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Along-standing debate in neuroscience concerns whether individual neurons are
organized into functionally distinct populations that encode information differently
(categorical representations') and the implications for neural computation.

Here we systematically analysed how cortical neurons encode cognitive, sensory and
movement variables across 43 cortical regions during a complex task (14,000+ units
from the International Brain Laboratory public Brainwide Map dataset*) and studied

how these properties change across the sensory—cognitive cortical hierarchy?.

We found that the structure of the neural code was scale dependent. At the whole-
cortex scale, neural selectivity was categorical and organized across regions ina way
thatreflected their anatomical connectivity. However, within individual regions,
categorical representations were rare and limited to primary sensory areas, and
neuronal responses were instead very diverse. With theoretical arguments and
empirical evidence, we demonstrate that the diversity of neural responses enables
high-dimensional representations and therefore high separability, allowing linear
readouts to separate experimental conditions in many arbitrary ways. Indeed, when
accounting for information thatis actually encoded in each area, all cortical regions
exhibit maximal separability. Our results indicate that cortical circuits prioritize
diversity over categorical structure, supporting acomputational regime geared
towards high-dimensional, highly separable neural representations.

Neural responses are often complex, depend on multiple variables
(mixed selectivity®) and, in cognitive areas, are very diverse and seem-
ingly disorganized®”®. One of the challenges in neuroscienceis finding
meaningful structure in seemingly disorganized data. This structure has
traditionally beeninvestigated in single-neuron responses by looking
foreasily interpretable tuning curves (for example, orientation selectiv-
ityinvisual cortex or place cellsin the hippocampus). When considering
alarge number of neurons, interesting structures are emerging, both
inthe statistics of the responses of individual neurons and at the level
of populationresponses. Here we focused on both types of structure,
how they are related to each other and what computationalimplications
they entail. Consider the neural activity estimated in one particular time
interval, recorded in different experimental conditions (for example, in
response to different sensory stimuli)>*'°: the responses of the different
recorded neurons canbe organizedinto a matrix (Fig.1a) in which each
row represents the responses of aneuronto all of the experimental con-
ditions. This matrix defines two complementary spaces: one spanned
by therows, indexed by condition number, called the conditions space
(Fig.1a (red)), and the other spanned by its columns, indexed by neuron
number, called the neural space (Fig. 1a (blue)).

Inthe conditions space, each point represents the response profile
ofasingle neurontothe experimental conditions. If groups of neurons
respond similarly, they will form clusters (functional groups) in this

space, defining what was previously' called a categorical representation
(Fig.1a). Distinct clusters represent categories of neurons with specific
functional properties. In non-categorical representations, neurons can
exhibit diverse responses whose distributions do not cluster.

Categorical representations have been reportedin the orbitofrontal
cortex of rodents*" and monkeys™, whereas non-categorical repre-
sentations were found in the rodent posterior parietal cortex'and in
reward-sensitive frontostriatal brain areas in monkeys performing
avariety of economic decision-making tasks®. In several other arti-
cles®*7 the authors did not examine whether the representations are
categorical, but the observation of diverse mixed-selectivity neurons
and high-dimensional representations suggests non-categorical repre-
sentations (Discussion). Whether, where and how neural populations
are subdivided into functional clusters is still an open debate>.

In the space spanned by the columns of the matrix, each point rep-
resents the population response to one experimental condition. The
set of distances between all pairs of points defines the geometry of
the neural representations (Fig. 1a). Analysing this geometry has been
shownto provideinsightsinto the brain’s encoding strategies and their
computational implications for learning and flexible behaviour®8,
For example, a high-dimensional neural geometry confers flexibil-
ity to asimple linear readout® 8, as the same representation can sup-
port alarge number of different output functions. High-dimensional
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Position in the cortical hierarchy

Fig.1| Conceptual framework and datastructure. a, The matrix of neural
responses of Nneuronsin Mexperimental conditions canbe analysedin
eitherits row space (conditions space, red) or column space (neural space,
blue). The relative position of conditions in the neural space defines their
representational geometry. If neurons are clustered in the conditions space,
they define what s called a categorical representation'. b, The extent to
whichthese two perspectives arerelated to each otheris unclear, and neural
populations could, in principle, occupy any portion of the clustering-
dimensionality space. Theimage was adapted with permission fromref. 3,
Elsevier.c,Swanson flat map of the 43 cortical regions that we analysed.
Datawere recorded by the IBL consortium (IBL Brainwide Map dataset) using
Neuropixels probes. After selecting neurons in the cortex, we were left with
around 14,000 neurons fromaround 180 recording sessions.d, In the IBL task,

representations also maximize memory capacity'®, whereas low dimen-
sionality is associated with abstract representations and generalization
innovelsituations”*®, How the dimensionality of population activity
in the neural space is related to the clustering of response profiles in
the conditions space is still an open question (Fig. 1b).

Here we systematically analysed the response profiles and the rep-
resentational geometry of 14,000 neurons from 43 cortical regions
(Fig. 1c) in mice performing a decision-making task (IBL public Brain-
wide Map dataset*; Fig. 1d) and related the functional properties of
cortical areas withtheir anatomical properties asreported by the Allen
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miceneed torotate awheel to move a visual stimulus towards the centre of the
screen. The stimulus appears left or right with an 80-20% biased probability
inblocks of trials (bottom), adding prior contextual information to the task.
The diagramwasreproduced fromrefs. 4,50 undera CCBY 4.0 licence.

e, Region-to-region anatomical connectivity inthe cortex; dataare fromref. 5.
The coloured boxes highlight six anatomical modules with dense intramodule
connectivity. f, Cortical hierarchy derived by the anatomical connectivity
matrix of e. The order was derived previously?®, such that source regions (that s,
regions whose connectivity is unbalanced outwards) are mostly placed low, and
targetregions (thatis, regions whose connectivity is unbalanced inwards) are
mostly placed highin the hierarchy. Additional details on how the hierarchy is
computed and definitions of cortical region abbreviations can be foundinref. 5.

Mouse Brain Connectivity Atlas® (Fig. 1¢,f). As neuronal responses
exhibit complex temporal profiles, we applied areduced-rank regres-
sion (RRR) model to characterize both the temporal and selectivity
components of individual neuron response profiles. We found that
the selectivity profiles within individual areas are clustered (that
is, categorical) only in primary sensory areas. When multiple brain
areas are considered, we observe clustering that reflects the brain’s
large-scale organization. The response profiles of neurons in differ-
ent brain regions differ enough that a decoder can determine the
region to which a particular neuron belongs. Finally, we investigated
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the computational implications of the observed representations by
studying the separability of the different experimental conditions,
ameasure of how many different classifications in the activity space
canbesolved by alinear readout®. Brain areas with more diverse neural
responses (less structured) exhibit higher separability.

Our resultsreveal asystematic relationship between clustering and
representational geometry, providing a large-scale perspective on
neural selectivity and population coding across the cortex.

Response profiles of individual neurons

To characterize the response profiles, we used alinear encoding model
and, in particular,aRRR model that predicts the activity of single neu-
ronsinresponsetochangesinasetof variables that characterize each
experimental condition and the behaviour of the mouse (Fig. 2a). The
core component of the RRR encoding model is asmall set of temporal
bases, learned from data and shared across neurons to describe their
time-varying responses (see Extended Data Fig. 1 for a schematic of
the RRRmodeland the Methods for its mathematical formulation and
comparisons with previous regression models***°). Sharing temporal
bases substantially reduces the number of parameters and mitigates
overfitting.

We used this model tofit the response of each neuron to eight varia-
bles that describe the IBL task (Fig. 2a). Mice are shown a visual stimulus
ononeside ofascreenand must rotate awheel to move it towards the
centre. They are rewarded with water if they perform a correct wheel
rotation. Stimuli are either shown on the left or right witha 50-50 bal-
anced probability (50-50 block) or with an 80-20 imbalance (left or
rightblock). In this analysis, we used only trials from unbalanced blocks
toavoid confounding factorsintroduced by changesin neural signals
over time, as the balanced blocks appeared only at the beginning of
each session and units may weaken or drop out over time.

The variables used for the model range from cognitive (block) to
sensory (stimulus side, contrast), motor (wheel velocity, whisking
power, lick) and decision related (choice, outcome). For each trial, we
considered atimewindow of -0.2to 0.8 s relative to the stimulus onset.
In the RRR model, each neuron is associated with a selectivity profile
containing 40 coefficients (8 variables x 5 temporal bases). For each
variable, we can then construct a time-varying coefficient by taking
theweighted sum of the five temporal bases. These coefficients describe
how sensitive the analysed neuron activity is to each variable in trial
time (Fig. 2a). We then summed these coefficients over time to estimate
the total effect on neural responses and obtained a selectivity profile
(Fig.2a; example neurons with large selectivity are shownin Extended
DataFig.2). By normalizing the neuronal responses and input variables
inthe preprocessing steps (Methods), we ensured that the unit-free
coefficients, ﬁ:(t), arenot affected by the neuron’s mean firingrate or
the inherently different scales in different input variables and can be
compared directly across neurons, input variables and time steps.

We first evaluated the predictive performance of our RRR model
and compared it to that of the average firing rate per task condition
(PSTH), finding asignificantimprovement across the whole population
of neurons (RRR: mean R?=0.16; PSTH: mean R*=0.09, P= 0; Fig. 2b, see
also Extended Data Fig. 1g,h for additional benchmarks and Extended
Data Fig. 2a,b for example neuron fits). To prevent our results from
being influenced by neurons that lack selectivity to any variable*?°,
we included only neurons for which the R? exceeded a minimum AR?
threshold relative to a null model that does not incorporate variables
as inputs (Methods; 4,617 neurons passed the threshold). Extended
DataFig. 6 shows that our results are robust to different values of this
threshold.

Previous work has shown that neurons exhibit progressively longer
autocorrelation timescales along the cortical hierarchy defined pre-
viously® from the Allen Institute Mouse Brain Connectivity Atlas? 2,
Using the RRR-predicted responses, we likewise observed a significant

positive correlation between aregion’s hierarchical position and its
averageresponse timescale (Methods and Extended Data Fig. 2d). Our
analysis therefore complements previous work onintrinsic timescales
of spontaneous activity using the IBL dataset.

Selectivity reflects anatomical organization

Consistent with the dataset’s original paper*, we found that many
task-relevant variables are encoded across multiple brain regions.
However, this does not mean that everythingis everywhere and repre-
sented with the same strength. Indeed, we observed that the statistics
ofindividual neurons’ response profiles are distinct enough that we can
guess the region that a neuron belongs to with greater-than-chance
accuracy. Thetime-aggregated response profiles averaged across the
neuronsineachspecificbrainareaare reported in Fig. 2c. We found that
the cosine similarity of the average selectivity profiles for all pairs of
regions is significantly correlated with the region-region anatomical
connectivity reported previously® (Fig. 2d), indicating that anatomically
distant regions have more distinct average response profiles.

We then labelled each neuron’s selectivity profile with its region of
origin and used a cross-validated multiclass decoding approach to
assess whether the region could be decoded. The decoding accuracy
isabove chance both for time-varying selectivity profiles (Fig.2e) and
time-summed selectivity profiles (accuracy, 0.123). Similarly, we suc-
cessfully decoded the anatomical position of individual neurons onthe
larger scale of brain modules (Fig. 2e), as defined in a previous article’,
which proposed these region groupings based on anatomical connec-
tivity and known functional properties. We then considered pairs of
regions and trained a decoder to report whether a neuron belongs to
oneortheother. The decoding performanceinversely correlated with
their anatomical connectivity (Fig. 2f). Note that, in all of these cases,
we decoded the brainregion from the selectivity profiles of individual
neurons. Theresulting decoding accuracyis surprisingly high, given the
diversity of neuronal responses within each area, as discussed below.

Finally, we could observe systematic differences across the cortical
hierarchy in the coding properties of neural populations for input
variables. We performed an analysis to determine how many independ-
ent conditions (M,c) a neural population encodes®. We defined a dis-
crete set of conditions using combinations of four variables, chosen
to span different categories (sensory, motor and cognitive), and so
that each condition was well represented in the behaviour: whisking
motion, block prior, stimulus contrast and stimulus side. Continuous
variables (for example, whisking motion) were binarized to align with
the other binary task variables (for example, block prior). By experi-
mental design, variables like context and stimulus side are highly cor-
relatedinthe biased blocks of trials. Thus, adding additional variables
(such as choice or reward) was impractical due to the limited number
of trials for certain variable combinations (for example, errors in
context-side-matched trials). This choice of variables defines a maxi-
mum number of independent conditions M,{® =16 (Fig. 2g).

