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ABSTRACT

Despite growing evidence that the visual system pools sensory data into a summary statistical representation, the underlying neural
mechanisms remain unclear. We characterized the neural coding of summary statistics at the single-cell and population levels
using calcium signals imaged in primary visual cortex (V1) and posterior parietal cortex (PPC) while head-fixed mice passively
viewed or classified eight mean motion directions of randomly moving dots into two categories. A small portion of neurons in
both areas showed global mean motion direction selectivity beyond what would be expected from the simple summation of
responses to individual dot motions. Although this selectivity was variable across stimulus variability and trials, population activity
robustly encoded global mean motion direction, even though most neurons were not significantly tuned. The V1 population-level
mean motion representation was dependent on stimulus variance and systematically biased toward the category center during
the motion categorization task. These, along with the observed population-level neural coding of stimulus variance, suggest that
multivariate V1 activity is well suited to processing summary statistics. The redundant summary statistical encodings in both V1
and PPC suggest that such information accumulates across the visual hierarchy, which may allow PPC to bind multiple levels of
summary statistical representations into task-oriented category signals.

1 | Introduction ensemble perception has been suggested to evoke our subjective

impression of a rich visual world despite the irretrievable loss

In order for animals to effectively navigate complex visual envi-
ronments, the visual system is required to rapidly distill the vast
amount of sensory data into a compact abstract representation
that captures important image structure [1, 2]. One parsimonious
mechanism is to exploit the statistical dependencies found in real-
world scenes to represent a large amount of visual information,
often extending into the visual periphery, as summary statistics
such as mean and variance or range) [3-7]. Extracting stable
information, such as sensory feature averages from dynamic
sensory environments, helps optimize behaviors by allowing
the structure of the environment to be robustly grasped. This

of the detailed visual information [8-10]. Due to the ubiquitous
nature of statistical representations in perception, it has been
suggested that they may serve as the basis for rapid visual
categorization [11-17], another scene organizing mechanism for
facilitating perception and cognition. Summary statistics, as
mechanisms for helping to overcome perceptual bottlenecks
and perceive the gist of the scene [9, 14, 16, 18], have been
extensively studied. Yet, it remains unclear how the visual system
processes concrete sensory information into increasingly abstract
information such as the mean feature value along the cortical
hierarchy.
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While recent computational models have proposed that pooled
population responses in hierarchically organized networks pro-
vide a perceptually compressive representation of summary
statistics [19-23], it is not known exactly at what level of the
visual cortical hierarchy summary statistical information is rep-
resented. In the case of motion processing, one monkey study
has suggested that the medial temporal (MT) area pools local
motion vector signals from V1 into global mean motion encoding
even though this direction is physically absent in the stimulus
[24]. Computationally, the pooling stage implements a weighted
average over feature-selective channels. In the motion domain,
when local directions are sampled from a distribution centered
on amean, the pooled population response forms a smooth profile
whose peak coincides with the circular mean, and whose width
scales with dispersion. Thus, the ensemble mean can emerge
as a natural consequence of feedforward integration, without
requiring explicit item-wise estimation. However, because similar
pooling operations recur across the visual hierarchy, summary
statistics such as mean and variance could, in principle, arise at
multiple stages [25], making it difficult to determine where and
how these statistics are encoded. To pinpoint the neural loci and
mechanisms involved in coding summary statistics, it is necessary
to use a task paradigm that can manipulate mean and variance
independently, thereby isolating their respective contributions to
neural responses.

To address this question, we used an unconventional random dot
kinematogram (RDK), where the motion direction of each dot
was independently chosen from a uniform distribution, allowing
us to systematically vary the range of the distribution while
preserving the global motion direction along the mean [26]. We
then recorded calcium signals from mouse V1 [27] and PPC [28-
31] while head-fixed mice passively viewed RDKs or grouped
eight mean motion directions of RDKs into two categories that
were separated by a learned category boundary [28]. We found
redundant encoding of global mean motion direction at the
single-cell and population level in both V1 and PPC regardless
of whether mice performed the motion categorization task. We
also found that multivariate activities additionally encoded the
motion direction variance and the motion category in V1 and PPC,
respectively.

2 | Results

To probe how well mice exploit and learn statistical regularities in
visual scenes, we trained 17 head-fixed mice to group eight global
motion directions of RDK stimuli into two discrete categories
separated by a learned vertical category boundary (Figure 1a). The
heterogeneous RDK consisted of 500 dots moving in directions
randomly drawn from a uniform distribution within a specific
range centered around the distribution’s mean. We used one of
three different ranges across three test sessions conducted on
different days: 90°, 180°, or 270° (Figure 1b; Movies S1-S3). Note
that not a single dot in the heterogeneous RDK was assigned to
the global motion direction corresponding to the distribution’s
mean. In each trial, we presented either homogeneous (Hom, a
total of 160 trials) or heterogeneous RDKs (Het, a total of 160
trials) moving in one of eight mean directions equally spaced
from 22.5° to 337.5° at a step of 45° (20 trials for each of the eight
mean motion directions). The trial sequence within each session

was pseudo-randomized to prevent consecutive presentations
of RDKs with the same global motion direction and the same
motion variance. For 4 s after the stimulus onset, the decision
wheel was locked by horizontally pressing a rubber-padded linear
actuator against the surface of the rubber-coated wheel, thereby
preventing rotation. After this period, the brake was released, and
water-restricted mice were provided with a 2-second response
window to report their categorical decision by turning the wheel
either to the left or right. Correct responses were rewarded with
a drop of water (Figure 1c). Figure 1d shows the behavioral
performance across trials in one representative 90° test session.
In each category of homogeneous (the top left in Figure 1d) and
heterogeneous (the bottom left in Figure 1d) trials, behavioral per-
formance was higher on trials with ‘easy’ directions far from the
vertical category boundary (the second, third, sixth, and seventh
directions on the right histograms of Figure 1d) were presented
than on trials with ‘hard’ directions close to the vertical category
boundary (the first, fourth, fifth, and eighth directions on the
right histograms of Figure 1d). This pattern of task performance
remained the same irrespective of motion direction variability
(paired-sample t-tests on performance accuracy between ‘easy’
and ‘hard’ types of trials in all sessions, p < 10~7; see Table Sl for
detailed statistics).

To examine the effect of motion direction variability on the
behavioral performance on the motion categorization task, we
plotted the proportion of trials in which mice turned the wheel
to the “right” as a function of the mean motion direction
in all three test sessions (Figure le-g). Separate cumulative
normal functions were fit to each mouse’s behavioral data for
homogeneous (red graph in Figure le-g) and heterogeneous
conditions (blue graphs in Figure le-g). We performed a one-
way ANOVA on the slope (1/standard deviation) of the normal
curves to determine if the sensitivity to a mean motion direction
was significantly influenced by the heterogeneity of the RDK
(Figure 1h, F4g) = 11.02, p < 0.0001). Although mice had
never been exposed to heterogeneous stimuli before the test
session, the statistical test showed that the mice’s sensitivity
(1/0) to a mean motion direction was similar between homoge-
neous and heterogeneous RDKs with motion direction ranges
of 90° and 180° (90° session: Tukey’s multiple comparison test:
Hom — Het = 0.02, p = 0.997; 180° session: Tukey’s multi-
ple comparison test: Hom — Het = 0.08, p = 0.140). Overall
behavioral performance across all eight global motion directions
also remained broadly comparable between homogeneous and
heterogeneous trials until the directional variability increased to
270° (90° session: 79.1% + 0.06% vs. 79.2% + 0.08%, t,; = 0.13,
p = 0.90, d = 0.02; 180° session: 80.1% + 0.06% vs. 76.6% + 0.1%,
;s = 3.38, p = 0.004, d = 0.51; 270° session: 80.6% + 0.05% Vs.
68.3% + 0.06%, t;; = 9.88, p < 0.0001, d = 2.18). This finding
of no significant difference in behavioral performance between
homogeneous and heterogeneous conditions is surprising given
that many different localized motion vectors of the individual dots
span a very wide range of 90° or 180°. Only when the random
dot motion vectors had an extremely large range of 270° from
—135° to +135°, their sensitivity (1/0) was significantly reduced
compared to when the RDK was homogeneous (270° session:
Tukey’s multiple comparison test: Hom—Het = 0.20, p < 0.001).
However, their overall performance across all eight mean motion
directions of this 270°-heterogeneous RDK was still significantly
above chance. These results suggest that mice extract global mean
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FIGURE 1 | Experimental design, stimuli, trial sequence, and behavioral data analysis. (a) Schematic of the 2-alternative forced choice motion
categorization task. The head-fixed mice were trained to group eight global motion directions into the two discrete categories by turning the wheel to
the left or right. We used eight global motion directions from the predefined set of directions from 22.5° to 337.5° in steps of 45°. (b) Illustrations of how
stimuli and conditions were created. First, one motion direction was sampled from eight possible motion directions and then used as a mean motion
direction in each trial of the two conditions. In homogeneous random dot kinematograms (RDKs), the sampled motion direction was identical to the
motion direction of the rest of the dots. In heterogeneous RDKs, each dot’s motion direction was randomly selected from a uniform distribution within
one of the three ranges (90°, 180°, and 270°) with one of eight global mean motion directions. Note that not a single dot in the heterogeneous RDK was
assigned to the global motion direction along the distribution’s mean. (c) Trial sequence of the motion categorization task. Mice viewed homogeneous
or heterogeneous RDKs for 4 s. Wheel brake was released 4 s after the stimulus onset, and mice were provided with a maximum 2-second response
window to report their choice of motion category by turning a wheel either to the left or right. Correct responses were rewarded with a drop of water.
The inter-trial interval was 2 s. (d) Behavioral data in representative 90° test session. (left) The presented motion directions and categorical choices
across homogeneous RDK trials (top) and heterogeneous RDX trials (bottom). (right) Performance correct for homogeneous (top) and heterogeneous
conditions (bottom). See Table S1 for statistics. (e-g) Behavioral performance in three test sessions of 90° (e), 180° (f), and 270° (g). In each of three
test sessions, the proportion of trials in which mice judged the global mean motion direction to belong to the “right” motion direction category for
homogeneous (red) and heterogeneous (blue) conditions, respectively. Error bars indicate +SEM. (h) The slope values of cumulative normal functions
fit to individual mouse’s behavioral data for homogeneous and heterogeneous conditions (e-g), respectively. Error bars indicate +SEM. Data presented
as the mean + SEM, N =17, p-values were calculated using repeated one-way ANOVA with Tukey’s multiple comparisons test, ***p < 0.001.

motion directions from heterogeneous RDKs just as effectively
as from homogeneous RDKSs, and accurately assign them to the
appropriate motion category.

