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Distinct neural population code and causal
roles of primate caudate nucleus in
multimodal decision-making

Zhao Zeng 1,2, Ce Zhang1,2, Yue Xu1,2, Hua He3 & Yong Gu 1,2

Perceptual decision-making involves distributed networks spanning both
association cortices and subcortical areas. A fundamental question is whether
such a network is highly redundant, or each node is distinct with unique
function. Using a visuo-vestibular decision-making task, here we show the
subcortical caudate nucleus (CN) ofmale primates displays distinct population
code compared to association cortices along the modality dimension. Speci-
fically, in a low-dimensional state subspace, neural trajectory in the frontal and
posterior-parietal association cortical activity during multimodal-stimulus
condition evolves along the visual trajectory, whereas along the vestibular
trajectory in the CN. We then show CN population activity is consistent with
the animal’s behavioral strategy employed within a generalized drift-diffusion
framework. Importantly, causal-link experiments, including application of
GABAa-receptor agonist, D1-receptor antagonist, and electrical micro-
stimulation, further confirmed CN’s critical contributions to perceptual
behavior. Our results confirm CN’s vital importance to decision making in
complex environments with multimodal information.

Cognitive functions are mediated by neural networks in the brain, and
it is frequent to see many nodes in the network share similar proper-
ties, leading to the so-called “redundant” information processing
hypothesis1–3. Perceptual decision-making, for example, is one of the
most important cognitive functions by which the brain transforms
sensory inputs into perception, decision, and motor output4. During
this process, ramping-like activity, proposed to reflect evidence
accumulation leading to ultimate choice, has been observed widely
distributed in both cortical and subcortical regions3,5,6 (Fig. 1a),
including lateral intraparietal area7 (LIP), frontal eye field8 (FEF),
superior colliculus9 (SC), caudate nucleus10 (CN). It remains unclear
whether eachnodemaycarry a unique role that couldbe easilymasked
by representational redundancy for the purpose of robust control of
the system11.

Among these areas, the dorsal medial striatum (DMS), named as
CN in primates, is well known for mediating a variety of brain func-
tions, including motor execution12,13, value evaluation14,15, time
perception16,17, and more. What is the role of CN in the distributed
sensory-motor association network?One hypothesis is that the choice-
related signals in CN largely stem from cortical regions such as LIP and
FEF18,19. This hypothesis is consistent with works showing that the
caudate receives heavy projections from the neocortex20, and that CN
activity largely reflects cortical activity21,22. However, recent studies
have also indicated a number of differences between CN and the
sensory-motor association cortex including: (1) In perceptual decision-
making, ramping activity is typically sustained in cortex while declined
in CN at the late stage of a trial23; (2) The bias in the accumulation
process in the cortex but not CN, is more related with the animals’
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reward-biased perceptual decision24; (3) In rodent, DMS but not asso-
ciation cortices ismorecausally relatedwithdecisionperformance25–27.

In summary, although there is evidence suggesting that CN may
play distinctive functions from the cortex, the so far discovered dif-
ference is restricted within the choice dimension, and its effective size
is modest. To further explore how CN may be different from the cor-
tical counterparts, in the current study, we introduced an additional
dimension of modality by using a multisensory decision-making
paradigm. Specifically, macaques were trained to discriminate head-
ing directions based on reliability-matching visual (optic flow) and
vestibular (inertial motion) cues (Fig. 1b, c), and the combination of
both cues28. During the task, neural activity of single-units fromCNwas
recorded and compared with that in FEF, and LIP recorded
previously29,30 (see “Methods”). We are interested in searching for
similarity or heterogeneity across different areas, especially along the
modality dimension.

Results
CN encodes multiple variables in a multimodal decision-
making task
As briefly aforementioned, two macaque monkeys (monkey D and F)
were trained to perform a visuo-vestibular heading discrimination task
under a fixed-duration (FD) two-alternative forced choice paradigm
(Fig. 1b). In each trial, a linear forward heading stimulus with a small
deviation from straight ahead was offered, lasting 1500ms. After a
random delay (300–600ms, uniform sampling), the monkeys were
required to report their perceived direction, either left or right, by
making a saccade to the corresponding target to earn reward (Fig. 1c).
There were three sensory modality contexts: (1) vestibular-only

condition, in which heading stimulus was provided solely by physical
movement of a motion platform; (2) visual-only condition, in which
headingwas only simulated by optic flowon a display; (3) cue-combined
condition, in which congruent vestibular and visual stimuli were offered
at the same time. Note that cue reliability was carefully manipulated so
that the behavioral performance would be similar between the two
single cue conditions31. All stimulus conditions, including three sensory
modalities and nine heading angles, were interleaved in one experi-
mental session. After training, bothmonkeys performed well, illustrated
by sigmoid heading-modulated psychometric curves (Fig. 1d). To
quantify the performance, we fitted the psychometric curves via
cumulative Gaussian function and took the parameters of mean (μ) and
standarddeviation (σ) to represent point of subjective equality (PSE) and
psychophysical threshold, respectively. It turned out that in both ani-
mals, psychophysical threshold was comparable in the visual-only and
vestibular-only condition, and became significantly smaller in the cue-
combined condition (Fig. 1e). Importantly, performance under multi-
modal condition was close to that predicted from Bayesian optimal
integration theory (Fig. 1e, green vs. black bar), which has been fre-
quently observed in many previous studies29–32.

While the animals performed the task, 200 well-isolated neurons
were recorded from CN. Among them, 169 (monkey D, 117; monkey F,
52)putativemediumspinyneurons (MSN)were identified according to
their electrophysiological properties (Supplementary Fig. 1a–c)33.
Peristimulus time histograms (PSTHs) of a few example neurons were
shown to demonstrate that firing patterns of single CN neurons con-
tained large heterogeneity (Supplementary Fig. 1d). To quantify the
strength of task variables, we computed choice divergence (CDiv,
Supplementary Fig. 1e) and modality divergence (MDiv) for each
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Fig. 1 | Comparing distributed perceptual decision-making signals using a
multisensory paradigm. a Distributed brain regions (upper) representing
evidence-accumulation signals (lower) in a perceptual decision-making task. CN
caudate nucleus, FEF frontal eye field, LIP lateral intraparietal area, SC superior
colliculus. b Schematic of a visuo-vestibular heading discrimination task using a
virtual reality system. c Timeline of a trial. The motion stimulus profile includes a
varied Gaussian velocity (black curve) and biphasic acceleration profile (gray
curve). d Psychometric curves of an example session. The proportion of rightward

choice is plotted as a function of heading for each modality condition (blue, ves-
tibular-only; red, visual-only; green, combined). Dots are real data, and curves are
fitted cumulative Gaussian functions. The μ and σ, respectively represent themean
and standard deviation of the best-fitted Gaussian function. e Averaged psycho-
metric thresholds of two monkeys for three modality conditions and for optimal
prediction from Bayesian cue integration theory (black bar). Error bars indicate
SEM; *** and n.s., respectively, denote p < 1e-03 and no significance; two-tailed
paired t-test.
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neuron, using receiver operator characteristic (ROC) analysis (see
“Methods”). Absolute values of CDiv and MDiv close to 1 respectively
indicate stronger choice andmodality selectivity, while they close to 0
represent small selectivity. For CDiv, many CN neurons significantly
possessed choice signals in at least onemodality condition (any choice
cell, AnyC; permutation test, p < 0.01; monkey D, 60/117 = 51.3%;
monkey F, 33/52 = 63.5%, Supplementary Fig. 3e). The mean CDiv was
significantly larger than 0 (vestibular-only: 0.123, p = 9.75e-06; visual-
only: 0.099, p = 2.83e-04; combined: 0.139, p = 5.28e-06; two-tailed t-
test; Fig. 2a), indicating that CN overall prefers contralateral choice.
For MDiv, many CN neurons also carried significant sensory modality
signals (permutation test, p < 0.01; monkey D: 88/117 = 75.2%; monkey
F: 36/52 = 69.2%), with roughly equal visual and vestibular preference
(mean MDiv: −0.012, p = 0.717; two-tailed t-test; Fig. 2a). These cells
with choice or modality preference were distributed along the long-
itudinal axes in a mixed manner (Supplementary Fig. 1f, g).

