neural activ-
ity. On each trial, a Go response was rewarded with a probability matched to that of the trials with
the corresponding morph level in the closed-loop sessions of the same monkey. The probability
shown in the inset is an example from monkey B. (M) Neither monkey improved neuron–choice
correlation along the stimulus axis in this task.

neuron-choice correlation slopes in the baseline condition (Supplementary Fig. 6B). Neural re-
sponse properties were held fixed, while several free parameters, such as the decision threshold,
were adjusted to match these experimental data (see Methods). Readout weights were constructed
by adding random weights to the optimal stimulus decoder of the whole unit pool (Pitkow et al.
2015), mimicking the misalignment of stimulus and choice axes. We then held all of them fixed
except for the parameter under investigation to test which parameters successfully account for the
closed-loop effects.

Changes in readout weights could reproduce the main results. Increasing the readout weights
for the 100 sub-sampled units enhanced the neuron-choice correlation (Fig. 4G) with a slight im-
provement in the psychometric curves (Fig. 4K, yellow line), matching the experimental data in the
closed-loop sessions. Notably, to match the data, readout weights had to be shifted substantially
toward the recorded units (Fig. 4G; w = 1 corresponds to full weighting on the recorded subpop-
ulation), suggesting that the effect sizes observed experimentally could have been approaching a
theoretical limit of possible correlations.

By contrast, modifying response properties of the units could not reproduce the results within
meaningful parameter ranges. Parameters such as individual neurons’ tuning slope (Fig. 4H)
or the relationship between tuning dissimilarity and noise correlation (Fig. 4I) could influence the
neuron-choice correlation, but the magnitude of changes required to approach the data pushed these
parameters far outside the range observed experimentally (Fig. 4H-J). Changes in decision thresh-
old (i.e., Go choice rate) likewise failed to produce a comparable slope increase (Supplementary
Fig. 6C). Lastly, the joint visualization of the neuron–choice correlation and psychometric slopes
confirmed that, of the parameters tested, only readout weight changes reproduced the closed-loop
effects (Fig. 4K).
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The broken stimulus-target contingency does not account for the effects

Our closed-loop design linked internal neural activity to correct targets, but, as a consequence,
partially broke the contingency between physical stimuli and correct choices; for example, mon-
keys sometimes received reward by making a Go response to the 0% morph stimulus. Could this
broken stimulus-target contingency alone account for the observed closed-loop effects? To directly
test this, we designed a control experiment in which the stimulus-target contingency was broken
in the same way without linking correct choices to neural activity (Fig. 4L). In this random reward
task, the correct answer on each trial was assigned randomly to Go or No-go choice according
to probabilities derived empirically from the closed-loop sessions for the corresponding object
feature and morph level of the same monkeys. Thus, the only difference from the closed-loop
experiments, hidden from the monkeys, was whether correct choices were determined by neural
activity or assigned at random.

In this random reward task, we found that the neuron–choice correlation did not improve.
Correlation slopes were indistinguishable between this condition and baseline in both monkeys
(Fig. 4M; t(10) = −1.08, p = 0.31 for monkey A and t(10) = −0.39, p = 0.70 for monkey B,
two-tailed t-test), despite a small increase in overall Go responses similar to that seen in closed-
loop sessions. The monkeys’ psychometric functions changed (Supplementary Fig. 7) in response
to the broken stimulus-target contingency, but they were not accompanied by any change in neuron-
choice slope.

Discussion

How sensory neural activity contributes to perceptual reports has been a fundamental problem in
systems neuroscience. Existing approaches have relied either on measuring correlations between
neural activity and perceptual choice (Nienborg et al. 2012), or on perturbing sensory areas through
coarse stimulation or inactivation (Parker and Newsome 1998). We developed a third approach: a
closed-loop paradigm that trains animals to use specific patterns of their own population sensory
neural activity to guide decisions. We tested this paradigm in monkeys performing a change-
detection task, and found that they clearly increased the correlation between their choices and
population signals along the decoding axis for a visual feature in V4 (Fig. 3). This enhancement in
neuron–choice correlation occurred without any detectable change in the response properties of the
neural population itself (Fig. 4A-E). A computational model confirmed that the closed-loop effect
was explained by adjustments in readout weights, rather than by other factors known to influence
neuron–choice correlations (Fig. 4F-K). A control experiment in which only the stimulus–reward
contingency was disrupted did not produce such enhancement (Fig. 4L-M).

Our results demonstrate that the correlation between sensory neural activity and perceptual re-
ports is malleable and depends on the strategy animals use to solve tasks (Chowdhury and DeAn-
gelis 2008; Laamerad et al. 2025; Uka and DeAngelis 2004). While choice probability (CP) was
originally proposed as an index of how sensory activity contributes to perceptual decisions (Brit-
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ten et al. 1996), subsequent work has revealed other dominant factors such as noise correlations
(Haefner et al. 2013) and top-down feedback of choice information to sensory cortex (Bondy et al.
2018; Haefner et al. 2016; Liu et al. 2026). Our closed-loop paradigm targeted an early response
window to mitigate the influence of feedback (Fig. 2A) and successfully increased neuron–choice
correlation without altering neural activity patterns or noise correlations (Fig. 4). The absence
of changes in neural selectivity and response statistics also provides evidence against alternative
accounts, such as feature-selective attention (Bichot et al. 2005), task engagement, or additional
perceptual learning (Ni et al. 2018) known to influence V4 activity, which should have been ob-
served in our recordings if present. The magnitude of the closed-loop effect was modest (Fig. 3C),
but our simulation suggests this probably approached a theoretical limit: even large changes in
readout weights produce comparable shifts in neuron-choice correlation (Fig. 4G).

The successful closed-loop training suggests that the misalignment of the stimulus and choice
encoding observed in perceptual tasks (Ni et al. 2018, 2022; Weiner and Ghose 2014; Zhao et al.
2020) is partly a consequence of the constraints imposed by natural behavioral training. Typical
perceptual tasks train animals to maximize sensory discrimination accuracy, which may or may
not require aligning stimulus and choice encoding in the recorded population as an optimization
target (Pitkow et al. 2015). By contrast, our paradigm directly imposed this alignment as the
training objective, probing its real performance limit. The results indicate that this limit lies above
what is typically observed in perceptual tasks, supporting the view that maximizing discrimination
accuracy and maximizing stimulus-choice alignment are not equivalent training objectives. Under
natural training, animals may favor generic task strategies that use readout weights capable of
detecting a broad range of physical stimuli (Laamerad et al. 2025; Ni et al. 2022; Srinath et al.
2026; Weiner and Ghose 2014).

