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Advances in large-scale neural recordings have expanded our ability to describe the activity of distributed brain
circuits. However, understanding how neural population dynamics differ across regions and behavioral contexts
remains challenging. Here, we surveyed neuronal population dynamics across multiple mouse brain areas (visual
cortex, hippocampus, thalamus, and midbrain) using spike data from local ensembles. Two complementary
measures were used to characterize these dynamics: the coefficient of variation (CV), a classical indicator of
spike-time variability, and statistical complexity, an information-theoretic quantifier of organizational structure.
To probe stimulus-dependent activity, we segmented and concatenated recordings from behavioral experiments
into distinct time series corresponding to natural image presentations, blank screens during visual task, and spon-
taneous activity. While the CV failed to discriminate between these conditions, statistical complexity revealed
clear, stimulus-specific motifs in population activity. These results indicate that information-theoretic measures
can uncover structured, stimulus-dependent patterns in neural population dynamics that remain unobserved in
traditional variability metrics.

DOI: 10.1103/wndc-k654

I. INTRODUCTION

The mammalian brain represents one of nature’s most
complex dynamical systems, as evidenced by the electrical ac-
tivity generated by neuronal signaling [1]. Individual neurons,
through their interactions within circuits, give rise to rich col-
lective behaviors, such as transitions between asynchronous,
synchronous, and chaotic regimes [2–5]. The complexity of
cortical dynamics becomes manifest when we consider the
collective properties that emerge from large neuronal en-
sembles, where fundamental principles governing individual
circuit elements give rise to qualitatively distinct network-
level phenomena [6].

Recent experimental advances provide direct access to the
high-dimensional phase space of brain-wide activity patterns,
allowing us to probe the collective properties of these neural
population dynamics [7–9]. This new window into the brain
has revealed the intrinsic relationship between spontaneous
behavioral variability and the underlying multidimensional
structure of neural population states [10], elucidated the
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distributed nature of decision-making and attentional mod-
ulation across cortical and subcortical networks [11], and
enabled the characterization of metastable brain states and
their transition dynamics [12]. Ultimately, these population-
level measurements help establish a theoretical framework for
understanding neural computation through the lens of dynam-
ical systems theory and statistical physics.

The Allen Institute’s Visual Coding—Neuropixels dataset
provides an ideal testbed for evaluating neuronal popula-
tion dynamics across distributed brain networks [13,14]. This
dataset captures high-resolution neural recordings from the
mouse brain using Neuropixels 1.0 probes, simultaneously
recording spiking activity across multiple interconnected re-
gions, such as the visual cortex, hippocampus, thalamus,
and midbrain. These extensive recordings, taken from both
wild-type and transgenic mice during standardized visual
stimulation, encompass spiking data from over 300 000 neu-
rons across distributed functional systems.

While local neuronal population spiking variability already
serves as a robust metric for investigating the dynamics of
mammalian cortical circuits [5,15], the simultaneous record-
ing of activity across multiple brain regions allows us to
extend this variability-based approach to address large-scale,
systems-level questions about how different brain areas coor-
dinate their dynamics. In the present work, we employ two
complementary analytical frameworks to characterize how
neural dynamics vary systematically across the mouse brain
under different behavioral and stimulus conditions. The first is
the coefficient of variation (CV), a historically important and
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widely adopted measure in the study of neuronal population
dynamics, whose long-standing use in the field situates our
findings within a broad body of prior literature on neural
variability. The second is the complexity-entropy (C-H) plane
framework [16,17], which offers a richer and more nuanced
characterization of time series dynamics by mapping the
temporal structure of neural signals onto a two-dimensional
representational space that allows direct comparison with
well-characterized dynamical systems—including the abil-
ity to distinguish between signals of deterministic versus
stochastic origin. Together, these measures offer complemen-
tary insights into the computational principles underlying
distributed neural computation, specifically those based on
the complexity of ordinal patterns observed in brain activity
[18–21].

II. METHODS

A. Data analysis

The dataset used in this study was sourced from the Allen
Institute [22], comprising simultaneous recordings from mul-
tiple brain regions during various experimental and behavioral
conditions using Neuropixels 1.0 probes [Fig. 1(a)]. Our anal-
ysis focuses on neural dynamics during two principal phases:
active behavior and spontaneous activity.