Previous studies have shown that sensory-motor association areas
such as the posterior parietal cortex encode multiple task variables
using a manner of category-free coding manner in multisensory deci-
sion tasks29,34. This was a similar case in CN. Firstly, numerous CN cells
simultaneously had significant choice and modality preferences (per-
mutation test, p < 0.01; vestibular-only: 47/169 = 27.8%; visual-only: 43/
169 = 25.4%; combined: 54/169 = 31.9%). Secondly, there was neither a
well-clustered distribution nor significant correlation between choice
and modality signals (Fig. 2a). However, either task variable could be
successfully extracted from CN population activity by using linear
demixing algorithms such as demixed principal component analysis
(dPCA, Supplementary Fig. 1h)35. We found the interaction term of
choice and modality also captured response variances to some extent
(Supplementary Fig. 1h, the third column). This nonlinear mixed
selectivity has been previously shown to be computationally more
flexible for dealing with complex cognitive tasks36.

At the population level, we sorted trials in each modality condi-
tion according to animal choices and averaged firing rates of all neu-
rons to construct population PSTH, finding significant choice
modulation under all three contexts (Fig. 2b). Similar to LIP/FEF29,30,
choice-related signals in visual-only contextwere delayed compared to
the other two stimulus conditions (Supplementary Fig. 2a), implying
that CN also integrates different dynamic signals. Specifically, choice
signals in CN diverged around the peak timeof the acceleration profile
in the vestibular condition, and around the velocity peak time in the
visual condition, suggesting that the vestibular acceleration but visual
velocity information was collected for evidence accumulation (Sup-
plementary Fig. 1i). Majority of CN neurons are tuned to subjects’
internal choices but not external physical heading stimuli, which was
supported by similar firing pattern in correct and error trials (Sup-
plementary Fig. 3a, b) andmarkedly larger partial correlation between
choice and CN neuronal responses (Supplementary Fig. 3c). More
directly, we tested heading tuning of CN single neurons in the passive
task where decision reports were not required, and found that very
limited proportion of CN neurons were significantly selective to sen-
sory headings (Supplementary Fig. 3d). Besides, choice signals for each
neuron were highly correlated across modalities (Supplemen-
tary Fig. 3f).

In summary, these basic neural properties indicate that CN is
within the sensory-motor association network, by showing similar
patterns at first glance as seen in other association cortices such as LIP
and FEF.

CN shows a distinct neural manifold from the frontal and par-
ietal association cortex
Sensory-motor association areas usually contain dynamic and mixed
signals that are not easily identified on single neurons, thus, we con-
structed a high-dimensional neural state space37 for population activity
recorded in CN in the current study, as well as in FEF and LIP from

previous studies29,30. The high-dimensional space was then reduced to
a low-dimensional subspace to capture principal traits. Specifically,
population activity in each region was denoised by using principal
component analysis (PCA), and the first three PCs (capturing more
than 65% variance) were adopted to form a 3-D neural subspace
(Fig. 2c). Two features could be readily extracted from this manifold
subspace. First, neural trajectories sorted by choice evolved from a
common starting point, and then gradually diverged in all three sti-
mulus conditions as a function of time. Such a pattern is qualitatively
similar in all areas. Indeed, Euclidean distance between each pair of
trajectories (solid versus dashed curves), defining choice distance
(Fig. 2d), illustrated a ramp-like trait with an obvious visual delay
compared to vestibular in all three areas. Second, in contrast to the
choicedimension,we found thatneural trajectories sortedbymodality
dramatically differed across areas. Specifically, neural trajectory in the
multimodal condition was fairly close to vestibular in CN, while was on
contrary close to visual in LIP and FEF, as clearly seen in the manifold
subspace (Fig. 2c). To quantify this, the Euclidean distance between
each pair of modality comparison in the neural state subspace was
computed for each area (Fig. 2e). Such a cortical-subcortical distinc-
tion was further confirmed by normalizingmultimodal-unimodal (area
under cyan or magenta curve in Fig. 2e) distance to visuo-vestibular
(area under black curve in Fig. 2e) distance (Fig. 2f). All these results
were also supported by a targeted dimensionality reduction (TDR)
algorithm38, by which the high-dimensional neural population activ-
ities were directly projected onto a meaningful subspace spanned by
choice and modality axes (Fig. 2g). These results held across animals
(Supplementary Fig. 4).

Recurrent neural network reproduces inter-area neural state
heterogeneity
To help understand possible sources of inter-area heterogeneity in
neural state trajectory along modality dimension, we turned to a
recurrent neural network (RNN) constituting fully connected, non-
linear neurons that performed a visuo-vestibular heading discrimina-
tion task, in a way similar to the animals. Specifically, RNN neurons
received noisy heading evidence from vestibular acceleration and
visual velocity inputs (Fig. 3a), and were connected to a single linear
read-out decoder, which made decisions based on all hidden units’
activities via weighted summation. In each simulation, the RNN’s only
goal was to categorize heading directions either leftward or rightward
as accurately as possible, based on vestibular-only, visual-only, or
multimodal sensory inputs, without the need to separate the cue
modality. During training, the network initially showed relatively high
thresholds, yet they decreased soon after tens of trials before reaching
a plateau (Fig. 3b, e, middle panels). Interestingly, the network auto-
matically showed improved performance under multimodal stimulus
conditions, close to the Bayesian prediction as seen in the animals’
behavior (Fig. 3b, e, right panels).

We then explored what factors might mediate the neurophysio-
logical findings, in particular, the heterogeneity in the CN and cortical
areas. We first examined the factor of the time-lag, suspecting that the
leading vestibular choice signal (aligned with acceleration) might
cause the vestibular bias in the CN. Thus, we temporally-reversed the
two stimulus inputs such that the visual input was ahead of vestibular
(Supplementary Fig. 5a). We found in such a case, the patterns were
largely reversed in both the choice and modality dimension (Supple-
mentary Fig. 5b, c), compared to the CN manifolds. Thus, the leading
vestibular signal can already explain the data in the CN in both of the
choices (vestibular choice leading) andmodality dimension (vestibular
bias, see the CN Model in Fig. 3b–d). However, simply temporally-
reversing the two sensory inputs cannot account for the FEF/LIP data,
because while the operation successfully achieved visual bias in the
modality dimension, the visual signal became leading the vestibular
along the choice dimension (Supplementary Fig. 5a–c), which was
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Fig. 2 | CN manifold and comparison with frontal and parietal association
cortices. a Choice andmodality signals of each CN neuron in vestibular-only (left)
and visual-only (right) conditions. Dark dot: both choice and modality signals are
significantly different from 0; Light dot: either variable is significant; Empty dot:
neither variable is significant (p < 0.01; permutation test). Shape of dot: different
monkeys. The p values in the bar and scatter subplots are from a two-tailed t-test
and Pearson correlation, respectively. Note that the left and right subpanels share
the same modality divergence distribution. b Averaged population PSTHs of CN
neurons. Firing rates were aligned to stimulus onset (1st vertical line) or saccade
onset (3rd vertical line). The 2nd vertical line indicates stimulus offset. Shaded
error bars are SEMs. Horizontal colored bars indicate significant choice diver-
gence (p < 0.01; two-tailed t-test). Solid and dashed lines represent animals
choosing preferred and anti-preferred targets, respectively. Line color indicates
sensorymodality: blue, vestibular-only; red, visual-only; green, combined. cHigh-
dimensional neural state spaces in CN (upper), LIP (middle), and FEF (lower) were
projected onto a 3-dimensional subspace constructed by the first three principal
components (PCs). The percentage in each axis represents the explained total

