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The superior colliculus is an evolutionarily conserved midbrain region that

is thought to mediate spatial orienting, including saccadic eye movements
and covert spatial attention. Here, we reveal arole for the superior colliculus
inhigher-order cognition, independent of its role in spatial orienting.

We trained rhesus macaques to perform an abstract visual categorization
task thatinvolved neither instructed eye movements nor differencesin
covert attention. We compared neural activity in the superior colliculus

and the posterior parietal cortex, a region previously shown to causally
contribute to abstract category decisions. The superior colliculus exhibits
robust encoding of learned visual categories, whichis stronger thanin the
posterior parietal cortex and arises at asimilar latency in the two areas.
Moreover, inactivation of the superior colliculus markedly impaired
animals’ category decisions. These results demonstrate that the primate
superior colliculus mediates abstract, higher-order cognitive processes that
have traditionally been attributed to the neocortex.

Categorizationis afundamental cognitive process by which the brain
assigns stimuli to behaviorally meaningful groups. Investigations of
visual categorizationin primates have identified a hierarchy of cortical
areas that transform visual feature encoding into abstract category
representations’. However, categorization behaviors are ubiquitous
across diverse animal species, even those without aneocortex, motivat-
ing the possibility that subcortical regions may contribute to abstract
cognition in primates.

One candidate structureis the superior colliculus (SC), abrainstem
region thatis evolutionarily conserved acrossall vertebrate species’. The
SChaslongbeenknownto playacrucial rolein directing orienting move-
ments ofthe eyesand head. Although traditionally thought toimplement
reflexive motor actions via inputs from upstream brain areas® ", the
SCis also involved in overt and covert spatial target selection during a
widerange of behavioral tasks"*°. However, it is unknown whether the
SCis also involved in mediating cognitively demanding tasks that do
not manipulate spatial orienting, covert attention or target selection.

Here, we investigated whether the primate SCis more generally
involved in abstract cognition. We trained monkeys to perform an

abstract visual categorization task that dissociates sensory, cognitive
and motor components, and compared neuronal activity in the SCand
the lateral intraparietal area (LIP), a cortical region in the posterior
parietal cortex thatis anatomically interconnected with the SC***and
known to causally contribute to category processing®>%. Importantly,
the categorization task required the monkeys to maintain central
gaze fixation during all task epochs, and the animals reported their
decisions withamanual response and not an eye movement. We also
reversibly inactivated the SC to assess its causal contribution to cat-
egory decisions. We show that the SC exhibits robust, short-latency
encoding of abstract categories and that inactivation of the SC
markedly impairs animals’ categorization task performance. These
results indicate that the primate SC plays an unexpected key role in
higher-order cognition, independent of its role in spatial orienting.
In addition, we show that category- and saccade-related signals are
encodedinnear-orthogonal population subspacesin the SC, provid-
ing an explanation for how a motor structure such as the SC can be
recruited to participate in cognitive behaviors without interfering
with its well-known motor functions.
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Fig.1|Monkeys learn to categorize motion stimulibased on an arbitrary
category rule. a, Stimulus geometry of the two-boundary DMC task. Twelve
directions of motion (depicted by arrows) are grouped into two categories based
ontwo orthogonal category boundaries (dashed lines), such that directions that
are 180° apart belong to the same category. Directions within the same quadrant
are 22.5° apart, and near-boundary directions are 22.5° from the boundary.

b, Trial structure of the DMC task. Monkeys were required to maintain gaze within
asmallwindow centered on a central fixation cue during fixation, sample, delay
and test periods and report their decisions with amanual response (holding or
releasing alever). ¢, Behavioral performance across recording sessions for each
ofthe 12 sample stimulus directions for Monkey N (top) and Monkey S (bottom).

Black circles indicate mean and vertical black bars indicate s.d. Horizontal
dashedlineindicates chance performance. d, Behavioral performance across
sessions on Match trials in which the sample and test stimuli were in the same or
opposite quadrants. Black circles indicate mean and vertical black bars indicate
s.d. There was no significant difference in mean performance on trials in which
sample and test stimuli were in the same or different quadrants (Monkey N: n = 62
sessions, Same quad. = 88.2 + 4.6%, Opp. quad. = 86.9 + 4.7%, P=0.130; Monkey S:
n=25sessions, Same quad. = 84.9 +7.4%, Opp. quad. = 83.8 £ 5.2%, P= 0.583, two-
tailed permutation test). e, Schematic of neural recording locations in LIP and
the SC.d, dorsal; c, caudal; v, ventral; r, rostral; NS, not significant; Opp. quad.,
opposite quadrant; same quad., same quadrant.

Results

Behavior

Two monkeys performed a delayed match-to-category (DMC) task in
which they grouped 360° of motion directions into two categories
based onalearnedarbitrary categoryrule. The categories were defined
by two perpendicular boundaries that produced four 90°-wide quad-
rants (Fig. 1a). To disambiguate neuronal encoding of direction versus
category, opposite quadrants were assigned to the same category,
such that motion directions that are 180° apart belonged to the same
category while nearby directions were often in different categories.
On each trial, monkeys viewed sample and test motion stimuli sepa-
rated by al.2-s delay (Fig. 1b) and received a fluid reward for releasing
amanual touchbarwhenthe category of the test matched the sample.
Ifthe test category was anonmatch, the monkeys were shownasecond
test stimulus that always matched the sample category (and required
amanual response). Monkeys were required to maintain gaze fixa-
tionthroughout the trial (Methods). The monkeys’ category decisions
were abstract because the two categories were defined by the learned
arbitrary boundaries, and because they were not explicitly and rigidly
linked to different motor actions.

Both monkeys performed the DMC task with >85% mean accu-
racy during neural recordings (Monkey N: 89.4 + 3.4%, Monkey S:
88.2 +3.3%; Fig. 1c), with equivalent accuracy between LIP and SC
sessions (Monkey N: P=0.095, Monkey S: P= 0.234, permutation test;
Extended Data Fig.1). Monkeys performed similarly on Match trials
in which sample and test stimuli were in the same versus opposite
quadrants (Monkey N: P=0.130, Monkey S: P=0.583, permutation
test; Fig. 1d).

Robust encoding of sample category in the SC

Werecorded neural activity during the DMC task inthe SC (Monkey N:
362 neurons, Monkey S: 243 neurons) and LIP (Monkey N: 228 neurons,
Monkey S: 327 neurons) (Fig. 1e), a posterior parietal region that has
beensuggested by our group to be the cortical nexus of category com-
putation. Our past work has shown that LIP has shorter-latency category
encoding compared with other cortical areas such as prefrontal cortex

and medial superior temporal area**?, and reversible inactivation of
LIPimpairs monkeys’ categorization behavior*®,

LIP neuronal activity often showed binary-like category selec-
tivity during the sample and delay periods, with distinct activity for
directions in different categories and similar activity for directions
in the same category (Fig. 2a), consistent with previous categoriza-
tion studies that used a simpler linear boundary®*™*. In our task, LIP
category selectivity extended even to stimuli in opposite quadrants
thatbelongto the same category. Remarkably, SC neurons also showed
strong category selectivity during the sample, delay and test periods
ofthe task (Fig. 2b).

We quantified category tuning in individual neurons using a
receiver operating characteristic (ROC)-based category tuning index
(rCTI), which compares neuronal discrimination between directions
in the same versus different categories (Supplementary Fig. 1 and
Methods). Positive rCTI values indicate larger differences in firing
ratesbetweendirectionsin different versus the same category (that s,
category tuning). The bottom panels of Fig. 2a,b show the time course
of rCTIfor the single-neuron examples in the corresponding top pan-
els, and Fig. 2c,d shows rCTl values for all LIP and SC neurons. Overall,
70.3% of LIP neurons (Monkey N: 81.1%, Monkey S: 62.7%) and 59.5%
of SC neurons (Monkey N: 63.5%, Monkey S: 53.5%) were significantly
category-tuned based onrCTI.