Next, we further examined whether the degree of RDK het-
erogeneity differentially affected mice’s sensitivity to the mean
motion direction for easy and hard trials. By applying linear
mixed-effects model to d’ values estimated for each heterogeneity
level (see Experimental Section), we found that for both types
of trials, d’ values decreased with increasing RDK heterogeneity,
more pronounced for easy (180°: homo d’ — hetero d’ = 0.41,

1(176) = 4.21, p = 4.08 x 1073, Cohen’s d = 1.44; 270°: homo d’
— hetero d’ = 0.86, {(176) = 8.93, p = 5.64 X 10~1%, Cohen’s d = 3.06;
Figure Sla) than hard trials (270°: homo d’ — hetero d’ = 0.38,
#(176) = 3.96, p = 1.1 X 1074, Cohen’s d = 3.06; Figure S1b).

This result indicates that the heterogeneity level of RDKs has
a higher impact on the sensitivity of mice to mean motion
directions closer to the horizontal direction. However, even
when the variance was as large as 90°, mice showed sensitivity
comparable to that observed with homogeneous RDKs for both
easy and hard trial types (Figure S1).
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2.1 | Single-Cell Selectivity for Global Motion
Direction in V1 and PPC

To examine whether global mean motion directions were indeed
encoded in the brain, we recorded calcium activity from V1
(Figure 2a) and PPC (Figure S2a) neurons using a UCLA Minis-
cope [32, 33] while 17 head-fixed mice performed the motion
categorization task. During the categorization task, we imaged
a total of 1312, 1407, and 1367 neurons in layer 2/3 of V1 from
10 mice and a total of 997, 984, and 996 neurons in PPC from 7
mice in three test sessions with 90°, 180°, and 270° of directional
variability, respectively. In order to investigate whether global
mean motion directions were automatically represented in the
brain without any confounds from decision-making, motor, or
reward signals accompanying task performance, we also recorded
V1 and PPC activity while 14 head-fixed mice passively viewed
RDKs, imaging a total of 424, 674, and 523 neurons in layer 2/3
of V1 from 6 mice and a total of 1050, 1123, and 1006 neurons
in PPC from 8 mice in three test sessions with 90°, 180°, and
270° of directional variability, respectively. These four groups
of mice with different sample sizes were separated by task and
recording area. Thus, during the motion categorization task
or passive viewing, only within-subject statistical comparisons
between homogeneous and heterogeneous trials were performed
in V1 and PPC, respectively.

To investigate whether neurons selective for global motion
directions exist at all and, if so, how their selectivity changes as
motion direction variability increases, we first performed con-
ventional single-cell-level analyses by generating each neuron’s
direction tuning curves for homogeneous and heterogeneous
trials, separately. For each of the eight global motion directions,
we averaged the 4-s poststimulus calcium signals and used the
area under this average calcium signal (AUC) as the value of
the single-neuron tuning curve at each global motion direction.
We focused our analyses on the data from correct trials to
clarify the relationship between consistent behavior in response
to a specific stimulus and the corresponding neural activity.
We calculated the mean motion direction selectivity index (DSI;
see Experimental Section). Of the neurons that exceeded the
DSI threshold of 0.4 [34-36], only those in the top 5% of the
slope distribution calculated from the trial-shuffled dataset were
classified as global motion direction-selective neurons. Figure 2b
shows representative V1 cells exhibiting three kinds of global
motion direction-selective responses (dF/F, averaged across cor-
rect trials) to homogeneous (red traces) and heterogeneous RDKs
(blue traces) from one mouse in the 90° session. The first and
second rows show global motion direction-selective neurons
in only one of the two types of trials. The third row shows
one representative neuron displaying global motion direction
selectivity in both types of trials. One-third of all recorded V1
neurons displayed one of three kinds of global motion direction-
selective responses across both types of trials (Figure 2c). 13%
of neurons (165 out of 1312) were direction-selective in both
types of trials during the 90° session (sky blue sector in the first
column of Figure 2c). We also found that about 10% (129 and
136 out of 1312) of the neurons were direction-selective in only
one of the two RDK conditions, meaning that coherent motion
direction-selective neurons in homogeneous trials did not show
selectivity for any mean motion direction in heterogeneous trials
(green sector in the left column of Figure 2c), and vice versa

(blue sector in the left column of Figure 2c). Similar results were
observed in the 180° and 270° sessions, with the proportion of
direction-selective neurons tending to decrease progressively in
the heterogeneous trials (blue sector in the middle and right
columns of Figure 2c). Nevertheless, the proportion of neurons
displaying direction selectivity in both trial types was significantly
higher than the chance level of overlap between the direction-
selective neurons observed in each stimulus type. This was
consistent across all three motion direction ranges (see Table S2
for detailed statistics). In contrast to V1 neurons, only a fraction
of PPC neurons recorded from 7 mice exhibited global motion
direction selectivity in all three test sessions (Figure S2b), but the
proportion of direction-selective PPC neurons in both types of
trials was significantly higher than the chance level in all three
ranges of motion direction just like V1 (Table S2).

In V1 and PPC, to visualize and compare the tuning sharpness
of the direction-selective neurons identified in the homoge-
neous and heterogeneous conditions, we summarized global
motion direction-selective responses at the single-cell level by
zero-centering each neuronal tuning curve relative to its pre-
ferred global motion direction and averaging them across all
direction-selective neurons under homogeneous (red graphs) and
heterogeneous (blue graphs) conditions, respectively (Figure 2d;
Figure S2c). By comparing the peak amplitude of the population-
averaged tuning curves between homogeneous and heteroge-
neous conditions, we found that neuronal selectivity for global
motion direction in V1 was remarkably similar between homoge-
neous and heterogeneous trials with motion direction ranges of
90° and 180° despite the fact that many different localized motion
vectors of the individual dots span a very wide range of 90° and
180° (the left and middle columns of Figure 2d, red vs. blue).
This is consistent with our surprising finding of no significant
difference in behavioral performance between homogeneous and
heterogeneous conditions in both 90° and 180° test sessions
(Figure 1le,f). Only when the motion direction range of the
heterogeneous RDK was 270°, the amplitude of the tuning curve
was substantially reduced relative to that of the homogeneous
RDK (the right column of Figure 2d, red vs. blue, Welch’s ¢-test,
#(183.3) = 3.55, p = 0.0005). Similarly, in PPC, the population-
averaged tuning curves were not significantly different between
homogeneous and heterogeneous conditions across all three test
sessions (Figure S2c, red vs. blue; Welch’s t-test, 90° session:
1(188.5) = 0.08, p = 0.93, 180° session: #(168.9) = 0.24, p = 0.81,
270° session: £(95.35) = 0.5167, p = 0.61). These observations
suggest that V1 and PPC neurons encode the global mean motion
direction rather than simply detect local motion directions of
individual moving dots.

As noisy inputs such as a wide range of local motion directions
exhibited by individual dots in heterogeneous RDKs are known
to broaden tuning curves due to the reduced overall sensitivity or
gain of a neuron (Figure S3; see Experimental Section for details),
we investigated whether a tuning curve of a heterogeneous RDK
could emerge from a linear summation of individual tuning
curves corresponding to local motion directions within the range
of the heterogeneous RDK. Thus, we simulated tuning curves
for heterogeneous RDKs using the direction-selective neurons
identified in the homogeneous trials. In V1 and PPC, although
the direction-selective responses in the heterogeneous trials of the
90° session can be explained by linear summation of responses
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FIGURE 2 | Global motion direction-selective V1 neurons in response to homogeneous and heterogeneous RDKs during the motion categorization
task. (a) (Top) One-photon calcium imaging of L2/3 pyramidal V1 neurons expressing GCaMP6f. (Bottom) A frame-averaged image of V1 neurons
of a trained animal. (b) Representative stimulus-evoked responses (dF/F) of V1 neurons showing various patterns of global motion direction tuning
in 90° sessions—only homogeneous stimulus-selective (first row), only heterogeneous stimulus-selective (second row), and both homogeneous and
heterogeneous stimulus-selective (third row). The average signals of correct trials (up to 20) per global motion direction are displayed in red (Hom) and
blue (Het). Shaded areas indicate +SEM. Polar plots on the right of each response trace showed the AUC (area under the curve) of the Ca>* response per
global motion direction averaged over the 4 s of stimulus period. (c) Proportions of global motion direction-selective V1 neurons in 90°, 180°, and 270°
sessions. Global motion direction-selective neurons were classified based on the direction selectivity index and the slope of the single neuronal tuning
curve. Of all V1 neurons that passed the DSI threshold of 0.4, only neurons with slopes steeper than the top 5% of the slope distribution calculated from
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to individual moving dots, the amplitudes of the empirically
observed tuning curves in the heterogeneous trials with 180° and
270° of direction variability were substantially higher than those
of the simulated tuning curves (blue vs. gray; Figure 2d, Welch’s
t-test, 180° session: £(362.1) = 4.36, p < 0.0001, 270° session:
#(104.1) = 4.42, p < 0.0001; Figure S2c, Welch’s t-test, 180° session:
1(129.7) = 2.54, p = 0.01, 270° session: £(66.95) = 2.37, p = 0.02).
These findings indicate that both V1 and PPC neurons are much
more sharply tuned to the global mean motion directions than
would be expected from a simple linear summation of local
motion vectors.

When applying the same single-cell-level analyses used in the
motion categorization task to V1 and PPC calcium activity
recorded during passive viewing, we obtained results similar to
those in the above task conditions. We found that the distri-
butions of global mean motion direction-selective V1 and PPC
neurons (Figures S4a and S5a) were similar to those observed
during motion categorization (Figure 2c; Figure S2b). Simulation
analyses also showed the same pattern of results observed in the
task conditions (Figure 2d; Figure S2c), confirming that a simple
linear summation of local motion vectors was not sufficient to
capture the sharp tuning curves of global mean motion direction-
selective V1 and PPC neurons observed during passive viewing
(Figures S4b and S5b). These results suggest that mean motion
direction-selective neurons already exist in V1 in the absence of
task demands.

2.2 | Variability of Global Motion
Direction-Selective Neurons in V1 and PPC

As we observed that the identities of V1 and PPC neurons
that passed the direction-selectivity criteria differed between
homogeneous and heterogeneous trials (Figure 2c; Figure S2b),
we investigated whether this was because neurons classified as
selective for a specific global motion direction in one condition
simply failed to pass the direction-selectivity criteria in the other
condition, or because they actually changed their preferred global
motion direction (i.e., the direction of maximal response). We
visualized how individual tuning curves of neurons selective for
coherent motion directions of homogeneous RDKs changed as a
function of the mean motion direction of heterogeneous RDKs
(the top row of Figure 3a,b) and vice versa (the bottom row of
Figure 3a,b). By quantifying the similarity of direction-selective
response patterns between homogeneous and heterogeneous
conditions in each of the three sessions, we found that individual
V1 neurons tended to prefer similar directions in both conditions.
However, fewer V1 neurons preferred a similar global motion
direction across the homogeneous and heterogeneous trials as the
motion direction variability of the heterogeneous RDK stimulus
increased (Figure 3a, 90° session: Pearson correlation coefficient

R = 0.69, p < 0.05 between the top-left and top-right matrices
and R = 0.65, p < 0.05 between the bottom-left and bottom-right
matrices, 180° session: Pearson correlation coefficient R = 0.55,
p < 0.05 between the top-left and top-right matrices and R = 0.64,
D < 0.05 between the bottom-left and bottom-right matrices, 270°
session: Pearson correlation coefficient R = 0.29, p < 0.05 between
the top-left and top-right matrices and R = 0.32, p < 0.05 between
the bottom-left and bottom-right matrices). We also observed
that V1 neurons classified as tuned to a specific global motion
direction of either homogeneous or heterogeneous RDK changed
their global motion direction selectivity even when we randomly
split trials in half within the homogeneous or heterogeneous RDK
condition (Figure S6b,c).