The active behavior phase constitutes the first hour of the
experiment. During this period, trained animals performed a
change recognition task, receiving water rewards for correctly
identifying an image change. Each session utilized a set of
eight natural images presented in a repeating sequence: a 250
ms image presentation followed by a 500 ms gray screen
(referred to as “blanks”), see Fig. 1(a).

We performed specific temporal manipulations on the con-
tinuous recordings to isolate and investigate neural dynamics
under four distinct stimulus conditions.

Active Behavior: The approximately 3600 s of continuous
recording were divided into 36 nonoverlapping 100-s win-
dows (sessions shorter than 3600 s yielded fewer windows).
This segment captures neural dynamics during the mixture of
image and blank presentations characteristic of the active task.

Natural Images: To isolate the response to visual stimuli,
we concatenated the neural spikes recorded exclusively during
the presentation windows of each of the eight natural images.
This yielded eight continuous time series, each approximately
140 s long, from which the central 100 s were extracted for
analysis.

Blanks: To isolate activity during stimulus transitions, we
concatenated spikes from the 500 ms gray screen windows
that followed each image presentation. This yielded eight time
series, each approximately 240 s long, from which the central
100 s were again extracted.

Spontaneous Activity: Following the active behavior
phase, animals were exposed to a 25-min interval of synthetic
image presentation in the absence of reward. This interval
included an approximately 5-min gray-screen period, corre-
sponding to a lack of external visual stimulation. From this
gray-screen interval, we analyzed two 100-s time windows.

Our analysis compares neuronal activity across the four
defined stimulus conditions: natural images, active behavior,

blank screens, and spontaneous activity. To ensure statisti-
cal validity, we only included populations with at least 30
recorded neurons sampled across a minimum of eight record-
ing sessions. All primary analyses were performed on 100-s
time windows of local population activity, serving as the
standardized temporal scale for all calculated metrics. This
window length was chosen to provide reliable statistical es-
timation of permutation entropy and statistical complexity
while also capturing biologically relevant slow fluctuations
[23,24] in cortical dynamics that occur over tens to hundreds
of seconds.

B. Population firing rate and variability analysis

All analyses were performed on the population firing rate
time series r(t ), which was quantified by convolving spike
trains across all recorded units with a sliding temporal win-
dow. For each time point t , the population firing rate was
computed as

r(t ) = 1

N�T

∫ t+�T

t
ρ(τ ) dτ, (1)

where N denotes the total number of recorded neurons, ρ(t ) =∑N
j=1

∑
k δ(t − t k

j ) represents the population spike train (with
t k

j indicating the kth spike time of neuron j), and �T = 50 ms
is the integration window (unless otherwise stated) [25].

To quantify temporal variability in population activity, we
calculated the coefficient of variation (CV) of the firing rate
time series. Each recording epoch was divided into nonover-
lapping 10-s windows, and within each window i, the CV was
computed as

CVi = σi

μi
, (2)

where μi and σi represent the mean and standard deviation of
r(t ) within the ith window, respectively. For each 100-s data
epoch, the final CV was obtained by averaging the ten CVi

values across constituent windows.

C. Bandt and Pompe symbolization technique

We characterized the temporal dynamics of population fir-
ing rates using the symbolic ordinal pattern method developed
by Bandt and Pompe [26]. This approach captures the tem-
poral ordering structure of time series data while remaining
invariant to monotonic transformations and robust to observa-
tional noise.

For a univariate time series {X (t ) : t = 1, . . . , T } of length
T , we specified an embedding dimension D � 2 and time
delay τ � 1 (with D, τ ∈ N). At each time index t , we con-
structed a delay-embedded vector:

s(t ) = (xt , xt+τ , xt+2τ , . . . , xt+(D−1)τ ). (3)

Each vector s(t ) was mapped to a unique ordinal pattern
π j = (r0, r1, . . . , rD−1), where (r0, r1, . . . , rD−1) represents a
permutation of (0, 1, . . . , D − 1) encoding the rank order of
elements in s(t ). Specifically, the pattern π satisfies