In LIP and SC, the mean rCTI across neurons was significantly
elevated at nearly every timepoint following sample onset (Fig. 2e, yel-
lowand blue symbols above panel), with greater rCTIvalues observedin
SCthanLIPthroughout much ofthetrial (Fig. 2e, black symbols above
panel). Moreover, elevated mean rCTlvalues during the sample period
occurred earlier in SC than LIP (SC: 160 ms, LIP: 245 ms; P=0.002,
two-tailed permutation test). To compare the onset of category selec-
tivity between LIP and SC, we restricted analyses to neurons that were
category-tuned during the 550 ms after sample onset (LIP: n =131
neurons, SC: n=133). Among these early-onset tuned neurons, SC
had lower median latency than LIP (Fig. 2f, left; LIP: 330 £ 105 ms, SC:
270 £ 90; P=0.016, two-tailed permutation test), and latency distribu-
tions were significantly different between the two areas (Fig. 2f, right;
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Fig.2|Neural activity in the SC contains reliable and short-latency
information about stimulus category. a, Top: peristimulus time histograms
of example category-tuned LIP neurons. Bottom: rCTl across time in trial for
the two example LIP neuronsin a. Line and shading indicate mean and s.d.,
computed via resampling of trials. Black bars at the top of the plots indicate
timepoints at which rCTl is significantly above chance. b, Same as a, but for
SC.c, rCTlacross timein trial for the two example LIP neuronsin a. ¢, Matrix of
rCTlvalues for all LIP and SC neurons, where each row shows a single neuron’s
rCTlasafunctionof timein the trial.d, Same as ¢, but for SC. e, Time course

of mean rCTlacross LIP and SC neurons. Shading indicates s.e.m. f, Latency of
category selectivity in neurons that are category-tuned during the sample epoch
(0-550 ms from sample onset; LIP: n =131 neurons, SC: n =133 neurons). Left:
distribution of category selectivity latency. Triangular markers indicate median

Time from sample onset (ms)

latency (LIP:330 +105 ms, SC: 270 + 90; P= 0.016, two-tailed permutation test).
Right: empirical cumulative distribution functions of latency values in LIP

and SC neurons (two-sample Kolmogorov-Smirnov test, D = 0.195, P= 0.011).

g, Top: schematic of cross-quadrant sample category classifiers, which are
trained on trials from two quadrants (dark gray) and validated on trials from the
remaining two quadrants (light gray). Bottom: time course of mean accuracy

of cross-quadrant category classifiers for LIP and SC populations. Horizontal
dashed line indicates the chance accuracy level (0.5). Shading indicates s.d. In
eand g, colored symbols above the panel indicate timepoints at which values
significantly exceed chance in each brain area, and black bars above the panel
indicate timepoints at which there is a significant difference between brain areas
(P<0.05, two-tailed permutation tests). *P < 0.05. Cat., category.

two-sample Kolmogorov-Smirnov test, D = 0.195, P= 0.011). Addition-
ally, we observed significantly longer durations of persistent category
selectivity in SC than LIP neurons (Supplementary Fig. 2and Methods).

These differencesin strength and timing of category tuning cannot
be explained by differences in direction tuning between areas (Sup-
plementary Fig. 3); when we restricted analyses to direction-untuned
neurons (LIP: n=399, SC: n=498; Methods), we again observed
shorter-latency category selectivity in SC compared with LIP based
on mean rCTI across neurons (SC: 160 ms, LIP: 225 ms, P=0.004,
two-tailed permutation test) and median category tuning latency dur-
ing the sample period (LIP: 330 + 105 ms, n =111 neurons, SC: 265 + 80,

n=107,P=0.005, two-tailed permutation test; Kolmogorov-Smirnov
test: D=0.225, P=0.007). We also observed equivalent results when
we artificially matched mean firing rates of SCand LIP neurons at each
analysis time step by randomly removing spikes from SC neurons
(Methods and Supplementary Fig. 4).

We quantified the strength and timing of category encoding in LIP
and SC populations using support vector machine (SVM) classifiers.
We evaluated category encodingin a direction-independent manner by
training the classifiers on trials from two quadrants (one per category)
and validating them on the remaining two quadrants (Fig. 2g, top). If the
neural populations robustly encode category in a binary-like format,
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the classifier will generalize between the two quadrants of the same
category. This approach also prevents bell-shaped direction tuning
from contributingto category decoding by decorrelating direction and
category between the sample and test sets; note that this procedure
produces below-chance classifier performanceif the population shows
strong direction tuning.

InSC, category classifier accuracy rapidly increased within ~170 ms
of sample onset and remained at almost 100% throughout the rest
of the trial (Fig. 2g, bottom). In LIP, category classifier accuracy was
below chance shortly after sample onset, consistent with bell-shaped
direction tuninginLIP during the early sample (Supplementary Fig. 3).
Sample category could be decoded more reliably from SC than LIP
throughout the sample, delay and early test phases of the task (Fig. 2g,
bottom, black symbols above panel), indicating stronger population
category encodingin SCthan LIP. These results were similar in the two
animals (Supplementary Fig. 5).

Category encoding in SCis not explained by eye movements
Given the well-established role of SCin directing gaze®**, one explana-
tion for category selectivity in SCis that it could be a result of distinct
patterns of microsaccades during different conditions of the DMC task.
Interestingly, we indeed observed that the monkeys produced idiosyn-
cratic, category-specific eye movements (within the allowed fixation
window) that were highly stereotyped across sessions (Supplementary
Fig. 6). However, these category-specific eye movements occurred only
duringthe memory delayin Monkey N and primarily during the delay in
MonkeyS, indicating that the monkeys’ eye movements reflect the con-
tents of working memory, consistent with previous results in monkeys
performing a delayed matching task*®. Notably, the category-specific
eye movements were not observed in the early-sample period when
neuronal category selectivity emerged in SC (and LIP). We compared the
time course of SC’s neuronal category selectivity and the time course
of category-specific eye positions. These two time courses were highly
decoupled in time (Supplementary Fig. 7a), with category selectivity
preceding category-specific eye position by hundreds of milliseconds
(Monkey N: neural decoder =175 ms, eye decoder =1,075 ms; Monkey
S:neural decoder =170 ms, eye decoder = 865 ms). We next built linear
encoding models* to determine whether neuronal firing rates (across
trials and time within trial) are better predicted by category or eye
movements (Methods). For a majority of SC neurons, firing rates dur-
ing the DMC task were better predicted by the stimulus than by eye
movements (Supplementary Fig. 7b). These results indicate that SC
category selectivity cannot be accounted for by category-specificeye
movements during the DMCtask, and raise the possibility that the eye
movements may instead be a consequence of the presence of category
selectivity inthe SC.

Preferential encoding of category in visual SC neurons

The SCisa core stage of oculomotor processing and contains diverse
neuronal response types based on firing rate modulation to visual,
visuomotor and motor aspects of visually guided saccade (VGS)
and memory-guided saccade (MGS) tasks. We sought to understand
whether SC category encoding was more prevalent among neurons
with particular patterns of visual or motor selectivity. In each DMC
recording session, monkeys also performed the MGS task (Supple-
mentary Fig. 8a,b), allowing us to compare neuronal activity fromthe
same neurons during the two tasks. We analyzed activity from 424 SC
neurons (Monkey N:259, Monkey S: 165) with stable recordings during
both DMC and MGS tasks. Examples of SC activity during the MGS task
are shown in Supplementary Fig. 8c,d.

The short-latency category encoding in SC raises the possibility
that it plays a direct role in the rapid bottom-up categorization of
incoming visual stimuli (that is, the transformation of direction to
category tuning). One piece of evidence that would support sucharole
is if the category signal first emerges in visually responsive neurons

whosereceptive fields match the position of the DMC stimuli (Extended
Data Fig. 2a). We compared rCTI values between three groups of SC
neurons (Methods): (1) those that are visually responsive during the
MGS task to stimuli at locations that overlap with the stimulus in the
DMC task (Vis neurons; n =127); (2) neurons that are visually unre-
sponsive at the DMC stimulus location but visually responsive at other
locations (Vis-other; n =167); and (3) visually unresponsive neurons
(Non-vis; n=130). Examples of these three classes of neurons are shown
in Extended Data Fig. 2b.

Category selectivity emerged earlier in Vis neurons than in
Vis-other neurons (Vis: 155 ms, Vis-other: 205 ms; P=0.021, permuta-
tion test) and Non-vis neurons (Non-vis: 634 ms; P < 0.001, two-tailed
permutation test; Extended Data Fig. 2c), and mean rCTI was signifi-
cantly higher in Vis neurons compared with the other two groups
throughout much of the trial (Extended Data Fig. 2¢c, black symbols
above panel). Additionally, median category selectivity latency during
the sample period was lower in Vis neurons compared with Vis-other
neurons, even when we artificially matched firing rates between the
two groupsas for the earlier analysis of LIP versus SC latency (Extended
Data Fig. 2d, left; Vis: 228 + 75 ms, n=48; Vis-other: 330 + 95, n=35;
P=0.001, two-tailed permutation test), and there was a significant
difference in the latency distributions between Vis and Vis-other
(Extended DataFig. 2d, right; two-sample Kolmogorov-Smirnov test,
D=0.407,P=0.002).

Category encodingin SCand LIP is dependent on task context
We nextinvestigated whether category encoding in LIP or SC depended
onthe contextin which the monkeys viewed sample motion stimuli. It
is possible that the animals’ extensive training on the DMC task could
have led to automatized processing of motion category in SC or LIP
even when stimuli were shown outside of the DMC task context. We
tested this possibility by comparing neuronal responses to motion
stimuli during interleaved blocks of DMC task trials and passive view-
ing trials in which the same motion stimuli were shown (Methods).
Neuronal category encoding in both SC and LIP was largely absent
during passive viewing trials (Supplementary Fig. 9), indicating that
category selectivity is highly task-dependent and that neural popula-
tions in LIP and SC can flexibly route sensory input based on current
behavioral demands.

Orthogonal encoding of saccades and category in the SC
Howisitthatacore oculomotor structure suchasthe SC canbe strongly
modulated by stimulus category (or visual information in general) with-
out producing task-interfering saccades, given thatinjection ofevena
small amount of electrical current into intermediate and deep layers
of the SC can reliably generate large-amplitude eye movements®’?
Oneexplanationisthatindependent populations of SC neurons might
participate in saccade and category encoding. Thus, we quantified
the overlap in neural populations that are category-selective during
the DMC task and saccade direction-selective during the MGS task
(Methods). We observed substantial overlap in the population of SC
neurons that are category- and saccade-selective (Fig. 3a), indicating
that category and saccade encoding are not segregated to different
SC populations.