We then estimated M,. for each region using aniterative algorithm
based onthe cross-validated decoding performance of alinear classi-
fier trained to distinguish pairs of conditions in a one-versus-one
decoding test and grouping non-decodable conditions under a new
single label. The algorithm iterates this procedure until all labelled
conditions are pairwise decodable (Fig. 2h, Methods and Extended
DataFig.3). The M- varied widely across cortical regions, ranging from
aminimum of M. =5 (SSp-n, the primary somatosensory area, nose)
to Myc= M,¢®™ =16 (MOs, the secondary motor area). The M,cincreased
significantly along the cortical hierarchy (Fig. 2i), therefore encoding
anincreasing number of combinations of task variables. The analyses
of single-cell response profiles and population decoding suggest that
informationisnotencoded equally across cortical regions, but varies
across the hierarchy in a way that reflects the large-scale anatomical
organization of the cortex.
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Fig.2|Large-scale functional organization of the cortex. a, Schematic of
single-neuronselectivity estimation. Alinear encoding model describesa
neuron’stemporal responses as a function of task and behavioural variables.
Selectivity (a) is the sum of coefficients over time. Relevant variables, neural
activity, estimated coefficients and selectivity are shown for an example trial.
b, The goodness of fit (threefold cross-validated R?) of our encoding model
versus computing the PSTH per task condition. Inset: outperformance (AR?).
c, Average (absolute) selectivity profiles for neuronsin the analysed cortical
areas, normalized perinput variable (columns). The triangles mark the top
threeselective areas per variable.d, Correlation between region-to-region
functional similarity (cosine similarity between the average selectivity profiles
inc) and their anatomical connectivity from Fig. le. Each dotis a pair of cortical
areas (Spearman correlation, p = 0.40, P=1.8 x107'°). e, Multiclass decoding
performance of theregion or module labels from the time-varying response
profiles of individual neurons (regions: accuracy = 0.233; null = 0.033 +£ 0.003;
P=0;modules: accuracy = 0.422; null=0.203 + 0.010). Decoding performance

Single regions arerarely categorical

We next focused on the selectivity properties of single neurons within
each area and investigated whether neurons cluster into specialized
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ismeasured as the one-versus-one multiclassaccuracy ofalinear SVM. The
error barsindicate the distribution of decoding performance after random
label shuffling. Module labels are defined as shown in Fig. 1, following ref. 5.

f, Thebinaryregion-to-region decoding performanceisinversely correlated
with theanatomical connectivity (from Fig. 1e) between the two regions
involved (Spearman correlationp=-0.49, P=3.7x10™). g, Schematic of the
independent conditions analysis. Conditions are defined by the largest set of
combinations of motor, sensory and cognitive variables that are well represented
inthe behaviour. Bottom, an example of the number of trials per condition
inasession. h, Two examples of geometries in the neural space with different
numbers of independent conditions (M, =4, left; M, =2, right).i, The number
ofindependent conditions increases along the hierarchy. The shaded areas
ind,fandiindicate the bootstrap 95% confidenceintervals of the fitted
regressionlines. Pvalues for Spearman correlations were computed using
SciPy’stwo-sided test; ***P<0.001, **P<0.01.

subpopulations (categorical selectivity). Our RRR model associates
a time-summed selectivity profile (eight-dimensional selectivity
vector) with each neuron. Thus, a population of neurons within a
region can be visualized as a cloud of points in an eight-dimensional



selectivity space. As ameasure of clustering quality, we used the silhou-
ette score® of clusters identified using k-means. For a given neuron,
thesilhouette score comparesits meandistance to neurons withinthe
same cluster with the distance to the nearest out-of-cluster points.

Figure 3adescribes our pipeline for computing the clustering qual-
ity of a neural population (Methods): first, we used k-means to assign
clustering labels. The k parameter is chosen to maximize the silhouette
score. We then computed the silhouette score for these clusters, which
we call SS,.,. Importantly, across all clustering analyses, we considered
only reproducible clusters, thatis, those not dominated by neurons
fromasingle experimental session. We then compared the silhouette
score observed in the data with a null model sampled from a single
Gaussian distribution (which is unimodal and thus non-clustered by
design), while preserving the original data’s mean, covariance structure
and number of neurons. This nullmodelis crucial for debiasing silhou-
ette scores across varying dimensionalities (Extended Data Fig. 8b)
and was inspired by the one used for the ePAIRS test previously?. By
repeating many null model iterations, we could compare the SS,,
value with a null model distribution of silhouette scores ({SS,,i}). As
ameasure of clustering quality, we used the z-scored deviation of the
datapoint from the null distribution.

We analysed the clustering structure of selectivity profiles in all of
the recorded cortical regions. We included only regions with at least
50 neurons after applying our R* threshold. In Fig. 3b,c we show two
examples of clustering results, for a clustered (VISp, primary visual
area) and a non-clustered region (ACAd, anterior cingulate area, dor-
sal). To visualize the putative k-means clusters, we grouped neurons
by cluster label and sorted them by their individual silhouette scores
(highest at the top). As shown in Fig. 3b, the k-means algorithm clus-
tered VISp neurons based on the block prior (cl, ¢2), whisking power
(c3, c5) and a combination of side, contrast and choice (c4). All of the
other cortical regions are shown in Extended Data Fig. 4a. Visualizing
clusters in this way is often misleading because structured patterns
appear whenever afew variables are more strongly encoded than others
(Fig.3b (middle, cl1and c3)). The presence of highly selective neurons
forthese variables does not necessarily imply that the clusters are well
separated. Thus, we need to compare the silhouette score againstanull
model distribution to measure the clustering quality. For the VISp, the
clusters do have a higher silhouette score than the null model (Fig. 3b
(right)), indicating that neural selectivity is more categorical than a
randomly distributed Gaussian null model. This was not the case for
ACAd, a prefrontal area (Fig. 3c).

When applying this pipeline to all cortical areas, we found that only
a few areas met the statistical threshold for significance (P < 0.05
with Bonferroni correction for multiple comparisons). The VISp
and primary auditory area (AUDp), as well as the upper limb region
of the primary somatosensory cortex (SSp-ul), showed a highly sig-
nificant silhouette score, while the lower limb region (SSp-II) and
the gustatory cortex (GU) sit close to the threshold. To test which
variables contributed to clustering, we removed from the analysis
one variable at a time and measured the drop in silhouette score. As
shown in Extended Data Fig. 4b, the most important variables for
clustering varied across areas and were typically multimodal, span-
ning cognitive, movement and sensory variables (VISp: block, whisk-
ing, contrast and choice; AUDp: reward and whisking; SSp-ul: wheel
and choice).

The clustering quality was significantly higher than that of the
unstructured null model only in early sensory areas (Fig. 3d), sug-
gesting that the single-neuron code becomes more diverse along the
sensory-cognitive hierarchy. This negative trend was consistently found
across several analysis choices such as varying the R? threshold for
neuroninclusion (Extended DataFig. 6b), changing the clustering algo-
rithm (Leiden algorithm®; Extended Data Fig. 6¢), and considering the
specific temporal profiles of the time-varying selectivity coefficients
ontop of the sum across trial time (Extended Data Fig. 6d).

One potential weakness of the RRR-model-based analysis approach
is that it depends on the assumption about the choice of the variables?.
We therefore repeated the clustering analysis using the activity profiles
inthe conditions space, thatis, the space of trial-average firing ratesin
differentexperimental conditions. We used the 16 conditions identified
above for the analysis of independent conditions (Fig. 2g). We quanti-
fied the degree of clustering in the conditions space using a pipeline
inspired by a previous study? (Methods and Extended Data Fig. 5): we
preprocessed the mean firing rates (zscore and dimensionality reduc-
tion), quantified the structural properties of neurons in the resulting
preprocessed conditions space and compared them to a unimodal,
non-clustered null model fitted to the data. Once again, we observed
only afew categorical regions (VISp and AUDp; Extended DataFig. 6f,h),
butno correlation with the hierarchy. Finally, we used ePAIRS? to check
whether there is any additional structure in the selectivity profiles
that our pipeline might not capture: ePAIRS tests for deviations from a
randomly mixed selectivity distribution without explicitly conducting
clustering analysis. ePAIRS also yielded few categorical regions (VISp
and MOs; Extended Data Fig. 6g,i).

Together, theseresults provide evidence that cortical areas arerarely
categorical and that categorical areas are typically positioned at the
lower end of the hierarchy.

Mesoscale clustering in cortical modules

The analyses of response profiles and independent conditions of Fig.2
show that, at a larger scale, the brain is functionally organized. When
considering multiple brain regions together, we therefore expect to
observe more categorical representations, as each region contains
one or more specialized neuronal populations. We applied our clus-
tering pipeline to neural populations pooled across cortical modules
defined previously®: visual, auditory, somatomotor, medial, lateral and
prefrontal (Fig. 1c,e). As we excluded regions that were individually
categorical (VISp, AUDp and SSp-ul), our mesoscale analysis focused on
four modules: somatomotor, medial, lateral and prefrontal. To prevent
over-representation by large regions, we selected the100 best-encoded
neurons fromeach areabefore pooling. The results were qualitatively
similar when we considered all neurons.

This analysis revealed categorical representationsin the somatomo-
tor, medial and lateralmodules (Fig. 3e), whereas the prefrontal module
was not categorical (Fig. 3e). For the variables driving the module-level
clustering, see Extended Data Fig. 7. We next computed the Rand index
(RI), which quantifies the alignment between functional clusters and
arealabels (Methods). For the clustered modules (somatomotor and
medial), the Rl was significantly above chance (Fig. 3f and Extended
DataFig.7), highlighting a partial alignment between clusters found by
ouralgorithmintheselectivity space and anatomically defined regions.
Finally, when we considered the entire cortex, representations were
found to be categorical (Fig. 3e). In this case, nearly all variables con-
tributed to cluster formation, and cluster labels significantly aligned
with module labels (Extended Data Fig. 7b).

This analysis provides evidence that the brain is globally organized
and that functional specialization relates to the anatomical organiza-
tion of the cortex.

Functional implications of neural diversity

Figures 2i and 3d indicate that neural selectivity profiles are highly
diverse, raising the question of what this diversity could be useful for.
High diversity isimportant for achieving high-dimensional represen-
tations in the neural space, which, in turn, enables better separabil-
ity (Fig. 4a). We first define a measure of diversity in neural response
profiles that captures the structure observed in the data (a-diversity).
Using empirical and theoretical arguments, we then link single-neuron
response diversity to the embedding dimensionality of population
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Fig.3|Clustering quality varies along the cortical hierarchy and across
anatomicalscales. a, Schematic of our pipeline to determine whethera
representationis categorical. In categorical representations, neurons
areclustered into multiple groups, resultinginasilhouette score thatis
significantly higher than that of the non-categorical nullmodel (Gaussian
distribution matched to the data, as proposedinrefs.1,2).b,c, Examples of
categorical (b) versus non-categorical (c) areas. Left, selectivity matrix of
individual neurons (neurons are sorted by the clusteringlabels and clusters are
separated by black lines). Colourindicates the selectivity strength. Middle,
selectivity matrix of an example null dataset. Right, datasilhouette score and
itsnulldistribution (bottom) and areduced-dimensionality visualization (top)
obtained using linear discriminant (LD) analysis (points are neurons, and
coloursindicate cluster labels). d, Neuronal selectivity profiles are highly
diverse for most areas, with clustering observed only in primary sensory areas.
The horizontal dashed lineis the threshold of significance (P < 0.05 with
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Silhouette score (z-scored)

Bonferronicorrection). Theshaded areaindicates the bootstrap 95% confidence
interval of the fitted regressionline. e, Clustering quality by pooling neurons
atdifferentscales (purple, whole cortex, z=8.0, P=6 x107'; pink, individual
modules, somatosensory,z=8.56, P=2.4 x10™7; medial, z=7.84, P=8 x10™;
lateral, z=2.32, P=0.04; prefrontal, z= 0.54, not significant; modules were
Bonferronicorrected). The orange bars show the mean clustering quality of
individual regions (grouped dataare fromd).f, Cluster labelsin well-clustered
modules (medial, somatomotor) and across the whole cortex reflect the
underlying anatomical organization. The similarity between anatomical labels
and k-means clusters was quantified using the RI, z-scored against a shuffled
nullmodel; higher z-scored Rl values indicate abetter alignment between
labels. For anatomical labels, neurons pooled within amodule were assigned
arealabels, whereas neurons pooled across the whole cortex were assigned
module labels. Pvalues for Spearman correlations were computed using
SciPy’stwo-sided test.*P<0.05.
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space of regression coefficients. SSp-n exhibits an elongated response profile

representations in the neural space (representation dimensionality).
Finally, we show that neural response diversity is directly related to
the number of dichotomies of conditions that can be decoded by a
cross-validated linear classifier (separability), thereby connecting
the structural properties of single-neuron selectivity to the functional
properties of population-level representations.