variance of this PC. Curve color and style are the same as (b). d Choice distance
evolves within trials in CN (upper), LIP (middle), and FEF (lower). Color indicates
stimulus condition: blue, vestibular-only; red, visual-only; green, cue-combined.
Time is from stimulus onset to offset. The arb. unit indicates an arbitrary unit.
e Modality distance evolves within trials in CN (upper), LIP (middle), and FEF
(lower). Color indicates each comparison of different modalities: black,
vestibular-only versus visual-only; cyan, cue-combined versus vestibular-only;
magenta, cue-combined versus visual-only. Thin dashed and dotted lines,
respectively, represent modality distance of PREF and anti-PREF trials, while thick
solid lines are the mean values of them. f Normalized single- versus multimodal
Euclidean distance comparison across brain areas. Cyan and magenta represent
normalized combined-vestibular and combined-visual distance, respectively. Dot
and error bar represent mean and STD of 100-time samplings; *** indicates
p < 1.0e-10, from two-tailed t-test. g High-dimensional neural activities in CN
(left), LIP (middle), and FEF (right) are projected onto the subspace spanned by
the two orthogonal axes of choice and modality using TDR analysis. Curve color
and style are the same as (b).
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against the neurophysiological data. Therefore, in a second step, we
explored the factor of the magnitude ratio of the two unisensory
inputs under conditions when the acceleration and velocity peaks are
temporally aligned to largely remove the time-lag effect (Supplemen-
tary Fig. 5d–f). Importantly, the input noise level was always controlled
so that the signal-to-noise ratio of either input was comparable, to
guarantee output of analogous visual and vestibular performance for
each single cue. Under this operation, we found that implementing a
relatively larger gain in the input magnitude, for example, the vestib-
ular, could achieve vestibular bias in the modality dimension (Sup-
plementary Fig. 5d–f), supporting the relative input magnitude as
another critical factor. Thus, we then factored in the magnitude
together with the time-lag to capture the cortical manifolds: a tem-
poral delay and a higher magnitude in the visual input (Fig. 3e). We
found that this achieved patterns in both choice (visual delay) and
modality (visual bias) dimensions as in the LIP/FEF (the Cortical Model
in Fig. 3e–g). In conclusion, the RNN simulations indicate that a visual
delay is enough to generate the population activity in the CN, while the
cortical population pattern requires an additional stronger visual
input. The latter may be biologically plausible because it is consistent
with the well-known roles of FEF/LIP involved in the vision-based
decision networks.

Note, however, compared to the neurophysiology, RNN still
produced a few dissimilarities in some details. First, the modality
signals declined at the end of the trial, which was dissimilar to the

FEF/LIP data. This is probably due to that themodality information is
not a must for the task. Indeed, when the Cortical Model RNN was
also asked to discriminate modality in addition to heading direction,
themodality signals remained to the end of the trial (Supplementary
Fig. 6a–c). Second, for the non-sustained choice signals in CN, this
could be simulated if we trained the CN Model to perform an early-
termination version task (Supplementary Fig. 6d–f), in which we
artificially instructed the RNN to stop decision formation in
advance, although the sensory evidence was still present. In this
case, the choice-related activity would decline soon, consistent
with the hypothesis that primate CN may contribute more to early
stage of decision formation18, particularly in a long fixed-
duration task.

CN dynamics reflect perceptual performance in a multisensory
context
In the previous sections, we have shown that the CN exhibits distinct
population representation from the FEF/LIP, suggesting that the sub-
cortical area is not simply reflecting everything in the cortical partners.
In the following, we then examined whether CN activity is critically
involved in perceptual decision-making. We first addressed how CN
neuronal dynamics were functionally coupled with the animals’ per-
ceptual performance using a number of analytical methods, and then
examined whether such correlations were “causal” using perturbation
methods as would be illustrated in the next sections.
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vestibular and visual heading inputs. Comparable vestibular and visual input
magnitude and signal-to-noise ratio (b, left panel), RNN output behavioral perfor-
mance (b, mid and right panels), choice (c), and modality (d) patterns. The red
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with comparable signal-to-noise ratio (e, left panel), RNN output behavioral per-
formance (e, mid and right panels), choice (f), and modality (g) patterns.
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The first analysis was to train a series of Lasso decoders over time
to predict an animal’s choice on a single-trial basis from CN’s popula-
tion activity (see “Methods”). We found monkeys’ upcoming choice
could be reliably decoded about 500ms after stimulus onset in the
vestibular-only and multimodal conditions, and about 850ms in the
visual-only condition (Fig. 4a, subpanels along the principal diagonal).
Importantly, classifiers trained using activity during the early period
could be used to predict final choice when fed with population
responses of the later stage, which is demonstrated by the light-yellow
pixels away from the unity line (Fig. 4a, subpanels along the principal
diagonal). In addition, classifiers trained in a specific sensory modality
could predict decisions in other stimulus conditions (Fig. 4a, sub-
panels off the principal diagonal). Such generalization implies that CN
encodes choice signals by using a similar strategy across time and
modalities. That is, neuronal weights are consistent when the CN
population activity is read out by downstream areas.

The second analysis was to more directly assess whether CN
dynamics could show optimality as seen in the behavior (Fig. 1e).
Previous research has proposed a remarkable framework named as
generalized drift-diffusion model (GDDM, Fig. 4b, see “Methods”),
which can successfully explain human subjects’ heading perfor-
mance under reaction-time (RT) context when both factors of choice
correctness and response time were taken into account to estimate
multisensory-integration optimality39. To do so, we trained a third
monkey (M) to perform an RT version of the same multisensory

heading discrimination task, in which the only differencewas that the
animal was allowed to make saccadic choice at any time after a
minimum requirement of 700ms from the stimulus onset (see
“Methods”), without having to wait for the disappearance of the
fixation point indicating the go-signal. In such a situation, we found
that the animal showed different response times across modality
conditions. In particular, response time was significantly longer in
the visual condition (~1150ms on average), compared to that in the
vestibular (~820ms on average) and combined (~850ms on average)
conditions (Fig. 4c, dot symbols). These patterns were similar to the
human study39. GDDM well-fitted behaviors, including both chrono-
metric (Fig. 4c, solid curves) and psychometric curves (Fig. 4d, solid
curves). Importantly, the fitted drift rates, k-values (see “Methods”),
representing subjective stimulus sensitivity, were close between the
multimodal condition and prediction from optimal integration the-
ory (Table 1, kpredict: 166.79, calculated by formula #9), suggesting
that monkey M integrated visual and vestibular cues near optimally
under RT context. After acquiring k-values, the predicted moment-
to-moment multimodal response in CN was consequently calculated,
which turned out to be very similar with the real neurophysiological
data (Fig. 4e, dark yellow versus green curves), supporting that CN
dynamics could reflect the animals’ behavioral performance within
the GDDM framework under more complex context when multiple
factors need to be considered including response time, multimodal
cues, and performance accuracy.
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Unilateral chemical inactivation in CN biases perceptual choice
We then further identified causal-link roles of CN activity in the ani-
mal’s perceptual performance. Specifically, CN’s activities were
manipulated through a number of methods, including chemical inac-
tivation to test essential contributions and electrical microstimulation
to test sufficient contributions.