Mechanistically, learning in our closed-loop task could proceed through progressive adjust-
ment of readout weights via reinforcement learning (Law and Gold 2009), but the locus of this
adjustment need not be restricted to the recorded neurons. Activity along the decoded axis must
be correlated with neural signals distributed broadly across the population (Cohen and Newsome
2009; Kohn and Smith 2005; Pitkow et al. 2015) and potentially across areas (Semedo et al. 2019;
Zandvakili and Kohn 2015). What monkeys may therefore have learned is to weight specific axes
of latent states shared across large neuron pools. The recruitment of broad latent states is likely a
general feature of closed-loop paradigms: in motor cortex, animals can be trained to control neural
activity only along directions corresponding to naturally occurring latent states or dynamics (Oby
et al. 2025; Sadtler et al. 2014). Our paradigm extends this logic to sensory subspaces, demarcating
the limit of aligning latent states and behavioral reports. This opens further questions, for example,
which sensory areas permit such alignment most easily, whether readout weights can be flexibly
retargeted across different axes (see Supplementary Fig. 8), or what forms of neural information
beyond linear decoding of spike rates can be linked to behavior (Panzeri et al. 2010; Quiroga and
Panzeri 2009; Yang et al. 2021).

Another important factor shaping sensory readout is trial-to-trial co-fluctuations in population
activity. While noise correlation can substantially reduce stimulus coding fidelity (Moreno-Bote
et al. 2014; Pitkow et al. 2015), it is known that the choice encoding still tends to align with
the dominant axes of noise correlations (Ni et al. 2018; Valente et al. 2021), a finding replicated
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in our experiment (Fig. 2E). Multiple theoretical frameworks have interpreted this alignment as
evidence that shared neural fluctuations rather play a constructive role in transmitting sensory
information to downstream decision circuits (Haimerl et al. 2023; Nassar et al. 2021; Panzeri
et al. 2022; Srinath et al. 2025). A key observation from our closed-loop experiment is that,
although stimulus–choice alignment improved following training, the choice information carried
by the whole recorded population and the dominant noise axes remained stable (Fig. 3E). This
dissociation might indicate that the dominant axes of population variability may act as a constraint
that prevents readout weights from deviating from them substantially. This interpretation resonates
with the concept of a communication subspace (Semedo et al. 2019; Srinath et al. 2021), in which
inter-areal communication is constrained to a low-dimensional subspace. Under this view, closed-
loop training may have improved readout efficiency within the available communication subspace.

Beyond its scientific implications, the proposed closed-loop paradigm represents a conceptu-
ally novel approach to real-time neural interface, distinct from conventional brain-computer in-
terface (BCI) designs. The dominant BCI framework, developed primarily for motor cortex ap-
plications, trains subjects to volitionally modulate their own neural activity to control an external
device (Andersen et al. 2022; Motiwala et al. 2025). This framework has been extended to sensory
cortices in several ways: closed-loop neurofeedback has been used to train subjects to modulate
sensory or attention-related activity in visual areas and influence perceptual accuracy or contents
(Amano et al. 2016; Debettencourt et al. 2015; Renton et al. 2021; Shibata et al. 2011). Recently,
Iordan et al. (2024) used implicit closed-loop feedback to guide the formation of categorical rep-
resentations in sensory cortex. Separately, closed-loop systems have been used to identify sensory
selectivity with iterative stimulus sampling (Okazawa et al. 2015, 2017; Yamane et al. 2008). What
distinguishes our paradigm from all of these approaches is that we do not aim to modulate the am-
plitude or pattern of recorded neural activity itself. Instead, subjects are required to change how
downstream circuits read out that activity. This is a fundamentally different point of intervention
in the sensory-to-decision pathway and, to our knowledge, has not been previously demonstrated.

Our approach may also offer translational insights. A major challenge in restoring sensory
function to patients through neural prosthetics is that even when sensory input is successfully
introduced, patients often struggle to interpret and act on these novel signals (Fine and Boynton
2015). The difficulty may partly lie in the problem of readout mechanisms linking sensory signals
to action. Our closed-loop paradigm could offer a strategy to train the brain to use specific patterns
of sensory activity.
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Methods

Subjects and experimental apparatus

The experiments were performed with two adult male macaque monkeys (monkey B: Macaca
mulatta, 10 kg, 13 years old; monkey A: Macaca fascicularis, 6.5 kg, 11 years old). All the
experimental procedures conformed to the National Institutes of Health Guide for the Care and Use
of Laboratory Animals and were approved by the Institutional Animal Care and Use Committee
of the Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of
Sciences.

Monkeys were seated in a semi-dark room with their heads stabilized using a surgically im-
planted head post, facing a cathode ray tube monitor (SONY Multiscan E-200; 1024 × 768 pixel
resolution, refresh rate 75 Hz). The task and stimulus presentation were controlled with a custom
MATLAB program using the Psychtoolbox toolbox (Brainard 1997). The closed-loop system ran
on a separate computer using a custom program with an online spike monitoring package (cb-
MEX; Blackrock Microsystems, Inc., Salt Lake City, UT). The program received a TTL pulse
from the task computer at stimulus onset, counted spikes within a fixed window (see below), and
returned the spike count to the task computer prior to the feedback period. We confirmed that the
closed-loop system successfully returned spike counts before feedback on every trial. Monkey’s
gaze position was monitored at 1 kHz using an infrared eye-tracking system (EyeLink SR1000,
SR-Research, Ontario).

Change detection task

Monkeys were trained to perform a change-detection task in which they viewed two sequentially
presented object stimuli and reported any change (color, shape, texture) in the second stimulus by
making a saccade. In each trial, after the monkey fixated on a central fixation dot, a peripheral tar-
get dot appeared outside the average V4 receptive field (RF) location at 8 deg eccentricity (rotation
angle roughly orthogonal to the average V4 RF). This location was chosen to mitigate saccade-
related responses in V4 (Chandrasekaran et al. 2024; Steinmetz and Moore 2014). Following a
brief delay (exponential distribution, 200 ms mean, and 50 ms standard deviation), a reference
object stimulus was presented for 200 ms at the center of the average V4 RF, followed by a 300
ms blank interval, after which a test object stimulus appeared at the same location. If a change in
the object was detected, monkeys had to make a saccade to the target dot within a fixed response
window (180-800 ms after stimulus onset for monkey A and 200-800 ms for monkey B). If no
change was detected, monkeys had to maintain fixation for 800 ms. Changes occurred in approxi-
mately 50% of trials. Correct responses were rewarded with a juice drop. The mean reaction time
for choosing Go was 241 ms for monkey A, and 289 ms for monkey B.

The reference stimulus was always the same colorless, amorphous 3D object image, whereas
test stimuli in Go trials differed from the reference in color, texture, or shape. To create the refer-
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ence stimulus, we began with a 3D sphere model, randomly placed isotropic Gaussian bumps on
its surface, and rendered a 2D image in MATLAB. Test stimuli with a feature change were created
by applying one of the following five manipulations to the reference: (1) sharpness: increased the
height and decreased the width of the Gaussian bumps to make them appear sharper. (2) aspect
ratio: stretched the entire object shape in the horizontal direction. (3) color (red): rendered the
entire surface reddish. (4) color (green): rendered the entire surface greenish. (5) texture: applied
a naturalistic texture to the surface. Monkey A was tested with four manipulations (except for the
color green); Monkey B was tested with all five.