xt+r0τ � xt+r1τ � · · · � xt+rD−1τ . (4)
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FIG. 1. Coefficient of variation reveals region-specific population dynamics and inter-regional coordination during active behavior. (a) Ex-
perimental setup. Left: Neuropixels 1.0 probe. Middle: Coronal section showing visual cortex (VIS, green), thalamus (TH, blue), hippocampus
(HP, coral), and midbrain (MB, purple). Right: Behavioral task during active behavior epoch. Animals viewed natural images (250 ms each)
followed by 500 ms blank screens, reporting detected changes via licking for water reward. (b) Representative raster plots showing different
population variability levels across brain regions during 4-s windows, with population firing rates above each raster. (c) CV distributions across
brain regions during active behavior (n = 102 sessions). Colored boxplots: empirical data; black boxplots: temporally shuffled surrogates.
Visual cortex subregions showed highest CV values (median: 0.40–0.59), 2–3× higher than surrogates. Thalamic regions exhibited moderate
values (median: 0.27–0.37), 1.3–1.6× above surrogates. Hippocampal subregions displayed high CV (median: 0.25–0.49), 1.5–2.2× higher
than surrogates, with dentate gyrus showing maximum values. Midbrain areas had lowest CV (median: 0.16–0.45), 1.3–1.9× higher than
surrogates. Mann-Whitney tests confirmed significant differences for all regions (p < 0.001). (d) Pairwise Pearson correlation matrix of CV
time series using 10-s nonoverlapping windows. Lower triangle: empirical correlations; upper triangle: surrogate correlations. (e) Network
graphs of inter-regional CV relationships. Left: Top 10% positive correlations (0.50–0.67), showing functional clustering within visual cortex,
hippocampus, and thalamus. Middle: Top 10% anticorrelations (−0.27 to −0.002), highlighting dentate gyrus and CA3 as anticorrelation hubs.
Right: Near-zero correlations (−0.04 to +0.03), showing midbrain independence from cortical and hippocampal networks.
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In cases of equal values (ties), we assigned higher ranks
to later-occurring elements to ensure deterministic pattern
assignment.

The frequency of occurrence for each ordinal pattern was
computed by sliding the embedding window across the en-
tire time series, yielding T − (D − 1)τ pattern observations.
These frequencies were normalized to obtain a probability
distribution P ≡ {p j ; j = 1, 2, . . . , D!} over the D! possible
ordinal patterns. To ensure reliable statistical estimation, the
condition T � D! must be satisfied. Following established
guidelines [26], we set D = 6 and τ = 1 throughout all anal-
yses, resulting in 720 possible ordinal patterns. Given our
100-s analysis windows with 50 ms temporal bins, each time
series contained T = 2000 data points, providing sufficiently
well-distributed ordinal-pattern estimates.

D. Information-theoretic quantifiers

To characterize the information-theoretic properties of neu-
ral population dynamics, we computed two complementary
measures from the ordinal pattern distributions: Shannon en-
tropy and statistical complexity.

Shannon entropy [27] quantifies the degree of unpre-
dictability in the ordinal pattern distribution and is defined as

S[P] = −
D!∑
j=1

p j ln(p j ), (5)

where p j denotes the probability of the jth ordinal pattern.
To enable comparison across different embedding dimensions
and experimental conditions, we normalized the entropy by its
theoretical maximum, which occurs for a uniform distribution
Pe = {p j = 1/D!, ∀ j}:

H[P] = S[P]

S[Pe]
= S[P]

ln(D!)
, (6)

where 0 � H[P] � 1. Values near zero (H ≈ 0) indicate
highly deterministic or periodic dynamics with few domi-
nant patterns, while values approaching unity (H ≈ 1) reflect
stochastic or unpredictable dynamics with a nearly uniform
pattern distribution.

While entropy measures randomness, it does not dis-
tinguish between different types of structural organization.
Statistical complexity [28] addresses this limitation by quan-
tifying the degree of correlated structure present in the time
series. It is defined as the product of two factors:

C[P] = Q[P, Pe]H[P], (7)

where Q[P, Pe] represents the disequilibrium between the
empirical pattern distribution P and the uniform reference
distribution Pe. This disequilibrium is computed as

Q[P, Pe] = Q0DJS[P, Pe], (8)

where Q0 is a normalization constant ensuring 0 � Q � 1,
and DJS denotes the Jensen-Shannon divergence as

DJS[P1, P2] = S

[
P1 + P2

2

]
− S[P1]

2
− S[P2]

2
. (9)

Statistical complexity achieves its minimum value (C = 0)
for both completely ordered (single pattern) and completely

random (uniform distribution) dynamics, as both lack mean-
ingful structure [16,29]. Intermediate values of C indicate the
presence of correlated temporal patterns, with maximum com-
plexity occurring for systems exhibiting a balance between
order and disorder [29].