We hypothesized that the structure of populationactivity in the SC
is organized to maintain approximately orthogonal neural representa-
tions during category processing and saccade planning, such that pro-
jection of category-related neural activity onto the saccade-encoding
neural axis produces minimal interference with neural encoding of eye
movements (Fig. 3b). To investigate this idea, we characterized the
alignment between neural activity from the DMC task (150-350 ms
after sample onset) and the MGS task (~200-0 ms before saccade
onset). To visualize their alignment, we used targeted dimensionality
reduction*®to identify two MGS condition-related neural axes (sin and
cos of the position of the targets) and a DMC category axis. The DMC
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Fig. 3| Orthogonal population-level encoding of saccade and category in the
SC.a, Venn diagrams showing the overlap of neurons that are category-tuned
during the DMC task (dark green) and neurons that are saccade-direction-
modulated during the MGS task (light green; Methods). b, Schematic of the
hypothesized orthogonal saccade and category activity subspaces. ¢, Left:
magnitude of the projections of: (1) the sine and cosine values from MGS data
(green); and (2) the two categories from DMC data (gray and black) from Monkey
N onto the two MGS neural axes identified through targeted dimensionality
reduction (TDR). Right: projection of the same MGS and DMC data from Monkey
N onto one of the MGS TDR axes and the DMC category axis. d, The percentage
of variance of DMC sample period data explained when projected onto its own
top 12 PCs (dashed dark green line) or onto the top 12 PCs defined by activity
during the peri-saccade period (200 to O ms from saccade onset) of the MGS

task (solid light-greenline). e, Albetween the DMC sample epoch dataand MGS
peri-saccade data. The Al, whichis the ratio of the sums of the two traces shown
ind, equals1when two subspaces are perfectly aligned and equals O when two
subspaces are perfectly orthogonal. Blue, alignment indices for the real data.
Gray, 95% confidence intervals of alignment indices between pairs of random
vector projections from data (Methods). For both monkeys, the real data are
significantly more orthogonal than expected by chance (Monkey N: Al = 0.131,
n=258neurons; Money S: Al = 0.205, n =165 neurons), all P < 0.001, two-tailed
randomization test. f,g, same as d (f) and e (g) but for the fixation epochs (-500
to 0 msrelative to stimulus onset) for the DMC and MGS tasks. The dataare
significantly more aligned than expected by chance (Monkey N: Al = 0.429,
n=259 neurons, P<0.001; Money S: Al =0.390, n =165 neurons, P=0.007,
two-tailed randomization test). *P < 0.05, **P < 0.001.

data had a small projection onto the MGS axes, as did the MGS data
onto the category axis (Fig. 3¢), indicating substantial misalignment
between category and saccadic encoding.

To quantify the alignment between neural activity during the MGS
and DMC tasks, we used the subspace variance alignment analysis
introduced previously*. This approach compares the percentage of
DMC data variance explained when the DMC data are projected onto
DMC-defined versus MGS-defined principal components (PCs) and
produces analignmentindex (Al) value that ranges from O (indicating
total orthogonality between two subspaces) to 1 (indicating perfect
alignment). To determine statistical significance, we compared the Al
computed from the data with a null distribution of Al values between
subspaces drawn fromarandom space that shares a covariance struc-
ture with the real data (Methods).

In both monkeys, the category and saccade subspaces were
near-orthogonal; projection of the DMC data onto the first 12 MGS
PCs captured minimal DMC data variance (Fig. 3d), and the result-
ing Al was closer to O than expected by chance (Fig. 3e; Monkey N:

Al=0.131, P<0.001, n =258 neurons; Money S: Al =0.205, P<0.001,
n=165neurons). This misalignment did not depend on the number of
PCsincludedinthe analysis; the DMC and MGS data were significantly
misaligned when the analysis was repeated using different numbers of
included PCs (Supplementary Fig.10). Thisresultis also unlikely to be
due to neural fluctuations over time in the session; in both monkeys,
DMC activity from the beginning of the sessions was closely aligned
to DMC activity from the end of the sessions (Extended Data Fig. 3a),
and alignment to MGS activity was similarly low for DMC activity from
the beginning versus end of the sessions (Extended Data Fig. 3b). To
determine whether this misalignment between category and saccade
subspaces may be due to general differences inbehavioral statein the
two task contexts, we quantified the alignment between the baseline
neural activity during the fixation epochs (from -500 to O ms relative
to stimulus onset) for the two tasks. During this baseline period, the
task demands (thatis, maintaining fixation) are shared between the two
tasks, but the overall behavioral context is different. In both monkeys,
fixation epochactivity duringthe DMC and MGS tasks was more aligned
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than expected by chance (Fig. 3f,g; Monkey N: Al = 0.429, P<0.001,
n =259 neurons; Money S: Al=0.390, P=0.007,n =165 neurons), indi-
cating that the misalignment between category and saccade subspaces
cannot be explained by differencesin behavioral state between tasks,
and suggesting that the SC may selectively use an orthogonal-coding
strategy to minimize motor interference.

Together, these results suggest a mechanism by which neural
populationsin the SC canmultiplex motor signals and the higher-order
cognitive signalsthat we report here. These results also provide a pos-
sible explanation for the stereotyped, category-specific microsaccades
that emerge several hundred microseconds after neural category
selectivity onset during the DMC task (Supplementary Figs. 6 and 7);
these category-specific eye movements may reflect ‘leak’ from the cat-
egory subspace to the saccade subspace. During learning of the DMC
task, the SC network may arrive ata particular geometry of population
activity that is sufficiently (although not perfectly) orthogonal to the
saccade subspace, such that any resulting eye movements are within
the behavioral constraints of the task (that is, fall within the allowed
fixation window).

Impaired category task performance during SCinactivation
We sought to determine whether neuronal category encoding in the
SC plays a causal role in the DMC task by infusing muscimol, a GABA,,
agonist, toreversibly inactivate the SCbefore task performance (Fig. 4a
and Supplementary Table1). We compared monkeys’ behavior during
SCinactivation with behavior during control blocks collected before
injection onthe same day. SCinactivationis known to cause areduction
of velocity for saccades toward targets contralateral to the inactivated
hemisphere'*"% To verify inactivation efficacy, we compared saccade
velocities for an MGS (Monkey N) or VGS (Monkey S) task before versus
after inactivation (Fig. 4b). Although both monkeys were able to suc-
cessfully perform the saccade task following injection, we observed
areduction in saccade velocity to targets in the inactivated hemi-
field (Fig. 4c), both for data combined across all sessions (Monkey N:
control =418 +90°s™, treatment =249 + 51°s™, P< 0.001; Monkey S:
control =420 +106°s™, treatment =193 + 92°s™, P < 0.001, two-tailed
permutation test) and for each individual session (Supplementary
Table 2). This effect was absent for sham control sessions (saline
injection) (Supplementary Table 2; Monkey N: control =432+ 90°s™,
treatment =438 +95°s™, P=0.673; Monkey S: control =415 + 84°s™,
treatment =413 + 87°s™, P=0.848, two-tailed permutation test).

Both monkeys showed a marked impairmentin DMC task perfor-
mance after muscimol injection (Fig. 4d,e), with a reduction in DMC
accuracy on every muscimol infusion session, and no change onsaline
sessions (Supplementary Table 3). These results are consistent with SC
being causally involved in DMC task performance. Notably, the DMC
task deficits that we observed during SC inactivation were substantially
larger than those previously reported during LIP inactivation during
a DMC task®® (Fig. 4f). The larger effect of SC versus LIP inactivation
on DMC performance cannot be explained by differences in musci-
mol concentration (SC =5 pg pl™, LIP = 8 pg pl™) or infusion volume
(SC=0.25-0.33 pl, LIP = 6-9 pl) between experiments. Although these
experiments were performed in different monkeys, used slightly differ-
entversions of the DMCtask (for example, different category boundary
structures) and used different muscimol infusion protocols (Methods),
this comparison suggests that the SC may have an even more critical
rolein mediating the DMC task than LIP.

SCinactivation equally affected performance on trials in which
the sample stimulus was from Category 1 versus Category 2, as well
as on Match trials in which the Sample and Test stimuli were in the
same versus opposite quadrants (Extended Data Fig. 4). However,
both monkeys showed a bias in inactivation effects between Match
and Nonmatch trials (Extended Data Fig. 4c,d). Monkey N had a sig-
nificantly larger impairment for Match trials (Match =-59.1 +18.8%,
Nonmatch=2.3+2.9%,U=0,P=0.002, Wilcoxon rank-sum test), while

Monkey S had a significantly larger impairment for Nonmatch trials
(Match=-17.6 + 3.6, Nonmatch =-28.4 + 4.6, U=1, P=0.004). Inves-
tigation of Monkey N’s behavior revealed that during many inactiva-
tion sessions, he held the touch bar throughout the Test 1 epoch for
all trials and released the lever during the Test 2 stimulus (which only
appeared during Nonmatch trials). Therefore, after SC inactivation,
his performance was close to 0% for Match trials and was close to100%
for Nonmatch trials. This may reflect abehavioral strategy to optimize
reward and minimize effort; he may have adopted this strategy to
receive reward on 50% of the trials if he had difficulty interpreting or
remembering the stimulus category following SC inactivation.