To control stimulus difficulty, we created a morph continuum for each feature ranging from
0% (identical to the reference) to 100% (maximum difference). For shape and color manipula-
tions, stimulus parameters were linearly modulated along the continuum. For texture, we lin-
early increased the contrast of the texture. The 100% morph of each feature was calibrated using
preliminary human psychophysics such that all features yielded comparable detection thresholds
(20-30%). During experiments, morph levels and their presentation probabilities were adjusted
according to the monkey’s behavioral performance; we typically used 10%, 15%, 20%, 25%, 30%,
35%, 40%, and 60% levels. Approximately 50% of trials were No-go trials, in which the 0% (ref-
erence) stimulus was presented; the remaining trials were Go trials, with morph level drawn from
the levels listed above.

We had two types of sessions for the change-detection task. In one type, all 4-5 features
were presented to train monkeys to detect any change in object features. These sessions were
used primarily for training. The other type used only one feature. These sessions served as the
baseline against closed-loop sessions using the same feature. We collected 22 of these single-
feature sessions for monkey A (22,419 trials) and 28 sessions for monkey B (22,475 trials). Figure
2 also used these baseline sessions.

Closed-loop experiments

In the closed-loop task, we modified the reward contingency so that monkeys maximized reward
by aligning their Go/No-go choices with their own V4 neural activity recorded online. The task
structure was otherwise identical to the change-detection task. During test stimulus presentation,
the closed-loop system counted the number of spikes within an 80-150 ms window from stimulus
onset, projected the signals onto a neural axis defined during a preceding passive fixation task (see
below), and compared the projected value against an experimenter-set threshold. If the projected
neural activity exceeded the threshold, the correct response for that trial became Go, regardless of
the physical stimulus presented. When we introduced this rule, we initially applied it only to 0%
morph trials, so as not to confuse the monkeys in the early half of sessions (total 39 sessions for
monkey A and 7 sessions for monkey B). Later, we applied the closed-loop rule to all the morph
levels. Because the target neural axis was chosen to be the optimal decoding axis for the presented
feature, the reward contingency was preserved on the majority of trials, but still the contingency
was reversed on a substantial fraction of trials (∼ 25 % of trials), encouraging the monkeys to learn
the new rule through trial and error. No explicit cues were provided to indicate the closed-loop rule.
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To identify the target neural axis for the closed-loop training, we performed a passive fixation
task prior to the main task in each daily session. On each trial, 2-4 object images were presented
at the center of the average V4 RF for 200 ms with a 300 ms inter-stimulus interval. We pre-
sented morph levels of 0, 20, 40, 60, 80, and 100 % for all features with ∼ 20 repetitions each,
and calculated the mean firing rate of each unit for each stimulus within an 80-150 ms window
from stimulus onset. Before identifying the stimulus encoding axis, we centered the neural popu-
lation responses on the average responses to 0% morph stimulus and applied principal components
analysis (PCA) to generate a low-dimensional latent space. The number of principal components
was set to 12, based on parallel analysis (Altan et al. 2021) conducted during early data collection
(Supplementary Fig. 2A).

Within this 12D space, we estimated a stimulus encoding axis using one of two methods. The
first method used a linear regression of neural population response onto morph level for each
feature f , presented Nf times during the passive fixation task:

mf = Rf · βf (1)

where mf is an Nf vector of morph levels, Rf is an Nf ×12 matrix of neural population responses
in the 12D latent space, and βf is a 12× 1 regression coefficients, which defined the encoding axis
for feature f . These coefficients were independently determined for each object feature. The sec-
ond method, used in a part of sessions (6 sessions), estimated approximately orthogonal encoding
axes for each feature simultaneously, such that they were mutually uncorrelated. Using all N trials
of the passive fixation task across F features, we constructed an N×F matrix of morph level Mall

and an N × 12 matrix of neural population responses Rall. Canonical correlation analysis (CCA)
was then applied to determine coefficient matrices A (F × F ) and B (12×F ) that maximized the
correlation between each column of Mall ·A and Rall ·B. The resulting matrix BA−1 defines the
projection from neural population activity onto the axes most correlated with the morph level of
each feature.

To correct for slow drift in neural population activity, which could gradually bias the closed-
loop threshold over the course of a session, we applied an online normalization procedure to the
decoded neural signals. The mean and standard deviation of population activity projected on the
target axis were calculated from the most recent 50 0%-morph trials, and the projected value of
each trial was normalized by subtracting the mean and dividing by the standard deviation. For the
first 50 trials of the closed-loop experiment, neural responses from the preceding passive fixation
task were included in this normalization to provide a stable baseline estimate.

When starting the closed-loop experiment with monkey A, we initially attempted to align the
latent neural spaces across sessions so that the monkey could learn a consistent rule across days (20
sessions; 21% of data). Following previous studies (Degenhart et al. 2020), we applied a Procrustes
transformation to align the PCA coefficient matrix of the 12D latent neural space from day N (QN )
to that of day 1 (Q1) through a rotation matrix (TP ) and a translation vector (SP ), obtained by:

TP , SP = argminT,S(||Q1 −QN · T + S||2) (2)

Neural activity of day N was then projected onto the aligned latent space using the transformed
PCA coefficients QN · T + S. In later sessions, we found that this alignment did not improve
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learning stability, thus we directly used the stimulus axis defined through the passive fixation task
on a session-by-session basis.

Closed-loop experimental schedule and training

We performed baseline and closed-loop sessions over consecutive days using the same object fea-
ture within a single round of data collection (Fig. 3B). Each round began with at least 4 baseline
sessions, in which monkeys performed a regular change-detection task with one object feature. We
verified that behavioral performance was stable during this period. Closed-loop sessions were then
conducted for at least 5 sessions (mean: 7.4). Each baseline and closed-loop session began with
the passive fixation task to determine the feature axes as described above. For monkey A, a subset
of baseline sessions (8 sessions) used an alternative closed-loop rule in which the target axis was
set orthogonal to the object feature axis for 0% morph stimulus. This was intended to dissociate
monkey behavior from a closed-loop contingency learned in the previous round. However, this
manipulation did not produce substantial differences in behavior.

During closed-loop experiments, several parameters were adjusted online by the experimenters
to facilitate learning. First, the threshold separating Go/No-go categories along the decoder axis
was set so that Go trials comprised approximately 50% of all trials. The threshold was typically
positioned around 1 standard deviation above the mean decoded value for 0% morph stimulus.
Concurrently, we adjusted the proportion of 0% morph trials to ensure that monkeys continued
to experience physically changing stimuli on a good fraction of trials. In some sessions, we also
applied a soft threshold to provide more fine-grained feedback to monkeys. Here, both Go and
No-go responses around the soft boundary were treated as correct, but the reward magnitude for
the “wrong” choice was scaled according to the distance of the decoded value from the threshold.
For example, if the decoded value was slightly above the threshold, a Go response yielded a large
reward, whereas a No-go response yielded a substantially smaller reward. To implement this,
reward magnitude was defined by a linear function of the decoded value, bounded by experimenter-
defined upper and lower limits. We collected a total of 46 closed-loop sessions for monkey A
(43,032 trials) and 50 sessions for monkey B (42,357 trials).