We first applied muscimol, agonist of GABAA receptor to non-
selectively suppress CN’s overall excitatory activity (Fig. 5a). We found
that unilateral inactivation (monkey D, 5 cases; monkey F, 11 cases;
Fig. 5b, c), but not saline control (monkey D, 6 cases; monkey F, 9
cases; Fig. 5f) induced significant ipsilateral bias in both animals’
choice. This ipsilateral bias was concordant with our recording data
showing that majority of CN neurons preferred contralateral choice
(Fig. 5a). In contrast, unilateral muscimol inactivation in LIP (monkey
D, 3 cases; monkey F, 7 cases) and FEF (monkey D, 3 cases; monkey F, 7
cases; Supplementary Fig. 7a, b) surprisingly produced negligible
effect on the animals’ perceptual choice (Fig. 5d, e), although neurons
in these two areas also mainly preferred contralateral choice (Sup-
plementary Fig. 2b). The inactivation in FEF, however, obviously
impaired saccadic precision (Supplementary Fig. 7c), an effect which
was absent in LIP (Supplementary Fig. 7d). This different influence
from perturbation on eye movements in the two areas, may be
accordant with previous findings that inactivating LIP, especially the
dorsal subdivision (Supplementary Fig. 7b)40, only produces minor
saccade deficits compared to FEF41. Other than PSE, muscimol appli-
cation in CN did not significantly affect perceptual sensitivity (Sup-
plementary Fig. 8a), or history information usage strategy
(Supplementary Fig. 8b, c).

Because CN is strongly innervated by midbrain dopaminergic
inputs42, we wondered whether selectively modulating dopamine
receptors of CN neurons would affect the animals’ task performance.
Thus, we then applied the antagonist of D1 receptor, SCH23390, uni-
laterally intoCN.We found that thismanipulation induced significantly
more contralateral choice (monkey D, 5 cases; monkey F, 10 cases;
Fig. 5g), opposite to muscimol-mediated bias direction, implying that
dopaminergic inputs into CN could modulate the evidence-
accumulation process. Finally, similar to muscimol, blocking D1
receptors neither impacted heading sensitivity (Supplementary
Fig. 8d) nor trial-history usage strategy significantly (Supplementary
Fig. 8e, f).

These chemical-inactivation experiments suggest that CN plays a
critical role in the sensory-motor decision task, yet one possibility is
that the observed causal effectsmaybemainly due tomotor execution
instead of cognitive perception, particularly when considering that CN
is well-known formodulatingmovement executing12,43. We think this is
less likely to be the case in our study basedon a fewobservations. First,
chemical inactivation mainly affected difficult trials when heading
directions were around the reference, which required more cognitive
load compared to easy trials with large heading directions (Fig. 5b and
Supplementary Fig. 8d, h). Second, we further trained the animals to
perform a simple color-selection task that required much reduced
cognitive load than the fine heading discrimination task (Fig. 5h). In
this controlled task, muscimol and SCH23390 produced only minor

influence on the animals’ saccadic behavior (Fig. 5i, j), supporting that
perturbation of CN activity mainly affected the animals’ cognitive
process.

Unilateral electrical microstimulation in CN biases
perceptual choice
The third method for causal-link test was to use electrical micro-
stimulation (50–80μA, 300Hz, cathode-leading biphasic, Fig. 6a).
Microstimulation is typically thought to identify sufficient contribu-
tions by artificially activating neural activity44,45, although it still
remains a debate about its exact impact on evoked neural
dynamics46,47. Specifically, in each experimental session, micro-
stimulationwas applied unilaterally in CNduring the stimulus duration
period, randomly for half of the total trials. Significances of PSE and
threshold changes in the psychometric functions were assessed by a
bootstrap test (Fig. 6b, c). Overall, microstimulation in CN was able to
significantly bias PSE in a large proportion of cases (monkey D: 38/
70 = 54.3%;monkey F: 52/76 = 68.4%, Fig. 6d). This proportion could be
underestimated because of adaption of the currents48 (Supplementary
Fig. 9f). The effect was fairly consistent across sensory modality
(Supplementary Fig. 9b). In contrast to PSE, microstimulation only
modestly affected psychophysical threshold (Supplementary Fig. 9a),
indicating that microstimulation in CN mainly introduced signals
instead of noise49, supporting that CN sufficiently contributes to the
animals’ perceptual choice.

We noticed, however, some inconsistency in the PSE shift direc-
tion between the two animals. Specifically, microstimulation tended to
induce more contralateral choice in monkey D (Fig. 6d, top row), but
more ipsilateral choice in monkey F (Fig. 6d, bottom row). This indi-
vidual difference could not be explained by factors such as anatomical
location (Supplementary Fig. 9c, d), or coding properties of the sti-
mulated sites (Supplementary Fig. 9e). To test other possibilities, we
applied microstimulation during the delay period after stimulus offset
and before saccadic choice (Fig. 6e). We found in such a case, micro-
stimulation effects were also different between the two monkeys. In
particular, whilemicrostimulation effect was absent formonkey D, the
effect remained formonkey F (ipsilateral bias, Fig. 6f). Thus, unlike the
consistence of bias directions induced by chemical inactivation,
microstimulation appeared to induce more confound results that
might be due to different strategy of the animals, or limitations in the
technique per se (see more in Discussion).

Discussion
It is common to see that many brain functions are mediated by a
distributed brain network involving multiple regions that share
seemingly similar properties, leading to the “redundant”
hypothesis1–3. One obvious benefit of this redundancy is that it
helps to deal with dysfunction when some of the nodes are
hampered. Alternatively, the seemingly redundant nodes may
carry distinct functions for tasks under more complex contexts.
Here we provide clear evidence, showing that for perceptual
decision-making, the subcortical area CN is markedly different
from the frontal and parietal association cortices along the
modality dimension in a low-dimensional manifold space. In
particular, neural trajectory under multimodal conditions is lar-
gely biased towards vestibular in CN, in contrast to a clear visual
bias in LIP and FEF (Fig. 2). An RNN simulation provides a possible
explanation that this cortical-subcortical distinction may result
from inter-area differences in relative input strength of different
sensory modalities (Fig. 3). We further establish the correlated
(Fig. 4) and causal (Figs. 5 and 6) links between CN population
activity and animals’ behavioral performance in the multisensory-
decision task. In conclusion, these results support the idea that
CN is not a simple relay station for the cortico-striatal circuitry23,
and it is critically involved in perceptual decision-making.

Table 1 | Fitted mean value of parameters in GDDM

kvest 131.88 bvest −0.16

kvis 102.11 bvis −1.47

kcomb 179.07 bcomb −0.86

θvest 0.22 t(nd,vest) 0.23

θvis 0.19 t(nd,vis) 0.40

θcomb 0.14 t(nd,comb) 0.33

plapse 0.03
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CN representational patterns may reflect animal decision
strategy
Considering that CN shows a non-vision (vestibular) biased neural
state during multimodal conditions when both single cues overall
share similar cue-reliabilities, neither similar to the frontal (FEF) and
parietal (LIP) sensory-motor cortex, nor to the polysensory area
(MSTd, Supplementary Fig. 10), a question is, what does this imply for

CN in multisensory perception and decision-making? Although in the
current study, we have not directly tested this function (the animals
were not required to discriminatemodality information), we think this
finding is consistent with a few behavioral observations in previous
studies.