The behavioral impairment on the DMC task during SC inactiva-
tionis unlikely to belargely due to deficits in low-level visual processing
of stimuli presented in the inactivated hemifield. The DMC deficit is
not purely an attentional/hemispatial neglect-like impairment, as the
monkeys are still able to perceive and respond to stimuli presented in
the inactivated hemifield during the MGS task, and still attempt the
DMCtask and respond atappropriate times inthe trial (that s, release
theleveronly during the test epochs). The DMC deficit is also unlikely
duetoanimpairmentinsensory processing of motion stimuli, as previ-
ous studies using similar experimental protocols have shown that SC
inactivation produces minimal impairments in direction discrimina-
tion of high-coherence motion stimuli such as those in our DMC task*.

We note that our experimental design cannot isolate the precise
nature of the deficit caused by SCinactivation, as the DMC task requires
several complex computations, including transforming sample direc-
tion into category, maintenance of category information in working
memory, computation of the test category and comparing sample and
test categories. Our recordings identified encoding of each of these
task variablesin SC, so that the behavioral deficits observed during SC
inactivation may result from interfering in any combination of these
factors. Future targeted experiments can more precisely character-
ize the nature of the deficit(s) caused by SC inactivation. Despite this
limitation, our study reveals that the functions of primate SC extend
well beyond those ascribed to it by previous studies, which had, to
our knowledge, never tested SC’s role in cognitive tasks that involve
neither eye movements, target selection, nor explicit modulation of
covert spatial attention.

Shorter-latency match versus nonmatch encoding
inSCthanLIP

Finally, we were interested in whether there were differences between
LIP and SC encoding during the test period when the monkey had to
decide whether the category of the currently visible test stimulus
matched the sample stimulus shown earlier in the trial. We applied
SVM classifiers to activity during the first test period on Match and
Nonmatch trials and computed latency values for each classifier run
as the first time bin the classifier value exceeded 75% for five con-
secutive time bins. When applied to pooled pseudopopulations con-
taining all neurons from both monkeys (Fig. 5a), encoding of Match
versus Nonmatch arose with ashorter mean latency in SC (135 + 6 ms)
than LIP (176 + 18 ms) (bootstrap, P < 0.001), suggesting that SC is
preferentially involved in the monkeys’ match versus nonmatch
decisions compared with LIP. This analysis revealed similar results
when applied separately for Monkey N (SC latency =136 + 6 ms, LIP
latency =168 +18 ms, P < 0.001) and Monkey S (SClatency =162 + 9 ms,
LIP latency =230 + 13 ms, P< 0.001) (Fig. 5b).

Discussion

We demonstrate that the primate SC is involved in abstract visual
categorization, a cognitive function that was previously thought to
be mediated by cortical association areas. Our results indicate that
the role of the primate SC extends beyond sensorimotor functions
and spatial orienting to abstract, higher-order cognitive processing,
even in tasks that do not involve reporting decisions with saccades.
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Fig.4|SCis causally involved in categorization task performance. a, We
performed reversible unilateral inactivation of the SC by infusing muscimol,
aGABA, agonist, using a custom 16-channel recording probe with a fluid delivery
channel. b, Top: following injection of muscimol, spiking activity markedly
decreased in the surrounding tissue. Bottom: trajectories of eye movements
inMonkey S during the VGS task for an example session before (left) and after
(right) muscimol injection. Individual traces represent eye gaze trajectories for
individual trials and are color-coded by condition. Small colored squares indicate
the position of saccade targets for different conditions. ¢, Left: changes in peak
saccade velocity during the MGS/VGS task before and after SCinactivation
ateach of the eight stimulus locations used in the task. Traces indicate

mean +s.e.m. Gray background shading indicates conditions in which the target
location was in the inactivated hemifield. Right: change in peak saccade velocity
for trials (across all sessions) in which the target was in the inactivated hemifield
for muscimol (magenta) and saline (blue) injection sessions. In both monkeys, we
observed a significant reduction in peak velocity for muscimol sessions (Monkey
N: n =654 trials,-166 + 55° s}, P < 0.001; Monkey S: n = 497 trials, -219 +117°s™,
P<0.001, two-tailed permutation test) and no change in peak velocity for

saline sessions (Monkey N: n =174 trials, 4 +101°s™, P= 0.651; Monkey S: n =400
trials, 5 +£59° s, P=0.881, two-tailed permutation test). Horizontal black bars

indicate mean of distributions and vertical black bars indicate s.e.m. For each
treatment trial, we quantified the change in peak velocity as the difference in
peak velocity on that trial and the mean peak saccade velocity for that trial type
from the preceding control block. **P < 0.001.d, Overall session accuracy for the
DMC task before versus during SC inactivation. Horizontal and vertical dashed
lines indicate the chance accuracy level (0.5.) Unfilled, saline injection; filled,
muscimol; circles, Monkey N; triangles, Monkey S. Error bars, 95% multinomial
confidence intervals for each session. e, Mean change in performance on the
DMC task for each of the 12 sample motion stimuli during inactivation vs.
control, colored by category. Gray bars indicate mean + s.e.m. f, Comparison of
the behavioral impairments on the DMC task during SC versus LIP inactivation.
Left: behavior performance on the DMC task during control blocks (gray) and SC
inactivation blocks (magenta) for Monkey N and Monkey S. Traces show mean
accuracy + s.e.m. for six control sessions and six inactivation sessions in each
monkey. Right: behavior performance on the DMC task during control sessions
(gray) and LIP inactivation sessions (magenta) for Monkey M and Monkey Q.
Traces show mean accuracy +s.e.m for 12 control/8 inactivation sessions in
Monkey M, and 8 control/11 inactivation sessions in Monkey Q. Text indicates the
difference in mean accuracy between control and inactivation sessions. LIP data
are fromref. 38.

We show that the SCreliably encodes the learned categories of visual
stimuli during stimulus presentation, working memory and stimu-
lus comparison periods. Category encoding in the SC arose with a
short latency and was stronger than in LIP, a cortical region with the
shortest-latency category encoding of all cortical areas previously
examined in the DMC task*****?, During the DMC Test period when the
monkeys compared the current Test stimulus with the remembered
sample, SC showed stronger and earlier encoding of the monkeys’
trial-by-trial decisions. The stronger category- and decision-related
encoding in the SC than LIP is especially notable, since LIP had been
suggested to be a central node of category processing*’***2, Moreo-
ver, we show that reversible inactivation of the SC markedly impairs
monkeys’ DMC task performance, indicating that activity inthe SCis
causallyinvolved in category task behavior. Although inactivation of
the LIP also causes deficits in similar visual categorization tasks®**°, the
impairment that we observed during SC inactivation was substantially
larger than those reported during LIP inactivation.

Previous studies that observed cognitive and/or abstract encoding
inthe primate SC used tasks in which animals either spatially orient to
a particular target to indicate their choices>**'"**, or tasks in which
animals need to covertly orient to stimuli at distinct locations in dif-
ferent conditions?°, By contrast, in the current study, monkeys did
not report their decisions with a saccade or orient attention to differ-
ent locations for different categories. Thus, it is difficult to account
for our results based on differences in covert spatial attention. It is
also unlikely that the current results are explained by SC inactivation
causing adeficitinmotion perception or direction discrimination, asa
previous SC inactivation study®® found that motion direction discrimi-
nation was minimally impaired for brief (160-ms) pulses of medium
(50%) coherence motion, whereas our study used 100% coherence
and alonger presentation duration. Our task also required monkeys to
maintain gaze fixation throughout the trial, and category encodingin
SC could not be explained by the animals’ patterns of eye movements
during the task.
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Fig.5|SCand LIP activity reflects match versus nonmatch decisions during
the test period. Time course of match (M) versus nonmatch (NM) encoding

for SCand LIP pseudopopulations was assessed by SVM decoding with asliding
window (width: 30 ms s.d. Gaussian; step size: 5 ms). a, Mean accuracy of match
versus nonmatch decoding accuracy is shown for acombined pseudopopulation
containing all neurons from both monkeys. b, Same as a, containing neurons
from only Monkey N (top) or Monkey S (bottom). For both a and b, shading

Time from test onset (ms)

indicates s.d., computed via resampling of trials when constructing the
pseudopopulation. Horizontal dashed lines indicate the level of decoding
expected by chance (50%). Insets show latency distributions and corresponding
mean (black line) and median (red line) values for SC and LIP. Statistical
significance of bootstrap tests comparing latency distribution means between
SCandLIPisindicated in the insets. ***P < 0.001.