Compared with V1 neurons, an even smaller proportion of PPC
neurons exhibited mean motion direction selectivity (Figure S2b)
and the direction-selective response pattern of these PPC neurons
was less correlated across homogeneous and heterogeneous
conditions (Figure 3b, 90° session: Pearson correlation coefficient
R = 048, p < 0.05 between the top-left and top-right matrices
and R = 0.45, p < 0.05 between the bottom-left and bottom-right
matrices, 180° session: Pearson correlation coefficient R = 0.44,
p < 0.05 between the top-left and top-right matrices and R = 0.43,
p < 0.05 between the bottom-left and bottom-right matrices,
270° session: Pearson correlation coefficient R = 0.40, p < 0.05
between the top-left and top-right matrices and R = 0.37, p < 0.05
between the bottom-left and bottom-right matrices). That is,
rather than maintaining direction preferences, PPC neurons that
preferred a specific direction under one condition tended to
respond to all other directions within the same motion category
(left or right) in the other condition. This variability of global
motion direction-selectivity in PPC neurons was also observed
when trials were randomly split in half within the homogeneous
or heterogeneous RDK condition (Figure S6d,e). These results
suggest that PPC neurons may encode directional informa-
tion differently from V1, potentially reflecting more categorical
information.

Additionally, we comprehensively examined whether the pre-
ferred global motion direction remained the same in both
homogeneous and heterogeneous trials using all recorded V1
neurons regardless of whether they passed the criteria for
direction-selective neurons. We tracked whether V1 neurons
maximally responsive for a specific mean motion direction of
the heterogeneous RDK showed a peak response to the same
or different coherent motion direction of the homogeneous
RDK. In this way, we constructed a confusion matrix whose
elements were the number of V1 neurons exhibiting maximal
responses at the corresponding pair of global motion directions
of homogeneous and heterogeneous RDKs. A permutation-based
test with false discovery rate (FDR) correction across the resulting
confusion matrix confirmed that a large proportion of V1 neurons

the trial-shuffled dataset were considered as global motion direction-selective neurons (5000 permutations). (d) Population-averaged tuning curves of

global motion direction-selective V1 neurons in 90°, 180°, and 270° sessions. The red and blue curves indicate the tuning curve for homogeneous and

heterogeneous RDKSs, respectively. The gray curve is a simulated tuning curve for heterogeneous RDKs using the direction-selective neurons identified

in the homogeneous trials. The simulation was conducted 1000 times by resampling tuning curves of homogeneous RDKs, with the number of simulated

neurons matched to the number of direction-selective neurons observed in the heterogeneous condition for each of three test sessions. Data presented

as mean + SEM, 90° session (Nyom = 295 Aper = 295), 180° session (Mpom = 418 Ny = 245), 270° session (nyom = 386 npe = 88), p-values were calculated

using Welch’s t-test. ***p < 0.001, ****p < 0.0001.
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FIGURE 3 | Variability of global motion direction-selective V1 and PPC neurons during the motion categorization task. (a) The tuning curves of
global motion direction-selective V1 neurons in 90°, 180°, and 270° sessions (three columns of a 2 X 2 matrix of rectangular graphs). In each session,
the top/bottom panels show how the tuning curves of the direction-selective V1 neurons identified in the homogeneous (top-left graph) / heterogeneous
(bottom-right graph) trials changed in response to heterogeneous (top-right graph) / homogeneous (bottom-left graph) RDKs. In each rectangular graph,
the x-axis indicates eight global motion directions of RDKs and the y-axis indicates direction-selective V1 neurons identified in homogeneous (top) or
heterogeneous (bottom) trials, sorted by the peak positions of their tuning curves. Color values represent the tuning curve responses of the direction-
selective V1 neurons at eight global motion directions. (b) The tuning curves of global motion direction-selective PPC neurons in 90°, 180°, and 270°
sessions. The results are presented in the same format as (a). (c) The pairs of global motion directions of homogeneous and heterogeneous RDKs that
elicited the maximal responses from all recorded V1 neurons in 90°, 180°, and 270° sessions. In each session, the color values at row i and column
J represent the proportion of V1 neurons that responded maximally to the mean motion direction i of heterogeneous RDK and the coherent motion
direction j of homogeneous RDK. (d) The pairs of global motion directions of homogeneous and heterogeneous RDKs that elicited the maximal responses
from all recorded PPC neurons in 90°, 180°, and 270° sessions. The results are presented in the same format as (c). Total numbers of PPC neurons are 997,
984, and 996 for the 90°, 180°, and 270° sessions, respectively. Asterisk indicates the proportion of neurons that is significantly larger than the surrogate
proportion of neurons obtained from randomly shuffling trials (5000 permutations, p < 0.05 based on FDR). Total numbers of V1 neurons are 1312, 1407,

and 1367, and the total numbers of PPC neurons are 997, 984, and 996 for the 90°, 180°, and 270° sessions, respectively.

remained sensitive to similar global mean motion directions
across both types of trials as shown in significant diagonal
elements of the confusion matrices in all three test sessions,
although DSI analysis of single neurons was not consistently
reliable across different trials (Figure 3c). This suggests that the
majority of untuned cells in mouse V1 may still support sensitivity
to the global mean motion direction at the neural population
level.

Unlike V1, a large proportion of all recorded PPC neurons did
not show peak responses at the same or neighboring global
motion directions across both RDK conditions. In the confusion
matrix, PPC neurons exhibiting peak responses were divided into
two groups by the vertical category boundary without showing
specificity for the pair of global motion directions from both types
of trials (Figure 3d). These findings indicate that PPC neurons
still retained the selectivity for the global motion direction in
both types of trials, but their preferred global motion direction
of homogeneous (or heterogeneous) RDK changed to one of the
four global motion directions of heterogeneous (or homogeneous)
RDK in the motion category to which they belong.

During passive viewing, we observed V1 and PPC neurons that
were selective for global motion direction (Figure S7), indicating
the existence of V1 and PPC neurons that automatically pool
multiple local motion vectors into a global motion direction inde-
pendently of task demands or decision-related signals. However,
their selectivity for global motion direction was variable across
homogeneous and heterogeneous trials (Figure S7) as shown
in the above task condition (Figure 3). These results suggest
unreliable variability in global motion direction selectivity at the
single-cell level, regardless of task demand.

2.3 | Neural Population-Level Representations of
Global Mean Motion Directions in V1 and PPC

We found considerable trial-to-trial variability in global motion
direction selectivity at the single-cell level during both the cat-
egorization task and passive viewing. This observation suggests
that not only classified mean motion-selective neurons, but also
the majority of neurons not classified as direction-tuned, may
contribute to global mean motion processing at the population
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level (Figure 3; Figure S7). Based on this, we examined whether
multivariate V1 and PPC activity patterns robustly encoded global
mean motion direction. We constructed a population response
curve (PRC) [37-39] from multivariate activities recorded dur-
ing both the motion categorization task and passive viewing
(Figure 4a; Figure S8a; see Experimental Section for details).
The PRC represents the collective activity of a group of neurons
in response to a given global motion direction of homogeneous
(top-left of Figure 4a) or heterogeneous RDK (bottom-left of
Figure 4a). For a given RDK (the black arrow in the bottom-
right of Figure 4a), the responses of all neurons that prefer the
presented global motion direction are averaged across neurons
and trials (the blue curve in the bottom-right of Figure 4a),
resulting in the value of the PRC at the presented global motion
direction (the blue point in the top-right of Figure 4a). In the same
way, the values of the PRC at other global motion directions are
obtained for a given RDXK: the responses of neurons that prefer
the global motion direction other than the presented one are
averaged across those neurons and trials (the red and the green
curves in bottom-right of Figure 4a), resulting in the value of
the PRC at other global motion directions (the red and green
points in top-right of Figure 4a). All recorded neurons were
included in constructing the PRC, regardless of whether they
met the selectivity criteria. Thus, when the response of each
neuron to a single fixed global motion direction is plotted, the
resulting curve across the population is the PRC. This procedure
was repeated for all time points in every homogeneous and
heterogeneous RDK stimulus epoch, respectively. This is distinct
from a population-averaged tuning curve, which shows how
a single neuron responds to varying global motion directions
(Figure 2d; Figure S8b). Finally, every PRC was zero-centered
relative to the presented global motion direction and averaged
across trials for the homogeneous and heterogeneous conditions
separately (Figure 4b). We summarized PRC dynamics by calcu-
lating the linear slope of the zero-centered PRC at each time point
in the epoch (Figure 4c; see Experimental Section for details).
The higher PRC slope corresponded to greater global motion
direction selectivity, while the zero PRC slope corresponded to no
global motion direction selectivity. Multiple comparisons across
time points were corrected using non-parametric cluster-based
permutation testing with a significance level of 0.05 [40].

During both the motion categorization task and passive viewing,
global mean motion direction was accurately represented in
multivariate V1 and PPC activities for almost the entire period
following homogeneous and all three heterogeneous RDXs
(Figure 4d.e; See Table S3 for detailed statistics). In V1, PRC
slopes were not significantly different between homogeneous
and heterogeneous RDK with a range of 90° regardless of task
demand (the first column of Figure 4d). However, as the motion
direction variance of RDK increased, significant differences
in PRC slopes between the homogeneous and heterogeneous
conditions emerged (solid and dashed cyan lines in the second
and third columns of Figure 4d). We also observed that neural
representations of mean motion directions in V1 were less
accurate when mice passively viewed RDKs compared with when
mice were actively engaged in the motion categorization task. In
PPC, the accuracy of mean motion direction encoding showed no
significant differences between homogeneous and heterogeneous
conditions at any level of motion direction variance during the
motion categorization task (Figure 4e). Even when trials were

randomly split in half, the population-level PRC showed robust
global motion direction encoding in V1 and PPC (Figure S9), even
though individual neurons exhibited variability in global motion
direction selectivity (Figure 3a,b; Figure S7a,b). These results
suggest that neural responses of the majority of unclassified
mean motion direction-selective cells in mouse V1 and PPC are
aggregated to robustly support a sensitivity to the global mean
motion direction at the neural population level.