First, we find that CN population dynamics are consistent with
predictions using parameters regressed from the GDDM fitting of
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animal behavior. It’s noticeable that the fitted drift rate, reflecting
speed of evidence accumulation, is higher for vestibular-only than
visual-only conditions (Table 1), indicating an intrinsically higher sen-
sitivity to vestibular stimulus39. Second, the vestibular biasmay explain
“vestibular-overweighting”, as reported previously in both human and
non-human primate studies by using spatially conflicting visuo-
vestibular heading stimuli. Specifically, subjects’ PSE during multi-
modal conditions with conflict unimodal cues is biased towards ves-
tibular, even when the two unimodal cues carry matching reliability
and analogous perceptual sensitivity (psychophysical threshold)32,50.
Third, the vestibular bias is consistent with the difference in response
time under different modality conditions. Specifically, researchers
have shown that under an RT version of the task, human subjects tend
to make choices faster in vestibular-only and multimodal stimulus
conditions compared to that in the visual-only condition39. This is also
exactly what we see in our current study, by training one of the animals
to perform the RT task.

From the anatomical perspective, CN could selectively gain-
modulate inputs from the cortical partners, or receive sensory evi-
dence from elsewhere, for example, thalamus51, or other sensory
cortices52–54, leading to the vestibular-biased pattern (Supplementary
Fig. 11). Contrary to CN, themultimodal neural trajectory is highly akin
to the visual in LIP and FEF. This may happen due to the fact that LIP
and FEF in the primates are within the classic visual pathway, in which
both areas receive heavy projections from many extrastriate visual
areas55,56, and mediate visual attention57,58.

In addition to the vestibular bias in the neural state space, another
feature in CN is that the Euclidean distance between different condi-
tions ultimately decreases at the late stage of trials, unlike the sus-
tained plateau in frontal and parietal cortices (Fig. 2d, e). This
descending Euclidean distance actually also happens in the choice
dimension, which may reflect overweighting of early phase stimulus
and early termination of evidence accumulation during fixed-duration
task, as seen from previous psychophysical analysis59–61. Especially in
our stimuli, visual sensory evidence becomes fairly weak at the late
stage due to the Gaussian velocity motion profiles, and vestibular
evidence ismainly concentrated at the early acceleration period. Thus,
the later phase of sensory informationmay be largely neglected by the
animals. Indeed, when switching to RT context, the animal made sac-
cadic choice much earlier (vestibular: ~820ms, visual: ~1150ms, mul-
timodal: ~850ms) than the whole 1.5 s as required in the fixed-duration
context. Nevertheless, the dynamic choice signals in CN in our current
study are consistent with previous findings, supposing that compared
to cortex, CN should be particularly important for decision formation
at an early stage18. Moreover, a recent work suggests that suppressing
striatum activitywill significantly impair rodents’decision-making only
when animals are in the evidence-accumulation state62. In addition to
the choice signals, the descending modality information in CN may
also be due to similar reasons: discrimination of modality (e.g., visual
or vestibular) is not required in our task, therefore, modality-related
signals are ultimately faded at the end of trials. It would be interesting
to test in future experiments by requiring subjects to discriminate
modality conditions, in addition to heading stimuli, and examine
whether related CN activity may be sustained consequently. Finally,
compared to CN, both choice-related activity and modality signals are

largely sustained throughout the stimulus duration in FEF/LIP. The
exact reason is unknown here, but a few possibilities may include
strong recurrent connections63, redundancy and compensation11, and
non-evidence accumulation related premotor effect60.

Using multisensory paradigms to parse the perceptual decision
networks
Most previous perceptual decision-making studies have used only one
modality, such as the visual random-dots task64. If the ultimate per-
ceptual decision about a latent variable, for example, motion direction
is really “abstract”, then choice-related signals are expected to be
independent on sensory modality, motor effector65, or spatial location
of choice targets66,67. In the current study, we show that monkey’s CN
encodes decision-related signals similarly across time and also stimulus
conditions (Fig. 4a), implying that the latent variable of heading
direction is computed in an abstract way. This idea may be consistent
with our causal-link experiments in which manipulating CN activity
affects the animals’ perceptual choice similarly in all three modality
conditions (Figs. 5 and 6, Supplementary Fig. 9b), further advancing
our understanding about the roles of CN in perceptual decision-making
based on the vision10,68. Importantly, under a multimodal context, a
higher dimensional subspace could be constructed and may reveal
more different traits among network nodes, as shown in our current
study (Fig. 2). One pitfall is that we have only included congruent visuo-
vestibular cues in the current study, and it would be interesting and
necessary to investigate how the vision dominant cortices and non-
vision dominant CN may contribute differently to multisensory deci-
sion when cues from different sensory modalities conflict69.

For the results of causal manipulations, we show that, unlike CN,
unilateral inactivation of FEF or LIP does not significantly induce
consistent choice bias, which is surprising based on the knowledge
about neural coding in these areas, as well as some previous studies
indicating their causal effects70,71. However, the overall causality effects
in sensory-motor association cortices are controversial, especially in
monkey LIP72,73 and rodent PPC34,74,75. For example, a recent study
shows that inactivating monkey LIP can impair behavioral perfor-
mance only when a local random-dots stimulus73, but not the choice
target72 is placed within the response filed of the multi-units at the
inactivation site, implying that it is mainly the sensory evidence eva-
luation, instead of the motor deliberation in LIP that shows the causal
effect73. In our current study, we used a global optic flow stimulus,
which could involve a large area spanning both hemispheres that can
easily compensate for eachother11. Indeed, our current inactivationhas
not been simultaneously applied to both LIP and FEF, as well as both
hemispheres at the same time in one experiment. Hence, the current
negative inactivation results in FEF/LIP should be cautiously inter-
preted. Nevertheless, the positive inactivation results in CN, in the
current study, together with previous works in primates and rodents,
stress the great importance of subcortical regions, including
striatum26,27,62,68,76 and SC77,78, for perceptual decision-making. This is
plausible because the subcortical regions are typicallymore conserved
and less redundant, making it likely that any perturbations would
cause more significant consequences than those applied in the neo-
cortex. It would be interesting to further explore other subcortical
areas such as the SC in multisensory decision-making, as this region is

Fig. 5 | Unilateral inactivation of CN biases animal choice. a Chemical injection
into targeted areas, including CN, LIP, and FEF. The inset shows an example case of
diminished neural activity after muscimol delivery. b Example of one inactivation
experiment, showing performance before (solid lines and dots) and after (dashed
lines and open dots)muscimol unilateral injection inCN. Comparisonof PSEbefore
and after unilateral muscimol injections in CN (c), LIP (d), FEF (e), saline injections
in CN (f), and SCH23390 injections in CN (g). Shapes represent data from different
monkeys. Colors are different modality conditions. All p values are from a two-
tailed Wilcoxon signed-rank test; significance level, 0.05. Dots above or below the

dashed diagonal, respectively, represent that animal choices are biased toward the
ipsilateral or contralateral side compared to the manipulated hemisphere.
h Schematic of the color-guided saccade task. i Comparison of saccadic accuracy
(left) and bias (right) before and after unilateral muscimol injection in CN. Solid
dots and error bars indicate median and 95% confidence interval, respectively.
Open dots with dashed lines are from the same experiment (14 pairs). All p values
are from a two-tailed Wilcoxon signed-rank test; significance level, 0.05. j Same as
(i) but for unilateral SCH23390 injection in CN (10 pairs).
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multisensory79, and is also within the perceptual decision network77,78,
receiving heavy projections from both association cortices and basal
ganglia circuits18.