Structure in the selectivity space

Theresults of Figs. 2and 3 suggest that neural selectivity is structured
intwo ways (Fig.4b): first, itis uneven as certain task variables are more
strongly represented than others. Thisis revealed both by the diversity
ofthe average linear regression coefficients across areas (Fig. 2c) and by
the changesinthe number of encoded conditions along the hierarchy
(Fig.2i).Second, it can be categorical (Fig.3d), whichis captured by the
silhouette score. The silhouette score quantifies how well neurons clus-
terinfunctionally distinct subpopulations. To account for both forms
of structure (or the lack of it), weintroduce anew measure of diversity,
which we call a-diversity. This is defined as the participationratioin the
space of linear regression coefficients (a; Fig. 2a), determined above
using RRR. The participation ratio quantifies the number of dimensions
spanned by a distribution of points?>?, Diverse responses are maximally
unstructured when their distribution is an isotropic Gaussian. This
distribution spans all dimensions of the a space uniformly, resulting in
ahigh participationratio. Structured selectivity profiles would lead to

p =073, P=0.0012 p =-0.76, P = 0.0011
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dominated by whisking encoding (unevenselectivity), and has alow a-diversity
(~4.0). By contrast, the MOs, a high-hierarchy region, displays amore uniform
and diverse response distribution (a-diversity ~5.8).d, The relationship
between a-diversity and M,c across cortical regions. Higher a-diversity values
were associated with agreater number of independent conditions (Spearman’s
p=0.73,P=0.0012). e, Therelationship between a-diversity and the silhouette
scoreinthea-diversity space. Regions with higher a-diversity showed lower
clustering (Spearman’s p=-0.76, P=0.0011). Theshaded areasind and e
indicate the bootstrap 95% confidence intervals of the fitted regression lines.
Pvalues for Spearman correlations were computed using SciPy’s two-sided
tests.

more correlated responses, alower participationratio and, therefore,
lower a-diversity. Figure 4c shows the distribution of response profiles
for two areas: the SSp-n, alow-hierarchy area, has an elongated distri-
bution across one dominant variable, whisking, resulting in a highly
uneven selectivity distribution and alow a-diversity (a-diversity ~4.0);
whereas the MOs, a high-hierarchy area, shows a highly diverse unstruc-
tured distribution (a-diversity ~ 5.8). Both in simulations (Extended
Data Fig. 8) and in the data a-diversity was directly correlated to the
number ofindependent conditions (Fig.4d) and negatively correlated
with the silhouette score in the a space (Fig. 4e).

Thus, a-diversity provides a unified quantitative measure for char-
acterizing neural selectivity, encompassing categorical and uneven
forms of structure, as well as potentially more complex properties
that fall outside these simplified models.

Diversity enables high dimensionality

High-dimensional representations have been shown tobeimportant for
separability, flexibility and memory capacity. Here we investigate how
structure in single neuron response profiles affects the dimensional-
ity of representational geometries. We consider the representation
dimensionality of aset of neural activity vectors, each representing the
average response of a population of Nneurons to a different condition.
This dimensionality can also be expressed as the participation ratio (the
PR we considered in the previous section refers to a different space,
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Fig.5|Therelationship betweenstructurein neural response profiles

and embedding dimensionality of neural representations. a, Conceptual
illustration of low- versus high-dimensional population geometries. When only
afew eigenvalues dominate the covariance spectrum, the PRis low, indicating
that most variance liesin asmall number of dimensions (left). When eigenvalues
aremoreevenly distributed, PRis high, corresponding to amoreisotropic
geometry (right). b, Example population geometries for two cortical regions
(SSp-n, MOs) projected onto the first three principal components (PCs) of

the space of the a coefficients). We evaluated the PR using both the
full set of M=16 conditions defined in Fig. 2g (PR) and the subset of M,c
independent conditions (PR,c) to account for differences in noise level
and condition discriminability across conditions. The latter was taken
asthe definition of representation dimensionality. This choice does not
qualitatively impact our results (Extended Data Fig. 10). In Fig. 5b, we
showthefirst three principal components of the geometry of the SSp-n
and MOs, already analysed in Fig. 4. The dimensionality is lower in the
low-diversity area SSp-n. There is indeed a relationship between the
a-diversity and dimensionality that was consistently observed across
cortical regions (Fig. 5c).

To understand this relationship, we temporarily shift our focus
from the space of regression coefficients (a space) to the condition
space, defined by the average responses of single neurons to individual
experimental conditions. Although these two spaces are linked in a
non-trivialmanner, structural organizationin oneis typically reflected
inthe other (forexample, the VISpand AUDp are clustered bothin the
aspaceandinthe conditions space; Fig. 3d and Extended Data Fig. 6f).
The crucialintuition behind the relationship between structured selec-
tivity and representation dimensionality is that the points represent-
ing conditions in the neural space (representational geometry) and
the points that are the neurons in the conditions space have the same
dimensionality as they are, respectively, the column and row space
of the same activity matrix (Fig. 1a), and the column and row rank of
amatrix is the same. Starting with this intuition, we can now say more
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the M=16 centroids. The low-hierarchy, low-diversity area, the SSp-n,

exhibits reduced representation dimensionality compared with the MOs.

¢, Representation dimensionality is higher in areas with higher diversity of
response profiles. d, Representation dimensionality increases systematically
alongthecortical hierarchy. The shaded areas indicate the 95% bootstrap
confidenceintervals for the regressionlines. Pvalues for Spearman correlations
were computed using SciPy’s two-sided tests.

about the quantitative relationship between uneven and categorical
selectivity and dimensionality. Uneven selectivity means that certain
conditions are more strongly encoded than others. This translates into
distributionsin the conditions space that are elongated along specific
axes, resulting in areduced participation ratio. In the data, we indeed
observe arelationship between the number of independent conditions
and dimensionality (Extended DataFig. 10).

To gain an intuition about the relationship between categorical
clustering and representation dimensionality, consider a scenario
in which the neural response profiles are organized into k < M small
distinct clusters the centres of which are randomly positioned in the
M-dimensional conditions space (Extended Data Fig. 9a (bottom left)).
Inthelimit of small clusters, all of the neuronsin each cluster are equiva-
lent to a single neuron and the effective number of neurons (that is,
the number of pointsinthe conditions space) is therefore equal to the
number of clusters. When the number of conditions is large enough, the
dimensionality is bounded by the number of points in the space, and
it therefore cannot be larger than the number of clusters (PR = k<M).
Non-categorical representations allow for high-dimensional geom-
etries (Extended Data Fig. 9a (right)). For intermediate scenarios, we
computed analytically the dimensionality in the neural space as afunc-
tion of properties of categorical clusters: their number k, their diversity
6 and the number of conditions M (Methods and Extended Data Fig. 9b).
The formula shows that more categorical representations (smaller )
reduce the dimensionality, predicting aninverse relationship between
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Fig. 6 | Diversity inneural response profilesis predictive of linear
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activity space. Points represent conditionsin the neural space, while clouds
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(M,c=2). Thegeometry in the middle has a maximal number ofindependent
conditions (M,.=4), butstill exhibits low separability (1/3 separable dichotomies)
duetothe collinearity of conditionsin the neural space. The geometry on the
right has the maximum dimensionality (three-dimensional tetrahedron) and
M,¢, and supports maximal separability (3/3 decodable dichotomies). b, The
distribution of cross-validated decoding performance of alinear classifier

silhouette score and representation dimensionality (Extended Data
Fig. 9b), which was observed in the data (Extended Data Fig. 9c). The
theoryalso allows predicting the representation dimensionality from
clustering properties and vice versa (Extended Data Fig. 9d,e).

Asboth categoricaland uneven structure are more presentin sensory
thanin cognitive areas (Figs. 2iand 3d), we expected and we observed
that the representation dimensionality increases along the hierarchy
(Fig. 5d), similar to what was observed in the visual hierarchy®.

Diversity predicts linear separability

We have shown that diversity in selectivity profiles and the dimension-
ality of representational geometry arerelated. Next, we examined the
functionalimplications of this relationship. Several studies have shown
that representations characterized by a high embedding dimension-
ality'® in the neural space are important for cognitive flexibility®”>°
or high memory capacity' as predicted by Cover’s theorem®, which
states that a linear classifier can partition the points (correspond-
ing here to different experimental conditions) into any two arbitrary
groups (dichotomy). Here we define separability as the fraction of
balanced dichotomies (different ways of dividing the conditions into
two equally sized groups) that are linearly separable. A dichotomy is

trained todecode n=200 random balanced dichotomies of the M=16 conditions
definedinFig.2g for the SSp-n (left) and MOs (right). The dashed lines and shaded
areas indicate the 99th percentiles of ashuffled null model for the decoding
performance (Methods). Separability (sep) is defined as the fraction of
dichotomies for which the linear decoding performance exceeds this threshold.
¢, Separability, computed across cortical regions, using the entire set of P=16
conditions from Fig. 2g, is higher for regions with diverse neural responses.

d, Conversely, separability ofindependent conditions (Fig. 2i) is always maximal
(with one exceptioninthe GU area) across all cortical regions. The shaded areas
incindicatesthe 95% bootstrap confidence interval for the regressionline.
Pvalues for Spearman correlations were computed using SciPy’s two-sided
test.NS, notsignificant.

linearly separableif the cross-validated performance of alinear decoder
is larger than that of a null model in which the labels are shuffled. As
we consider a cross-validated performance, trial-by-trial variations
are unlikely to make neural representations separable. In Fig. 6a, we
show three schematic examples of how this notion of separability
applies to different geometries. Each dot corresponds to a condition
in the neural space, and the shaded area represents noise. In the first
geometry (Fig. 6a (left)), only 2 out of 4 conditions are independent.
This low M,c implies a low dimensionality and has a directimpact on
separability: only one-third of the dichotomies are linearly separable.
However, separability can also be low when the number of independ-
ent conditionsis maximal. Thisis the case of the collinear geometry of
Fig.6a (middle),inwhichthe centroidsliealongaline. There are clearly
dichotomies that are not linearly separable (for example, conditions
inthemiddle versus conditions at the borders), resultingin alow sepa-
rability (1/3). Finally, the high-dimensional unstructured tetrahedron
in Fig. 6a (right) has maximal separability (1). Simulations show that
separability increases with dimensionality and saturates when the
dimension is high enough (around M/2; Extended Data Fig. 8f,g). We
also studied average decodability (AD), introduced previously”

shattering dimensionality and defined as the mean cross-validated
decoding performance across all dichotomies (Extended Data Fig.11a).

Nature | www.nature.com | 9



Article

AD similarly increases with the representation dimensionality; how-
ever, in contrast to separability, it does not easily saturate (Extended
DataFig. 8g).

Asdiversity isimportant for dimensionality (see above), we expected
a-diversity, separability and AD to be related. For both uneven and
categorical selectivity structure (synthetic data), high neural diversity
isrelated to high separability (Extended Data Fig. 8e). We next studied
this relationship in real data. In Fig. 6b, we show the distribution of
cross-validated linear decoding performance across dichotomies for
the same two regions of Figs. 4 and 5, the SSp-n and MOs. For each
region, we trained linear SVMs on 200 randomly sampled dichoto-
mies of conditions and measured their cross-validated decoding
performance: MOs achieves systematically higher decoding accu-
racy than SSp-n, resulting in higher separability. We then tested this
relationship across all cortical regions. As predicted, both separa-
bility and AD increased systematically with a-diversity (a-diversity
versus separability (Fig. 6¢); a-diversity versus AD (Extended Data
Fig. 11b)). We next examined how this relationship changes when
dichotomies are defined over independent conditions only, that is,
when the effects of uneven selectivity are minimized. Extended Data
Fig. 8e shows using synthetic data that separability is severely limited
inlow-dimensional geometries, even when all pairs of conditions are
separable (maximum independent conditions). Thus, by focusing on
independent conditions, we canisolate the contribution of geometric
dimensionality to separability. When analysing separability and AD
for independent conditions in the data, we found that these quanti-
ties no longer correlated with a-diversity (Fig. 6d and Extended Data
Fig.11c). Separability was found to be near maximal (=0.95) across
nearly all cortical areas, with the sole exception of the gustatory cor-
tex (Fig. 6d and Extended Data Fig. 11e). Thus, once overlapping con-
ditions are merged, cortical representations are not constrained by
alow-dimensional geometry (Fig. 6a (middle)) but instead occupy
high-dimensional, unstructured spaces that guarantee high separability
(Fig. 6a (right)).