Next, to assess the extent to which neurons not classified as global
motion direction-selective contribute to encoding global motion
direction, we first ranked all recorded neurons by their tuning
curve slopes tested against a permuted slope distribution. We then
calculated the PRC slopes using a subset of neurons in the bottom
10%, 50%, 95%, and 100% of the permuted slope distribution
(Figures S10 and S11). The PRC slopes averaged over the 4 s post-
stimulus period revealed significant PRC slopes even when only
using the bottom 50% of neurons (Figure 4f,g), indicating that
neurons that did not pass the criteria to be classified as direction-
selective could still substantially contribute to the precise enough
encoding of global motion direction information in both V1 and
PPC.

Furthermore, we examined whether the robust neural
population-level representation of the global mean motion
direction in V1 and PPC was predictive of behavioral
performance. We found that the PRC slope was positively
correlated with behavioral performance in V1, but not in PPC
(V1: r = 0.51, p = 0.00074, CI = [0.24, 0.71]; PPC: r = 0.23,
p = 0.23, CI = [-0.09, 0.51]; Figure S12a). When we assessed
the correlation between the difference in average PRC slopes
between homogeneous and heterogeneous trials and the
corresponding difference in the slope of psychometric functions
in Figure 1, a similar result was observed (V1: r = 0.37, p = 0.04,
CI = [0.07, 0.61]; PPC: r = 0.31, p = 0.18, CI = [0, 0.57]; Figure
S12b). These findings indicate an association between category-
based decision-making performance of the mice and neural
population-level global motion direction encoding in V1.

2.4 | Mean Motion Direction Representation
Biased Toward the Category Center in V1 due to
Category Learning

According to previous studies [41, 42], category learning distorts
perceptual sensitivity for category-defining features such that
differences between physically similar yet categorically distinct
exemplars are enhanced, whereas differences between stimuli
from the same category are reduced. Thus, we examined whether
perceptual distortions following category learning are reflected in
neural representations of mean motion directions in V1 activity
patterns. In order to assess the top—down impact of the task
demand on neural representations of mean motion directions, we
averaged PRCs over the period from 0 to 4 s after the stimulus
onset and fit the resulting PRC with a wrapped-normal function
(see Experimental Section for details). We then calculated the
difference between the to-be-categorized mean motion direction
of the RDK and the estimated center obtained from the PRC
fit in both passive viewing data and motion categorization task
data (Figure 5). This difference served as a measure of categorical
bias toward the category center in the neural representation
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FIGURE 4 | The global motion direction encoding in multivariate V1 and PPC activity. (a) Schematic population response curve (PRC) when the
global motion direction of RDK is 67.5°. Single-cell global motion direction tuning curves (red, green, and blue curves in bottom-right) are obtained for
homogeneous (top-left) and heterogeneous RDKs (bottom-left) separately. When neuronal tuning curves center at three different locations in motion
direction space, the gray curve shows how these neurons respond to the RDK presented at 67.5° of global motion direction (red, blue, and green dots in top-
right and bottom-right). In the schematics, only one neuron per the preferred global motion direction is shown. (b) Population response curve dynamics.
The population response curves constructed at every time point show that the population responses are sharply modulated after the stimulus onset.
Top, PRC for homogeneous RDK. Bottom, PRC for heterogeneous RDK. (c) Population response curve slope. PRCs tuned to global motion directions
are summarized by calculating the slopes of PRCs. Specifically, we first reversed the sign of motion directions. We then calculate the slopes by fitting
the linear regression with an intercept. (d,e) PRCs in 90°, 180°, and 270° sessions for V1 (d) and PPC (e). The encoding accuracies of the global motion
directions are sharply increased after the stimulus onset. Red and blue colors indicate homogeneous and heterogeneous trials, respectively. Shaded areas
indicate +SEM. Solid and dashed lines above the figures indicate the time period when the PRC slope is significantly greater than 0 (p < 0.05, based on
cluster extent) during the motion categorization task and passive viewing, respectively (Table S3). Cyan solid and dashed lines above the figures indicate
the time period when the PRC slope between homogeneous and heterogeneous trials is significantly different (p < 0.05, based on cluster extent) during
the motion categorization task and passive viewing, respectively (Table S3). (f,g) PRC slopes averaged over the 4 s post-stimulus period as a function of
the number of neurons in 90°, 180°, and 270° sessions for V1 (f) and PPC (g). Using the bottom 10%, 50%, 95%, and 100% of all recorded neurons that are
rank-ordered by their single-neuron tuning curve slopes, tested against slopes of the trial-shuffled dataset, the average PRC slopes are calculated. Red
and blue colors indicate homogeneous and heterogeneous trials, respectively. Error bars indicate +SEM. Data presented as the mean + SEM, V1 task
N =10, V1 passive N = 6, PPC task N = 7, PPC passive N = 8, statistical analysis by cluster-based permutation test (two-tailed; cluster-forming threshold
p < 0.05, uncorrected; cluster-mass statistic; 5000 permutations; FWER a = 0.05). Significant clusters are indicated by bars above the trace.
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(or negative), category bias manifests as a shift toward the category center (or boundary). (b) Task-dependent category bias in V1 as a function of motion

direction variability of RDK. See Table S4 for detailed statistics. White circled outliers (>1.5 X interquartile range) were excluded to improve the statistical

reliability. Data presented as the mean + SEM, task N = 10, passive N = 6, statistical analysis by paired ¢-test with FDR correction. *p < 0.05, **p < 0.01,

#Ep < 0.001, **p < 0.0001.

of global mean motion direction. Positive values indicate a
bias toward the horizontal category center, whereas negative
values indicate a bias toward the vertical category boundary
(Figure 5a). We found that V1 exhibited no categorical bias when
mice passively viewed homogeneous as well as heterogeneous
RDKs (striped bar graphs in Figure 5b; Table S4 for detailed
statistics). When mice performed the motion categorization task,
significant categorical biases emerged in both homogeneous and
heterogeneous conditions (filled bar graphs in Figure 5b; Table S4
for detailed statistics). These findings suggest that task-induced
top-down influences may modulate the neural representation of
mean motion direction even in V1, an early stage of cortical visual
processing.

2.5 | Neural Encodings of Increasingly Abstract
Features From Summary Statistics to Categories
Across the Cortical Hierarchy

Given that environmental volatility and categorical bias are
reflected in neural representations of mean motion direction, we
directly probed how mean motion direction, motion direction
variance, and motion category each contributed to V1 and PPC
activity patterns by modeling the neural representational dissim-
ilarity matrix (RDM) [43, 44] as a linear combination of mean,
variance and category dissimilarity (Figure 6a; see Experimental
Section). This regression-based RSA allowed us to independently
track the neural coding dynamics of increasingly abstract features
from summary statistics to categories along the cortical hierarchy.

Figure 6b showed that almost the entire time points from stimulus
onset were dominated by the mean motion direction information
in V1 activity patterns (blue lines in the top and bottom rows of
Figure 6b; Table S5 for detailed statistics). Despite the categorical
bias in V1 (Figure 5b), the absence of category dissimilarity
suggests that distinct patterns of V1 activity mainly encode
eight mean motion directions. The presence of the variance
information in V1activity patterns (red lines in the top and bottom

panels of Figure 6b; Table S5 for detailed statistics) indicates
that multivariate activity in mouse V1 is well suited to process
summary statistics such as mean and variance.

In contrast, motion category dissimilarity contributed robustly
to neural dissimilarity in PPC activity patterns when mice
performed the motion categorization task (green lines in the
top row of Figure 6¢c; Table S5 for detailed statistics). Category
selectivity appeared around 1 s after stimulus onset and kept
increasing until the end of the trial across all three task sessions.
The global motion direction information appeared only in the
90° session (blue lines in the top row of Figure 6¢c; Table S5
for detailed statistics). These results are consistent with previous
studies reporting that PPC is involved in processing stimulus
categorization during perceptual decision making [28-31, 45-47].
During passive viewing, however, the category information was
intermixed with global motion direction information in both 90°
and 180° sessions (green and blue lines in the bottom row of
Figure 6c; Table S5 for detailed statistics). The gradual increase
of the category information toward the end of the trial was not
observed in any of the three passive viewing sessions unlike the
motion categorization sessions.

As regression coefficients for variance and category information
were weak, despite being statistically significant in Figure 6, we
corroborated the results of RSA by applying time-generalized
multivariate pattern analysis [48] (i.e., temporal generalization
(TG) method) to calcium signals in V1 and PPC in order to
separately track the emergence of mean, variance, and category
information over time (see Experimental Section; Figures S13-S15
for details). During motion categorization and passive viewing,
we found that sustained activity patterns robustly encoded mean
motion direction, motion variance, and motion category in V1 and
PPC (see rectangle-shaped significant time clusters of TG maps in
Figures S13-S15 and different color lines of significant time points
over Figures S13-S15). There were three differences compared
with the RSA results—(1) PPC activity pattern discriminated
between homogeneous and 270°-heterogeneous RDK during
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PPC (f). For each direction pair, a time-resolved binary SVM classifier was used to discriminate between the two directions, and decoding at each time
point was performed using repeated stratified fivefold cross-validation with 100 repetitions (chance = 50%). Curves show WCD accuracy (blue) and BCD
accuracy (red). Black lines over the graphs indicate time points where BCD accuracy was significantly higher than WCD accuracy (cluster- corrected
p < 0.05), indicating the dominance of category information. Time is aligned to stimulus onset (0 s); dotted lines mark stimulus onset. Data presented as
the mean + SEM, V1 task N =10, V1 passive N = 6, PPC task N = 7, PPC passive N = 8, statistical analysis by cluster-based permutation test (two-tailed;
cluster-forming threshold p < 0.05, uncorrected; cluster-mass statistic; 5000 permutations; FWER a = 0.05). Significant clusters are indicated by bars
above the trace.
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motion categorization (Figure S14b compared with the top row,
third column of Figure 6c). (2) PPC activity pattern robustly
encoded mean motion direction in the 180° and 270° sessions
during motion categorization and in the 270° session during
passive viewing (Figure S13b compared with Figure 6c), which
was consistent with PRC slope dynamics in Figure 4e. (3) V1
activity pattern robustly discriminated between the two motion
categories of homogeneous, 90°-, 180°-, and 270°-heterogeneous
RDKs during both motion categorization and passive viewing
(Figure S15a compared with Figure 6b).