It is worth noting that the statistical complexity obtained
by the Bandt-Pompe formalism differs substantially from
other information-theoretic complexity measures previously
proposed in the neuroscience literature, most notably the neu-
ral complexity introduced by Tononi et al. [30]. Tononi’s
measure quantifies the extent to which a system simulta-
neously exhibits locally specialized and globally coherent
behavior, computed via mutual information between com-
plementary subsystems of increasing size. The Bandt-Pompe
formalism, by contrast, operates on individual time series in
a model-free and computationally efficient manner, without
requiring knowledge of the network’s connectivity structure
or simultaneous multi-unit recordings. These properties make
it particularly well-suited for the population-level, multi-area
analysis conducted in the present study.

The joint representation of normalized permutation en-
tropy H[P] and statistical complexity C[P] in a two-
dimensional plane forms the complexity-entropy (C-H)
causality plane [17]. This framework enables the classifica-
tion and visualization of different dynamical regimes, ranging
from deterministic and periodic dynamics (low H , low C) to
stochastic processes (high H , low C) and complex correlated
structures (intermediate H , high C); see Fig. 3(a).

E. Surrogate data

To verify the robustness of our results, we generated
surrogate data for each analyzed time window by indepen-
dently shuffling the interspike intervals (ISIs) of each neuron.
This procedure preserved each unit’s firing rate distribution
while destroying temporal correlations and coordinated activ-
ity across the population.

III. RESULTS

A. Spiking variability during active behavior

Natural images reveal coding principles and functional
organization in visual circuits that simplified stimuli cannot
capture, while driving complex population dynamics across
distributed brain networks [10,31,32]. However, the temporal
structure and coordination of population responses to natural
images across distributed brain regions remain poorly un-
derstood. In particular, while population dynamics and their
coordination have been characterized in cortical areas [33],
such analyses are lacking for other regions involved in visual
processing. In cortical circuits, the spiking variability of lo-
cal neuronal populations has been used as a proxy for their
collective state. To address this gap, we quantified the spik-
ing variability of local neuronal populations across the four
major brain regions described above (visual cortex, thalamus,
hippocampus, and midbrain) by computing the coefficient of
variation (CV) of their population firing rates [5,15] during
natural image presentation, as shown in Fig. 1(a). Data were
acquired using six Neuropixels probes inserted at different
locations targeting the visual cortex.
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FIG. 2. Coefficient of variation exhibits stimulus-dependent modulation in cortical but not subcortical regions. (a) Distribution of CV values
across experimental conditions for all brain regions (n = 102 sessions, total 77 216 analysis windows). Boxplots show CV distributions during
four behavioral states: natural images (light-colored boxes, image only presentations, n = 11 321 windows total), active behavior (dark-colored
boxes, n = 51 704 windows), blank screens (light-gray boxes, inter-image gray screen presentation, n = 11 321 windows), and spontaneous
activity (dark-gray boxes, gray screen as visual input, n = 2870 windows). Visual cortex subregions exhibited distinct CV distributions across
conditions, with active behavior and blank screens showing elevated median CV values (VISp: 0.59 and 0.55; VISl: 0.56 and 0.46; VISal:
0.55 and 0.46, respectively) compared to spontaneous activity (VISp: 0.29; VISl: 0.30; VISal: 0.30) and natural images (VISp: 0.39; VISl:
0.46; VISal: 0.48). Thalamic regions showed similar patterns with reduced effect sizes (e.g., LP median CV: 0.37 in active behavior vs 0.28
in spontaneous activity; LGd: 0.32 vs 0.23). In contrast, hippocampal subregions displayed relatively stable median CV values across visually
driven conditions (DG: 0.48–0.50; CA3: 0.41–0.42; CA1: 0.25) but showed modest increases during spontaneous activity for DG (0.51) and
CA3 (0.43). Midbrain areas exhibited the most invariant distributions across all conditions (e.g., APN median CV: 0.16 across all states;
MRN: 0.20–0.21), suggesting stimulus-independent dynamics. (b) Jensen-Shannon (JS) divergence matrices quantifying the dissimilarity
between CV distributions across pairs of brain region for each experimental conditions. Color scale ranges from 0.0 (black) to 0.98 (light
green). Visual cortex and thalamic regions showed large JS divergences between spontaneous activity and visually driven states, with values
exceeding 0.40 for most visual areas and 0.30 for thalamic regions. Hippocampal regions, particularly DG and CA3, exhibited moderate
divergences (0.15–0.35) across condition pairs, with the largest values occurring between spontaneous and active behavior conditions. Among
the three visually driven conditions (natural images, active behavior, blank screens), JS divergences were consistently low across cortical
regions (typically <0.20), indicating comparable population variability dynamics despite differences in task engagement and visual content.
Midbrain areas displayed the smallest divergences overall (JS <0.15 for most condition pairs), confirming their relative insensitivity to stimulus
conditions.