These results show that, although cortical regions differ in the num-
ber of encoded conditions and the degree of clustering, they repre-
sent those conditions with a dimensionality that is sufficiently high
to achieve maximal linear separability.

Discussion

Thebrain has a clear anatomical organization and we observeits reflec-
tionin the organization of individual neurons’ response profiles across
different brain areas (functional organization). However, when one
looks at the neurons within each brain area, only the responses of some
primary sensory areas seem to be organized into functional clusters
(categorical representations). The diversity of responses observed
across brain areas has an important computational role by increas-
ing the embedding dimensionality of representations, which, in turn,
facilitates separability. Finally, all our analyses revealed that several
aspects of the representational geometry and the statistics of the neu-
ral response profiles vary systematically along the cortical hierarchy:
clustering decreases with positioninthe hierarchy, and the representa-
tion dimensionality increases, along with the number of independent
conditions. All of these results show that the structure in the response
profilespaceisrelated to the geometrical structure of the activity space.
Thisrelationship can help usto understand the computational implica-
tions of the neuronal response properties.

Categorical representations

In most individual brain areas, representations are non-categorical,
whereas, when the entire brain is considered, they are categorical. It
isimportantto briefly discuss the meaning of this result: according to
our definition, a representation is categorical if its silhouette score is
significantly different from that of a multivariate Gaussian distribution
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of neural response profiles. Any deviation from the null model distribu-
tion will be considered non-categorical, including distributions which
do not contain well-separated clusters of neurons (for example, the
continuous representations observed previously*). Our definition of
non-categorical encompasses arelatively narrow class of unstructured
distributions. Essentially, the primary structure observed in most indi-
vidual brain areasis that the multivariate distributionis elongated along
specificdirections that differ across brain areas. Some investigators®>*
examined representations that are categorical in adifferent sense: for
them, ‘categorical’ refers to categories of stimuli, not to categories of
response profiles, as we defined them here.

Modularity and cell types

In the brain, there are several different neuronal types®, in particular
for inhibitory neurons®. These different types of neurons are obvi-
ous candidates for potential clusters in the response profile space.
One possible explanation for the lack of clustering in our datais that
the discrete nature of neuronal types is not directly reflected in their
functional organization. Another possibility is that the response pro-
file reflects neuronal types that are not discrete or well separated, as
suggested previously¥, in which the transcriptomic space looks only
partially clustered, with some different neuronal types arranged in
continuous filaments.

Clustering of responses in other species

Arecent article® conducted a systematic analysis of structures in the
space of neuronal response profiles, focusing on the visual and audi-
tory systems of humans (functional magnetic resonance imaging)
and monkeys (electrophysiology). Consistent with our results, when
they examined mesoscale brain structures, they identified privileged
neuronal axes that are preserved across individuals and reflect the
brain’s large-scale organization. Their result is compatible with our
observation in Fig. 3e,f, which shows clear clustering in the case of
mesoscale sensory brain structures. When they repeated the analysis
atamorelocalscale, within category-selective regions of the high-level
visual cortex, they did not find the same structure and reported a dis-
tribution of response profiles comparable to that of our null models.

Measures of separability
Inall of the brain areas that we analysed, the representations are maxi-
mally separable when we consider only the independent conditions.
Inother words, whenall pairs of conditions are separable, then all pos-
sible dichotomies are decodable. This serves as awarning for analysing
neural data: whenindependent conditions are considered, all variables
associated with potential dichotomies can be decoded better than
chance. Consequently, the decodability of a specific variable often
lacks significance, as all other variables are also likely to be decodable.
Separability is just one possible performance measure related to
representation dimensionality. A single number cannot summarize all
oftheimportant aspects of the dependence of performance on geom-
etry, whichinturnis determined by the diversity of neuronal responses.
Thisis why we also previously considered other measures of separabil-
ity: the shattering dimensionality (here called ‘average separability’)
introduced previously® considers not only whether a dichotomy is
linearly decodable, but also the performance with whichitis decodable.
This is important as the chance level for decoding accuracy is often
relatively low, and there is a wide range of accuracies above chance.
This quantity is also clearly related to the diversity of the responses,
bothinsimulations and in the data. A different approach adopted in
another study® considered a dichotomy that was decodable only if
the performance exceeded a high threshold (85%) in the limit of large
N (number of neurons) and p (number of conditions). In this limit, the
exactvalue of the thresholdis actually notimportant, as predicted by
Cover’s theorem (see also the supplementary information of ref. 6).
However, estimating this limit is laborious; we therefore decided to



use adifferentapproach here, given the scale of the data and the higher
noise level compared to monkey recordings.

Note that high-dimensional, unstructured representations are asso-
ciated with maximal separability. However, high separability does not
imply a complete absence of structure. Indeed, representations can
possess the generalization properties of low-dimensional disentangled
representations and still exhibit maximal separability®.

Computational advantages of clustered response profiles
Thebrainis highly organized into functional and anatomical structures
that can be considered to be modules. This large-scale organization
is well known; it has computational implications, and its emergence
can be explained using general computational principles, at least in
the visual system®*, However, within a particular brain area, the pic-
ture is less clear. Two main forms of modularity have been studied in
theory and experiments. The first modularity (explicit) is observed
when eachrelevant variable is represented by a segregated popula-
tion of neurons (module) that forms a cluster in the selectivity space.
This representation is efficient in terms of energy consumption and
the number of required connections, under some assumptions®**2,
Asecond type of modularity (implicit) would have the same geometry
in the activity space as explicit modularity (it is simply rotated) but,
in the response profile space, it is difficult to say whether clustering
would be observed or not.

Both types of modularity have the same computational properties
(enabling us to generalize more easily, learn new structures more rap-
idly** and even enable some form of compositionality, in which the
dynamics of subcircuits can be reused in different tasks**) and have
been characterized in artificial neural networks trained to perform
multiple tasks*** or to operate in different contexts'®*>#¢,

Limitations of our study

Given the computational advantages of modular structures and the
observation of categorical representations in some experiments>"'2,
itis surprising that we observed significant clustering only in a few
sensory areas. One possible explanationis that the assumptions of the
theoretical studies on modularity areincorrect and that the biological
brainoperatesindifferent regimes. For example, the metabolic advan-
tage of modular representation could be too modest compared with
the enormous baseline consumption®.

However, there are other possible explanations. We looked for
clustering using three ways of characterizing the response profile of
each neuron (conditions space, regression coefficients of RRR and
time-averaged regression coefficients), two different algorithms for
finding clusters (k-means and Leiden algorithm) and two statistical
tests (based on silhouette score and ePAIRS). It is possible that other
approaches will reveal some form of clustering or entirely different
interesting structures in the statistics of the response profiles*s. The
response profiles that we considered are based ondiscretized variables
within the conditions space and a specific selection of variables for the
continuous RRR coefficient space. Different assumptions about variable
selection canyield different outcomes. We also did not consider the
statistical properties of spontaneous activity. Recent work shows arela-
tionship between spontaneousactivity patterns and the intra-prefrontal
cortex hierarchy*, whereas our analysis of the response profiles did not
reveal any categorical structure within the prefrontal module.

Finally, the IBL task is relatively simple, and the recorded animals
are trained (often over-trained) to perform a single task. It is possible
thatrepeating our analysis on adataset involving multiple tasks would
reveal more clustering and more specific modular structures. Indeed,
a previous study*® showed that, in RNNs, simple tasks do not require
clusters, whereas complex tasks do. Similar considerations come from
other theoretical studies***. Future studies on multiple complex tasks
will reveal whether the organizational principles we identified are more
general and valid in experiments closer to real-world situations.
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Methods

Data structure

We used the International Brain Laboratory (IBL) public datarelease®.
For each experimental session, we collected time-series data on
task, behaviour and electrophysiological recordings. These were
segmented into trials based on key task events. The task recordings
collected for each trial included information on the block prior as
well as stimulus contrast and location. The behaviour recordings for
each trial comprised the choice made, the outcome/reward received
and the time-varying movement such as wheel movement velocity,
whisker motion energy and licks. Other behavioural variables, such
as paw movement, body motion energy and pupil diameter traces,
could be potentially included. However, we did not include them
because many sessions had missing values. The electrophysiologi-
cal recordings for each trial contained time-varying spike trains of
recorded neurons. All of these recordings can be accessed directly
through the IBL’s open API. The following section describes the steps
for preprocessing these raw data into data matrices for the encoding
model.

Criteria for session inclusion. We iterated over all cortical regions and
downloaded the related sessions. Sessions were included only if all of
thebehaviour recordings (wheel velocity, whisker motion energy and
licks) and electrophysiological data were in place. A maximum of 30
sessions was included per cortical area to encourage amore balanced
coverage. Some analyses required additional inclusion criteria, such
as aminimum number of trials per condition. These analysis-specific
criteria are discussed in the relevant sections below.

Criteria for trial inclusion. All trials from the left or right unbalanced
blocks were included except when the animals did not respond to the
stimulusintime (the first movement time was longer than 0.8 s). Trials
fromthe 50-50 balanced block were excluded from the analysis to avoid
possible time artifacts arising from the fact that all of these trials were
exclusively recorded in the first 90 trials of the session.

Criteria for neuron inclusion. All neurons were included in the down-
loaded data provided that their mean firing rate was higher than 0.5 Hz
and lower than 50 Hz. For the selectivity and geometry analyses, we
included only neurons whose activity was predicted accurately
enough by the RRR model described below (above a minimal thresh-
old of minAR? with respect to a simple model that assumes that the
activity is equal to the average firing rate for all conditions). Unless
specified differently, we used minAR?=0.015. This threshold was
necessary to avoid confounding effects from neurons that do not
encode any relevant variable, including those recorded with a low
signal-to-noiseratio. Although the main results of our article remain
qualitatively the same for a broad range of values of AR? (Extended
Data Fig. 6), itisimportant to avoid the extreme cases (that is, when
no neuron is discarded, or when too few neurons are selected) when
studying whether the representations are categorical or not. Indeed,
asalready noticed previously®, when all neurons are considered, there
istherisk that junk’ neurons with very low selectivity to all variables
are over-represented, leading to a peak in the distribution around
zero selectivity. This distribution would be significantly different
from our null distribution (multivariate Gaussian), but that does not
mean the representation is actually categorical or that there is any
interesting structure in the selectivity distribution. Indeed, in that
previousstudy®, they used as a null distribution the superposition of
two Gaussians: one representing the distribution of the selective
neurons, and the other, peaked around zero selectivity, to describe
thejunk neurons. In our case, we decided to discard the worst neurons
by selecting only cells that have a large enough AR?. Again, the exact
valueis notimportant, but keeping all neurons would lead to an extra

peak around zero selectivity, and a misleading, inflated number of
brain areas that would pass the criterion for being considered cate-
gorical. Again, thisis not areal, interesting structure and, in general,
when performing this kind of analysis, we recommend checking that
the structure revealed by a statistical test is not just due to the over-
representation of junk neurons. Similarly, if only very few neurons
are selected, the centre of the selectivity distribution might be
depleted, leading again to the misleading conclusion that the repre-
sentation s categorical.

RRR encoding model

Inthis section, we describe the RRR model used to analyse the selectivity
profiles of single neurons. We start by describing the input and target
variables of the model, followed by adescription of the modelitselfand
its fitting procedure. Finally, we introduce a few quantities resulting
from the fitted model that are key to the follow-up analysis. The nota-
tion that will be used is summarized in the ‘Notations’ section. The
code forimplementing and fitting the encoding model is available at
GitHub (https://github.com/realwsq/brainwide-RRR-encoding-model).