Our analyses of the alignment of population encoding suggest
that the SC population multiplexes category and saccade information
by projecting those variablesinto distinct and near-orthogonal activ-
ity subspaces. This can explain how a motor structure such as the SC
can simultaneously encode other task variables without interfering
with motor encoding or producing task-interfering eye movements,
closely related to the mechanism proposed to explain motor plan-
ning activity (without motor output) in the primary motor cortex*.
Even more broadly, this segregation of diverse behavioral functions
into separate subspaces could be ageneral principle of neural coding
through which asingle neural population can efficiently and robustly
encode multiple factors.

We investigated SC during the DMC task because of evidence
that cortical areas that are closely involved in oculomotor functions,
such as LIP and the frontal eye fields, are also engaged in abstract
categorization and flexible decision tasks**. Our previous work shows
that LIP plays a causal role in abstract categorization®”**, and that it
preferentially encodes motion categories compared both with the
middle temporal (MT) and medial superior temporal (MST) visual
cortical areas***’, and with executive regions such as lateral prefrontal
cortex™. Anatomical connections between LIP and SC also motivated
examining SC**°, as well as the similar patterns observed in SCand LIP
during saccade-based tasks. We were also inspired by work showing
that SC activity reflects higher-order functions such as attention and
perceptual decisions (during tasks inwhich decisions were reported via
eye movements or which manipulated covert spatial attention’ %),

Future directions
The SCis interconnected with a diversity of subcortical and cortical
regions”. It will be important to investigate the involvement of these
different pathwaysin categorization behavior. Our results also highlight
theneedtodirectly and simultaneously compare encoding across the
SC-frontal eye field-LIP network to determine their contributions
to computing abstract category information from upstream visual
cortical regions (for example, MT and MST)****** and to understand
how communication between these areas supports such decisions.
We speculate that the primate SCis generally involved in abstract
visual categorization for a wider range of visual features beyond
motion, as cortical areassuch as LIP areinvolved in the categorization

of both motion and shapes™. It will be interesting to investigate the rela-
tive roles of the SC and LIP in motion versus object categorization, as
wellas the involvement of the SCin nonvisual (for example, auditory)
categorization.

Monkeys were trained on the DMC task for hundreds of train-
ing sessions over many months. We wonder whether nonspatial
task-related encoding in subcortical or motor structures such as the
SC emerges only after prolonged training and the resulting expertise
on a task. The SC might participate in abstract decision-making even
duringearly stages of learning a task. Alternatively, it is possible that the
SCiscritical for categorization only after the task becomes well-learned
following this extensive training. This would suggest an intriguing
relationship between experience level and cortical versus subcortical
involvement in higher-order cognition, wherein cognitive functions
arefirst cortically mediated and become subcortically mediated after
extensive experience. This ideais supported by a study in mice show-
ing that posterior parietal cortex inactivation impairs categorization
performance with newly learned stimuli, but not well-learned stimuli*°.
Thisideaalso aligns with a prominent model of motor learning, accord-
ing to which early motor skill learning is cortex-dependent but, as
behavior becomes increasingly automated, control of the motor skill
is gradually transferred to subcortical structures such as the basal
ganglia®. To determine whether the SCis critical for category learning,
or only becomes involved in categorization after extended training,
future experiments should compare the effects of SC inactivation on
performance during early versus late task learning stages.

Our findings are interesting to consider from an evolutionary per-
spective and highlight theimportance of considering the functions of
the SC between mammals and other vertebrates. While previous work
inmammalian SC has emphasizedits role in simple sensorimotor func-
tions, our work suggests that SC also mediates higher-order behaviors
including categorization, working memory and decision-making. It
may be advantageous for anareasuchas theSC, whichis closetoboth
sensory input and motor output brain centers, to play such arole to
facilitaterapid yet flexible behaviors. Theideathat the SCisinvolvedin
complex behaviorsis especially plausible innonmammalian vertebrate
species, which lack a neocortex and in which the tectum occupies a
large fraction of brain volume and is known to play a major role in visual
processing. Indeed, studies have found innate spatial encoding of
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stimulus size categories in the optic tectum of untrained barn owls*.In
mammals and primates, this spatial orienting circuit may have evolved
to rapidly compute more complex types of information (such as the
visual categories described here), while cortical pathways developed
toallow for slower buteven more sophisticated and flexible processing.
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maries, source data, extended data, supplementary information,
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Methods

Subjects

Two adult (13-15 yr old) male rhesus macaques (Macaca mulatta)
participated in the experiment (Monkey N: ~12 kg, Monkey S: ~13 kg).
Allprocedures wereinaccordance with the University of Chicago Insti-
tutional Animal Care and Use Committee and the National Institutes
of Health guidelines and policies.

Behavioral tasks

For the behavioral tasks described below, the monkeys were head
restrained and seated in a primate chairinserted inside anisolation box
(Crist Instrument), facing a 60.96-cm LCD monitor on which stimuli
were presented (1,920 x 1,080 resolution, refresh rate 60 Hz, 57-cm
viewing distance). Reward delivery, stimulus presentation, behavioral
signals and task events were controlled by MonkeyLogic 2.0 software®,
running under MATLAB 2015-2022 on a Windows-based PC. Gaze
position was measured with an optical eye tracker (Eyelink 1000; SR
Research) with al.0-kHz samplerate. For both tasks, monkeysinitiated
trials by holding a manual touch bar.

DMC task. We trained monkeys to perform a DMC task in which they
grouped 12 directions of dot-motion stimuliinto two categories based
on two orthogonal boundaries, such that motion directions that are
180°apartbelongto the same category. Motion directions were sepa-
rated into quadrants with three directions per quadrant, and stimuli
within the same quadrant were 22.5° apart and near-boundary direc-
tions were 22.5° away from the boundary. We used the same stimu-
lus parameters (for example, stimulus size, contrast, speed and so
on) for both animals and for SC and LIP recordings. The stimuli were
6°-diameter circular patches of white dots moving at aspeed of10°s™
with 100% coherence, presented at 6.5-7.5° eccentricity in the con-
tralateral visual field. Animals were required to fixate within a 2.5-3.5°
radius circular window.

MGS task. We used an MGS task® to identify visual and motor receptive
fields of LIP and SC neurons (Supplementary Fig. 8). At the start of a
trial, monkeys had to maintain fixation on a central ~0.25° white spot
for 500 ms, after which an ~0.5° white square target briefly appeared
for 300 ms at one of eight peripheral locations (equally spaced and
concentricat 6.5° eccentricity). The target presentation was followed
by a1,000-ms delay period, after which the fixation cue disappeared
and monkeys had to saccade to the remembered location of the visual
target presented earlier in the trial.

Passive viewing of motion stimuli. On DMC recording sessions,
monkeys also performed interleaved blocks of a passive viewing
paradigm in which they were shown the same motion stimuli used
inthe DMC task (and presented at the same peripheral location). At
the start of a trial, a blue fixation circle appeared to indicate a pas-
sive viewing trial to monkeys (as opposed to a white fixation circle
for the DMC task). Monkeys had to maintain gaze fixation on this
central cue for 500 ms, after which 3-5 motion stimuli appeared
in succession for 400 ms each and separated by 200 ms. Monkeys
received a fluid reward at the end of the trial for maintaining gaze
fixation on the central cue.

Surgical procedures and electrophysiological recordings

We followed procedures that were described in detail in previous stud-
ies from our group®*>*. Monkeys were implanted with a titanium
headpost and asingle recording chamber positioned over LIPand SC.
Stereotaxic coordinates for chamber placement were determined from
magnetic resonance imaging scans obtained before implantation of
recording chambers. LIPand SCrecordings were conducted in separate
sessions, typically using 16- and 24-channel linear Plexon V-probes
(in which channels span 1.5-2.0 mm of tissue), a dura-piercing guide

tube, a Plexon Omniplex acquisition system and a NAN microdrive
system (NAN Instruments). A small subset of recording sessions from
one monkey were conducted using single epoxy-insulated tungsten
electrodes (FHC). We used anatomical landmarks and responses dur-
ingthe MGS task to guide recordings. For SC recordings, we primarily
targeted neurons in superficial and intermediate layers, although we
alsorecorded neuronsin deep layers as well due to the ~2-mm span of
recording channels on our probes. Neurophysiological signals were
amplified, digitized and stored for offline spike sorting (Plexon) to
verify the quality and stability of neuronal isolation.

SCinactivation

We infused muscimol,a GABA, agonist, to unilaterally inactivate the SC.
Muscimol was dissolved in PBS to a concentration of 5 pg pl™. We built
amicrofluidicinjectrode system to deliver small amounts of the drug
or saline (muscimol: 0.25-0.33 pl; saline: 0.25-0.5 pl; Supplementary
Table 1) using the protocol developed previously®. To ensure that we
precisely injected the druginto superficial and intermediate layers of
the SC, we used a custom 16-channel Plexon S-probe with a fluid deliv-
ery channel that allowed us to monitor neural activity during probe
lowering and before injection. Before drug injection on each session,
monkeys first completed a control behavioral session in which they
performed at least 200 correct trials of the DMC task and at least 100
correct trials of the MGS task (Monkey N) or the VGS task (Monkey S).
After monkeys completed the control behavioral session, we infused
the drug and waited 15-25 minto begin the post-treatment behavioral
session. To verify success of SC inactivation, we compared saccade
metrics (peak saccade velocity) during the MGS/VGS tasks during the
controland post-treatment trials. We analyzed data from 12 muscimol
injection sessions (Monkey N: 6 sessions, Monkey S: 6 sessions) and six
control saline injection sessions (Monkey N: 2 sessions, Monkey S: 4
sessions). Supplementary Table 1 provides information for eachinjec-
tion session, including muscimol and saline concentration, injection
volume and number of completed DMC trials.