As category decoding in V1 and mean motion direction decoding
in PPC were most likely due to collinearity problem between the
two RSA predictors, mean motion direction and motion category,
we investigated which of the two was dominantly encoded in
each brain area by comparing the decoding accuracy of within-
category mean direction and that of between-category mean
direction [28] (Figure 6d-f). Specifically, from the 8-direction
stimulus set, we chose a pair of mean directions that were 90°
apart and discriminated each pair of mean directions using a
binary support vector machine (SVM). The SVM decoder was
trained and tested on homogeneous trials with repeated stratified
five-fold cross-validation (see Experimental Section; Figure 6d).
The SVM decoder trained on homogeneous trials was applied
to heterogeneous trials. Within-category discrimination (WCD)
was performed across the four pairs of mean directions that
were 90° apart and stayed within the same category (1 vs. 3,
2 vs.7, 5 vs. 7 and 6 vs. 8). Between-category discrimination
(BCD) was performed across the four pairs of mean directions
that were 90° apart and crossed the category boundary (1 vs.
7,2 vs. 8,3 vs. 5and 4 vs. 6). Both WCD and BCD accuracies
were calculated separately for homogeneous, 90°-, 180°-, and
270°-heterogeneous trials. We then averaged the WCD accuracies
and BCD accuracies across four levels of motion variance and
used them to evaluate their difference between WCD and BCD
in V1 and PPC. This comparison of WCD and BCD revealed a
significant difference in PPC, but not in V1 during both passive
viewing and motion categorization (Black lines over Figure 6e,f;
Table S6 for detailed statistics), indicating that mean motion
direction and motion category were dominantly encoded in V1
and PPC, respectively. Taken together, these results resolve the
collinearity between the RSA predictors—mean motion direction
and motion category—and confirm the RSA findings reported in
Figure 6b,c.

3 | Discussion

3.1 | Concurrent Encodings of Ensemble Mean
and Ensemble Variance in Mouse V1

Our study reveals that the mouse visual system encodes summary
statistics of motion—specifically, the ensemble’s mean direction
and variance—at the earliest cortical stage, V1. By adopting RDKs
in which dot directions were uniformly distributed around a
controllable mean, we decoupled global summary statistics from
the strong local cues present in conventional RDKs that consist
of a subset of dots coherently moving in a specific direction
and the rest of the dots moving in random directions. Con-
sequently, neuronal selectivity observed in this context reflects
integration over multiple local motion vectors, rather than simple

detection of a prominent sub-population of coherently moving
dots. Unlike traditional RDKs that conflate mean and coher-
ence, our uniformly distributed motion stimuli orthogonalize
these parameters: increasing the dispersion widens the variance
without strengthening any specific local cues. This stimulus,
therefore, forces neuronal populations to pool across directions to
recover the mean, while simultaneously signaling the uncertainty
encoded by variance. The design thus offers a clean physiological
assay for studying how and where the brain extracts first-order
and second-order summary statistics of the visual scene.

The blunter tuning curves under high variance RDKs likely
reflect increased sensory noise, but the observed tuning in V1
remained considerably sharper than expected from a simple
linear summation model, suggesting that V1 does more than
passively relay input (Figure 2d). Despite the absence of a
dominant motion cue, about 33% of V1 neurons displayed global
mean motion direction selectivity (Figure 2c), comparable to prior
studies using plaid stimuli [49]. This early emergence of first-
order and second-order summary statistical encoding in V1 is
supported by the anatomy of the mouse visual system. The entire
retina of the mouse is similar to the rod-dominated peripheral
retina of primates, specialized for low-acuity, peripheral vision
in dim light [50]. Without a fovea and with a retina rich in
direction-selective ganglion cells (DSGCs) covering ~6° of visual
space, mice are highly efficient at sampling and detecting local
motion of the visual scene [51]. With V1 receptive fields spanning
~20° and integrating over broad spatial extents, neurons in V1
are anatomically positioned to pool input from multiple DSGCs
[52], naturally computing motion summaries of local motion
over a substantial area such as the expected direction and the
uncertainty of motion distribution. This is particularly relevant
for encoding coarse-grained information such as optic flow or
motion reliability, where fine detail is costly to resolve and
large-scale motion patterns provide important behavioral cues.
Our PRC analysis revealed reliable, bell-shaped tuning curves
across all sessions and behavioral contexts. Under both passive
viewing and active categorization, multivariate activity patterns
discriminated global mean motion directions with high fidelity,
and the slope of the PRC declined systematically with increasing
variance (blue graphs in three columns of Figure 4d), mirroring
known psychophysical observations in ensemble perception [7,
53]. The model-based RSA further confirmed robust encoding of
mean motion direction (Figure 6b), while variance information
appeared selectively when stimulus variance was high during
both passive viewing and motion categorization (the second
and third columns of Figure 6b; Figure Sl4a,c). The variance
information in V1 might be due to task difficulty or attentional
demand as more heterogeneous RDKs could impose greater
cognitive load on integrating many local motion vectors into
the mean motion direction than homogeneous ones. The fact
that variance decoding accuracy during passive viewing was
comparable to that during the categorization task (Figure Sl4a,c)
suggests that the same cognitive load is placed on automatic
integration of many local motion vectors into global mean motion
direction regardless of the task demand. Another possibility is
that the large receptive field of mouse V1 (~20°) may allow V1
to directly and reliably represent the degree of heterogeneity of
the scene itself. In either case, V1is not a very sensitive integrator
or detector, given that it cannot distinguish a homogeneous
RDK from a 90°-heterogeneous RDK. Despite the task relevance
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of categories, V1 showed no categorical encoding (Figure 6e),
suggesting that its representations remain tied to summary
statistical features even in behaviorally demanding contexts.
These findings support a distributed encoding model in VI,
where the population-level representations remain robust and
precise (Figure 4d; Figure 6b; Figure S13), even if single-neuron
selectivity appears weak (Figure 3a; Figures S6b,c and S7a).

Previous human fMRI studies have shown that mean feature
information of the ensemble is represented in various brain
regions along the visual hierarchy depending on the type of
feature—mean orientation representation in occipital, parietal,
and frontal cortex, but not in V1 [54] and mean facial expression
representation in parietal and frontal cortex [55]. One mon-
key single-cell recording study has also found evidence that
MT encodes mean motion direction by integrating population
responses to multiple directions of motion in MT [24]. These pre-
vious human and non-human primate studies strongly indicate
that the relatively small receptive fields of human and monkey
V1 are optimized for fine-grained, detailed visual processing,
making V1 less suitable for representing summary statistics. This
is probably why areas with larger receptive fields in higher
cortical areas outside the early V1 area are more capable of such
integration based on the pooled signals from multiple V1 receptive
fields [56]. Thus, the observed coexisting mean and variance
representations in mouse V1 may arise from its unusually large
receptive fields, making mouse V1 suitable for coarse-grained
visual information such as mean and variance. Together, these
studies suggest that pooling operations that integrate sufficient
amounts of information can naturally code summary statistics at
various hierarchical levels of the cortex [25]. Interestingly, prior
research suggests that a similar principle of statistical pooling
and summary encoding may underpin texture perception, which
also exploits statistical regularity and element density rather than
detailed element-wise features in the visual scene [23, 57].

3.2 | Categorical Biases in Ensemble Mean
Representations in V1

While V1 did not explicitly encode category structure, we
observed a systematic bias of mean motion direction repre-
sentations toward the category center only during the motion
categorization task (Figure 5b). This task-dependent categorical
warping aligns with a previous human neuroimaging study
showing categorical distortion in early visual areas [41]. The
lack of bias during passive viewing implies that the observed
biases are not due to intrinsic oblique effects [58] but emerge as
a result of task-dependent category learning. This suggests that
mouse V1 can exhibit flexible encoding schemes where summary
statistical information abstracted from concrete sensory signals
is modulated by top—down information about a more abstract
category structure, while preserving higher-order scene statistics
of the underlying stimulus.

3.3 | Neural Encodings of Ensemble Mean and
Category in PPC

PPC also encoded global motion direction at both the single-
neuron (Figure S2) and population levels (Figure 4e,g), albeit

with differences from V1. First, the fraction of direction-selective
PPC neurons was smaller (Figure S2b), and their preferred
direction varied more across stimulus types (Figure 3b,d). Inter-
estingly, these shifts remained within the same motion category,
suggesting that PPC re-encodes mean direction in a format
aligned with categorical decision-making [30]. Second, the PRC
constructed from the bottom 50% of untuned neurons remained
informative (Figure 4g; Figure S11), reinforcing the population
coding architecture as in V1 (Figure 4f; Figure S10) [19-23]. But
PPC’s encoding accuracy for global motion direction was com-
parable for homogeneous and heterogeneous stimuli, suggesting
a decision-stage readout that cares about what the ensemble
summary is, not how it arises. Third, unlike the PRC analysis,
RSA showed that mean information appeared intermittently
during passive viewing, but not during task sessions with large
stimulus variance. In contrast, the sustained increase of category
information toward the end of the trial was observed during
active tasks but not during passive viewing. This late-ramping
category signal is highly likely related to preparatory activity
or motor planning for decision making (Figure 6c) as PPC
is known to be a hub for transforming sensory signals into
motor signals, decision-related variables encoding action choice
in perceptual and memory-guided tasks [59, 60]. However, our
additional category-specific decoding analysis showed that stable
category information already appeared within 0-1s after stimulus
onset (Figure 6f; Figure S15b), which is temporally distinct from
canonical motor-preparatory signals that typically appear about
0.5-1 s before the behavioral response [61]. Thus, although the
late ramping category signal could include signals reflecting
motor/choice preparation during the task, the initial category
signal is likely to represent pure categorical information. These
observations suggest that PPC representations of global motion
direction may depend on upstream input from V1 and be replaced
by more abstract encodings especially during task performance
[30].

The discrepancy between the PRC and RSA results may arise
because the former isolates mean motion direction encoding
within each motion variance, while the latter considers a rep-
resentational space spanning direction, variance, and category.
Within this broader space, PPC activity was dominated by
category-related patterns (Figure 6f; Figure S15b), reflecting its
role in integrating noisy sensory input and transforming it into
an abstract categorical code that facilitates decision-making [28-
31, 45-47]. During passive viewing, category information likely
reflects long-term prior knowledge shaped by the prevalence of
horizontal optic flow directions in natural scenes [62, 63]. Under
task demands, however, long-term priors [47, 64] of optic flow and
short-term evidence [59, 65] of category mean align, leading to the
gradual increase in category information toward the end of the
trial [66]. Thus, in both task and passive conditions, PPC appears
to integrate bottom-up likelihoods for mean and variance from V1
with the existing representations of previous category knowledge
and task demands to yield a posterior estimate that efficiently
guides behavior [15], which may effectively bias the individual
mean motion directions toward the category mean [30]. This
probably explains why variance information was weak or absent
in PPC during the active task—once the first- and second-
order summary statistics such as mean and variance are already
processed in V1, it appears that variance-dependent mean motion
direction information relayed to PPC is enough to efficiently
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guide categorical choice behavior. Variance information observed
in V1 during both the 180° and 270° sessions (Figure Sl4a,c)
appeared to be transmitted to the PPC only during the 270°
session (Figure S14b,d), leading to a sharp decline in category
discrimination performance. These observations that behavioral
performance was impaired and variance information in PPC was
reliably decoded only in the 270° session raise the possibility that
PPC activity patterns may reflect task difficulty or attentional
demand rather than variance per se. However, we also cannot
rule out the possibility that the variance decoding results observed
in V1 and PPC may be confounded by session effects (as each
homogeneity level was presented in a different session) and by
differences in the neuronal populations recorded across sessions
(with only ~25% overlap).