Control experiments

Random reward task

To test whether a broken stimulus-reward contingency alone could have induced the changes ob-
served in closed-loop experiments, we designed a random-reward task. In this task, the contingency
between physical stimuli and trial outcomes was altered in the same manner as in closed-loop ses-
sions, but reward delivery was determined randomly rather than by online neural signals. For each
morph level, we calculated the probability that a Go response was rewarded in the corresponding
closed-loop sessions of the same monkey, and then used this probability to randomly reward a Go
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response. As a result, some 0% morph trials were rewarded for Go responses, and some positive
morph trials were rewarded for No-go responses, mirroring the statistical structure of the closed-
loop experiments. As in the closed-loop rounds, both monkeys first completed five consecutive
baseline change-detection sessions before performing the random-reward task for eight sessions.
For analysis, we included the last four baseline sessions and all random-reward sessions. We col-
lected a total of 8 random-reward sessions for monkey A (6,333 trials) and 8 sessions for monkey
B (5,411 trials).

Closed-loop axis switching task

In this task (Supplementary Fig. 8), we tested whether monkeys could modulate neuron-choice
correlations selectively between two different target neural axes associated with two object fea-
tures (e.g., sharpness and color). To prevent external stimuli from becoming a cue to the target
axis, we created a morph continuum along which both features co-varied simultaneously with the
same morph levels. In baseline conditions, monkeys were required to detect any change that devi-
ated from the reference stimulus. To ensure that monkeys detected both features, catch trials with
a change in one feature alone were introduced in ∼8 % of trials. During the closed-loop sessions,
we defined the decoder axis using only one of the two features and used this axis to determine the
correct answer on each trial. We first collected baseline sessions for at least four sessions for each
monkey, and then proceeded to closed-loop training on each of the two features sequentially (Sup-
plementary Fig. 8A). During closed-loop sessions, the catch trials with a single-feature change
were randomly rewarded with 80% probability so as not to interfere with the closed-loop train-
ing. All other parameters and procedures for the closed-loop were the same as those in the main
experiment.

Electrophysiological recording

We implanted a 96-channel Utah array (electrode length 1 mm; spacing 0.4 mm; Blackrock Mi-
crosystems) in area V4 of each monkey for chronic recordings. The implant location was planned
based on a T1 MRI image and confirmed during the surgery by identifying the lunate and superior
temporal sulcus. During recordings, neural signals were sampled at 30,000 Hz (high-pass filtered
at 250 Hz), and waveforms exceeding a fixed threshold were detected as multi-unit activity (MUA)
for closed-loop experiments, consistent with the approach used in previous closed-loop studies
(Oby et al. 2025; Sadtler et al. 2014). The spike detection threshold was set to 3.0 or 3.5 times
the root-mean-square (RMS) of the continuous signal for monkey A and 3.5 RMS for monkey
B. Because the closed-loop experiments were performed using online MUA, the same MUA was
used for analyses of both closed-loop and baseline sessions to ensure direct comparability (Figs.
3, 4). We used all channels that showed clear visual responses (n = 90 − 96). We assessed the
quality of recording by performing preliminary analysis of stimulus classification and excluded
two rounds of data collection from monkey A due to poor quality. For analyses that do not depend
on the closed-loop paradigm (Fig. 2), we also performed spike sorting offline with Offline Sorter
(Plexon, Dallas, TX 75206, USA) on a subset of the sessions to confirm consistency of results
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(Supplementary Fig. 9). Approximately 40-150 single and multi-units (average 100) were isolated
per session.

Prior to the main experiments, we mapped the receptive fields (RFs) of V4 neurons to determine
the stimulus presentation location. While monkeys passively fixated at the center of the screen, a
sequence of Gabor stimuli (4 orientations, 1.5 cycles/deg) was presented at random locations on
a grid with 1◦ spacing. We calculated the mean firing rate of each channel at each location and
fitted an isotropic 2D Gaussian kernel to estimate its RF center and size (∼68 % of channels
successfully fit). The RF centers were then averaged across channels to determine the stimulus
location ([4.2◦,−4.1◦] in Cartesian coordinate, size 5.3◦, for monkey A; [5.0◦,−2.0◦], size 5.3◦ for
monkey B).

Data analysis

Psychometric curve fitting

Monkeys’ psychometric functions were calculated as the probability of a Go response as a function
of stimulus strength (morph level) and were fitted using a generalized linear model (GLM) with a
logistic link:

p(choice = Go) =
1

1 + exp(−(α1M + α0))
, (3)

where M is the morph level (ranging from 0 to 1) of the test stimuli, α1 and α0 are the slope and
bias parameters, respectively.

Stimulus and choice decoding analysis

To confirm that the recorded population linearly represented the object feature (Fig. 2C), we quan-
tified how much variance in morph level could be explained by a linear decoder constructed in the
12-dimensional latent space (see above) using data collected during passive fixation. In each ses-
sion, we decoded morph levels using a linear decoder with 5-fold cross-validation. In each fold, the
training set was used to estimate a morph decoding axis, and the held-out test trials were projected
onto this axis. This procedure was repeated for all five folds, and the resulting projected values
were concatenated to obtain cross-validated morph level predictions for all trials. The variance
explained (R2) was computed as follows:

R2 = 1− Σi(mi − m̂i)
2

Σi(mi −mi)2
(4)

where mi denotes the actual value of each morph level i, m̂i denotes the predicted morph level
averaged across trials, and m is the mean of the morph levels.

To identify a neural axis optimally decoding the monkeys’ choices, we performed a logistic
regression on neural population activity after removing the stimulus-dependent component (Fig.
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2E-F). Trials with morph levels yielding >80% Go responses were excluded, as they were ex-
pected to carry minimal choice-related variance. Beginning from the 12D latent activity in PC
space, we first subtracted the trial-averaged responses to each morph level. Logistic regression
was then applied to the residual activity using leave-one-out or 5-fold cross-validation; in each
fold, the training trials were used to estimate a choice decoding axis, and the held-out test trial
was projected onto this axis. This procedure was repeated across all trials, and the projected values
were concatenated to obtain cross-validated projections for all trials. Finally, we computed the area
under the receiver-operating characteristic curve (AUC) from these cross-validated projections to
quantify the accuracy of classifying Go and No-go response trials.

Choice decoding accuracy along the stimulus encoding axis and the dominant axes of neural
variability (Fig. 2E-F) was computed in a similar way, after removing stimulus-dependent signals.
For the stimulus axis, we projected the 12D latent signals onto this axis, subtracted trial-averaged
responses to each morph level, and computed the AUC between Go and No-go response trials. The
dominant axes of neural variability were defined as the top principal components (PCs) of the 12D
latent space. For the first PC, the same procedure was used to subtract the stimulus-dependent sig-
nals and calculate choice decoding accuracy. For higher PCs (up to PC k), we estimated the optimal
axis decoding choice within the subspace spanning PC 1 to k by applying the logistic regression
described above, following the same cross-validation procedure. In Fig. 3E, we performed the
same analyses but using 0% morph trials only.

Stimulus decoding performance was measured as the classification accuracy of 0% versus non-
0% (Go) stimuli based on neural responses projected onto the stimulus, choice, and PC axes (Figs.
2E-F, 3E). For one-dimensional axes, accuracy was computed directly as the AUC of the projected
distributions. For higher-dimensional PC spaces, we used logistic regression with leave-one-out
cross-validation, as described above.