LIPinactivation

We compared behavioral results from the SCinactivation experiments
described above with datafrom a previous study from our group* that
investigated the effect of LIP inactivation (using muscimol) on DMC
task performance. The LIP inactivation experiment was performed in
a different pair of monkeys (Monkey Q and Monkey M) than the ones
used forthe LIP/SCelectrophysiological recordings and SCinactivation
experimentsreported here. The procedure used to infuse muscimol to
reversibly inactivate the LIPis described in detail in ref. 38. We will high-
light the differences between the SCinactivation procedure described
above andtheLIPinactivation procedure: (1) the LIP inactivation experi-
ments used a higher muscimol concentration than the SCinactivation
experiments (LIP: 8 pg pl™?, SC: 5 pg pl™); (2) in the LIP inactivation
experiments,amuch larger volume of muscimol wasinfused thanin the
SCinactivation experiments (LIP: 6-9 pul; SC: 0.25-0.33 pl); and (3) the
motion DMC tasks had a different category boundary for the LIP versus
SCinactivation experiments (the task used for the LIP inactivation
experiment had a single 45° boundary separating motion directions
into two categories, rather than the two orthogonal boundaries used
inthe SCinactivation experiment).

Behavioral inclusion criteria

For electrophysiological recordings and inactivation experiments, we
included sessions inwhich behavioral performance on each category
for the DMC task was at least 75% (criterion applied only to control
blocks for the inactivation experiments). We excluded six LIP record-
ing sessions (fourin Monkey N and two in Monkey S) from analyses due
to poor behavioral performance. For the inactivation experiments,
we excluded two sessions in Monkey S (one saline injection session
with 66% accuracy for category 2 during the control block, and one
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muscimol injection session with 53% accuracy for category 2 during
the control block).

For DMC analyses, we included well-isolated neurons for which
we had datarecorded during at least five correct trials for each sample
direction. We analyzed spiking data during the DMC task from 555
LIP neurons recorded over 49 recording sessions (Monkey N: n neu-
rons =228, nsessions = 36; Monkey S: nneurons = 327, nsessions = 13)
and 605 SC neurons recorded over 38 recording sessions (Monkey N:
nneurons =362, n sessions =26; Monkey S: n neurons = 243, n ses-
sions =12). We collected and analyzed spiking activity during the
MGS taskin asubset of 424 SC neurons (Monkey N: n =259, Monkey S:
n=165) for whichwerecorded datafrom least two correct trials foreach
MGS condition.

Data analysis

Analyses were performed in Python (v.3.7.3) or MATLAB (v.R2019a-
R2023b). Behavioral analyses for the DMC task (including those for
inactivation) were performed on all completed trials (that is, correct
trials, misses on Match trials and false alarms on Nonmatch trials).
Unless otherwise specified, all neural analyses for the DMC task were
performed only on correct trials. Behavioral and neural analyses for
the MGS/VGS tasks were performed only on correct (completed) trials.
All P values are two-tailed unless otherwise specified. For neural
analyses, spike trains for each neuron were smoothed using a
Gaussian kernel (o0 =25 ms). Eye tracker gaze position data were
low-pass filtered to reduce noise using a second-order Butterworth
filter with a 70-Hz cutoff.

Behavioral performance

To compare differencesinmeanbehavioral accuracy (across all sample
directions) between LIP and SC recording sessions in each monkey
(Extended Data Fig. 1a), we used a permutation test in which we ran-
domly permuted mean accuracy values between the two brain areas
(while preserving the number of sessions per area). We repeated this
procedure for 5,000 unique iterations to generate a null distribution
ofaccuracy differences. To compare differences inbehavioral perfor-
mance onmatch trialsin which the sample and test stimuliwerein the
same versus opposite quadrants, we computed the differencein mean
accuracy for same versus opposite quadrant match trials for each ses-
sion and used a permutation test (with 5,000 iterations) to randomly
permute the per-session accuracy values between the two conditions.

Quantifying single-neuron category tuning

We quantified the strength, reliability and time course of single-neuron
category tuningusinganrCTI*. For eachneuron, we applied ROC analy-
sisto distributions of trial-by-trial firing rates and compared area under
the ROC curve (AUC) values for eight pairs of sample motion directions
that are in the same category (Within-Category; WC) and eight pairs
of directions that are in different categories (Between-Category; BC).
To ensure equalized angle differences between WC and BC pairs (and
thus minimize the influence of direction tuning on rCTI), the WC and
BCgroupseachincluded four direction pairs spaced 45° apart and four
direction pairs spaced 135° apart (Extended Data Fig. 2). We quantified
rCTlateachtimepointasthe meanrectified WC AUC subtracted from
the meanrectified BC AUC:

8
rCTl = £ ¥ 0.5+[0.5 - AUC(BCy, BCyy)|
p=1

8
1
- Elo.s +]0.5 — AUC (WC,y, WC,, )|

where BC,, and BC,, are the two directions in the pth BC pair (p), and
WC,,and WC,, are the two directions in the pth WC pair.

We applied the rCTlanalysis to smoothed spike trains (see above)
across 5-mstimestepsinthetrial. To generate the error shading shown

in Fig. 2c,d, we calculated rCTI for each neuron over 500 bootstraps
using ten trials per sample motion direction (sampled with replace-
ment fromapool of 50% of trials for each bootstrap). We generated null
distributions of rCTIvalues for each neuron using abootstrap analysis
(repeated 5,000 times) in which we randomly assigned (with replace-
ment) eight direction pairs (four 45°-spaced and four 135°-spaced
pairs) to each of the shuffled BC and WC groups (Extended Data Fig. 2).
Inthis procedure, we reshuffled the labels (BC versus WC) assigned to
each pair of directions, such that each shuffled group contained four
45°-apartdirection pairs and four 135°-apart direction pairs. We defined
category-tuned ‘runs’ as time bins at which rCTI values significantly
exceed the null distribution for aminimum of five consecutive analysis
time bins (25 ms). We considered neurons to be category-tuned if they
were classified as task-responsive and had at least one significant run,
and defined latency of category selectivity for each category-tuned
neuron as the first time bin of the earliest significant run.

To test for significant above-chance meanrCTlineach brain area
(asshowninFig. 2f), we used a permutation procedure in which we com-
puted anullmeanrCTlacross neurons for each WC/BC-label-shuffling
iteration. To test for a significant difference between brain areas in
the onset time of category selectivity for mean rCTI, we compared
the observed between-area latency difference with a null distribu-
tion of latency differences. For each of 5,000 iterations, we randomly
permuted neurons between the two brain areas (while preserving
the number of neurons in each area) and we computed the difference
in latency of category selectivity onset in the two shuffled groups.
To test for differences in onset time of category selectivity between
Vis and Vis-other SC neurons, we used a similar procedure in which
we randomly permuted neurons between the two groups instead of
between brain areas.

SVM analyses

We used SVM classifiers (with a linear kernel) to quantify the
strength and timing of sample stimulus category encoding in popu-
lations of LIP and SC neurons. To quantify category encodingin a
direction-independent manner, we constructed cross-quadrant clas-
sifiers for which training sets consisted of trials in which the sample
motion directions were from two of the four quadrants (one fromeach
category), and testing sets consisted of sample motion direction trials
fromthe other two quadrants (Fig. 2g). The training and testing quad-
rants were randomly chosen on eachiteration. The analysis was applied
in 5-ms steps across time in the trial and repeated for 200 iterations.
For eachneuron, weincluded 15 trials from each of six sample motion
directions for training (as described above) and 15 trials from each of
the remaining six sample motion directions for testing. To reduce the
biases in classifier performance across brain areas due to an unequal
number of neurons, for each iteration of the analysis, we randomly
selected N neurons for inclusion, where N is the number of neurons
in the brain area with the lower number of neurons. We generated
null distributions of decoder performance values at each time using a
permutation procedure (repeated 5,000 times) in which we shuffled
the sample direction label assigned to each trial.

We also used linear SVM classifiers to decode sample direction
from LIP and SC population activity. To quantify the amount of direc-
tionencodinginacategory-independent manner, the training/valida-
tionsets for eachiteration of the classifier only included datafrom one
of the two categories. The classifiers were trained on 48 trials (eight
trials from each of the six directions from one of the two categories,
randomly chosen) and validated on 12 held-out trials (two trials from
each of the six motion directions). This analysis was applied in 5-ms
steps across the trial and repeated for 200 iterations.

Mean matching procedure
We controlled for the possibility that differences in mean firing rates
betweenLIP and SC neurons could interferein our measures of neuronal
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category selectivity strength or latency by performing a mean match-
ing procedure on the raw data before performing some of the rCTI
analyses (where indicated in Results). For each 20-ms time window in
sequence from the fixation period through first test period, we com-
puted the mean spike countacrossallneuronsin LIPand in SC. For the
area that had the higher mean (usually SC, which had higher average
rates overall), spikes were removed from that area at random (across
neurons and trials) until the means were matched at that time step.