Input and target variables

Target variables. The target variables (yin equation (1)) were the pre-

processed neuronal responses. The preprocessing steps were applied

as follows:

1. For each trial, we used the spike trains of the time window —-0.2 to
0.8 srelative to stimulus onset, as the first movement time is typically
lessthan 0.8 s (ref. 4). The activity of each neuron was first binned at
0.01s, divided by the size of the time bin and then smoothed with a
Gaussian filter withas.d.of 0.02 s. We tried to apply the linear time
warping technique® so that the stimulus onset time and first move-
ment or response time aligned across trials, but the results did not
differ substantially.

2. Theresulting activity of neuron n, denoted as fr,,, was organized into
amatrix of shape K, x T, where K, is the number of trialsand T=100
isthe number of time steps per trial. K,, depends on n as neurons may
have different numbers of trials if they were recorded in different
sessions.

3. Finally, for each neuron and each time step, we z-scored the activity
fr across trials to obtain the target variable y as follows (Extended
DataFig.1b,c,d):

fir, (K, )11, (0)
AT
Y fr(k, £)
- 2ufifked
. /zk (fr(k, )1, (£))?
\ Kn .

Yk, 0) , where u (t)

and g,(t) (1)

As the squared error between the preprocessed data and model
predictions was used in the loss function for optimizing the model,
the applied normalization prevented biases arising from inherent
differences in activity scales and ensured that the predictions for all
neurons and time steps were optimized equally. Notably, the z-score
transformationis easily invertible, allowing the model’s predictions to
be mappedback to the original units of firing rate, therefore preserving
interpretability (Extended Data Fig. 1b-d).

Examples of the processed neural activity are shown in Extended
DataFig.1b.

Input variables. The input variables (x; Extended Data Fig. 1a) that we
considered canbedividedinto two types: discrete task-based variables
and continuous movement variables. Discrete task-based variables
include task-related features, such asthe block prior, stimulus contrast,
stimulus side, choice and outcome. These are listed below:
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« Block: the prior probability for the stimulus to appear on the left
sideiseither p(left) =0.2 (right block) or p(left) = 0.8 (left block). We
used one input variable to encode the block prior: —1. representing
p(left) =0.2, and +1. representing p(left) = 0.8. As noted above, we
excluded trials from the p(left) = 0.5 unbiased block.

« Contrast: the stimulus contrastis 0%, 6.25%,12.5%,25% or100%. One
variable was used to encode the stimulus contrast: 0, representing 0%
contrast; 1, representing the low contrast (<12.5%); and 4, represent-
ing the high contrast (>12.5%).

« Stimulus: the stimulus location is either on the left side (+1) or the
right side (-1).

« Choice:thechoiceisindicated by the turning of the wheel: clockwise
(+1) or counterclockwise (-1).

« Outcome: the outcome is either a water reward (+1) or negative
feedback (-1).

Asthese valuesare static, all of the timepoints share the same values
(Extended Data Fig. 1a).

Continuous movementvariablesincluded bothinstructed (for exam-
ple, licking and wheel velocity) and uninstructed (for example, whisker
motion energy) movement. These were as follows:

« Wheel: the velocity of the wheel movement (radian per second) per
time bin.

« Whisking: the whisker motion energy per timebinis calculated as the
motion energy for a square of the left/right camera roughly cover-
ing the whisker pad. The maximum value between the left and right
whisker motion energy was used.

« Lick: the number of licks per time bin.

A few preprocessing steps were applied separately to each move-
ment variable:

(1) Foreachtrial, wefirst read out the continuous behaviour of the time
window-0.2to 0.8 srelative to stimulus onset and interpolated into
0.01stime bins.

(2) Then, to account for the activity that was shifted in time, for each
session, we computed the mean time-lagged correlation between
the neuronal activity and the movement traces averaged across
neurons and trials and shifted the movement traces so that the
zero-lagged correlation was maximized.

(3) Last, significant differences were observed in the variance of input
values across trials, both for different input variables and different
time steps. To ensure optimal performance and clarity in interpre-
tation, we z-scored the values for each input variable and time step
acrosstrialsinthe same way asinequation (1). The reasoning behind
this normalization step is twofold. From a performance perspective,
as an extra regularization term was incorporated to penalize the
high-value coefficients, the scales of the coefficients and, therefore,
the scales of the input values should be comparable for the regu-
larization to work properly. Fromaninterpretability standpoint, the
inherent differences in scales must be carefully addressed to enable
the comparison of coefficients across input variables and time steps.

Examples of the resulting input variables are shown in Extended
Data Fig. 1a.

The model formulation

Linear encoding model. For each neuron n, we describe its temporal
responses asalinear, time-dependent combination of input variables
(avisualillustration is shown in Fig. 2a and Extended Data Fig. 1):

k=3 k,t)=3 Bl(Ox"(k, 1), Yk t,n, )

where
* ¥.(k,t) is the preprocessed neuronal activity of the trial k e {1, ..., K ;}
andtimesteptedl,..., T}.

* 3,(k, t)is the corresponding model prediction, given by the value of
the equation on the right side.

« vrepresentstherelevantinput variablesincludedin the model. x*(k,t)
is the preprocessed value of the input variable v for the trial k and
timestept.

. ﬁn"(t) isthe effect size of the input variable vat time step ¢. It is further
referred to as the regression coefficient.

Low-rank coefficient matrix. The time-varying coefficients B, € R’
are the weighted sum of a set of temporal basis vectors shared across
all of the neurons and input variables, that is

|3Z =UJV, Vn,v. 3)

Here, UY, € R%is the neuron nandinput variable v-dependent loading
of temporal basis vectorsV € R¥*T, Specifically, we considered sharing
asingle set of temporal basis vectors across all of the neurons from all
of the brain regions and across all of the input variables. We verified
that this restriction did not compromise the goodness-of-fit. The rank
dis generally a value much smaller than the number of time steps T.
See Extended Data Fig. 1e for an example decomposition. Sharing the
temporalbases across neurons and input variables significantly reduces
the number of parameters (Extended DataFig. 1f). Let Nbe the number
of neurons, Tbe the number of time steps and |v| be the number of
input variables. An unconstrained full-rank coefficient matrix uses
Nx|v| x T parameters, while a reduced-rank coefficient matrix of the
same shape only needs N x |v| xd + d x T parameters. AsNand T are
typically much larger than d, the reduction in parameters is on the
order of 7, thatis, around 100-fold.

Comparison to previous regression models

Well-established linear encoding models include generalized linear
model (GLM)** and kernel regression model*°. Below, we first describe
these twomodels and then discuss how they compare to our RRR model.
GLMis expressed as

Yk, )=y (k,t)=3 Y Bt (k,t~t'), Yk, t,n, 4)
vt

where theinputfilter vector, [52, composed of ﬁ:(t’) over aneighbour-
ing time window, is factorized as

B, =UK’, Vn,v. Q)

Here, K’ represents pre-specified temporal basis vectors, which are
not trained. Adapted froma previous study* (here we considered neural
responses over a different time window from* and an enriched set of
behaviour movements), we used the same set of raised cosine ‘bump’
functionsinlogspace for Extended Data Fig. 1h. The kernel regression
model uses the same linear formulation as the GLM (equation (4)).
However, instead of relying on pre-defined temporal basis vectors, it
allows these vectors to be trainable:

B, =UV", Vn,u. (6)

Both the kernel regression model and our RRR model fall into the
category of RRRmodels. The primary distinction lies in the set of input
features used by each approach.

In our RRR model, the influence of input variables on neural
responses, ﬁ:(t) canvary over time. By contrast, both the GLM and the
kernel regression model assume that the influenceis time-independent.
Therefore, for example, whether the mouse response time is early or
late makes no difference and will modulate the neural responses the
same way. Instead, these models provide a more descriptive account
ofinput effects by allowing neural responses to depend oninputs from



neighbouring time steps. While this feature is absent in our current
RRRmodel (equation (2)), it could beincorporated in future extensions.
A performance comparison is shown in Extended Data Fig. 1h.

Estimation of the parameters

The parameters of the RRR model include a shared temporal bases
matrix Vofsized x Tand loading vectors U}, of length d for eachinput
variable vand neuronn. The approach we adopted to fit the parameters
was to minimize the ridge-penalized mean square loss:

LV, U%, )= [Z Y 0,05, (k)2 +AY Y ﬁ,,”(t)zj. @)
k t vt

n

Minimizing this particular loss function is straightforward as a
closed-form solution exists®. In practice, we chose to use the L-BFGS
optimization algorithm to compute the optimum.

Moreover, to optimize the model hyperparameters, namely the
rank d and the regularization penalty A, we implemented a threefold
cross-validation technique acrosstrials. First, the dataset was stratified
based on a composite target label that included the block prior and
stimulus contrast to ensure that each fold was representative of the
entire dataset. Then, for each combination of dand A, the dataset was
partitioned into three subsets by trials, using each subset in turn for
testing the model while the remaining data served as the training set.
Finally, the combination of dand A thatyielded the lowest average test
error across all folds was selected. d = 5 turned out to be the optimal
number of temporal bases.

Estimating the goodness of fit

We used the threefold cross-validated R*to measure the goodness-of-
fit of single-trial predictions. For each session’s data, we randomly sam-
pled one-third of the trials as the test set held out during training. Once
the model was trained—using the remaining two-thirds of trials—we
computed the R between the model predictions ﬁn(k, t) ((ﬁ,,(k, t)is
calculated by inversing the z-score transformation applied in the pre-
processing step ﬂ,,(k, t)=0,(6)y,(k, t) + u, (t); Extended DataFig. 1b-d)
and theactual neuronal activity fr,(k,t) inthe test set. We repeated the
whole split-train-test process three times and computed the mean of
the three cross-validated R? as the measure of goodness-of-fit.

Null model and selectively modulated neurons. Conceptually, we
distinguish two types of task modulation: the selective modulation
andthe non-selective modulation. Selective modulation, captured by
.k, 0) = Z,,ﬁ:(t)x”(k, t) isinduced by the input variables and varied
trial by trial. Non-selective modulation, captured by the mean time-
. kfralk, £) .

varying response y, (t)= =%, s locked to the key events of
the trial (stimulus onset in this case) and does not vary trial by trial.
Bothtypes have animportant role in modulating neuronal responses.
See Extended Data Fig. 2b for example selectively modulated (left) and
non-selectively modulated (right) neurons. In this work, we focus
mostly on the neuronal responses selectively modulated by the task.
Todistinguish the variation explained by the selective modulation from
the non-selective modulation, we use the trial-average estimate as the
null model that does not consider any effect of the input variables:

yMk,0)=0, Vk,t,n. (8)
The outperformance, AR? defined as:
AR?*(model) = R*(model)-R?(null), 9)

captures the overall selective modulation of all of the input variables
combined.

Only selectively modulated neurons, identified as AR*(RRR) > 0.015
(Extended DataFig.1g), are included in the further analysis.

Computing the selectivity profiles of single neurons to the input
variable
To compute the selectivity profiles of single neurons to the individual
variables, we used the estimated coefficient ﬁ:(t). For the clustering
analysis of Fig. 3 and Extended Data Fig. 6, we took the sum of the coef-
ficients across time as ameasure of the total selectivity of neuronnto
input variable v.
a;=2 B, (® (10)
t

Note that by normalizing the neuronal responses and input variables
inthe preprocessing steps, we ensured that the unit-free coefficients
/i:(t) are not affected by the neuron’s mean firing rate or the inherently
different scales in different input variables and can be compared
directly across neurons, input variables and time steps. Thus, ﬁ:(t) can
beinterpreted asthe expected change in normalized neuronal activity
y.perones.d.changeintheinputvariablex’attimet, and a, canthere-
fore be thought as the expected total change across the whole trial.

Theselectivity a! captures whetherindividual neuronsare selectively
modulated by the given variable v or not (examples of strongly selective
neurons are shown in Extended Data Fig. 2c). In the selectivity analysis
(Fig.2e,f), when the goal is to estimate the absolute modulation of an
input variable, & is calculated as ! = Zt|ﬂn“(t)|.

Computing the autocorrelation timescale of neural responses
to task and behaviour variables
Given amatrix of single-neuron responses to task and behaviour vari-
ables y € R“*" with K being the number of trials and T the number of
time steps per trial, we can compute the corresponding autocorrelation
timescale.

To compute the timescale, we first calculate the time-lagged unnor-
malized autocorrelation sequence

Xk 2,k 03, (k, e+ i) i
- - s

cp(i)

We then linearly interpolate the autocorrelation sequence so that
c,(i) is spaced at 1 ms resolution (original 10 ms). The timescale 7, is
approximated by the time the sequence first reaches half its peak value
(thatis, c,(0)). The timescale of brain area a is further determined by
averaging the values over all of the selectively modulated neurons
within this area.