All analyses computed the decoding performance within each session and averaged it across
sessions.

Neuron-choice correlation plot

To quantify the strength of the neuron–choice relationship, we computed the probability of a Go
response as a function of neural activity projected onto the decoder axis (Figs. 3C, 4M). For each
session, only 0% morph trials were used to avoid confounding stimulus information. GLM with a
linear link function was used to fit monkey choices on individual trials using the projected neural
signals as the predictor:

P (yt = 1) = αrt + β, (5)

where yt ∈ {0, 1} is the binary Go/No-Go choice on trial t, rt is neural signal along the target axis,
and α and β are the fitted slope and intercept, respectively. We chose a linear link function because
the observed relationship between projected activity and Go probability appeared approximately
linear (Fig. 3C) within the restricted range of neural activity evoked by 0% morph stimulus. To
enable comparison of slopes across sessions, projected neural signals were z-scored within each
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session before fitting. For visualization in Figs. 3C, 5B, we binned trials into seven groups accord-
ing to their projected signal values. As a control, we also estimated the neuron-choice slope using
both 0% and positive morph trials (Supplementary Fig. 3A). We selected positive morph levels
that fell in the same range on the decoder axis as the zero morph trials (mean ± 3 s.d.) for this
analysis, as Go probability saturates at higher morph levels and introduces a ceiling effect.

Quantification of population stimulus selectivity

To assess stimulus selectivity (Fig. 4A), we performed 5-fold cross-validation, in which we re-
estimated the stimulus encoding axis on the training trials (Eq. 1) in each fold and projected the
neural activity of the held-out trials onto this axis. Pooling the projected values across all 5 folds,
we computed AUC between 0% morph and each positive morph level, yielding a classification
accuracy (Am) for each morph level m. These values were fit with a logistic function to estimate a
neurometric threshold:

Am = D +
U −D

1 + exp
(
−(β0 + β1m)

) , (6)

where U and D define the upper and lower limits of the function Am, β0 is a bias term, and β1

is a neurometric slope. We fitted these parameters and compared neurometric slopes β1 between
baseline and closed-loop sessions using a two-sample t-test.

Noise correlation structure

We tested whether noise correlations changed following closed-loop training (Fig. 4C). Noise
correlations (spike count correlations) were calculated using 0% morph trials to exclude stimulus-
dependent correlations. We counted spikes within a 80-150 ms window after stimulus onset, and
calculated Pearson’s correlations across all valid channel pairs. The resulting pairwise correlations
were averaged within each session.

We also checked the relationship between neuronal tuning and noise correlation (Haefner et al.
2013). Since most units exhibited monotonic tuning to morph level (Fig. 4E), we quantified tuning
strength for each unit using linear regression:

FRi = αiM+ βi (7)

where FRi is the vector of trial-average firing rates across morph levels for unit i, M is the corre-
sponding vector of morph levels, and αi and βi are the regression slope and intercept, respectively.
The tuning difference between units j and k was then defined as the absolute difference in slopes:

Dj,k = |αj − αk| (8)

Figure 4E shows the relationship between this tuning difference and pairwise noise correlation
(ρj,k). Their relationship was quantified using another linear regression:

ρ = γ1D+ γ0 (9)
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where D and ρ are tuning differences and noise correlations concatenated across all unit pairs
within a session.

Neuron pool model

Model structure

We built a feedforward model consisting of V4-like neural populations to simulate how different
factors could affect neuron–choice correlations. The model comprises a pool of neurons (n =
10, 000) responding to sensory stimuli and a fixed readout from the pool that determines model
choice. Firing rate of each neuron k on trial i, FRk,i, is modeled as a linear tuning to morph level
(Mi):

FRk,i = bk + akMi + ηk (10)

where bk is the neuron’s firing rate for 0% morph stimulus, ak is its tuning slope, and η is the noise
level. Importantly, these parameters were sampled from the distribution of actual neural responses
from all units from all sessions. For ak and bk, we performed the linear regression defined in Eq.
7 for each real unit to obtain the parameter distributions and sampled the values from their joint
distribution through kernel density estimation. The noise level (ηk) was quantified as the Fano
factor calculated using 80-150 ms window from stimulus onset, and the values for the simulation
were sampled from the distribution obtained from the actual data.

We then determined the correlation structure of these neurons, incorporating the pairwise cor-
relation distribution of actual units. The following linear function was used to approximate the
pattern of noise correlation as a function of tuning similarity (Law and Gold 2009):

ρi,j = ρmax − γDi,j (11)

where ρi,j is noise correlation between unit i and j, Di,j is tuning difference between the units
(Eq. 8), ρmax is the maximum correlation, and γ is the slope defining the decay of correlation
with tuning difference. The latter two parameters, ρmax and γ, were obtained by fitting actual
data aggregated across sessions. Then, we generated the noise correlation matrix for the 10,000
simulated neurons.

Having defined the mean and correlations of simulated neural population responses, we sam-
pled 1,000 simulated trials, similar to typical trial counts in a session. Following the method by
Law et al. (2009), a 1, 000 × 10, 000 matrix of Gaussian noise with the correlation defined in Eq.
11 was created using mvnrnd function in Matlab, and then converted to firing rate based on the
tuning slope for morph level, a (Eq. 10), the base firing rate for 0% morph stimulus, b, and Fano
factor for each simulated neuron. Because this conversion procedure affects noise correlations, we
determined ρmax in Eq. 11 such that the distribution of noise correlations approximates the data
after this conversion (Law and Gold 2009). Because this simulation is stochastic, we generated
five independent firing-rate matrices and presented the standard deviation of results across these
samples as error bars in Fig. 4G-J to demonstrate the model stability.
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From simulated firing rates, model choice was determined based on a linear readout defined
by a 10, 000 × 1 weight vector. If the readout value exceeded a threshold (Bdec), the model chose
Go on that trial. A weight vector for the baseline condition was created by adding random noise to
the optimal stimulus decoding weight to mimic the dissociation of stimulus and choice encoding
in actual data (Fig. 4F). The optimal weight (woptim) can be determined by the following formula
(Pitkow et al. 2015):

woptim = Σ−1f ′ (12)

where f ′ is the derivative of neuron tunings (i.e., tuning slope ak in Eq. 10) and Σ is the neuron
covariance matrix. This optimal weight was then mixed with a random noise weight (wrand) drawn
from a Gaussian distribution after normalizing each of them:

wsub = (1− αsub) · woptim + αsub · wrand (13)

where αsub controls the degree of suboptimality. After wsub was normalized, the decoded value was
calculated as FRT

i wsub. A Gaussian decision noise (SD, σdec) was further added to this decoded
value before it was compared against the decision threshold (Bdec).

We then simulated neural recordings by randomly selecting 100 neurons from the 10,000 sim-
ulated neuron pool. Within these selected neurons, we estimated the stimulus encoding axis as we
did for the actual data and calculated the neuron-choice slope as in Fig. 3C. Prior to this calcula-
tion, we added Gaussian noise to the simulated recording data (SD, σrecord) to mimic the noise in
neural recordings.