Figure 1(b) shows raster plots of local neuronal popula-
tions across regions at different CV levels. Different levels
of CV in primary sensory areas have been associated with
different degrees of synchrony in local neuronal populations
[5,15]. Moreover, CV time series display strong correlations
across primary sensory areas [33]. This consistency breaks

down when examining neuronal populations beyond primary
sensory regions.

Figure 1(c) shows the CV distributions across brain areas
(all anatomical abbreviations are defined in Table I) during
active behavior (colored boxplots) compared with surrogate
data distributions obtained by randomly shuffling spike times
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FIG. 3. Complexity-entropy analysis during natural image stimuli. (a) Localization of various dynamical systems and stochastic processes
in the C-H plane; black boundary curves represent theoretical minimum Cmin and maximum Cmax complexity limits; different symbols denote
distinct system families: pure Brownian motion (black triangle), white noise (black circle), sine signal (black square), exponentialy correlated
Brownian motion (orange circles with fitted curve), logistic map (pink diamonds), tent map (green pentagons), Ikeda maps (purple circles), and
1/ f noise (green squares), with corresponding parameter values shown; D = 6 is used. (b) Temporal evolution of statistical complexity across
different brain regions; visual cortex (VIS, green, npop = 586), thalamus (TH, blue, npop = 313), hippocampus (HP, coral, npop = 363), and
midbrain (MB, purple, npop = 175); shaded areas represent standard error. (c)–(f) Complexity-entropy plane analysis for individual brain
regions; data points represent complexity and entropy values (100 s long windows/session, bin=50 ms), bottom panels show 4-s raster
plots of neuronal populations nearby the extremes of the C-H curve; (c) visual cortex (VIS, green, npoints = 21 084), (d) thalamus (TH, blue,
npoints = 11 265), (e) hippocampus (HP, coral, npoints = 13 059), and (f) midbrain (MB, purple, npoints = 6296). Black curves show theoretical
complexity boundaries; box plots compare original data with surrogate controls (SURR, black). Asterisks indicate statistical significance
(***p< 0.001) between empirical and surrogate data distributions. (g)–(j) Raster plots showing the spike timing and variability of neuronal
activity in different brain regions under varying levels of statistical complexity.

within each neuron. The analysis revealed region-specific
patterns of population variability. Visual cortex subregions
exhibited the highest CV values [median range: 0.40–0.59,
interquartile range (IQR): 0.12–0.18], approximately 2–3×
higher than their shuffled surrogates (median range: 0.21–

0.24). Thalamic regions showed moderate CV values (median
range: 0.27–0.37, IQR: 0.10–0.15), 1.3–1.6× higher than
surrogates. Hippocampal subregions displayed high CV val-
ues (median range: 0.25–0.49, IQR: 0.08–0.13), 1.5–2.2×
higher than surrogates, with the dentate gyrus showing

023018-6



REVEALING STIMULUS-DEPENDENT DYNAMICS … PRX LIFE 4, 023018 (2026)

TABLE I. Local populations abbreviations and number of neu-
rons analyzed.

Subarea Acronym Neurons

anterolateral area VISal 8572
anteromedial area VISam 8566
lateral area VISl 9255
primary visual cortex VISp 10010
posteromedial area VISpm 10250
rostrolateral area VISrl 7332

visual cortex 53985

dorsal part of lateral
geniculate complex

LGd 2169

lateral posterior nucleus of
the thalamus

LP 2795

medial geniculate complex,
dorsal part

MGd 2497

medial geniculate complex,
medial part

MGm 1928

medial geniculate complex,
ventral part

MGv 4492

posterior intralaminar
thalamic nucleus

PIL 868

posterior limiting nucleus of
the thalamus

POL 1298

posterior triangular thalamic
nucleus

PoT 1461

suprageniculate nucleus SGN 3033

thalamic regions 20541

CA1 field CA1 22399
CA3 field CA3 3729
dentate gyrus DG 7486
postsubiculum POST 1367
prosubiculum ProS 3067
subiculum SUB 4348

hippocampus 42396

anterior pretectal nucleus APN 10716
nucleus of the brachium of
the inferior colliculus