Dopaminergic modulation in CN is essential for perceptual
decision
It has been recognized that dopaminergic regulation in the neocortex is
essential for many cognitive functions, such as working memory and

associative learning, as indicatedby selectively injecting chemical ligands
of dopamine receptors into the prefrontal cortex57,80–82. Here, we showed
that suppressingCND1 receptors using an antagonist consistently biased
animals’ choice toward the contralateral side, opposite to muscimol
inactivation. Our result is thus concordant with the finding that a low
dose of D1 receptor antagonist typically elevates neuronal activity83,84.

It is well known that the basal ganglia circuit contains two path-
ways of direct and indirect that are associated with D1 and D2
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Fig. 6 | Unilateral microstimulation in CN affects animal choice. a Schematic of
unilateral microstimulation applied in CN during the stimulus-presentation period
(1.5 s). b Example of one experiment with microstimulation (dashed curves and
cross symbols) and without microstimulation (solid curves and dots). Color
represents sensory modality. c Distributions of PSE (left column) and threshold
(right column) constructed by bootstrapping for microstimulation (color) and
without microstimulation (gray) trials in the example session of (b). Asterisk indi-
cates significant change of the PSE or threshold (p <0.01; 1000-timebootstrap test,
two-tailed). d Comparison of PSE with (ordinate) and without (abscissa) micro-
stimulationduring the stimulus-presentationperiod. Blackarrowsmark themedian

PSE. Marginal histogram counts the frequency of ΔPSE, with the median value
indicated by a perpendicular solid line. Solid bars and dots indicate significant
shifts; open bars and dots are insignificant changes. All p values are from a two-
tailed Wilcoxon signed-rank test; significance level, 0.01. Dots above or below the
dashed diagonal, respectively, represent that animal choices are biased toward
ipsilateral or contralateral side compared to the manipulated hemisphere.
eMicrostimulation is applied during the delay period after the stimulus disappears.
f Comparison of PSE with (ordinate) and without (abscissa) microstimulation dur-
ing the delay period. Labels are the same as (d).
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receptors, respectively. The two pathways are likely responsible for
complimentary and opposite control of decision behavior62. It would
be interesting to further test theD1 andD2 receptorpathways in future
experiments, as has been performed in rodents using state-of-the-art
techniques13,62,85. For example, a recent work developed a
recombinase-free retrograde adeno-associated virus-dependent strat-
egy to precisely modulate CN direct MSNs86. It would be promising to
identify primate CN circuit-specific contributions to cognitive func-
tions in future studies.

Implications of the microstimulation experiment
Electrical microstimulation has been widely used in primates to iden-
tify causal roles of neural activity in perceptual choice68,70,87. The
technique is quite successful when applied in sensory areas, as evident
by induced PSE shift in the direction consistent with the labeled-line of
the stimulated neurons (encoded feature)49. The other advantage of
applying microstimulation in these sensory areas is that in primates,
neuronal signals sharing similar functions are typicallywell clustered in
a local spatial domain (e.g., a few microns)49. Microstimulation in
higher-level areas, or less sensory-dominant areas, could be trickier,
because different neuronal signals could bemoremixed together, and
they are less spatially clustered68. Indeed, in the current study, we
found that although microstimulation in CN frequently induced sig-
nificant PSE shift, confirming its sufficient causal role, the bias direc-
tion was not consistent between the monkeys. In particular, the
ipsilateral bias is counterintuitive, based on the fact that the majority
of CN neurons prefer contralateral choice. This result, however, may
be consistent with previous studies: CN may contain two components
that show opposite preference for perceptual and motor process68,88.
Other factors may also confound the microstimulation results. For
example, the electrical currents are easily spread and subsequently
activate passing fibers, leading to nonlocal effects46,47.

Different stimulus parameters may also account for hetero-
geneous results across different studies. For example, previous studies
have shown significant dependency of CN microstimulation-induced
PSE shift and activity properties of the stimulated neurons68,88. In the
current study, however, we found pretty weak correlations. One pos-
sible reason is that our optic flow occupies a full screen with a very
large visual field (90° × 90°), which may be more easily compensated
after local perturbations of neurons with restricted receptive fields.
Thus, an activity-dependent perturbation effect may be corrupted
from being seen clearly. Last but not least, electrical currents lack
specific targeting and may impact direct and indirect pathways in the
striatum differently, consequently generating heterogeneous results.
Optogenetic or chemogenetic tools, that are typically much more
relieved from these issues, may be applied in future experiments to
further test the sufficient roles of certain CN populations in perceptual
decision tasks.

Methods
Animals and surgeries
Three adult male monkeys (Macaca mulatta), monkey D, F and M,
weighting 7–10 kg, were trained in this work. Monkeys were chroni-
cally implanted with a 6-cm lightweight plastic ring, which served as a
recording chamber as well as for head restraint. Then, monkeys sat
comfortably in a customized primate chair fixed within a visuo-
vestibular virtual reality system. All animal procedures were approved
and supervised by the Animal Care Committee of the Center for
Excellence Brain Science and Intelligent Technology, Chinese Acad-
emy of Sciences.

Apparatus
The visuo-vestibular virtual reality system consists of a motion plat-
form (MOOG MB-E-6DOF/12/1000KG) and an LED display (~30 cm of
view distance and ~90° × 90° of visual angle; Samsung ED55C)

vertically mounted on the platform, to offer vestibular and visual self-
motion stimuli, respectively. The stimuli were controlled by a custo-
mized C++ software and synchronized with electrophysiological
recording (AlphaOmega SnR, Israel) and eye tracking (SR Research,
EyeLink 1000 Plus, Canada) systems by TEMPO (Reflective Comput-
ing, U.S.A).

Behavioral tasks
Memory-guided saccade task (MGS). Similar to previous works89,
monkeys were trained to perform a memory-guided saccade task to
identify the response field (RF) of the recorded neuron. However, note
that we didn’t use this task to screen neurons in the later heading
discrimination task, considering that there is only a weak correlation
between the strength of choice signal and spatial selectivity in CN10. In
brief, monkeys were required to fixate on a central fixation point for
100ms to initiate a trial, after which a peripheral target flashed for
500ms in one of the eight positions with 10° away from the display
center. Monkeys were required to keep central fixation for another
1000ms, before the fixation point disappeared, indicating a go-signal
for the memorized peripheral target.

Multisensory heading discrimination tasks. Monkeys initiated a trial
by fixating on the central fixation point, after which two choice
targets appeared symmetrically on each side of the display with an
eccentricity of 10°. After a random delay (100–300ms), a 1.5-s, lin-
ear forward self-motion stimulus, defined by either visual, vestibu-
lar, or multimodal cues, was provided in the horizontal plane
with a small deviation from the reference of straight forward
(0° heading). After the stimulus offset, the animals waited for
another random delay (300–600ms) before the fixation point dis-
appeared as a go-signal. The animals were then allowed to saccade
toward one of the two choice targets to report whether their
experienced self-motion direction (heading) was either in the left-
ward or rightward category. The correct answer led to reward of a
drop of juice. For dead ahead trials (0° heading), the reward was
randomly delivered.