3.4 | Population Coding Enables Abstraction

One striking finding is that the encoding accuracy of global
motion direction in both V1 and PPC relies not only on sharply
tuned neurons but also on the broader population, including
those with weak or ambiguous tuning. Even neurons with little
global motion direction selectivity at the single-cell level con-
tributed to a precise population code; including only half of the
nominally untuned neurons in the PRC analysis barely degraded
the ensemble summary statistical representation (Figure 4f,g;
Figures S10 and S11). This supports recent views that untuned
or weakly tuned neurons carry significant stimulus information
when read in concert with their neighbors [67-69]. Such a
population coding scheme not only allows for efficient readout
of summary statistics by improving the signal-to-noise ratio
but also simplifies downstream transformations into categorical
decisions. As a result, neurons that appear marginally tuned
in isolation are essential contributors to the brain’s capacity to
extract reliable and behaviorally relevant patterns from noisy
input. Moreover, population coding supports computational flex-
ibility. Different behavioral contexts may emphasize different
readouts (e.g., mean, variance, category), and a population-
level code allows selective access to whichever variable is most
relevant. This capability may be especially critical in natural
environments where sensory information is noisy and behavioral
priorities change dynamically.

3.5 | Limitations and Future Directions

While our multilevel analyses provide convergent evidence for
hierarchical encoding and categorical abstraction across cortical
areas, the present conclusions are derived primarily from mul-
tivariate pattern analyses. Thus, the current findings should be
interpreted as correlational rather than causal. Future studies
will benefit from incorporating causal manipulations—such as
optogenetic or chemogenetic inactivation, local perturbation,
or projection-specific disconnection/isolation—to establish the
current findings of hierarchical summary statistics encoding
across cortical areas. Furthermore, combining such pertur-
bation approaches with simultaneous calcium imaging could
reveal how hierarchical representations reorganize in real time
during task performance, illuminating the circuit-level com-
putations underlying summary-statistic encoding in the visual
cortex.

3.6 | Summary and Implications

Our study advances three key points. First, the mouse visual
cortex encodes both ensemble mean and variance at the earli-
est cortical stage, leveraging a rod-dominated visual system to
efficiently pool motion signals. Second, these summary statis-
tical representations in V1 are relayed to PPC, where they are
restructured into more abstract categorical representations for
decision-making [28, 30, 45-47]. Third, both V1 and PPC exhibit
the power of population codes; even untuned neurons contribute
significantly to precise summary statistical representations when
considered collectively.

The coexistence of ensemble mean information and categorical
encoding in PPC suggests that intermediate representations are
maintained alongside more abstract ones. The brief presence of
mean direction coding in PPC may reflect its dependence on V1
input and its role in binding summary statistics to categorical
labels, consistent with the Bayesian inference framework that
current sensory evidence is fused with an internal model of the
world [62, 63]. The observed categorical biases in V1 and the
decision-aligned encoding in PPC are both compatible with this
view of sensory processing. Thus, the hierarchical transition from
summary statistical features in V1 to abstract categorical signals
in PPC exemplifies a multi-stage computation in which sensory
input is progressively compressed and reconfigured along the
cortical hierarchy according to task context.

In conclusion, the current study demonstrates that summary
statistics are encoded not only in the higher-order PPC but
are also already robustly represented in the early V1. These
representations are modulated by both stimulus variability and
task context, and are subsequently transformed into categorical
formats in PPC. Ultimately, our findings underscore the brain’s
capacity to transform variable sensory input into stable statistical
summaries and categories through layered, distributed, and task-
sensitive codes. Understanding these mechanisms may shed light
on broader principles of abstract information processing in the
brain.

4 | Experimental Section
4.1 | Animals

In this study, a total of age-matched 17 and 14 male C57BL/6J wild-
type mice (The Jackson Laboratory, RRID: IMSR_JAX:000664,
11-30 weeks old) were used for motion categorization task and
passive viewing condition, respectively (For V1 recordings, 8
mice for only during the task, 4 mice for only during passive
viewing, and 2 mice for both conditions. For PPC recordings, 2
mice for only during the task, 3 mice for only during passive
viewing, and 5 mice for both conditions). For mice participating
in both task and passive conditions, they always participated
in the passive condition first to prevent their exposure to the
categorization task from influencing the passive condition. For
animals that completed both tasks at the same site, the two
conditions were treated as independent sessions. These four
groups of mice with different sample sizes were separated by task
and recording area. Thus, during the motion categorization task
or passive viewing, only within-subject statistical comparisons
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between homogeneous and heterogeneous trials were performed
in V1 and PPC, respectively. They were maintained under con-
trolled environmental conditions at approximately 22°C with 50%
relative humidity, on a 12-hour light-dark cycle. Prior to surgery,
the mice were group-housed (4-5 per cage) with ad libitum
access to food and water in accordance with the PHS Policy
on Humane Care and Use of Laboratory Animals. After head
bar fixation and lens implantation surgery, they were housed
individually in separate cages. During behavioral training and
thereafter, water intake was restricted to approximately 1 mL
per day to maintain 80% of their baseline body weight. All
experimental procedures in this study were approved by the
Institutional Animal Care and Use Committee (IACUC) of the
Institute for Basic Science (IBS, approval number: IBS-2021-
014), Daejeon, South Korea and complied with the ARRIVE
guidelines.

4.2 | Surgical Procedures

Mice were anesthetized with isoflurane (5% for induction,
1%-2% for maintenance) and secured in a stereotaxic frame
(Narishige, Japan). Body temperature was maintained at
37°C using a heating pad (DC temperature control system,
FHC Inc., Bowdoin, ME, USA). To prevent ocular dryness
during the surgery, an ophthalmic ointment was applied to
the eyes. Prior to the scalp incision, local anesthesia (0.5%
bupivacaine in saline) was administered for analgesia. The
scalp and periosteum covering the dorsal surface of the skull
were then removed, and the skull surface was abraded to
enhance adhesion for subsequent fixation. A circular craniotomy
(1 mm in diameter) was made over either the left primary
visual cortex (V1; A/P: —3.34 mm, M/L: 2.53 mm) or the left
posterior parietal cortex (PPC; A/P: —2 mm, M/L: 1.7 mm),
taking care to leave the dura intact. A virus expressing GCaMP6f
(PENN.AAV.CaMKII.GCaMP6f.WPRE.SV40;  Addgene Cat.
#100834-AAV1; RRID: Addgene_100834) was injected into the
target region (100-150 nL, 1 nL/s, 200 mm deep from the dura)
using glass pipettes connected to a hydraulic injection system
(Nanoject III, Drummond Scientific, Broomall, PA, USA). The
glass pipette was left in place for 10 min to allow for virus
diffusion. The craniotomy was then sealed with bone wax,
and the surgical incision was sutured. Three days after the
virus injection, a GRIN lens (1 mm in diameter, Inscoix, CA,
USA) was implanted above the virus injection site. The GRIN
lens and a head bar were fixed to the skull using light-cured
dental composite and dental acrylic. At the end of the surgery,
Ketoprofen (3 mL/kg) was administered intraperitoneally for
analgesia and to reduce inflammation, with additional doses
provided during the recovery period. After at least three weeks
of recovery, a Miniscope baseplate was attached to the head
using dental acrylic. After the last calcium imaging session, the
mice were transcardially perfused with 4% paraformaldehyde
(PFA) (T&I biotechnology, South Korea). Then, the brains
were post-fixed in 4% PFA for 24 h and cryo-protected in 30%
sucrose at 4°C for 48—72 h. Then, coronal sections (40 pm thick)
were acquired using a cryostat microtome (CM 1950, Leica)
and mounted on slides. GCaMP6f fluorescence was imaged
using a slide scanner (Axio Scan Zl1, Carl Zeiss, Germany) to
verify the location of lens implantation and the expression of
GCaMP6f.

4.3 | Behavioral Apparatus

The experimental apparatus was built inside a soundproof box
measuring 64 cm (W) X 64 cm (L) X 60 cm (H). Visual stimuli were
presented on a 21-inch LCD display (DELL, UltraSharp U2417H,
1920 x 1080 resolution, 60 Hz refresh rate) positioned 15 cm
away from the mouse. A head-fixation device was mounted at the
center of the box to secure the subject mouse in place. A decision
wheel (3.00” Precision Disk Wheel, Servocity 595720) was posi-
tioned to align with the mouse’s forelimbs. An angular encoder
(US Digital, E2-32-250-NE-H-3-B) was used to detect the direction
and magnitude of wheel rotation. A linear actuator (mightyZap,
12Lf-12PT-27) was used to lock or release the wheel by extending
or retracting its arm. A lickport, made from a stainless-steel tube
(1.5-mm outer diameter, 1-mm inner diameter) was placed in
front of the mouse. Water rewards were delivered via a tube
connecting the lickport to a water reservoir (a 10 mL syringe)
placed 50 cm above the lickport, using gravity. A solenoid valve
(161T011, NResearch Inc., NJ, USA) controlled the delivery of
rewards. An Arduino board (Arduino UNO) was used to control
the solenoid valve and linear actuator, and to read signals from
the angular encoder. A custom graphic user interface, written
with MATLAB (2019a, MathWorks, USA), was used to control
task parameters and display task progress. The MATLAB support
package for arduino hardware was used to control the Arduino
board via a MATLAB script. A monochrome camera (PointGrey
BFLY-U3-0352M-CS, Blackfly, Canada) was positioned on the
side of the subject mice for monitoring licking behavior.

4.4 | Stimulus Design

Visual stimuli were generated and presented using MATLAB and
the Psychophysics Toolbox [70]. We employed unconventional
versions of random dot kinematograms (RDKs). Five hundred
dots (1.5° in diameter each) were randomly spawned within a
circular area of 125° diameter on the screen. The dots moved
at a speed of 200 pixels/s. When a dot reached the edge of the
circle, it was repositioned to the diametrically opposite location
of the circle while maintaining its motion direction. Each dot
had a fixed lifetime of 0.5 s, after which it reappeared at a new
random location within the stimulus area while maintaining the
same motion direction. At stimulus onset, dots were initiated with
different lifetimes to ensure a constant rate of dot reappearance
throughout the stimulus presentation. In different trials, dots
moved in either homogeneous or heterogeneous directions. In
heterogeneous RDKs, each dot’s motion direction was randomly
drawn from a uniform distribution within one of three angular
ranges: 90°, 180°, and 270°. The global mean motion direction
of each RDK stimulus was one of eight directions, spaced at 45°
intervals from 22.5° to 337.5°, relative to the rightward horizontal
axis. These stochastic RDKs allowed for systematic variation in
the range of the motion direction distribution while preserving
the global mean motion direction. In homogeneous RDKs, all
dots moved coherently in the same direction, selected from the
same set of eight motion directions.