NB 793

nucleus of the optic tract NOT 309
midbrain reticular nucleus MRN 3661
superior colliculus,
intermediate gray layer

SCig 1684

midbrain areas 17163

the maximum median CV (0.49). Midbrain areas exhib-
ited the lowest CV values (median range: 0.16–0.45, IQR:
0.05–0.23), 1.3–1.9× higher than surrogates. Mann-Whitney
tests confirmed significant differences between empirical and
surrogate distributions for all brain regions (p < 0.001), indi-
cating that the observed CV patterns reflect genuine temporal
structure in neural population activity rather than arising from
independent neuronal firing.

Beyond regional differences, we examined inter-regional
relationships by constructing a CV correlation matrix be-
tween brain areas during active behavior [Fig. 1(d), lower
triangle]. Correlations were computed using CV values from

nonoverlapping 10-s windows to ensure statistical indepen-
dence of observations. To further elucidate these connectivity
patterns, we generated the corresponding network graphs
identifying the strongest CV relationships [Fig. 1(e)]. The left
panel highlights the 10% most positively correlated region
pairs, revealing preferential connections within functional
modules: visual areas clustered together, as did subicular
regions and thalamic populations. Notably, connections be-
tween functionally distinct brain systems were largely absent.
The middle panel presents the 10% most anticorrelated pairs,
emphasizing DG and CA3 as a hub of negative CV relation-
ships with other regions. The right panel displays near-zero
correlations, showing that midbrain areas exhibited the weak-
est CV correlations across all studied regions, suggesting
relative functional independence from cortical and hippocam-
pal dynamics. For comparison, the upper triangle displays
correlations computed from surrogate data, demonstrating
that shuffling spike times abolished inter-regional CV rela-
tionships.

B. Cortical but not subcortical dynamics
are stimulus-dependent

Having established that different brain regions exhibit
distinct baseline levels of population variability, an impor-
tant question emerges: how does this variability respond to
changes in stimulus conditions and behavioral state? Specifi-
cally, it reveals whether population variability patterns reflect
intrinsic properties of neural circuits [34,35] or are instead
flexibly modulated by sensory input and behavioral con-
text [36,37]. An influential perspective proposes that the
brain operates primarily through intrinsic dynamics, with
sensory information modulating rather than determining the
system’s operation [34]. However, the extent to which this
principle holds across different regions of the visual pro-
cessing hierarchy remains unclear. Primary sensory regions,
which directly encode stimulus features, might exhibit strong
context-dependent modulation of their population variability.
Conversely, regions supporting more abstract or internally
generated computations, such as memory consolidation in the
hippocampus or arousal regulation in the midbrain, might
maintain relatively stable dynamics regardless of visual input
[38]. To test these predictions, we compared CV distributions
across four experimental conditions: natural image presen-
tation during active behavior, blank screens during active
behavior, natural images alone, and spontaneous activity with-
out visual stimulation or task engagement (Fig. 2). This
approach allowed us to disentangle the contributions of vi-
sual input, behavioral engagement, and intrinsic dynamics to
population variability across the visual processing hierarchy.

Figure 2(a) displays the distributions of CV values across
different behavioral states for all brain regions. Local neuronal
populations in visual cortex exhibited strong stimulus-
dependent modulation, with active behavior and blank screen
conditions showing elevated median CV values (VISp: 0.59
and 0.55; VISl: 0.56 and 0.46; VISal: 0.55 and 0.46) com-
pared to spontaneous activity (VISp: 0.29; VISl: 0.30; VISal:
0.30), indicating transitions between low-synchrony and high-
synchrony population states. Natural image presentation alone
produced intermediate CV values (VISp: 0.39; VISl: 0.46;

023018-7



EDSON V. DE PAULA et al. PRX LIFE 4, 023018 (2026)

VISal: 0.48). Thalamic local neuronal populations showed
qualitatively similar patterns but with reduced effect sizes
(LP: 0.37 in active behavior vs 0.28 in spontaneous activity;
LGd: 0.32 vs 0.23), suggesting attenuated but present stimulus
modulation in these subcortical sensory relays.