We observed asignificant correlation between a region’s hierarchi-
cal position and its estimated autocorrelation timescale (Extended
DataFig. 2d).

Notations
« Indices:

* n,N:index and number of neurons (n€{l, ..., N}).

* k, K:index and number of'trials (k {1, ..., K}).

« t, T:index and number of time steps (¢ €11, ..., T}).

« v,|vl:index and number of input variables (v € {block prior, stimulus
contrast, stimulus side, choice, outcome, wheel velocity, whisker
motion energy, lick}).

« i,d:index and rank of the RRRmodel (i€ ], ..., d}).

* RRRmodel

. [}:(t) :regression coefficient (arbitrary units (a.u.)) of neuronn,
inputvariablevattimestep t.

-Ule R% neuron nand input variable v-dependent loading of tem-
poral basis vectors (a.u.).

« Ve R”T: temporal basis vectors (a.u.).

* Random variables:

« x’(k,t): preprocessed value (a.u.) of input variable v, trial k at time

step t.
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* y,(k,t): preprocessed neuronal response (a.u.) of neuron n, trial k
attimestept.

* 3,(k, t):model prediction of preprocessed neuronal response (a.u.)
of neuron n, trial kat time step ¢.

« fr,(k, t): smoothed, binned firing rate (Hz) of neuron n, trial k at
timestept.

. ﬁn(k, t): model prediction of smoothed, binned firing rate (Hz) of
neuron n, trial k at time step ¢.

* 1,(t): mean of smoothed, binned firing rate (Hz) of neuronnattime
step t.

* g,(t): s.d. of smoothed, binned firing rate (Hz) of neuron n at time
step t.

Clustering analysis
To test for the presence of functional clusters, we followed the steps
explained below. The required inputs include each relevant neuron’s
response profile and original session ID. Two types of response profile
can be considered: the estimated selectivity to individual input vari-
ables (equation (10), referred to as clustering analysis in the variable
selectivity space, used in Fig. 3 and Extended Data Fig. 6) or the average
response in each experimental condition (referred to as clustering
analysis in the conditions space, used in Extended Data Fig. 6). Per-
forming clustering analysis in the selectivity space arguably has a few
advantages: (1) It reduces the dimensionality in an interpretable and
informed way. If we have |v| variables, then there are at least 2" condi-
tions, assuming all of the variables are discrete and have more than one
different value. (2) It mitigates the issue of unbalanced or even missing
conditions. (3) It reduces the noise in the estimation of the response pro-
file. AsshowninFig.2band Extended DataFig.2, neural responses are
very noisy, and simple averaging may be non-satisfactory. By contrast,
the selectivity estimated from the encoding model provides a more
reliable account of the task-driven variance in the neural responses.
The code for the clustering analysis is available at GitHub (https://
github.com/realwsq/clustering-analysis).

Clustering analysis in the variable selectivity space. We summarize
our clustering pipeline as follows (a schematic is shown in Fig. 3a).
(1) Check whether there are more than 50 neurons and only conti-
nue if so. (2) Given the selectivity profile of each neuron, run the
k-means clustering algorithm (with 100 random initializations) with
the number of clusters k varied from3t020. (3) Then, select the optimal
clustering result by maximizing the silhouette score. The silhouette
score is defined as <%>i where i is the index of the neuron,
a;= \c,% Yjec, iz d(i,)) 1s the mean Euclidean distance intracluster
andb; = min#,lle‘ 2jec, d(i,j) istheminimum Euclidean distance out-

side cluster (Fig. 3a). (4) Iterate over the resulting clusters and check
whether there is a cluster whose total silhouette score summed over
all neurons is mainly contributed by neurons from one single session
(>90%).If so, remove neurons from that cluster and session, and repeat
steps 1-4. (5) Sample the same number of datapoints from the Gauss-
ian distribution with the mean and covariance matrix matched to the
datavalues and compute the sampled data’s null silhouette score acc-
ording to steps 2 and 3. (6) Repeat step 5100 times and pool the null
silhouette scores to form the null distribution. Finally, compute the
zscoreof the datasilhouette score with respect to the null distribution.

Clustering analysis in the conditions space. When clustering in the
space of mean firing rate, two additional preprocessing steps are requ-
ired. First, we normalized each neuron’s mean firing rates separately
across conditions to prevent clustering driven solely by overall firing
rate differences between neurons. Second, as the number of condi-
tions and the dimensionality of the activity profileis high, we reduced
the dimensionality using principal component analysis. Moreover,
we modified the null model by replacing the multivariate Gaussian

distribution with amultivariate log-normal distribution to better cap-
ture the lower-bounded and heavy-tailed nature of mean firing rates.
Neurons with zero activity were excluded from this analysis.

The clustering analysis in the conditions space follows these steps
(aschematicis shownin Extended DataFig.5): (1) check whether there
aremore than40 neurons and only continueif so. (2) z-Score the mean
firing rates for each neuron. (3) Reduce the dimensionality using prin-
cipal component analysis, retaining components that capture 90% of
thetotal variance. (4) Run the k-means clustering algorithm (with 100
randominitializations), varying the number of clusters kfrom 3 t0 20.
(5) Select the optimal clustering result by maximizing the silhouette
score. (6) Iterate over the resulting clusters and check whether there
is a cluster whose total silhouette score summed over all neurons is
mainly contributed by neurons from one single session (>90%). If so,
remove neurons from that cluster and session, and repeat steps 1-5.
(7) Sample the same number of datapoints from the multivariate
log-normal distribution with the mean and covariance matrix matched
tothelogdatavalues, then compute the sampled data’s null silhouette
score following steps 2-5. (8) Repeat step 7100 times and pool the null
silhouette scores to form the null distribution. Finally, compute the
zscore of the datasilhouette score with respect to the null distribution.

Measuring the similarity between cluster and area labels. The
similarity between functional clusters and anatomical arealabels was
quantified using the RI, which measures the agreement between two
labellings of the same dataset. For each pair of neurons, agreement
occursifbothareassignedto the same clusterinboth labellings, or to
different clustersinboth. The Rlis defined as the fraction of agreeing
pairs among all possible pairs. To assess statistical significance, we
computed a z-scored Rl by comparing the observed Rl to a null dis-
tribution obtained from 10,000 random shufflings of the area labels.
Asignificantly elevated z-scored Rlindicates that functional clustering
aligns closely with anatomical organization. To avoid biases towards
areas or modules with larger neuron numbers, we considered the 100
best-encoded neurons from each module or area in the analysis of
Fig.3e,fand Extended Data Fig.7.

Modified ePAIRS test

Given the average responses of single neurons in each experimental
condition, we performed the ePAIRS test as follows (a schematic is
shown in Extended Data Fig. 5): (1) z-score the mean firing rates for
each neuron. (2) Reduce the dimensionality using principal component
analysis, retaining components that capture 90% of the total variance.
(3) Calculate the cosine distance toits nearest neighbour for each neu-
ron. (4) Calculate the empirical median of these nearest-neighbour
distances as the aggregated nearest-neighbour angle. (5) Sample the
same number of datapoints from the multivariate log-normal distri-
bution with the mean and covariance matrix matched to the log data
values, then compute the null nearest-neighbour angle of the sampled
dataaccording to steps1-4. (6) Repeat step 55,000 times and pool the
null nearest-neighbour angles to form the null distribution. Finally, the
z-score of the data aggregated nearest-neighbour angle with respect
to the null distribution is computed.

a-Diversity

To measure a-diversity, we took the participation ratio of the N x V
matrix of a coefficients resulting from the RRR analysis described
above. The PR quantifies the effective dimensionality of a set of data-
points by measuring how evenly the varianceis distributed across the
eigenvalues of its principal component analysis decomposition?. The
PRis defined as:

(11
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where /; is the jth eigenvalue of the N x N covariance matrix. A higher
PR indicates that the variance is more evenly spread across multiple
dimensions, suggesting a higher effective dimensionality of the cloud
of pointsinthe high-dimensional space. Conversely, alower PRimplies
that the variance is concentrated in fewer dimensions, indicating a
lower effective dimensionality.

The number of neurons in individual areas was soft-equalized by
taking arandom subsample of N, =120 neurons when N> N,,. In these
cases, the participation ratio was computed over 100 random subsets,
and the average was taken as the value of a-diversity.

Analysis of population representations
Data preparation. For the analysis of population neural representa-
tions, we used the same sessions as described above. For each trial
withinasession, we therefore have a collection of N-dimensional popu-
lation activity vectors X, where k € {1, P} is the trial index within the
session, and t € {1, T} is the time-bin index within each trial. For the
analysis below, we used data from 0 to 1,000 ms after the stimulus
onset to capture a variety of sensory and behavioural variables. We
thenlabelled each time bin according to the value of four binarized
cognitive, sensory and movement variables:

« Block: left (20-80) versus right (80-20) prior block.

« Contrast: we binarized the contrast into low (0-0.125) versus high
(0.25-1.0) values.

« Stimulus: left versus right side of the screen.

» Whisking: we binarized the whisking power using the distribution of
whisking power values within each session. Time bins in which the
mouse was whisking with a power larger than the 50th percentile
across the distribution were annotated as high, while those below
the 50th percentile were annotated as low.

These variables were chosen so that they span movement, cognitive
and sensory variables while ensuring that all of the M =16 conditions
(combinations of the four variables) were well represented in the data.
For example, we could not add Choice as a variable as mice are over-
trained inthe task and, asa consequence, make very few mistakes when
block and stimulus are aligned (for example, choose ‘left’ when the
block and the stimulus are both ‘right’).

For each condition c € {1, M} (for example, whisking = high, con-
trast = low, stimulus = left, block = right), we first identified those trials
in which that specific combination of variables was present. We then
defined a collection of ‘conditioned trial’ population activity vectors
{f“<} as the mean firing rate of the population of neurons conditioned
to the specific conditionineach trial. Given atrial kand aneuronindex
i, the mean firing rate was computed as

Zt 6t,k(c)fit,k
zr 6t'k(c)

whereiindicates the neuronindex and §*(c) =1if the timebin ¢in trial
k corresponds to the condition ¢,and O otherwise. These conditioned
trial population vectors are the data samples that will be used for the
dimensionality and decoding analyses below. Across all analyses, we
considered only those recording sessions in which each condition was
presentin at least M, =5 trials.

f;k'c _ (12)

Representation dimensionality
To estimate the representation dimensionality of a neural geometry,
we computed the PR of the centroids f. of the M conditions, defined
asthe average activity pattern across all trials of the same condition:
fC=<f*>,, 13)
To compute the PR for the set of centroids, we first calculated their
covariance matrix, normalizing each neuron’s meanactivity vector by

subtracting from each fl.C the mean across conditions ¢ and dividing
them by their s.d. We then performed principal component analysis
on this covariance matrix to obtain its eigenvalues, A;.

The number of neurons in individual areas was soft-equalized by
taking arandom subsample of N, =120 neurons when N> N,. In these
cases, the participation ratio was computed over 100 random subsets,
andtheaverage was taken as the value of representation dimensional-
ity. The PR was computed on the set of centroids to highlight signal
dimensions and prevent noise from dominating the measure. When
computed across all trial vectors (without condition averaging), the
PR ranged from 10 to 350 and was highly correlated with that of the
centroids (Spearman Correlation coefficient = 0.86).

Cross-validated decoding

We used Decodanda®® (www.github.com/Iposani/decodanda) to per-
form a cross-validated, class-balanced decoding analysis of different
combination of condition labels from the neural activity within indi-
vidual trials (condition trial vectors f). See the individual sections
below for additional details on the data input structure of our decod-
ing analyses. As a decoder, we used a scikit-learn SVM classifier with
linear kernel**. To ensure that results were comparable across regions,
which might have adifferent number of recorded neurons, we created
apseudopopulation by resampling all of the recorded neurons within
each region to afixed number N=4,000. Similarly, we resampled the
same number of pseudopopulation for each analysis (T=100 patterns
per condition). Note that simultaneously recorded neurons were always
kepttogether during resampling to keep the noise correlationsintact
within the pseudopopulation®. All cross-validated decoding analyses
were performed using the following Decodanda parameters: train-
ing_fraction = 0.8, cross_validations =100, ndata=100.

Finding the independent conditions

Tofind the number of independent conditions encodedin the activity of

apopulation of neurons, we developed aniterative algorithm based on

linear decoding. The algorithm followed the steps below, and is shown

inaction on one example region in Extended Data Fig. 3.