Identifying task-responsive neurons

Toidentify neurons that are task-responsive during the DMC task, we
used a bin- and parameter-free statistical test (ZETaPY) to detect any
consistent time-locked modulations in firing rate for eachneuron®.In
brief, this analysis consists of the following steps (applied separately for
each sampledirection): (1) aligning the spike trains for all correct trials
to the onset of the sample stimulus, (2) stacking these spike trains to
create asingle vector of spikes relative to sample onset, (3) calculating
the cumulative distribution of spikes over trial time using this spike
vector and (4) comparing this cumulative distribution with a linear
baseline (which represents an unvarying firing rate over time), produc-
ingadeviationvalue for each timepoint. To generate a null distribution
of 5,000 deviation-from-baseline values, we shuffled the spike trains
in each trial to destroy any time-locked activity patterns across trials
while preserving the total number of spikes, and then computed the
maximum deviation (across time) for these shuffled data. For this analy-
sis, weincluded data for eachtrial from 100 ms before sample stimulus
onset until the end of the first test stimulus epoch. We also computed
the peak mean firing across time (in the period from the beginning of
thesample epoch until the end of the first test epoch) for eachsample
direction. We classified each neuron as task-responsive if it satisfied the
following two criteria: (1) if it showed a significant modulationinfiring
rate (thatis, had significantly elevated deviation-from-linear-baseline
values) at any timepoint from the start of the sample epoch until the
end of the test epoch; and (2) if its maximum peak mean firing rate
(across sample directions) was at least 3.0 spikes per s. In LIP, 506 of
555 neurons (91.2%) were task-responsive (Monkey N: 210 of 228, 92.1%;
Monkey S: 296 of 327, 90.5%), and in SC, 493 of 605 neurons (81.5%)
were task-responsive (Monkey N: 296 of 362, 81.8%; Monkey S: 197 of
243,84.4%).

Identifying direction-tuned neurons during the DMC task

To identify neurons that are significantly direction-tuned during the
sample epoch of the DMC task, we computed adirection tuningindex
(DTI) for each neuron using the circular variance method introduced
previously®. We calculated the neurons’ mean firing rate for each
sample stimulus direction in a direction vector space, and quantified
DTlas the normalized length of the sum of these vectors:

25:1 f(ek) el

DTI =
DI

wheref(0,) is aneuron’s mean firing rate for direction 6,.

Totest for significant direction tuning, we compared the true DTI
withadistribution of 5,000 null DTIs generated by randomly shuffling
thedirection labels assigned to each mean firing rate. We applied this
analysis tofiring rates in three nonoverlapping 200-ms windows from
0to+600 msrelative to sample stimulus onset. We classified neurons
asdirection-tuned if they showed significant direction tuning during
at least one of the three time windows and if they were identified as
responsive during the DMCtask (see above). In LIP,156 of 555 neurons
(28.1%) were significantly direction-tuned (Monkey N: 78 0f 228, 34.2%;
Monkey S: 78 0f 327,23.9%), and in SC, 107 of 605 neurons (17.7%) were
significantly direction-tuned (Monkey N: 52 of 362, 14.4%; Monkey S:
550f243,22.6%).

MGS task analyses

Identifying visually responsive neurons. We analyzed neuronal activ-
ity duringthe MGS task to characterize the visual and motor response
fields of SC neurons. For each neuron, we determined whether the DMC
stimulus was presented in its visual receptive field by identifying the
MGS condition (MGSpyc..) Whose location overlapped with the DMC
stimulus location on that session. We then determined whether the
neuron was significantly modulated during the MGS visual epoch for
that condition. For each of the eight MGS conditions, we computed
the mean firing rate (per trial) for each nonoverlapping 25-ms bin from
0 msto+400 msrelative to stimulus onset. We used the Kruskal-Wallis
H-test to compare the firing rate distributions across these windows
and compared the resulting H-statistic with adistribution of 5,000 null
H-statistics. To generate the null H distribution, we shuffled the neu-
ron’stime-varyingfiring rates (from O to +400 msrelative to stimulus
onset) for each trial, calculated the mean firing in nonoverlapping
25-ms windows for these permuted trials and computed a shuffled
H-statistic. In addition, we applied the ZETaPY procedure (described
above) todetect any consistent time-locked modulationsinfiring rate
for each condition (applied from—-100 ms to +400 msrelative to stimu-
lus onset). Neurons were classified as ‘Vis’ neurons if they were signifi-
cantly modulated across the visual stimulus period based on the H-test
or ZETaPY test for the MGSpycioc cOndition and if their maximum firing
rate was above 3.0 spikes per s. Neurons were classified as ‘Vis-other’
if they were significantly modulated across the visual stimulus period
for another MGS condition (andif their maximum firing rate was above
3.0 spikes per s). Neurons were classified as ‘Non-vis’ if they were not
significantly modulated across the visual period for any of the MGS
conditions, or if their maximum firing rate across analysis windows
and conditions was below 3.0 spikes per s. To minimize inclusion bias
betweenthe Vis group and the other two groups, Pvalues for the seven
non-MGSpyci.. conditions were Bonferroni-corrected. In total, 127
neurons (30.0%) were classified as Vis neurons (Monkey N: 90 (34.7%),
Monkey S: 37 (22.4%)), 167 (39.4%) as Vis-other neurons (Monkey N:
90 (34.7%), Monkey S: 77 (46.7%)) and 130 (30.7%) as Non-vis neurons
(Monkey N: 79 (30.5%), Monkey S: 51 (30.9%)).

Identifying saccade-modulated neurons. We analyzed activity of SC
neurons during the saccade period of the MGS task (—200 ms to +50 ms
relative to saccade onset) to identify neurons that are significantly
modulated by saccade direction. For each neuron, we computed its
mean firing rate across the saccade period window for each trial. We
used the Kruskal-Wallis H-test to compare the neuron’s firing rate dis-
tributions across the eight MGS conditions, and compared the resulting
H-statistic with a distribution of 5,000 null H-statistics generated by
shuffling condition labels among trials. In total, 124 of 424 neurons
(29.2%) were significantly modulated by saccade direction (Monkey
N: 80 0f259 (30.9%), Monkey S: 44 of 165 (26.7%)).

Quantifying contribution of stimulus category versus eye
position to neuronal firing rates

We constructed linear encoding models* to quantify how much firing
rates of individual neurons (across trials and time within trials) are
modulated by stimulus category versus eye position. The linear models
contained regressors related to stimulus category and microsaccade
parameters. For the category regressors, we constructed a binary
vector containing a pulse at the time of the sample stimulus onset,
and created copies of this vector shifted in time by 1 ms for every point
until the end of the trial. The microsaccade regressors included two
analog regressors: horizontal and vertical eye velocity at each time-
point throughout the trial, shifted in time by =50 msrelative to neural
activity to account for lag between neural activity and saccades. We
alsoincluded two types of saccade event kernel regressors: (1) abinary
vector containing a pulse at every timepoint at which amicrosaccade
occurred; and (2) avector containing microsaccade direction at every
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timepointatwhich amicrosaccade occurred and zeros at every other
timepoint. We created time-shifted copies of the binary saccade vector
and saccade direction vector, spanning from =500 ms until +100 ms
(relative to saccade onset) in 10-ms steps. The design matrix of the
fullmodelincluded all of the category and saccade regressors. We also
builtreduced models that contained shuffled saccade regressors and
unshuffled category regressors, or shuffled category regressors and
unshuffled saccaderegressors. For each neuron, we fit the models using
ridge regression (with L2 regularization and tenfold cross-validation)
and computed an R*for the full model and each of the reduced models.
To quantify how well category or saccade regressors predict neural
activity in each neuron, we computed the change in cross-validated R?
fromthe fullmodel to each reduced model. A large (negative) change
in R*indicates a strong contribution of the excluded variables.

Subspace alignment analysis

We used asubspace alignment analysis introduced in ref. 49 to quantify
the degree of alignment betweenneural activity inthe SC during the MGS
and DMC tasks. For this analysis, we constructed matrices D and M of
neural activity duringthe DMCand MGS tasks, respectively. Dand Mwere
size Nby ¢ x t, where Nis the number of neurons, c the number of condi-
tions (12 for DMC and 8 for MGS) and ¢ is the number of timepoints per
condition. Each row of D and M contains the concatenated mean firing
rates (per condition and across timepoints) of one neuron. We normal-
ized thefiring rates of each neuronby its range (across allincluded DMC
and MGS conditions and timepoints) plus aconstant, chosenas 5 spikes
per s. We then performed PC analysis on the matrix D to obtain the top
12DMCPCs, and onmatrix Mto obtainthe top 12 MGS PCs. We then pro-
jectedtheDMCactivity Dontoboththe DMCand MGS PCs and calculated
the sum of the percentage of variance explained (relative to total variance
of D) for each of the projections. We quantified the Al between the two
subspaces as the ratio of these two sums. The logic behind this analysis
is that if the DMC and MGS subspaces are approximately orthogonal,
the projection of D onto the MGS PCs will capture minimal D variance.
Al ranges between O (indicating perfect orthogonality between two
subspaces) and 1 (indicating perfect alignment).