In contrast, hippocampal local neuronal populations dis-
played markedly different behavior. DG and CA3 maintained
relatively stable median CV values across all visually driven
conditions (DG: 0.48–0.50; CA3: 0.41–0.42), with only mod-
est increases during spontaneous activity (DG: 0.51; CA3:
0.43). Midbrain local neuronal populations exhibited the
most invariant dynamics, with essentially constant CV val-
ues across all experimental conditions (APN: 0.16; MRN:
0.20–0.21), indicating complete independence from the dif-
ferent stimulus conditions.

Given the markedly different sample sizes across con-
ditions (Natural Images: 11 321; Active Behavior: 51 704;
Blanks: 11 321; Spontaneous Activity: 2870), we chose to
focus our statistical comparisons within conditions rather than
across them. Although the Mann-Whitney U test is formally
valid for unequal samples, its interpretation as a test of central
tendency requires assumptions about distributional shape and
variance that, when violated, render it sensitive to generic dis-
tributional differences without directly quantifying similarity.

To systematically quantify these differences, we computed
the Jensen-Shannon (JS) divergence between CV distributions
for each pair of brain regions inside each stimulus conditions
[Fig. 2(b)]. Low JS divergence values indicate similar dy-
namical ranges between regions, whereas high values reflect
distinct dynamical representations. To compare stimulus-
dependent changes within each major brain area (VIS, TH,
HP, and MB), we summed the JS divergence values along
the main diagonal of each submatrix, representing within-area
comparisons across all constituent subregions, and calculated
the percentage difference between stimulus conditions.

Visual cortex showed similar JS divergence values during
active behavior and blank screens (∼1% difference in summed
divergences), while these conditions separated substantially
from image presentation and spontaneous activity by ∼30%,
confirming substantial state-dependent reorganization of pop-
ulation dynamics. Within hippocampal regions, DG and CA3
exhibited high JS divergences across all four conditions,
with the largest values occurring during spontaneous activity
(median DG: 0.84; CA3: 0.84) and blank screens (median
DG: 0.63; CA3: 0.63). The highest percentage difference in
hippocampus occurred between active behavior and sponta-
neous activity (∼15%). Notably, midbrain areas displayed the
smallest percentage differences overall across most condition
pairs (maximum 7%), confirming their relative insensitivity
to stimulus conditions. Among the three visually driven con-
ditions (natural images, active behavior, blank screens), JS
divergences remained consistently low across cortical regions
(typically <4%), indicating that population variability dy-
namics remain comparable across behaviorally relevant states
despite differences in visual content and task engagement.
These results reveal a hierarchical organization where cortical
dynamics are flexibly modulated by sensory input [39,40],
while subcortical regions—particularly midbrain—maintain
intrinsic dynamics largely independent of stimulus conditions.

C. Statistical complexity reveals distinct dynamical regimes
across brain regions

While the coefficient of variation provides a scalar mea-
sure of population variability that captures the degree of
synchronization in local neural activity, it does not fully
characterize the temporal structure and dynamical complexity
of population responses. To obtain a more comprehen-
sive characterization of population dynamics, we employed
information-theoretic measures based on the Bandt-Pompe
symbolization method [26]: Shannon entropy H , which quan-
tifies the degree of randomness or predictability in the time
series, and Martin-Plastino-Rosso (MPR) statistical com-
plexity C [29], which captures the balance between order
and disorder. Together, these measures define a complexity-
entropy (C-H) plane that can distinguish different types of
dynamical regimes, from purely stochastic processes to de-
terministic chaos [17]. This approach has proven particularly
effective for characterizing cortical dynamics at both the spik-
ing level [19] and the level of local field potentials [20], as
different positions in this plane correspond to qualitatively
distinct types of temporal organization. We computed these
quantifiers for population firing rate time series across all
brain regions during natural image presentation to investi-
gate whether different regions operate in distinct dynamical
regimes and whether these regimes reflect the functional spe-
cialization observed in our CV analysis (Fig. 3).