To summarize, the model had five parameters to generate simulated V4 populations, which
were derived from the value distributions of actual neural data: tuning slope for morph level (ak in
Eq. 10), baseline firing rate for 0% morph stimulus (bk in Eq. 10), variability of firing rate (ηk in
Eq. 10), maximum noise correlation (ρmax in Eq. 11), and the change in correlation as a function
of tuning difference (γ in Eq. 11). The model then had four additional free parameters that could
not be estimated from neuron data and should have been set by the experimenters: suboptimality of
readout weights for baseline condition (αsub in Eq. 13), decision threshold (Bdec), decision noise
(σdec), and recording noise (σrecord).

Adjustment of model parameters for baseline and closed-loop conditions

To first approximate behavioral psychometric functions and neuron-choice correlations in the base-
line condition, we manually adjusted the free parameters, while the parameters related to neural re-
sponses were held fixed to those derived from actual neural data. By setting αsub = 0.89, σdec = 11,
σrecord = 38, and Bdec such that the probability of Go choices for 0% morph was 0.16, the model
could generate patterns similar to the baseline condition in monkey B (Supplementary Fig. 6B).

We then tested whether increasing the readout weights for the recorded neurons could repro-
duce the increase in neuron-choice correlation in the closed-loop condition. To implement this
manipulation, we created another vector of readout weight, wrec, which was set to 1/10 for the 100
recorded neurons in the simulation and set to 0 for the rest of the simulated neurons (the norm of
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wrec was 1). Thus, this axis was optimally aligned to decode the signals of the recorded neurons.
The readout weights were then generated by mixing this wrec and wsub in Eq. 13 as:

wcl = (1− αcl) · wsub + αcl · wrec (14)

where αcl is the strength of alignment with the axis of recorded neurons. Aside from the readout
weights, no other parameters were modified. The resulting neuron-choice correlation slopes are
shown in Fig. 4G.

To test whether changing other parameters could reproduce the closed loop effects, we varied
the following parameters controlling the property of neural responses (Fig. 4H-K): (1) tuning
slope a, (2) the maximum noise correlation ρ, (3) the slope γ of noise correlation as a function of
tuning difference. As in the baseline model, we generated five independent simulated population
responses for each set of parameters to confirm the consistency of model outcomes. We also
changed the decision threshold (Bdec) to test if the change in the overall rate of a Go response
could affect the neuron-choice correlation (Supplementary Fig. 6C).
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Andersen, R. A., Aflalo, T., Bashford, L., Bjånes, D., & Kellis, S. (2022). Exploring cognition with
brain–machine interfaces. Annual Review of Psychology, 73, 131–158.

Bichot, N. P., Rossi, A. F., & Desimone, R. (2005). Parallel and serial neural mechanisms for visual
search in macaque area V4. Science, 308(5721), 529–534.

Bondy, A. G., Haefner, R. M., & Cumming, B. G. (2018). Feedback determines the structure of
correlated variability in primary visual cortex. Nature Neuroscience, 21(4), 598–606.

Brainard, D. H. (1997). The psychophysics toolbox. Spatial Vision, 10(4), 433–436.
Britten, K. H., Newsome, W. T., Shadlen, M. N., Celebrini, S., & Movshon, J. A. (1996). A rela-

tionship between behavioral choice and the visual responses of neurons in macaque MT.
Visual Neuroscience, 13(1), 87–100.

Chandrasekaran, A. N., Vermani, A., Gupta, P., Steinmetz, N., Moore, T., & Sridharan, D. (2024).
Dissociable components of attention exhibit distinct neuronal signatures in primate visual
cortex. Science Advances, 10(5), eadi0645.

Chowdhury, S. A., & DeAngelis, G. C. (2008). Fine discrimination training alters the causal con-
tribution of macaque area MT to depth perception. Neuron, 60(2), 367–377.

Cohen, M. R., & Maunsell, J. H. (2009). Attention improves performance primarily by reducing
interneuronal correlations. Nature Neuroscience, 12(12), 1594–1600.

Cohen, M. R., & Newsome, W. T. (2009). Estimates of the contribution of single neurons to per-
ception depend on timescale and noise correlation. Journal of Neuroscience, 29(20), 6635–
6648.

Cumming, B. G., & Nienborg, H. (2016). Feedforward and feedback sources of choice probability
in neural population responses. Current Opinion in Neurobiology, 37, 126–132.

Debettencourt, M. T., Cohen, J. D., Lee, R. F., Norman, K. A., & Turk-Browne, N. B. (2015).
Closed-loop training of attention with real-time brain imaging. Nature Neuroscience, 18(3),
470–475.

Degenhart, A. D., Bishop, W. E., Oby, E. R., Tyler-Kabara, E. C., Chase, S. M., Batista, A. P.,
& Yu, B. M. (2020). Stabilization of a brain–computer interface via the alignment of
low-dimensional spaces of neural activity. Nature Biomedical Engineering, 4(7), 672–685.
https://doi.org/10.1038/s41551-020-0542-9

Fine, I., & Boynton, G. M. (2015). Pulse trains to percepts: The challenge of creating a perceptually
intelligible world with sight recovery technologies. Philosophical Transactions of the Royal
Society B: Biological Sciences, 370(1677), 20140208.

Haefner, R. M., Berkes, P., & Fiser, J. (2016). Perceptual decision-making as probabilistic infer-
ence by neural sampling. Neuron, 90(3), 649–660.

Haefner, R. M., Gerwinn, S., Macke, J. H., & Bethge, M. (2013). Inferring decoding strategies
from choice probabilities in the presence of correlated variability. Nature Neuroscience,
16(2), 235–242.

26

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 13, 2026. ; https://doi.org/10.64898/2026.08.07.743408doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.07.743408


Haimerl, C., Ruff, D. A., Cohen, M. R., Savin, C., & Simoncelli, E. P. (2023). Targeted V1 comod-
ulation supports task-adaptive sensory decisions. Nature Communications, 14(1), 7879.

Iordan, C. R., Ritvo, V. J., Norman, K. A., Turk-Browne, N. B., & Cohen, J. D. (2024). Sculpt-
ing new visual categories into the human brain. Proceedings of the National Academy of
Sciences, 121(50), e2410445121.

Jasper, A. I., Tanabe, S., & Kohn, A. (2019). Predicting perceptual decisions using visual cortical
population responses and choice history. Journal of Neuroscience, 39(34), 6714–6727.

Jazayeri, M., & Afraz, A. (2017). Navigating the neural space in search of the neural code. Neuron,
93(5), 1003–1014.

Kohn, A., & Smith, M. A. (2005). Stimulus dependence of neuronal correlation in primary visual
cortex of the macaque. Journal of Neuroscience, 25(14), 3661–3673.

Laamerad, P., Krause, M. R., Guitton, D., & Pack, C. C. (2025). Inactivation of primate cortex
reveals inductive biases in visual learning. Current Biology, 35(19), 4699–4713.

Law, C.-T., & Gold, J. I. (2009). Reinforcement learning can account for associative and perceptual
learning on a visual-decision task. Nature Neuroscience, 12(5), 655–663.

Levi, A. J., Zhao, Y., Park, I. M., & Huk, A. C. (2023). Sensory and choice responses in MT distinct
from motion encoding. Journal of Neuroscience, 43(12), 2090–2103.