In each experimental block, there were three modality con-
ditions: (1) vestibular-only, where self-motion stimuli were solely
offered by physical motion of the motion platform; (2) visual-
only, where self-motion stimuli were simulated via optic flow on
the display, while the motion platform was stationary; (3) cue-
combined, where congruent vestibular and visual cues were
provided synchronously. Similar to previous works29,90, all stimuli
followed a Gaussian velocity with a biphasic acceleration profile
to simulate transient self-motion in the environment. In the
heading discrimination task, the Gaussian profile had a displace-
ment of 0.12 m, a peak velocity of 0.285m/s appearing at 920ms
after stimulus onset, and a peak acceleration of 0.826m/s2

appearing at 735 ms after stimulus onset. Note that to best see a
cue-combined effect, we have downgraded the visual cue relia-
bility through coherence91 (10%–30%) to match the vestibular, so
that psychophysical threshold under the two single cue condi-
tions would be roughly similar31. At last, we generated a star field
with a volume of 100 × 100 × 40 cm3, a density of 0.01 stars/cm3

on the display. Task difficulty was determined by heading angles
(monkey D: ±8°, ±4°, ±2°, ±1°, 0°; monkey F: ±6°, ±3°, ±1.5°,
±0.75°, 0°; monkey M: ±8°, ±4°, ±2°, ±1°, 0°). Thus, each repeti-
tion contained 27 interleaved trials (3 stimulus modality × 9
heading angle), and each repetition was typically repeated more
than 20 times, leading to more than 500 trials.

Other than the fixed-duration task (1.5 s), an RT version of the task
was also introduced formonkeyM.Specifically, the animalwas allowed
to make choice before the go-signal appeared, without having to
maintain central fixation across the whole stimulus duration period
(1.5 s). To discourage over-pursuing speed for guessing, a minimum of
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700ms from stimulus onset to the saccadic initiation was imposed on
all stimulus conditions.

Color-selection task. The aim of this task is to test motor execution
and bias. The animals were only required to saccade toward the red
target to earn a liquid reward. The structure of the trial was identical to
the heading discrimination task, but with no self-motion stimulus
appearing.

Electrophysiology
Caudate mapping. Area mapping was made through cross-validation
between structural MRI and physiological properties. Along each
electrode penetration, baseline changes of electrophysiological sig-
nals were carefullymonitored todetermine transition patterns of gray/
white matter. As illustrated by Supplementary Fig. 1g, the recording
sitesmainly cover head andbody parts of CN (AC:−12 to 8mm), similar
to previous works10,92. Electrophysiological recordings in LIP, FEF, and
MSTd were conducted in previous experiments29–31. We noted that
screening CN neurons with the MGS task here was not as strict as the
previous LIP and FEF studies29,30, because the correlation between
neuronal choice encoding andmemory spatial selectivity was not well-
established in CN10. To confirm whether this difference would affect
the main finding of neural state distinction in the current study. We
selectedCNneuronswith significantmemory spatial selectivity andLIP
neurons without this in the MGS task, and then performed the neural
state analysis for them separately (Supplementary Fig. 12). We found
that the influence of this recording difference is modest.

Online recording and offline sorting. Once encountered a single
neuron inCN,we identified its responsefieldusing theMGS task. Three
epochs were focused on: (1) visual response period, 75–400ms after
the appearance of the peripheral visual target; (2) memory period,
25–900ms after the peripheral target disappeared; (3) pre-saccade
period, 50–300ms before saccade initiation. If this neuron showed
significant spatial selectivity during any of the three windows, we then
used it to guide the placement of the two choice targets during the
following heading discrimination task. If a neuron did not show sig-
nificant modulation during the MGS task, we also ran a heading dis-
crimination task, albeit with the choice targets placed in the horizontal
meridian. All online recorded data were performed offline sorting,
using Spike2 for single-channel data and Kilosort-2.0 for linear-
array data.

Reversible chemical inactivation
Two drugs, Muscimol·HBr and SCH23390·HCl (from Sigma-Aldrich),
were first dissolved in saline to the concentration of 10mg/mL and
0.25mg/mL, respectively. They were accurately injected (~4μL) into
the targeted areas at a speed of 0.15μL/min using the hand-made
injectrode with an electrode embedded (Fig. 5a). Because the half-life
eliminations of the two drugs are very different, their effects on the
animal behavior can last differently, which is about 12 h for muscimol,
and less than 1 h for SCH23390. Thus, we applied two consecutive
injections with an interval of 48 h for muscimol experiments, and 24 h
for SCH23390, respectively.

Electrical microstimulation
For a traditional microstimulation experiment, particularly applied in
sensory cortices, it’s necessary to find the neuronal cluster with similar
electrophysiological properties near the electrode tip70,87,93. However,
it has been reported that there is no such cluster in CN10. So we did not
systematically measure clustering to guide microstimulation, similar
to previous work68. For the sake of comparisonwith previous work68,88,
the current was set to be negative-leading bipolar pulses, 300Hz,
50–80μA. These parameters would not evoke saccades68,94. In a
microstimulation block, 50% of trials were randomly chosen to deliver

the electric current, making it unlikely for the animals to quickly adapt
their strategy.

Data analysis
Psychophysics. To quantitatively measure the animals’ behavioral
performance in the perceptual heading discrimination task, we con-
structed psychometric curves by plotting the proportion of “right-
ward” choices as a function of heading angles. These curves were fit
with cumulative Gaussian functions, whose mean (μ) and standard
deviation (σ) were defined as PSE and psychometric threshold,
respectively. The Bayesian optimal prediction of psychometric
threshold in the multimodal condition for each session was calculated
by

1
σpredct:

=

ffiffiffiffiffiffiffiffiffiffiffi
1

σ2
vest:

s
+

1
σ2
vis:

ð1Þ

where σvest. and σvis. indicate psychometric thresholds measured in
vestibular-only and visual-only conditions, respectively31.

Choice andmodality preference. To construct PSTH, raw spike trains
were aligned to events of stimulus onset, saccade onset, and feedback
onset. Firing rates were computed in every 10-ms time window and
smoothed with a Gaussian kernel (σ = 50ms). Next, all correct trials
were grouped according to the animals’ choice. When averaging,
PSTHs were normalized for each cell across time and modalities by

rnorm =
r � rmin

rmax � rmin
ð2Þ

where rmax and rmin are respectively maximum and minimum firing
rates for each neuron. To quantify the strength of choice signals, we
used ROC analysis to define an index of CDiv29. CDiv ranged from −1 to
1,with 1meaning always strongerfiringwhen thePREF target is chosen,
and vice versa for −1. CDiv = 0 indicates no choice preference. Grand
CDivwas also computedby usingfiring rates across thewhole stimulus
duration to identify choice preference for each neuron in each mod-
ality condition.

Similarly, comparing firing rates between vestibular-only and
visual-only conditions, we defined modality preference (MDiv), with 1
indicating strong visual preference, and −1 indicating strong vestibular
preference.

Dimensional reduction of neural activities. To better visualize neural
trajectories in a low-dimensional subspace and demix task variables,
we used three dimensionality reductionmethods: PCA, TDR, and dPCA
(see Supplementary Information).