4.5 | Behavioral Training Procedure

One day before the start of handling, the mice were placed on
a water restriction schedule. After 2-3 days of handling and
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habituation to the head-fixation device, the mice were head-
fixed and trained to spin the decision wheel to receive a water
reward while viewing stationary dot stimuli for three days.
Next, the mice were presented with homogeneous RDKs moving
horizontally either to the left or right, and were trained to turn
the wheel in the corresponding direction to receive a reward. In
the next training phase, the mice learned to categorize four “easy”
directions of homogeneous RDKs (directions close to horizontal
directions, 22.5°,157.5°, 202.5°, and 337.5° relative to the rightward
horizontal direction) into left or right categories. Finally, the
mice were trained to classify eight directions of homogeneous
RDKs into left or right categories. These included the four easy
directions and four additional “hard” directions (closer to the
vertical category boundary, 67.5°, 112.5°, 247.5°, and 292.5° from
the rightward horizontal direction). Mice advanced to the next
training stage once their performance exceeded 80% accuracy
for three consecutive days in the current stage. Note that only
homogeneous RDKs were used throughout the training period.

4.6 | Global Mean Motion Direction
Discrimination Task

After completing the training, the mice performed a task in which
they categorized eight motion directions of both homogeneous
and heterogeneous RDKs, while calcium signals were recorded
from the V1 or PPC. The task was conducted over three recording
sessions on separate days, each using a different range of motion
direction variability: 90°,180°, or 270°. In each session, there were
sixteen trial types, consisting of eight mean motion directions and
two motion direction variances (homogeneous and one of three
heterogeneous ranges). Each session included 160 homogeneous
trials (20 trials per direction) and 160 heterogeneous trials,
presented in random order. After a 2-second interval, the RDK
stimulus was presented. Stimuli remained on the screen for at
least 4 s. During the first 4 s, the wheel brake prevented wheel
movement. After this period, the wheel brake was released,
allowing the mouse to turn the wheel. On each trial, the head-
fixed mouse indicated whether the global mean motion direction
of the RDK fell into the left or right category by turning the wheel
accordingly to receive a water reward.

4.7 | Passive Viewing of Motion Stimuli

In passive-viewing sessions, calcium activity was recorded from
V1 or PPC while mice passively viewed the RDK stimuli. The
stimulus set included the same number of randomly intermixed
homogeneous and heterogeneous trials as in the task sessions.
All experimental conditions were identical to those used in the
task sessions, except that no categorization or behavioral response
was required. Throughout the entire passive-viewing session, the
wheel brake remained engaged, and a water reward was delivered
after the 4-second stimulus presentation on each trial.

4.8 | InVivo Calcium Imaging
We used a Miniscope [33] to image GCaMPéf fluorescence signals

from layer 2/3 neurons in V1 and PPC. Raw grayscale images
(608 x 608 resolution, 3.2 um/pixel, 30 Hz) were acquired

using the Bonsai software package (https://github.com/jonnew/
Bonsai.miniscope). The stimulus onset timestamp for each trial
was recorded in MATLAB, while image frame timestamps from
the Miniscope were recorded in Bonsai. MATLAB and Bonsai
communicated via the UDP protocol, enabling synchronization
between stimulus events and imaging data.

4.9 | Preprocessing of Calcium Imaging Data

To eliminate movement artifacts, raw fluorescence image frames
were motion-corrected using the NoRMCorre algorithm [71]. Flu-
orescence signals from individual neurons were then extracted
using the CNMF-E algorithm [72]. For each neuron, slow baseline
drifts in the fluorescence traces were removed by subtracting the
eighth percentile value within a sliding window of 900 frames.
The resulting traces were then smoothed using a Savitzky-Golay
filter (order 3, frame length 11) to improve the signal-to-noise
ratio. Next, calcium events were detected from the dF/F traces.
To estimate a noise threshold, all negative dF/F values and their
absolute values were concatenated as these represent neural
activity-independent fluctuations. The interquartile range of this
fluctuation was then computed, and the noise threshold was set
at three times the interquartile value. Then, calcium event traces
were generated by retaining dF/F values above this threshold
value and replacing all values below it with zero. Neurons
were excluded from further analysis if the number of negatively
deflected calcium events exceeded 5% of the number of positively
deflected events [73].

4.10 | Behavioral Analysis

Behavioral performance in task sessions was plotted as the
percentage of trials in which the mice turned the wheel to the
“right”, as a function of the mean motion direction. For each
category (left or right), two “easy” trials types (directions far from
the vertical category boundary) and two “hard” trial types (direc-
tions near the boundary) were grouped together, respectively.
To compare behavioral performance between homogeneous and
heterogeneous trials, each mouse’s behavioral performance was
fitted with a cumulative normal distribution function separately
for the two conditions. Curve fitting was performed using the
psignifit toolbox (https://github.com/wichmann-lab/psignifit),
which utilized a maximume-likelihood method and the Weibull
function to model the underlying shape of the psychometric curve
[74]. Threshold was determined as the global motion direction
change required to achieve performance one standard deviation
from the average of the cumulative normal function. The slope
of the psychometric function corresponds to the reciprocal of the
standard deviation (o) of the fitted normal function. All statistical
comparisons between homogeneous and heterogeneous trials
were conducted using the slope (1/0) of the normal curves.

We also calculated d’ as a complementary index of sensitivity,

using the well-established relationship between percent correct
in a 2AFC task and d’ [75]:

d'=V2xZ(p),
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https://github.com/wichmann-lab/psignifit

where p is the proportion of correct responses and Z(-) denotes the
inverse cumulative distribution function of the standard normal
distribution. d’ were calculated for each mouse individually and
analyzed using a linear mixed-effects model, with the interaction
of stimulus type (homogeneous vs. heterogeneous), difficulty of
global motion direction (easy vs. hard), and session (90°,180°, and
270°) as a fixed effect and mouse identity as a random effect:

d’' ~ stimulus type X difficulty x session + (1 |[mouse)

Post hoc analyses were conducted on estimated marginal
means (EMMs) using the R package emmeans, with Tukey’s
multivariate-t adjustment applied for multiple comparisons.
Specifically, we tested the simple effect of condition (hetero —
homo) within each difficulty x session and performed Tukey-
adjusted pairwise comparisons among sessions (90°, 180°, and
270°). With this analysis, we tested, for each session and sep-
arately for the easy- and hard-direction conditions, whether d’
differed significantly between homogeneous and heterogeneous
trials.

4.11 | Mean Motion Direction Selectivity of
Individual Neurons

Direction tuning curves for each neuron were generated by
plotting the mean calcium responses during the 4-second stim-
ulus period across all 20 trials for each mean motion direction.
These responses were plotted against the mean motion directions.
Direction-selective neurons were identified based on two criteria:
the DSI and the slope of the tuning curve. The DSI was calculated
as:

DSI = (Rpre = Rantiprer) /Rprey

where R, is the neuronal response to the preferred direction and
Ransipres is the response to the opposite direction. We calculated
the slope of each neuron’s zero-centered tuning curve by fitting a
linear slope across the direction from —180° to 0° after averaging
neural responses of neuronal tuning curves that were equidistant
from 0 (e.g., +45° and — 45°, +90° and —90°). Neurons were
classified as direction-selective if they had a DSI value greater
than 0.4 [34-36] and a slope value exceeding the 95th percentile
of slope values computed from trial-shuffled datasets.

4.12 | Correlation of Direction-Selective
Responses Between the Homogeneous and
Heterogeneous Conditions

For each direction-selective neuron identified under the homo-
geneous condition, mean neural responses to each of the eight
motion directions were computed separately for the homoge-
neous and heterogeneous trials. These direction-wide neural
response vectors were then concatenated across neurons resulting
in two population-level response arrays—one for each condition.
To assess the similarity of these response patterns, the Pearson
correlation coefficient between these arrays was calculated. The
same analysis was repeated using direction-selective neurons
identified under the heterogeneous condition.

413 | Confusion Matrix of Peak Response
Directions Between the Homogeneous and
Heterogeneous Conditions

For each session type, an 8 by 8 confusion matrix was constructed
using all recorded neurons, including even those not direction-
selective. Rows and columns of the matrix correspond to the eight
motion directions under the homogeneous and heterogeneous
conditions, respectively. Each element in the matrix represents
the proportion of the neurons whose peak directions matched
the corresponding pair of directions in the two conditions. To
assess statistical significance, the observed proportions were
compared against a null distribution generated from 5000 sur-
rogate datasets, in which trial labels were randomly shuffled.
A proportion was considered significant if it exceeded the 95th
percentile of the surrogate distribution. Multiple comparisons
were corrected using the FDR method.

4.14 | Recovering Mean Motion Direction From
Calcium Activity Patterns in V1 and PPC Using
Population Response Curve (PRC)

To infer the mean motion direction from the spatially distributed
pattern of the full calcium signals in V1 and PPC, we used a PRC
[37-39] (Figure S8). The PRC represented the collective activity of
a group of neurons in response to a fixed global motion direction
of RDK. Thus, when the response of each neuron (with different
preferred global motion directions) to a single fixed global motion
direction was plotted, the resulting curve across the population
was the PRC. This was distinct from a population-averaged tuning
curve, which showed how a single neuron responded to varying
global motion directions (Figure S8). The PRC instead fixed the
global motion direction and examined responses across many
neurons with different preferred global motion directions.

For each cell, we determined the tuning curve by averaging the 4 s
post-stimulus signals onset and found its preferred global motion
direction. Subsequently, we constructed the PRC as a function of
global motion direction at each time point as follows: For a given
RDK (the black arrow in Figure S8a), the responses of all cells that
prefer the presented global motion direction were averaged across
those cells and trials (the blue curve in Figure S8a), resulting in
the value of the PRC at the presented global motion direction
(the blue point in Figure S8a). In the same way, the values of
the PRC at other global motion directions were obtained for a
given RDK: the responses of cells that prefer the global motion
direction other than the presented one were averaged across
those cells and trials (the red and the green curves in Figure
S8a), resulting in the value of the PRC at other global motion
directions (the red and green points in Figure S8a). For each of
the eight presented global motion directions, the PRC was zero-
centered relative to the presented global motion direction. This
procedure was repeated for all time points in the stimulus epoch.
Zero-centered PRCs were then separated into homogeneous and
heterogeneous conditions in V1 and PPC.

To summarize the slope of the PRC as a function of time, we
calculated the linear slope of the zero-centered tuning curve
from —180° to 0° at each time point in the epoch [53]. We
averaged the zero-centered PRCs that were equidistant from 0°
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(i.e., +45° and —45°, +90°, and —90°). We then fit a linear slope
across the direction channels from —180° to 0°, separately for
each time point, variance condition, and mouse. PRC slope was
evaluated using one-sample t-tests (against 0). The difference in
PRC slope between homogeneous and heterogeneous conditions
was evaluated using two-sample ¢-tests. In doing so, a zero PRC
slope corresponded to no global motion direction selectivity,
while a higher PRC slope corresponded to greater global motion
direction selectivity. Multiple comparisons across time points
were corrected using non-parametric cluster-based permutation
testing [40] (5000 permutations).