Liu, S., Pletenev, A., Haefner, R. M., & Snyder, A. C. (2026). Task learning increases information
redundancy of neural responses in macaque visual cortex. Science, 391(6789), 1029–1035.

Mitchell, J. F., Sundberg, K. A., & Reynolds, J. H. (2009). Spatial attention decorrelates intrinsic
activity fluctuations in macaque area V4. Neuron, 63(6), 879–888.

Moreno-Bote, R., Beck, J., Kanitscheider, I., Pitkow, X., Latham, P., & Pouget, A. (2014).
Information-limiting correlations. Nature Neuroscience, 17(10), 1410–1417.

Motiwala, A., Soldado-Magraner, J., Batista, A. P., Smith, M. A., & Yu, B. M. (2025). Brain–
computer interfaces as a causal probe for scientific inquiry. Trends in Cognitive Sciences,
30(1), 40–53.

Nassar, M. R., Scott, D., & Bhandari, A. (2021). Noise correlations for faster and more robust
learning. Journal of Neuroscience, 41(31), 6740–6752.

Ni, A. M., Huang, C., Doiron, B., & Cohen, M. R. (2022). A general decoding strategy explains
the relationship between behavior and correlated variability. eLife, 11, e67258.

Ni, A. M., Ruff, D. A., Alberts, J. J., Symmonds, J., & Cohen, M. R. (2018). Learning and attention
reveal a general relationship between population activity and behavior. Science, 359(6374),
463–465.

Nienborg, H., Cohen, M. R., & Cumming, B. G. (2012). Decision-related activity in sensory neu-
rons: Correlations among neurons and with behavior. Annual Review of Neuroscience, 35,
463–483.

Nienborg, H., & Cumming, B. (2010). Correlations between the activity of sensory neurons and
behavior: How much do they tell us about a neuron’s causality? Current Opinion in Neuro-
biology, 20(3), 376–381.

Nienborg, H., & Cumming, B. G. (2009). Decision-related activity in sensory neurons reflects more
than a neuron’s causal effect. Nature, 459(7243), 89–92.

Oby, E. R., Degenhart, A. D., Grigsby, E. M., Motiwala, A., McClain, N. T., Marino, P. J., Yu,
B. M., & Batista, A. P. (2025). Dynamical constraints on neural population activity. Nature
Neuroscience, 28(2), 383–393.

27

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 13, 2026. ; https://doi.org/10.64898/2026.08.07.743408doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.07.743408


Okazawa, G., Tajima, S., & Komatsu, H. (2015). Image statistics underlying natural texture selec-
tivity of neurons in macaque V4. Proceedings of the National Academy of Sciences, 112(4),
E351–E360.

Okazawa, G., Tajima, S., & Komatsu, H. (2017). Gradual development of visual texture-selective
properties between macaque areas V2 and V4. Cerebral Cortex, 27(10), 4867–4880.

Panzeri, S., Brunel, N., Logothetis, N. K., & Kayser, C. (2010). Sensory neural codes using multi-
plexed temporal scales. Trends in Neurosciences, 33(3), 111–120.

Panzeri, S., Moroni, M., Safaai, H., & Harvey, C. D. (2022). The structures and functions of cor-
relations in neural population codes. Nature Reviews Neuroscience, 23(9), 551–567.

Parker, A. J., & Newsome, W. T. (1998). Sense and the single neuron: Probing the physiology of
perception. Annual Review of Neuroscience, 21(1), 227–277.

Pitkow, X., Liu, S., Angelaki, D. E., DeAngelis, G. C., & Pouget, A. (2015). How can single
sensory neurons predict behavior? Neuron, 87(2), 411–423.

Pletenev, A., Born, R. T., DeAngelis, G. C., Doudlah, R., Fujita, I., Gold, J. I., Goris, R. L.,
Huk, A. C., Krug, K., Laamerad, P., et al. (2026). Reassessing choice probability: What
59 macaque studies tell us about decision-related activity in visual cortex. bioRxiv, 2026–
06.

Quiroga, R. Q., & Panzeri, S. (2009). Extracting information from neuronal populations: Informa-
tion theory and decoding approaches. Nature Reviews Neuroscience, 10(3), 173–185.

Renton, A. I., Painter, D. R., & Mattingley, J. B. (2021). Implicit neurofeedback training of feature-
based attention promotes biased sensory processing during integrative decision-making.
Journal of Neuroscience, 41(39), 8233–8248.

Reynolds, J. H., Pasternak, T., & Desimone, R. (2000). Attention increases sensitivity of V4 neu-
rons. Neuron, 26(3), 703–714.

Sadtler, P. T., Quick, K. M., Golub, M. D., Chase, S. M., Ryu, S. I., Tyler-Kabara, E. C., Yu, B. M.,
& Batista, A. P. (2014). Neural constraints on learning. Nature, 512(7515), 423–426.

Semedo, J. D., Zandvakili, A., Machens, C. K., Yu, B. M., & Kohn, A. (2019). Cortical areas
interact through a communication subspace. Neuron, 102(1), 249–259.

Shadlen, M. N., Britten, K. H., Newsome, W. T., & Movshon, J. A. (1996). A computational
analysis of the relationship between neuronal and behavioral responses to visual motion.
Journal of Neuroscience, 16(4), 1486–1510.

Shibata, K., Watanabe, T., Sasaki, Y., & Kawato, M. (2011). Perceptual learning incepted by de-
coded fMRI neurofeedback without stimulus presentation. Science, 334(6061), 1413–1415.

Srinath, R., Czarnik, M. M., & Cohen, M. R. (2026). Stable readout of visual representations
mediates flexible generalization. Nature Communications.

Srinath, R., Ruff, D. A., & Cohen, M. R. (2021). Attention improves information flow between neu-
ronal populations without changing the communication subspace. Current Biology, 31(23),
5299–5313.

Srinath, R., Xu, Y., Ruff, D. A., Ni, A. M., Doiron, B., & Cohen, M. R. (2025). Guided by noise:
Correlated variability channels task-relevant information in sensory neurons. bioRxiv.

Steinmetz, N. A., & Moore, T. (2014). Eye movement preparation modulates neuronal responses
in area V4 when dissociated from attentional demands. Neuron, 83(2), 496–506.

Uka, T., & DeAngelis, G. C. (2004). Contribution of area MT to stereoscopic depth perception:
Choice-related response modulations reflect task strategy. Neuron, 42(2), 297–310.

28

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 13, 2026. ; https://doi.org/10.64898/2026.08.07.743408doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.07.743408


Valente, M., Pica, G., Bondanelli, G., Moroni, M., Runyan, C. A., Morcos, A. S., Harvey, C. D.,
& Panzeri, S. (2021). Correlations enhance the behavioral readout of neural population
activity in association cortex. Nature Neuroscience, 24(7), 975–986.

Weiner, K. F., & Ghose, G. M. (2014). Rapid shape detection signals in area V4. Frontiers in
Neuroscience, 8, 294.

Wimmer, K., Compte, A., Roxin, A., Peixoto, D., Renart, A., & De La Rocha, J. (2015). Sensory
integration dynamics in a hierarchical network explains choice probabilities in cortical area
MT. Nature Communications, 6(1), 6177.