For PCA, we first constructed a matrix r of size
Nunit × NT × 3modalities× 2 choices

� �
, whose columns contained firing rates of

all single neurons during a specific time bin in each stimulus condition
when one of the targets was chosen. Then, standard singular value
decomposition was conducted to get left singular vectors,U. The first
three columns ofU (3 PCs) were chosen to span a denoising subspace,
onto which the population activities, r, were projected. In this three-
dimensional space, six neural trajectories (3 modalities and 2 choices)
were presented as a function of elapsed time. To quantify the strength
of choice or modality selectivity in this subspace, we calculated the
Euclidean distance between corresponding pair of trajectories. For
directly comparing combined-single distance (cyan, combined-ves-
tibular; magenta, combined-visual) within and across brain regions
(Fig. 2f), we quantified it by calculating its area under the curve (AUC)
and then normalized it by dividing the AUC of the visuo-vestibular
distance (black curve). To have statistics, for each region, we randomly
selected 100 neurons from the pool and computed PCA and the
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related results. This process was repeated 100 times to extract var-
iance for statistical assessment.

For TDR, a subspace ofDwas constructed using the first 15 PCs of
PCA. Linear regression was then used to capture task-related variables
(heading, choice, modality) in the neural state space. Specifically,
z-scored firing rates of neuron i at time t were predicted as a linear
combination of multiple variables:

ri, t = βi, t, 1 � heading+βi, t, 2 � choice +βi, t, 3 �modality+ βi, t, 4 ð3Þ

where ri,t is the z-scored firing rates of neuron i at time t in all trials,
heading represents heading directions of all trials, choice includes
animal decisions (−1: anti-PREF choice; 1: PREF choice), and modality
contains sensory modalities (1: vestibular-only; −1: visual-only). The
regression coefficients βi,t measured how much the trial-by-trial firing
rates of neuron i at time t were dependent on the corresponding
variables. After that, we denoised βt (includes βi,t from all neurons) by
projecting it onto the denoising subspace D, and acquired βpca

t . For
each task variable, we then determined the time tv when βpca

t had the
largest norm, so that the denoised regression subspace βv was
captured by that variable. Next, we orthogonalized each βv to get
the task-related subspace through QR-decomposition. Last, the
averaged population activities were projected onto this targeted
subspace. More detailed descriptions can be found in the supplemen-
tary part of a previous work38.

Cross-temporal Lasso decoders. To decode monkeys’ choice from
CN population activity, a series of linear classifiers were trained and
used as a function of time over the trial:

pT1 tð Þ=β0 tð Þ+
XN
i= 1

βi tð Þri tð Þ ð4Þ

where pT1 tð Þ represents the probability of choosing T1 target (PREF
choice) at time t, ri indicates firing rates of neuron i at time t, N is
number of neurons. Assuming sparse encoding, LASSO regularization
was applied to prevent over-fitting when fitting each set of para-
meters β.

Trials of each neuron were first categorized into 6 groups
according to choice and modality, and firing rates in each trial in a
sliding 100-ms bin (step size was 20ms) were computed. 80 trials
within each group were randomly selected for training, and the rest
trials (>10) were used for testing. During training, the best regulariza-
tion parameter of the model was determined by a 10-fold cross-vali-
dation. During testing, the model predicted T1 (PREF) choice if the
pT1 tð Þ>0:5 and T2 (anti-PREF) choice if pT1 tð Þ<0:5 at any moment. This
step was repeated 1000 times to assess significance over the
chance level.

Generalized drift-diffusion model (GDDM). To predict firing dynam-
ics in multimodal condition in RT task, we used GDDM proposed
previously39. In brief, the model assumes that both sensory and
evidence-accumulation processes are modulated by cue reliability:

x tð Þ= r tð Þksin hð Þ+η tð Þ ð5Þ

X tð Þ=
Z

r tð Þx tð Þdt ð6Þ

where x(t) and X(t) are respectively sensory evidence and decision
variable at time t; r(t) indicates moment-to-moment reliability of
sensory stimuli; k denotes constant drift rate,measuring the subjective
sensitivity to stimuli; sinðhÞ is the horizontal projection of heading; η(t)
represents noise. Based on previous findings, themodels assumes that
subjects rely on vestibular acceleration but visual velocity to perform

heading discrimination task39. Cue reliability during multimodal
condition was formulated as:

r2comb: tð Þ=
K2

vest:

k2
comb:

r2vest: tð Þ+
k2
vis:

k2
comb:

r2vis: ð7Þ

After being well-trained, the optimal subjective sensitivity was
predicted by:

k2
predct: = k

2
vest: +k

2
vis: ð8Þ

The accumulated evidence under multimodal condition could
also be predicted from:

Xcomb: tð Þ=
kvest:
kcomb:

Xvest: tð Þ+
kvis:

kcomb:
Xvis: tð Þ ð9Þ

The model encompassed 13 parameters kvis:, kvest:, kcomb:, θvis:,
�

θvest:,θcomb:,bvis:,bvest:,bcomb:, t nd, vis:ð Þ, t nd, vest:ð Þt nd, comb:ð Þ,plapse� that
were used to fit chronometric and psychometric curves of all three
modality conditions simultaneously. Among the parameters, k
denotes the drift rate; θ indicates the decision threshold; b is the
heading bias; tnd represents the non-decision time; plapse means
lapse rate.

Recurrent neural network simulations
We trained randomly initiated RNNs, comprising 256 nonlinear hidden
units, a multisensory heading discrimination task analogous to that
performedbymonkeys. For all units, a tanh activation function is used:

x tð Þ= tanh Wrx t � 1ð Þ+WiI+B+Z
� � ð10Þ

where matrices Wr and Wi denote recurrent and input weights,
respectively; B represents activity offset; Z indicates that all units are
affected by independently and identically distributed (i.i.d.) white
noise, with a standard deviation of 0.1.

Network input and output. The network receives visual velocity but
vestibular acceleration input, simulating self-motion in 9 heading
directions ([±8, ±6, ±4, ±2, 0]). The stimuli last 1.5 s with a temporal
resolution of 0.05s. The sensory evidence is influenced by i.i.d. noise,
with variance proportional to the input magnitude, leading to analo-
gous signal-to-noise ratio between the two single cues, that is, visual
and vestibular conditions. Indeed, after training, the network pro-
duced analogous performance (psychophysical threshold) in visual
and vestibular condition (Fig. 3). Noted that the visual input was arti-
ficially delayed by 250ms (solid versus dashed red Gaussian profile in
Fig. 3b, e, h) to capture the visual-choice delay found in the three
decision-related regions.

An output neuron reads out RNN’s population activity using a
linear weighted sum, and generates a binary choice at the end of each
trial:

xo tð Þ=
X256
i = 1

wixi tð Þ ð11Þ

Choice =
1, xo t =30ð Þ>0
0, xo t =30ð Þ<0

�
ð12Þ

where xo represents activity of the output neuron, and xi indicates
activity of the ith neuron in the RNN.

Network training. The weights of inputs-RNN, RNN-units, and RNN
output are initialized through He initialization and updated simulta-
neously using Adam Optimizer and the back-propagation through
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time. Loss in each time step is calculated usingBCELoss combinedwith
a Sigmoid layer (BCEWithLogitsLoss function):

Loss tð Þ=
XN
n= 1

yn logσ xo tð Þ� �
+ 1� yn
� �

log 1� σ xo tð Þ� �� �� � ð13Þ

where yn is the label of trial n; N is batch size; σ is sigmoid function.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Data supporting this study are available in the Zenodo repository at
https://zenodo.org/records/13923317. Source data are provided with
this paper.

Code availability
The analysis codes used in this study are available in the GitHub
repository at https://github.com/ZacZeng/CN-causally-contributes-to-
MSDM as well as Zenodo at https://doi.org/10.5281/zenodo.15260721.
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