(1) First, we performed a decoding analysis of the condition label cfrom
trial population vectors f*“ using a set of binary linear classifiers.
For each pair of conditions (c;, ¢;), we estimated a cross-validated dec-
oding performance @(c; ¢;), resulting in aninitial M x M condition-
condition decoding matrix (C,; Extended Data Fig. 3) defined as
Coi) =p(c, c)).

(2) We then chose adecoding threshold ¢_. = 0.666; the pairs of con-
ditions whose one-versus-one decoding performance was smaller
than ¢ . were defined as dependent. Using this threshold, we
defined a binary dependency matrix D defined as D,(i,j) = 1if
o(c, ¢) <@, and Co(i,)) = 0 otherwise.

(3) We then used the Bron-Kerbosch algorithm® to find all of the
cliques, that is, subgroups of fully connected nodes, in the undi-
rected graph defined by the dependency matrix D,. This process
enables us to identify whether there are groups of conditions that
are allnon-decodable from each other (dark squares in the sorted
matrix in Extended Data Fig. 3).

(4) We next identified the largest clique and grouped together all of
the trials of the conditions within that group into a new, merged
condition (see the arrows and ‘merge’ conditionsin Extended Data
Fig.3).

(5) We repeated steps 1 and 2 with the new reduced set of conditions,
yielding a new C,and a new D, matrix of a different size M,, where ¢
denotes theiteration step.

(6) We then repeated steps 3 and 4, and iterated the whole process
(1-4) until all of the merged and remaining conditions were found
tobeindependent, thatis, the dependency matrix D; was diagonal.
The number ofindependent conditions was then defined as the size
of the final dependency matrix: Mic: = M;.


https://www.github.com/lposani/decodanda

Article

Separability and AD

Separability quantifies how many random dichotomies (equally sized

groups) of experimental conditions can be decoded from neural activity

using cross-validated linear classifiers. To estimate the separability of
aneural population, we performed the following steps:

1. First, werandomly divided the set of Mor M,cindependent conditions
into two equally sized groups (dichotomy).

2. Giventhe dichotomy d, we then measured the cross-validated decod-
ing performance ¢, of a linear classifier trained to report whether
individual condition trial vectors f** belonged to conditions within
oneortheother dichotomy groups. This decoding analysis was per-
formed as describedinthe ‘Cross-validated decoding’ sectionabove,
resampling a fixed large number of neurons (N=4,000) and a fixed
number of trials (T=100) per condition for all regions to ensure that
performances could be compared across regions.

3. Therandom dichotomy assignment and decoding (steps1and 2) was
thenrepeatedn=200 timesto obtainaset of decoding performances
{o4.

4. Thedecoding analysis was then repeated n=200 times with shuffled
condition labels across the population vectors to obtain a distribu-
tion of null decoding performance values {p™"}.

5. Separability was then defined as the fraction of decodable dichoto-
mies, thatis, the fraction of ¢ larger thanthe 99 percentile of the null
population {p™"}. AD was defined as the mean decoding performance
across then=200 random dichotomies.

The distributions of decoding performances for all of the analysed
regions are shown in Extended Data Fig. 11.

Synthetic data

Modelling uneven and categorical selectivity. We generated syn-
thetic population responses for N neurons to all 2" configurations of
Vbinary variablesx,€{-1,1}. Each neuron’s response combined linear
and quadratic selectivity,

%4
FGE)=Y ay %,y Y B, XX tE, 14)

v=1 u<v

wherey controls the strength of non-linear interactions and ¢;~ AV(0, 0)
introducestrial-to-trial variability. For each condition X, we generated
Tindependent trials and used the data in the decoding analyses as
performed for real spiking data.

Sampling the selectivity structure. The coefficients (a;, B;..)
were sampled in a feature space of dimension D=V + (Vz_ D which
groupsalllinear and quadratic features on an equal footing. To gener-
ate either categorical or uneven selectivity, we first drew k cluster cen-
troidsinthe D-dimensional feature space and repeated each centroid
ky=N/ktimes, yielding N prototype vectors. These prototypes define
the coarse structure of selectivity across neurons. To modulate
within-cluster diversity, each prototype was perturbed by an additive

diversity vector

6,=04 6,6~ MO, ),

where g, =-log(c) is set by a categorical specialization parameter
ce(0,1) (thisis thexaxisin Extended Data Fig. 8b). Larger c produces
more tightly clustered selectivity (strong categorical structure),
whereas smaller cyields more dispersed coefficients. To model uneven
selectivity, weintroduced anisotropy across the D feature dimensions
by using k=1 (no clustering) and scaling the diversity terms by a geo-
metric decay profile:

0;=04 log-r)’"j=1,...,D,

where r € (0, 1) is the global specialization parameter. When r <« 1, all
dimensions contribute equally; whenr=1, variance is concentrated in
alow-dimensional subspace, producing a strongly uneven selectivity
spectrum. The final coefficients, including categorical and/or uneven
structure, were

(a;, B) = centroid; + 00,

with the quadratic coefficients additionally scaled by y to control
non-linearity.

Trial generation. For each of the 2" binary stimuli, we computed £ )
through the linear-quadratic form above, and generated T noisy sam-
ples per condition,

5,8) =f X) +€,, €.~ MO, 0).

This procedure ensures that trial variability is independent across
neurons and conditions, and that all structure in the population code
arises exclusively from the geometry of the sampled coefficients.

Parameterizing categorical and uneven specialization. The two
specialization parameters (c, r) therefore independently control: the
categorical structure of selectivity (thenumber and separation of clus-
ters, through cand k); and the unevenness of selectivity across feature
dimensions (anisotropy of coefficient variances, throughr).

By sweeping either c (categorical specialization) or r (global spe-
cialization) while keeping the other fixed, we isolated the effects of
clustered versus unevenselectivity on representational dimensionality,
separability and independent condition structure. For the analysesin
Extended Data Fig. 8, we used N=100 neurons, V=3 variables (for a
total of P=8 conditions), T=20 samples per condition and y=0.25.

Exploring the relationship between dimensionality and separabil-
ity. To analyse how separability changes with the dimensionality of
thegeometryinthe activity space, we performed aseries of synthetic
explorations shown in Extended Data Fig. 8. In these simulations,
Pcentroids are randomly sampled from a Gaussian distribution span-
ning an L-dimensional subspace of the N-dimensional activity space.
Each centroid vector is normalized. Trial-to-trial variability is then
added to the centroids with as.d. o, scaled with /L to keep the signal-
to-noise level constant when pairwise distances between centroids
increase with L. This obtains a T x N activity matrix for each of the
P conditions. This synthetic activity is then analysed with the same
pipeline used for the cortical data, yielding values of representation
dimensionality, separability and AD shown in Extended Data Fig. 8g,
inwhichweused P=16, N=100.For simulationsin Extended DataFig. 8i,
we fixed L =14 and multiplied the first dimension of each centroid by
afactorytostretch the geometry along a single axis.

Theoretical considerations on the relationship between
dimensionality and clustering

The conditions space and the neural space have the same dimen-
sionality. As explained in Fig. 1a, response profiles of single neurons
canbe thought of as rows of a matrix X for which the columns define the
geometry of conditions in the neural space. The PR in the conditions
space is computed from the eigenvalue spectrum of the covariance
matrix of the rows of X, that is, XX (assuming zero mean), while the PR
intheactivity space is computed from the eigenvalues of the covariance
matrix of the columns of X, thatis, X"X. Given amatrix, the eigenvalues
of its covariance matrix are the squared singular values of X. Let X= USV"
be the SVD decomposition of X, where S is the diagonal matrix with
singular values onthe diagonal, then X" = VS"U". As =57, the eigenvalue
spectrum of X’Xand XX" is the same. Thus, the participation ratio of the
conditions space is the same as that in the neural space.



Mathematical derivation of the PR of Gaussian clusters. We consider
adata model with N features (neurons) and M observations (condi-
tions), in which observations are sampled fromindependent and identi-
cally distributed (i.i.d.) random variables as

xH=zl+n¥, (15)
where z*and n* are both vectors in RY and represent the clustered and
heterogeneous part of the data, respectively. More precisely, z*is sam-
pled from anormaldistribution A(O, B)that hasa clustered covariance
matrix, thatis, B;=1ifiand jbelong to the same cluster and B;= 0 oth-
erwise. We call k the number of clusters and assume that all clusters
have the same number of neurons N, = N/k. By contrast, the heterog-
enous part i*is sampled from A0, 6°I), where lis the identity matrix.
Our goal is to compute the participation ratio (PR) of this representa-
tion, which we define as

_TO? MG
Trc? (G +(N-IKCD’

(16)

where the averages are across neurons and the matrix Cis the sample
neuron-by-neuron covariance matrix, thatisC= % ZZ’ZI xH(xHT . We
note that this definition assumes that the sample mean of both zand
nare negligible or have been subtracted.

We are interested in the regime in which N> ~ while Mis allowed to
besmall, asit often happensin controlled experiments. Small M might
cause the sample covariance matrix to differ substantially fromthe true
covariance matrix. Defining C°, C", and C*" as the sample covariance
matrices ofz,n,and the cross-covariance betweenzand n, respectively,
we have that

h1 cc+2chy2
PR=N n <E:”2 Gii *+ 2Gi >h NG 17)
G+ G +2GM) + (N-DUCG+ G +2C5M %)

We therefore need to evaluate the first and second moments
of both diagonal and off-diagonal elements of all covariance and
cross-covariance matrices. The diagonal elements of these matrices
have the following statistics:

M
M+2
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1 2 M 2
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p=1
1 2 1
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and
(CECH =02, (CSCSMy=0, (CPcEM=0. (19)
For the off-diagonal elements, we have
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and

(C5CNH =0, (CCsM =0, (CiC™M =0. @1

Most of the expressions above can be straightforwardly derived
by writing down the definition of the sample covariance matrix for a
zero-mean variable and then performing the average over neurons. To
illustrate this procedure, let us consider one of the most involved terms:

G’ )_7 Z (#'z2"z))
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The probability that z;and z;are part of the same cluster is given, for
large N, by % The expression for ((Cf)z) then becomes
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The other terms can be computed following the same steps.
Given that k, M are finite, we can approximate the PR for large N as:

G+ G+ 26

PR~ i~ =i ©
(G + G +2C5MP)

(24)

Expanding the square and using the results above for the first and sec-
ond moments of the covariance matrices, we get to our final expression:
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From the mathematical expressionin equation (25), we can see that,
in the limit of perfect clusters (6> 0), the function is either limited by
the number of rows-neurons (in this case, the k perfect clusters) or
columns-conditions M, coherently with the intuition above:

PR ’:N MPR M—_>m k, (26)

However, things become more nuanced when k, M and o are finite
and non-zero. First, as showninFig.5e, when kand M are kept fixed, the
representation dimensionality decreases with the clustering quality
(expressed as the average silhouette score of a population of Gaussian
clusterswith given k, Mand o). Second, if we fix the quality of clusters
and the number of conditions (Fig. 5e (left)), we see that dimension-
ality increases with the number of clusters, with a magnitude that is
larger for high silhouette scores (categorical representations). Finally,
when fixing the number and quality of clusters, the dimensionality
is determined by the number of conditions, with a magnitude that
is larger for low silhouette scores (non-categorical representations;
Fig. 5e (right)).

Different measures of dimensionality

Measuring dimensionality in the presence of noise and determining
whether it is high or low can be quite challenging’. This is why, in neu-
roscience, multiple methods are used to assess dimensionality. Each
approachis different and, as dimensionality is expressed as a single
number, it inevitably emphasizes only specific aspects of the repre-
sentational geometry.
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In our Article, we always refer to the embedding dimensionality of
the set of points representing different experimental conditionsin the
activity space®. These points represent patterns of activity recorded at
the sametime (not trajectories). Todiscount the dimensions due tothe
noise, we computed the representation dimensionality of the average
positions of the conditions. An alternative approach is to consider a
cross-validated measure of representation dimensionality”. Notice
that separability and other measures related to it®, which consider
the computational consequences of high dimensionality, are typically
insensitive to noise, as they are also cross-validated measures.