Yamane, Y., Carlson, E. T., Bowman, K. C., Wang, Z., & Connor, C. E. (2008). A neural code for
three-dimensional object shape in macaque inferotemporal cortex. Nature Neuroscience,
11(11), 1352–1360.

Yang, Q., Walker, E., Cotton, R. J., Tolias, A. S., & Pitkow, X. (2021). Revealing nonlinear neural
decoding by analyzing choices. Nature Communications, 12(1), 6557.

Yang, T., & Maunsell, J. H. (2004). The effect of perceptual learning on neuronal responses in
monkey visual area V4. Journal of Neuroscience, 24(7), 1617–1626.

Yu, X., & Gu, Y. (2018). Probing sensory readout via combined choice-correlation measures and
microstimulation perturbation. Neuron, 100(3), 715–727.

Zandvakili, A., & Kohn, A. (2015). Coordinated neuronal activity enhances corticocortical com-
munication. Neuron, 87(4), 827–839.

Zhao, Y., Yates, J. L., Levi, A. J., Huk, A. C., & Park, I. M. (2020). Stimulus-choice (mis) alignment
in primate area MT. PLOS Computational Biology, 16(5), e1007614.

29

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 13, 2026. ; https://doi.org/10.64898/2026.08.07.743408doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.07.743408


Supplementary figures

0

5

10

15

20

S
lo

pe

Aspect ratio Color (red) Sharpness Texture

Stimulus feature

Human
Monkey A
Monkey B

B

0 50 100

Morph level (%)

0

0.5

1

P
(G

o 
ch

oi
ce

)

Human
Monkey A
Monkey B

A

Figure S1: Monkey behavioral performance in the change-detection task. (A) Psychometric
curve averaged across all object features for two monkeys and a human subject. Human data
were collected using the same task structure at a stimulus eccentricity comparable to that used in
monkey experiments (stimulus position: h=4.0°, v=4.0°). (B) Psychometric slopes (α1 in Eq. 3)
for individual sessions. Each data point represents one session.
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Figure S2: Properties of noise correlation structures in the recorded populations. (A) To de-
termine the dimensionality of latent states, we performed a parallel analysis (Altan et al. 2021)
in a passive fixation session conducted at the beginning of electrophysiological recording. The
explained variance of each principal component (PC; blue line) was compared against a null dis-
tribution (gray) generated by shuffling unit labels. The latent state dimensionality was defined as
the number of PCs whose explained variance significantly exceeded the null. (B, C) The dominant
noise-correlation axis (PC1) remained stable across task events. We performed PCA using a 70-ms
sliding window and plotted PC coefficients across channels (B). The main analysis used a window
that started 80 ms after stimulus onset. The cosine similarity of PC coefficients between this ref-
erence window and all other windows remained high, including periods before and after stimulus
presentation (C).
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Figure S3: Additional analyses for the closed-loop sessions. (A) Neuron-choice correlation
computed including trials with non-zero morph levels (< 3 SD of the mean stimulus axis value
of zero morph stimulus; mostly 5-60% morph). The increase in slope for closed-loop sessions
remained significant. If we include even higher morph levels, Go choice probability approaches
100% and the slopes decrease due to a ceiling effect. *** p < 0.001. (B) Choice probability (CP)
calculated for individual units showed steeper correlations with the weights assigned to these units
for the closed-loop axis. The units were sorted and binned according to the decoder weights, and
their average CPs were computed.
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Figure S4: The increase in Go choice rate does not account for the closed-loop effect. Closed-
loop training increased the Go choice rate alongside the neuron-choice correlation slope (Fig. 3C).
To assess whether these changes were related, we plotted Go rate against slope for individual
sessions (dots). No significant correlation was found in either baseline or closed-loop sessions,
suggesting that the two effects were independent.
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Figure S5: Individual monkey results for the stability of neural response properties across
baseline and closed-loop sessions. Individual monkey data corresponding to Fig. 4A-E. In both
monkeys, all examined properties of the neural population responses were statistically indistin-
guishable between baseline and closed-loop sessions.
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Figure S6: Additional analyses of the neuron pool model simulating the closed-loop effect.
(A) To construct the neuron pool model (Fig. 4F), we built a sensory neuron pool based on the
tuning strength and noise-correlation structure of the recorded neurons. After generating simulated
spike counts, we confirmed that the noise correlations of the simulated data matched those of the
actual neural data. Data points for the model represent individual simulations. Data points for
the data are from baseline sessions of monkey B. (B) By adjusting model parameters, including
readout weights, decision threshold, decision noise, and recording noise (see Methods), the model
reproduced both monkey behavior (left) and neuron-choice correlation slope (right) in the baseline
sessions. Data are averaged across baseline sessions from monkey B. Model parameters were fit
to monkey B, but the model could fit monkey A data equally well. (C) Changing the decision
threshold could not replicate the neuron choice correlation change from baseline (gray) to the
closed-loop condition (orange).
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Figure S7: Psychometric functions in the random-reward task. The random-reward design
(Fig. 4L) produced different behavioral effects in the two monkeys. Monkey A showed shal-
lower psychometric slopes, while monkey B showed higher Go rates. This likely reflects different
strategic responses to partial reward randomization; monkey A became more stochastic, whereas
monkey B increased Go responses, mirroring the behavior in closed-loop sessions. Neither reac-
tion, however, was accompanied by an increase in the neuron-choice correlation slope (Fig. 4M).
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Figure S8: Closed-loop training induces the alignment to a feature-generic plane. (A) We
performed an additional preliminary experiment in which the target axis for the closed-loop was
alternated between two feature axes across sessions. To ensure external stimuli did not cue the tar-
get axis, stimuli were drawn from a morph continuum along which color and shape co-varied, such
that both features shared the same morph level at all times (top). (B) Neuron–choice correlation
increased during closed-loop sessions compared with baseline sessions in monkey B (p = 0.002,
two-tailed t-test). (C) Despite an overall increase from baseline, the slopes along the target and
non-target axes were statistically indistinguishable (p = 0.90, two-tailed t-test), suggesting that the
monkey aligned its choices with a feature-generic axis. Continued on the next page.
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(D) Correspondingly, choice decoding performance improved along both the target axis and non-
target axes. Furthermore, the improvement looked cleanest along the axis that best decoded the
choice within the 2D subspace spanned by the two feature axes (“Stimulus plane”). The over-
all choice information in the full latent space did not significantly change (“Choice axis”). (E)
Schematic. Regardless of which stimulus axis was designated as the target, closed-loop training
shifted neuron-choice correlations toward the stimulus encoding plane defined by the two feature
axes in this task. (F) Monkey A did not show an increase in neuron-choice correlation slope in this
task. Consistent with this, we confirmed that neuron-choice correlation slopes were indistinguish-
able between the target and non-target features.
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Figure S9: Stimulus and choice misalignment in the baseline condition is unaffected by spike
sorting. Experiments used multi-unit activity (MUA) detected online (see Methods). We also
performed offline sorting of the baseline sessions and confirmed the consistency of the results.
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