4.15 | Quantification of Neural Perceptual Bias

Neural response bias toward the category center was quantified
as follows. For each stimulus direction, the PRC was averaged
over the 4-second stimulus window. The resulting mean response
curve was then fitted with a wrapped normal distribution, defined
as:

) 6— k2
f@=3 exp <—%>

k=—c0

where u denotes the neuron’s preferred direction (i.e., the peak
of the tuning curve), ¢ is the tuning width, and 6 is the stimulus
direction.

Perceptual bias was defined as the angular difference between
the fitted peak direction (€jyseq peax = #) and the actual presented
stimulus direction (Bgumple):

Perceptual bias = 6114 peak — Osample

A positive bias value indicates a response shifted to the category
center relative to the stimulus direction, while a negative value
indicates a response shifted to the category boundary.

The statistical significance of the bias values was assessed using
one-sample t-tests, with FDR correction applied for multiple
comparisons.

4.16 | Representational Similarity Analysis (RSA)

For each time point, we trained linear discriminant analysis
classifiers on population response patterns across neurons to
discriminate between all possible pairs of global motion direc-
tions of homogeneous and heterogeneous RDKs (16 X 16 pairs
of comparisons in total for each task and passive session).
Trials in each task session were randomly divided into four
independent chunks for the classification analysis. A fourfold
cross-validation procedure was used, with balanced trial numbers
for each condition. To reduce trial-to-trial noise, new synthetic
trials were created by randomly averaging 25% of trials within
each chunk, repeated 500 times per condition. This yielded time-
resolved decoding accuracy for each pair of directions, forming
16 x 16 neural representational dissimilarity matrices (RDMs),
where higher accuracy indicates greater neural dissimilarity.

Three model RDMs were constructed to test hypotheses about
the structure of neural representations: (1) mean motion direction
RDM, based on channel tuning functions for the eight directions;
(2) variance RDM, indicating whether trial pairs shared the same
motion direction variance; and (3) category RDM, indicating
whether trial pairs belonged to the same directional category (left
vs. right). Elements were assigned values from 0 (similar) to 1
(dissimilar) depending on model criteria. For each time point, a
multiple linear regression was performed:

RDM eyron = 60 + 51 X RDM,eqn + 62 X RDM ariance

+ 53 X RDMcalegory

All model RDMs were z-scored prior to regression. Beta coeffi-
cients were estimated per mouse and tested at the group level
using cluster-based permutation tests [40], to identify significant
time windows.

4.17 | MVPASs Separately Tracking Mean,
Variance, and Category Information to Complement
RSA

To address the issue of the collinearity among three model RDMs,
we used time-generalized multivariate pattern analyses to directly
track the emergence of mean motion direction, motion variance,
and category information over time in the calcium signal.

4.18 | Recovering Mean Motion Direction Using
an Inverted Encoding Model (IEM)

To reconstruct the mean motion direction from multivariate
V1 and PPC activities, we used an inverted encoding model
(IEM) [53] where each mean motion direction was represented
using weights from a linear basis set of population tuning
curves. Eight hypothetical channel tuning functions (CTFs)
were centered at eight mean motion directions used in trials,
evenly spaced from 22.5° to 337.5° in steps of 45°. Each basis
function was a half-sinusoidal function raised to the sixth
power.

In each of three task sessions, the multivariate V1 or PPC
activities of all the presented homogeneous RDKs labeled with
their mean motion directions were trained and tested in the
leave-one-trial-out cross-validation fashion. In detail, one trial
was held out as the test set, and the decoder was trained
on the remaining trials using the corresponding labels for the
variable of interest and then used to predict the label of the
held-out trial. This procedure was repeated until every trial had
served as the test set once, and accuracy was computed as the
proportion of correctly classified trials. Importantly, this entire
procedure was performed independently at each time point to
obtain time-resolved decoding performance. The multivariate
V1 or PPC activities of heterogeneous trials were tested with
the IEM weight matrix trained on the homogeneous trials. For
each trial, the CTF was zero-centered relative to the presented
mean motion direction. This procedure was repeated for each
time point in the epoch from —0.5 to 4 s after stimulus onset
before moving to the next iteration. Zero-centered mean motion
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direction-selective tuning functions were separately averaged
across trials for each homogeneous and heterogeneous trials
(Figure S13a,b).

‘We constructed the IEM as:
B, =WC(,

where B;is the training set (number of neurons X training set of
trials) and C,is the hypothetical channel tuning functions (8 mean
motion directions X training set of trials). We then estimated the
weight matrix W(number of neurons X 8 mean motion directions)
by multiplying both sides with the pseudoinverse of C, as in the
ordinary least squares (OLS):

W =B,cr(c.cr)”

Using the estimated weight W and the test set B,(number of
neurons X test set of trials), we estimated the population mean
motion direction response C, (8 directions x test set of trials):

¢, = (WTW) 'WB,

where C, denotes the tuning curve of the test set, W is the weight
matrix, W7 its transpose, and W~ its pseudoinverse. For each
time point in the training set, we applied the estimated weights
to the test set at the same time point, and then zero-centered the
resulting tuning curve C, relative to the labeled mean motion
direction. All eight aligned CTFs were averaged.

To summarize the decoding accuracy, we calculated the linear
slope of the CTFs. We reversed the signs of the mean motion
direction channels 45°, 90°, and 135° to become —45°, —90°, and
—135°, respectively. We then fitted the linear regression with an
intercept across the eight channel responses (i.e., —180°, —135°,
—135°, =90°, —90°, —45°, —45°, and 0°) and obtained the linear
slope of the CTFs. Tuning curve slope was evaluated using one-
sample ¢-tests (against 0). In doing so, a zero tuning curve slope
corresponded to no mean motion direction selectivity, while a
higher tuning curve slope corresponded to greater mean motion
direction selectivity. Multiple comparisons across time points
were corrected using non-parametric cluster-based permutation
testing [40] (5000 permutations).

4.19 | Classifying Motion Variance Using Support
Vector Machine (SVM)

In each of three 90°, 180°, and 270° test sessions, we investigated
if population activity patterns reflected the motion direction
variance by discriminating homogeneous and heterogeneous
trials using an SVM (MATLAB fitcsvm function) in both V1 and
PPC. At each time point, we trained and tested the homoge-
neous versus heterogeneous RDK classifier with leave-one-trial-
out cross-validation (Figure Sl4a,b). We used a non-parametric
cluster-based permutation test [40] using one-sample t-tests to
assess the time points where homogeneous and heterogeneous
trials were significantly discriminated above the chance level of
0.5.

4.20 | Classifying Motion Category Using Support
Vector Machine (SVM)

For homogeneous, 90°-, 180°-, and 270°-heterogeneous trials, we
separately examined if population activity patterns discriminated
the left and the right motion category using an SVM in both V1
and PPC (Figure S15a,b). At each time point of homogeneous
trials, we trained and tested the left versus right classifier with
leave-one-trial-out cross-validation, whereas we tested hetero-
geneous trials with the SVM decoder trained on homogeneous
trials. We used non-parametric cluster-based permutation test
[40] using one-sample t-tests to assess the time points where left
and right motion category trials were significantly discriminated
above the chance level of 0.5.

As significant mean direction encoding accuracy and category
discrimination accuracy appeared in both V1 and PPC (Figures
S13 and S15), we investigated which of the two was dominantly
reflected in each brain area by comparing the decoding accuracy
of within-category mean motion direction and that of between-
category mean motion direction [28]. Specifically, from eight
mean motion directions, we chose four pairs of mean directions
that were 90° apart and discriminated each pair of mean direc-
tions using a binary SVM with repeated stratified fivefold cross-
validation (Figure 6d). Within-category discrimination (WCD)
was performed across the four pairs of mean directions that were
90° apart and stayed within the same category (1 vs. 3, 2 vs.7,
5vs. 7 and 6 vs. 8). Between-category discrimination (BCD) was
performed across the four pairs of mean directions that were
90° apart and crossed the category boundary (1 vs. 7, 2 vs. 8,
3 vs. 5 and 4 vs. 6). We partitioned the entire homogeneous
trials into five folds in a stratified manner so that the class
proportions were preserved as closely as possible within each
fold. In each repetition, we trained the SVM on four folds and
evaluated it on the remaining fold, iterating through all five folds
to complete one fivefold cross-validation cycle. These decoders
trained on homogeneous trials were applied to heterogeneous
trials. To mitigate chance variability arising from a single data
split, we repeated this fivefold procedure 100 times using different
random stratified partitions. Both WCD and BCD accuracies were
calculated separately for homogeneous, 90°-, 180°-, and 270°-
heterogeneous trials. We then averaged the WDC accuracies and
BCD accuracies across four levels of motion variance and used
them to evaluate the difference between WCD and BCD in V1
and PPC (Figure 6e,f). We used a non-parametric cluster-based
permutation test [40] using one-sample -tests to assess the time
points where WCD (blue lines in Figure 6e,f) and BCD accuracies
(red lines in Figure 6e,f) were significantly higher above the
chance level of 0.5. We also used the same non-parametric cluster-
based permutation test [40] using one-sample t-tests to assess the
time points where BCD accuracies were significantly higher than
WCD accuracies (black lines in Figure 6¢,f).

4.21 | Temporal Generalization (TG) Analysis

To assess when each of the mean, variance, and category infor-
mation emerged as well as how stable it was over time, we
implemented temporal generalization (TG) of the IEM and the
binary SVM classifiers. Specifically, at a particular time point ¢,
the IEM weight matrix or SVM classifiers trained at a particular
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time point were generalized to the test set at time ¢'. We iterated
this procedure until the IEM or SVM classifier trained at every
time point was generalized to the calcium signals obtained at
every time point, making a two-dimensional TG matrix of tuning
curve slopes or decoding accuracies (¢ and d in Figures S13-
S15), which showed only TG maps of three heterogeneous trials
tested on IEM or SVM trained on homogeneous trials. Multiple
comparisons across all train-test time point pairs were corrected
using a nonparametric cluster-based permutation test [40] (5000
permutations). Train—test pairs with decoding performance sig-
nificantly above chance (one-sample t-test) were identified as
significant temporal generalization regions.

4.22 | Statistical Analysis

All statistical analyses were performed using MATLAB (R2020a,
MathWorks) and R (version 4.3.3). Data were reported as
mean + standard error of the mean (SEM). The exact sample
size (n) for each analysis is provided in the corresponding figure
legends and supporting tables. Depending on the type of analysis,
we used parametric or non-parametric tests as appropriate,
including t-tests, analysis of variance (ANOVA), linear mixed-
effects models, correlation analyses, and non-parametric cluster-
based permutation tests for time-resolved data. All statistical tests
were explicitly performed as one-sided or two-sided as needed,
and the significance level («) was set to 0.05. Where necessary, p-
values were adjusted for multiple comparisons (Tukey’s multiple
comparison test or FDR correction), and specific details are
described in the corresponding figure legends and supporting
tables. Asterisks indicate statistical significance and are denoted
as follows: n.s., not significant; *p < 0.05; **p < 0.01; ***p < 0.001;
k%D < 0,000
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