Other recent works have introduced dimensionality measures that
depend on the spatial and temporal scales considered*®. For large
scales, they get an estimate of the embedding dimensionality and,
for short scales, they get an estimate of the intrinsic dimensionality.
While these quantities can reveal many other interesting aspects of the
representational geometry, here we focused only on the embedding
dimensionality becauseitis the one most relevant to the performance
ofalinear readout.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.
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(https://github.com/realwsq/clustering-analysis), the RRR model
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separability, decoding and dimensionality analyses (https://github.
com/Iposani/Separability).
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Extended DataFig.1|Visualillustration and performance benchmark
ofreduced-rank regression (RRR) model. a-d Illustration of how the RRR
encoding model predicts the neuronal responses using two example trials
(blue and orange lines). The model weights the input variables x” with the
corresponding coefficients ﬁ: (a) and sums the values over all the input variables
to getthe prediction 37" (b) (see Methods). Importantly, the model coefficients
aretime-dependent (a), and the inputs (x) and outputs (y) of the RRR encoding
model are normalized acrosstrials (b-d, see Methods). The prediction (thin and
opaquelines) overlays the data (thick and transparentlines). The grey vertical
linesindicate the onset of the stimulus (0.2 s), and the grey horizontal lines
indicate the zero value. e-fCoefficients are enforced to be weighted sums of a
small set of temporal basis vectors. e Example decomposition of the stimulus
side coefficientsin (a). fSchematic plot showing the low-rank structure of the
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coefficient matrix. g Goodness-of-fit analysis comparing the RRR encoding
modeltothe trial-averaged neural activity (thatis, the nullmodel, Eq. (8)).
Eachpointrepresentsaneuron. The black line marks equal performance for
bothmethods, whiletheredlineindicates cases where RRR outperforms the
trial-average estimate by AR?>=0.015. h Performance comparison with other
baseline models, measured as AR*=R?*(RRR) - R? (baseline method). Baseline
modelsinclude full-rank regression (whichassumes alinear encoding model
without rank constraints), amulti-task neural network (a nonlinear model with
feed-forward and recurrent layers asinref. 59), ageneralized linear model
(GLM, adapted fromref.4),and akernel regression model (adapted fromref. 20).
See Methods for anexplanation of the difference among RRR, GLM, and kernel
regression model.
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different task conditions (colour-coded). Middle: Single-trial activity (test set)
alongside RRR predictions. Bottom: Residuals of the RRR predictions.

b Conceptually, we distinguish two types of variance modulated by the task
(see Methods): the selective modulation (left panel) and the non-selective
modulation (right panel). While the selective modulationisinduced by input
variables and varies trial-by-trial, the non-selective modulationislocked to the

key events of the trial (stimulus onsetin this case) and does not vary trial-by-trial.

The value of AR?, defined as the difference between the R?of RRR and R*of the
trial-average estimate (see Methods), is able to distinguish the two types of
modulations. Inthis work, we care mostly about the selectively modulated
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neurons, identified as AR?>0.015. c Examples of neurons with high selectivity
(thatis, large RRR estimated coefficients, see Methods). The first row shows
neuronal activity, while the second row illustrates the associated behavioural
movements.d The analysis of the autocorrelation timescale reveals agradient
along the cortical hierarchy (Spearman correlationp=0.62, p=0.002).
Theautocorrelation functions were computed using RRR estimated responses
totask and behaviour variables (3, see Methods). Neurons from two example
brainregions (SSp-mand ACAd) areshown inthe left panel, along with their
mean profiles (solid orange and blue lines) and estimated autocorrelation
timescales (orange and blue dashed lines). Inthe right panel, shaded areas
indicate the bootstrap 95% confidenceinterval of the fitted regressionline.

P values for Spearman correlations were computed using SciPy’s two-sided
test.**p<0.01.
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region (RSPd). First,a condition-condition decoding matrix (CCDM) is darkblockinthesorted matrixin (c). These conditions are grouped together
computed using cross-validated decoding with alinear SVC (a), starting from and given anew single-condition label (d). The algorithmiterates until all the
the M=16 conditions defined by the combinations of 4 binarized variables. conditions are decodable from each other (e). The size of the resulting CCDM is

The CCDMisthenbinarized into decodable and non-decodable pairs (b) by thenumber ofindependent conditions M.
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(b) For theregions that passed the statistical test, we measured the contribution
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Extended DataFig. 6 | Additional analysis of structure intheselectivity
and conditionfiring rate space. Comprehensive clustering analyses show
consistent patternsinbothselectivity space (a-d) and condition mean firing
rate space (e-i) inagreement with theresultsinFig. 3. (a-d) Analysis of structurein
the selectivity space with different parameters and algorithms. (a) Visualization
ofanexample neuronalselectivity profile in the selectivity space. (b-d) Same
analysisas Fig. 3d (correlation of clustering quality in the selectivity space with
the position of the hierarchy) reproduced with (b) different neuron selection
AR?thresholds (AR?*=0.015 used in the main text), (c) adifferent algorithm than
k-means for finding the clusters (Leiden clustering algorithm), and (d) expanding
theselectivity space by including the time-varying selectivity profiles (see
Methods). (e-i) Results of structure analysis in the conditions mean firing rate
space using the analysis pipeline explained in Extended DataFig. 5. (e) Illustration

Positionin the hierarchy

Positionin the hierarchy Positionin the hierarchy

of'the conditions space frameworkincorporating four binary variables
resultingin16 experimental conditions. (f) Analysis of clustering quality in
the16-dimensional mean firing rate space of the 16 experimental conditions
defined by the combinations of the four selected variables (see panel e and
main text). (g) Structure quantified by the ePAIRS analysis (mean nearest-
neighbour distance compared to a null model through z-scoring, see Methods)
inthe same conditions mean firing rate space of panelf. (h, i) Same analyses as
(f,g) inthe space defined by the mean firing rate of independent conditions
of eachindividual area.Shaded areasindicate the bootstrap 95% confidence
interval of the fitted regressionline. P values for Spearman correlations

were computed using SciPy’s two-sided test. n.s. non-significant; *p < 0.05;
**p<0.01;,***p<0.001.
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the same matrix, coloured by cluster (top) or module (bottom). As arrows
illustrate, the full selectivity profile can be traced through the colours, while
ellipses highlight examples of clustering by anatomical areas. Cluster 1, with
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cortex, we observed categorical representations (SS_z~ 8), with key variables
contributing to cluster formation encompassing nearly all variables considered.
c-d Somatomotor (c) and medial (d) modules show clustering by areas.

Inthe somatomotor module, clustering reflects differencesin selectivity for
whisking power and licking. Cluster 1 (high selectivity for both variables) is
enriched in neurons from nose (SSp-n) and mouth (SSp-m) regions of primary
somatosensory cortex. Cluster 2 (high whisking selectivity, low licking
selectivity) contains neurons mainly frombarrel field (SSp-bfd), secondary
somatosensory cortex (SSs), and secondary motor cortex (MOs). Within this
cluster, neurons from the same area are more similar to each other than to
neurons from different areas. In the medial module, clustering is shaped by
selectivity to block prior, whisking power, and licking. Cluster 1 (stronglicking
selectivity) isenriched in VISam, while clusters with strong block-prior selectivity
are dominated by RSPd and RSPv neurons.
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Extended DataFig. 8| Synthetic exploration and additional analysis of
a-diversity. (a) Conceptual model of how uneven and categorical structures
shapeselectivity profiles. Inthe simulations, structureisimposed on the space
ofregression coefficients a for the neuronal response to aset of Vbinary
variables, see Methods. Simulations are parametrized by astructure parameter
that controls how strong these structures are. When this parameter is zero,
alpha coefficients are maximally unstructured (random Gaussian). When the
parameterisclosetol, alphas are maximally structured (categorical: perfect
clusters; uneven: just one variable dominating the distribution). See Methods.
(b) Simulations showing how Silhouette Score changes with a-diversity for the
two models. Points show individual simulations, while error bars show mean
andstandard deviationover arunning window of 10% of the x-range. We used
y=0.25,k=2,V=4,N=100 (see Methods). (c) a-diversity increases along the
cortical hierarchy. (d) a-diversity isinversely correlated to the silhouette score
inthe conditions firing rate space. (e) Simulations showing how Representation
Dimensionality, Separability, and Average Decodability change with a-diversity
for the two models. Points show individual simulations, while error bars show
mean and standard deviation over arunning window of 10% of the x-range.
Weusedy=0.25,k=2,V=4,N=100 (see Methods). (f) Schematic of the
subspace dimensionality analysis: in these simulations, P centroids are

randomly sampled from an L-dimensional subspace of the N-dimensional activity
space (see Methods). Trial-to-trial variability is then added to the centroids with
astandard deviation o (scaled with -/L tokeep signal-to-noise invariant with L) in
the full N-dimensional space. (g) Representation Dimensionality, Separability,
and Average Decodability as a function of L for different values of the trial-to-
trial noise. Low-dimensional (L < M/2=8) geometries limit the Separability, which
saturates atlarger dimensionalities. Thisbehaviouris observed at all different
levels of noise. Decodability, on the other hand, increases almost linearly with

L for small noise levels, and sub-linearly with medium and high noise. Each error
bar shows mean and standard deviation across 10 simulations with fixed level
of noise and latent dimensionality L. These simulations were performed using
N=100,P=16, T=20. (h) While Representation dimensionality and Separability
aregenerally linked, this relationshipis not 1-1. Itisindeed possible to construct a
geometry thathas maximal separability andlow Representation dimensionality,
by starting from a high-dimensional geometry and stretching one particular
dimension while keeping the noise level unchanged. (i) This operation will
decrease the Representation dimensionality while keeping separability intact.
Decodabilityisalso largely invariant upon this transformation (and is mostly
determined by the noiselevel).
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Extended DataFig.9|Theoretical Investigation oftherelationbetween
clustering of neural response profiles and embedding dimensionality
of neuralrepresentations. (a) Schematic of how categorical versus non-
categorical selectivity in the conditions space shapes representational
dimensionality. Categorical clustersin the conditions space imply alow-
dimensional geometry, while non-categorical responses allow for a high-
dimensional geometry. Note that low-dimensional geometries are compatible
with non-categorical representations (see®), as long as the embedding
dimensionality is the same across the two spaces. Theintra-clustering diversity
Sisquantified as the ratio of the dispersion of points within each cluster
(denoted as o) to the distance between different clusters (denoted ass). (b) Top:
analytical relation between the features of aset of clustersin the conditions
space (number of clusters k, number of conditions M, intra-cluster diversity 6)
and their Representation dimensionality (PR) in the neural space. Bottom:

Rep. Dimensionality (PR)

Cluster Diversity (§)

visualization of how the Representation dimensionality (PR) is limited by
clustering quality and how this limit varies with the number of clusters k (left
panel) and the number of conditions M (right panel). For these visualizations,
intra-clustering diversity § was converted into asilhouette score to aid
comparisonwith the data (see Methods). (c) Coherently with the theoretical
model, Representation dimensionality decreases with increasing Silhouette
Scoreinthe conditions space (Spearman’s p=-0.77,P=0.0004). (d) Correlation
between the value for PR predicted by the theory, using k, § and M, (y-axis) and
that computed from the centroids of the M, conditions in the neural space.
Thebluelineis the best fitzero-intercept slope, while the dashed blackline is
theidentity functiony=x. (e) Similar tod, the intra-cluster diversity §in the
conditions space could also be quantitatively predicted from M,., PR, and k
using aninversionofthe equationinb.
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Extended DataFig.11]| (a) Distribution of linear decoding performance across

Decoding Performance

n=200randomdichotomies of the M=16 conditionsin MOs (same data as

Fig. 6b). Average Decodability (AD) is defined as the mean of this distribution.

(b) AD increases with a-diversity when computed on all conditions. (c) This
relationshipis not present when computing AD for independent conditions

only. (d) Across cortical areas, both AD and Separability are positively correlated

withthe number ofindependent conditions. (e) Distribution of decoding
performance of n=200 random dichotomies of all conditions (orange) and

independent conditions (magenta) for all the regionsused in Main Figs.5and 6.

Each performance was obtained by a cross-validated analysis of the decoding

Decoding Performance

Decoding Performance

performance of arandom balanced binary classification of theindependent

conditions found for each region. The cross-validation was performed on mean

firing rate vectors corresponding to individual trials. Within each analysis,

individual conditions were balanced within each side of the dichotomy to avoid
grouped or large conditions dominating the analysis (see Methods). Separability

was then computed as the fraction of dichotomy decoding performances that

was larger thananull distribution found by shuffling the labels of individual
trials, while Average Decodablility (AD) was computed as the mean decoding

performance across the sampled random dichotomies.
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No field-collected samples were involved.
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