To determine whether measured Al values are more (or less) mis-
aligned than expected by chance, we calculated the alignment between
pairs of random subspaces sampled from the full covariance structure
ofthe datato generate anull distribution of alignment values*. To cre-
atetherandom subspaces, we first computed the covariance matrix C
fromthe concatenated D and Mmatrices, and obtained the left singular
vectors (U) and singular values (s) of Cusing singular value decomposi-
tion. For each of 5,000 iterations per comparison, we computed the
Al between two random subspaces (v,,,4). We sampled each random
subspace v,,,q as follows:

Urand = orth( sy )

IUv/svll,

wherevisan N x 12 matrix in which each element is drawn from a nor-
mal distribution with mean 0 and variance 1, and orth(X) returns the
orthonormal basis of X defined by its left singular values.

For the main alignment analysis (showninFig.3c-e), weincluded
DMC task data from 150-350 ms after sample stimulus onset (during
stimulus presentation) and MGS task data from 200m s before sac-
cade onset until saccade onset. Data for both tasks were sampled in
10-ms steps.

SCinactivation analyses

To verify the efficacy of SCinactivation, we quantified the differencein
peaksaccade velocity for saccades made toward the inactivated hemi-
field during the MGS/VGS task between the control and post-treatment
blocks. For each trial, we computed the maximum eye gaze velocity from
200 ms before go cue onset until successful target fixation initiation.

We excluded one trial for Monkey N (session 2, muscimol treatment,
upper-center condition) in which we could not accurately quantify
peak saccade velocity because the monkey blinked during the response
period. For each session, we combined trials from the three conditions
in which the target was in the inactivated hemifield (‘Contralateral’),
and the three conditions in which the target was out of the inactivated
hemifield (‘Ipsilateral’). We tested for significant differences in mean
peak saccade velocity between the control and treatment blocks for
Contralateral and Ipsilateral trials on each session using a bootstrap
test with 5,000 iterations (Supplementary Table 2). We also tested for
significant differencesin mean peak saccade velocity between control
and treatment blocks for Contralateral trials pooled across all muscimol
sessions and pooled across all saline sessions, asshowninFig. 4c.Forthe
muscimolsessions, this analysis included 270 (470) control (treatment)
trials in Monkey N and 320 (376) control (treatment) trials in Monkey
S, and for saline sessions included 72 (103) control (treatment) trials in
Monkey N and 207 (215) control (treatment) trialsin Monkey S.

We used a two-tailed Fisher exact test to quantify differences
in behavioral performance on the DMC task between control and
post-treatment blocks for each session. The statistics for the test are
shown in Supplementary Table 3. We used a Wilcoxon rank-sum test
to quantify differences in behavioral accuracy changes (from pre- to
post-inactivation) between Category1and Category 2 trials (Extended
Fig.4a,b), Matchand Nonmatch trials (Extended Fig. 4c,d) and Match
trialsin which Sample and Test stimuli are in the same versus opposite
quadrants (Extended Fig. 4e,f).

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

Data availability

Processed data for this manuscript are available via figshare at
https://doi.org/10.6084/m9.figshare.25742958.v1 (ref. 64). Raw data
are available upon request to the corresponding author.

Code availability

Data analysis code for accessing and analyzing data from this
manuscript is available on GitHub at https://github.com/varya-p/
visual_categorization_SC.
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Extended DataFig.1|No difference in behavioral performance betweenLIP
and SCrecordingsessions. a, Distributions of overall session accuracy for LIP and
SCrecording sessions in Monkey N (LIP: n =36 sessions; SC: n = 26 sessions). Black
symbolsindicate mean +s.d. There was no difference inmean accuracy between
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test). b, sameasabut for Monkey S (LIP: n =13 sessions, L = 87.4 +3.5%; SC:n=12
sessions, L =89.1+2.9%, P=0.234, two-tailed permutation test). c, Mean accuracy
by sample direction for LIP (left) and SC (right) recording sessions. Horizontal
barsindicate mean and plot bodies indicate range. d, same as ¢ but for Monkey S.
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Extended Data Fig. 2| Category tuning of visual and non-visual SCneurons.
a, Schematic of the overlap between MGS target position and DMC stimulus
position. Squares indicate the eight possible locations of the targets during the
MGS task, and the dashed circle indicates the position of the DMC stimulus for
anexample session. b, Example PSTHs of SC neurons during the MGS task. Left:
Neuron that s visually responsive during the MGS task to the target presented at
the same location as the DMC task stimuli. Dashed line indicates MGS condition
whose position matches the DMC stimulus. Center: Neuron that is visually
unresponsive during the MGS task to the target presented at the same location
as the DMC task stimuli, but is visually responsive to other MGS targets. Right:
Neuron that s visually unresponsive to all stimuli during MGS task. ¢, Time
course of mean rCTlacross SC neurons that are visually responsive to stimuli
atlocations that overlap with the position of the DMC stimuli (pink), neurons

Time from sample onset (ms)

thatare visually unresponsive at DMC locations but visually responsive at other
locations (dark grey), and neurons that are visually unresponsive (light grey).
Shading indicates s.e.m. across neurons. Colored bars above plots indicate
timepoints at which values significantly exceed chance. Black bars above panel
indicate time points at which mean rCTI of Vis neurons is significantly higher
than both Vis-other and Non-vis neurons (P < 0.05, two-tailed permutation tests).
d, Latency of category selectivity for SC neurons that are category-tuned during
the Sample epoch (0-550 ms from Sample onset) (Vis: n =48 neurons, Vis-other:
n=35neurons). Left: Distribution of category selectivity latency. Triangular
markers indicate median latency (Vis: 228 + 75 ms, Vis-other: 330 + 95; P =0.001,
two-tailed permutation test). Right: Empirical cumulative distribution functions
oflatency values in LIP and SC neurons (two-sample Kolmogorov-Smirnov test,
D=0.407,P=0.002). (*P < 0.005), ***P < 0.001).
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Extended DataFig. 3| Additional subspace alignmentindices. a, Alignment
between SC neural subspaces recorded during the first halfand second half of the
trials for each session. Data are significantly more aligned than chance (Monkey N:
Al=0.439,n=235neurons, P <0.001; Monkey S: Al=0.469,n =150 neurons, P < 0.001,
two-tailed randomization test). b, Left: SC neural subspaces during the first half of
DMC trials and the MGS saccade period were significantly misaligned (Monkey N:
Al=0.151,n =233 neurons, P < 0.001; Monkey S: Al=0.229, n =151 neurons, P <0.001,
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two-tailed randomization test). Right: SC neural subspaces during the second half
of DMC trials and the MGS saccade period were significantly misaligned (Monkey N:
Al=0.139,n=235neurons, P <0.001; Monkey S: Al=0.191, n =151 neurons,

P <0.001).Inaandb, alignmentindices for the real data are indicated by horizontal
bluelines and 95% confidence intervals of alignment indices between pairs

of random vector projections from data (see Methods) areindicated in grey.
(**P<0.001).
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Extended DataFig. 4 | Effect of SCinactivation on different trial types
inthe DMC task. a, Left: Behavioral performance (% correct) for Monkey N
on Category1and Category 2 trials during control (grey) and inactivation
(magenta) blocks. Right: Change in accuracy between control and inactivation
blocks for Category 1 (cyan) and Category 2 (orange) trials. Negative values
indicate decreased accuracy during inactivation blocks. Category 1 (median
+median absolute deviation %) = —29.9 + 11.4, Category 2 = -26.5+9.4,U =13,
P =0.485, two-tailed Wilcoxon rank-sum test. b, Same as a but for Monkey
S.Category1=-12.2 + 5.6, Category2=-34.5+7.7,U=1,P=0.065. c, Left:
Behavioral performance (% correct) for Monkey N on Match and Nonmatch
trials during control (grey) and inactivation (magenta) blocks. Right: Change
inaccuracy between control and inactivation blocks for Match (green) and

Nonmatch (pink) trials. Match = -59.1+18.8%, Nonmatch=2.3+2.9%,U=0,
P=0.002, two-tailed Wilcoxon rank-sum test. d, Same as c but for Monkey S.
Match =-17.6 + 3.6, Nonmatch =-28.4 +4.6,U=1,P=0.004. e, Left: Behavioral
performance (% correct) for Monkey N on Match trials in which Sample and
Test stimuli are in the same vs. opposite quadrants. Right: Change in accuracy
between control and inactivation blocks for same-quadrant (black) and
opposite-quadrant (light grey) trials. Same quad. =-62.5 +15.2, Opposite
quad.=-55.9 +22.8,U =18, P=0.936, two-tailed Wilcoxon rank-sum test. f, Same
as ebut for Monkey S. Same quad. =-15.2 + 3.0, Opposite quad. =-21.1+ 3.0,
U=25,P=0.310, two-tailed Wilcoxon rank-sum test. For all comparisons, n = 6
control and 6 treatment blocks for each monkey.
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