To establish a reference framework for interpreting neu-
ral population dynamics, we first characterized the positions
of canonical dynamical systems and stochastic processes in
the C-H plane [Fig. 3(a)]. As expected from theory [17],
purely random processes occupy the extremes of low com-
plexity: white noise approaches maximum entropy (H ≈ 1)
with minimal complexity (C ≈ 0), while deterministic peri-
odic signals (sine wave) exhibit minimum entropy (H ≈ 0)
and low complexity (C ≈ 0.1). In contrast, processes with
rich temporal structure occupy intermediate positions with
elevated complexity. Correlated Brownian motion with vary-
ing correlation strengths traces a characteristic arc through
the plane, with exponentially correlated processes (colored
noise) achieving moderate complexity (C ≈ 0.3–0.5) at inter-
mediate entropy values (H ≈ 0.3–0.6). Deterministic chaotic
systems—including the logistic map, tent map, and Ikeda
map—cluster near maximum complexity (C ≈ 0.4–0.5) at
high entropy (H ≈ 0.5–0.8), while 1/ f k noise occupies a
distinct trajectory reflecting its scale-free temporal correla-
tions. These reference trajectories provide key benchmarks for
interpreting the positions of neural population activity in the
C-H plane. A detailed description of these systems is provided
in the Supplemental Material, Sec. I [41].

Examining the temporal evolution of statistical complex-
ity across brain regions during natural image presentation
revealed striking regional stability [Fig. 3(b)]. Visual cortex
(VIS) and hippocampus (HP) maintained consistently high
complexity values (C ≈ 0.13–0.15) throughout the hour-long
recording session (n=102 sessions), with modest fluctuations
around their mean levels. Thalamus (TH) exhibited interme-
diate complexity (C ≈ 0.11), while midbrain (MB) showed
the lowest and most stable complexity values (C ≈ 0.10). Im-
portantly, these regional differences in complexity remained
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stable across time, suggesting that they reflect intrinsic prop-
erties of each region’s network dynamics rather than transient
fluctuations in behavioral state or arousal. The hierarchical
organization observed in complexity values—highest in cor-
tex and hippocampus, intermediate in thalamus, lowest in
midbrain—mirrors the gradient in stimulus-dependent CV
modulation observed in Fig. 2, suggesting a fundamental
relationship between dynamical complexity and functional
flexibility across the visual processing hierarchy.

To characterize the full distribution of dynamical states
sampled by each region, we examined the positions of indi-
vidual analysis windows in the C-H plane [Figs. 3(c)–3(f)].
Local neuronal population in the visual cortex occupied a
broad region of the plane spanning high entropy values (H ≈
0.8–1.0) with complexity values ranging from C ≈ 0.1 to
C ≈ 0.4 [Fig. 3(c)]. This distribution traced a characteris-
tic arc reminiscent of correlated stochastic processes and
noisy chaotic maps suggesting that visual cortical dynam-
ics combine elements of both stochasticity and temporal
structure. Crucially, the empirical distribution differed sig-
nificantly from temporally shuffled surrogate data (Mann-
Whitney test, p < 0.001), with surrogate data clustering at
lower complexity values (C ≈ 0.1–0.2), confirming that the
observed complexity reflects genuine temporal organization
rather than random spiking patterns. Representative raster
plots illustrate this diversity [Fig. 3(g)]: periods of high
complexity (C = 0.39, VISl) showed temporally structured
activity with bursts of coordinated firing, while low com-
plexity periods (C = 0.08, VISrl) exhibited more irregular,
desynchronized spiking patterns. Among the visual area win-
dows analyzed, 0.8% exhibit complexity values in the range
[0.3,0.4], compared to 4.9% in the range [0.0,0.1]. For tha-
lamic regions, 0.6% of windows fall in the range [0.2,0.3],
compared to 24.6% in the range [0.0,0.1]. In the hippocam-
pus, 2.7% of windows exhibit complexity values in the range
[0.3,0.4], while 9.5% fall in the range [0.0,0.1]. Finally, in the
midbrain, 45.4% of windows fall in the range [0.1,0.2], while
54.0% fall in the range [0.0,0.1].

Thalamic local neuronal populations [Fig. 3(d)] displayed
a similar but more compact distribution, occupying a nar-
rower range of the C-H plane with slightly lower entropy
(H ≈ 0.75–0.95) and complexity (C ≈ 0.05–0.25) compared
to visual cortex. The tighter distribution suggests more con-
strained dynamics, consistent with the thalamus’s role as a
sensory relay. Representative examples from LP (C = 0.21)
and MGd (C = 0.08) [Fig. 3(h)] demonstrate this range, with
higher complexity associated with more structured temporal
patterning. As in the visual cortex, empirical data differed
significantly from surrogates (p < 0.001), indicating that tha-
lamic complexity reflects intrinsic network properties.

Hippocampal populations [Fig. 3(e)] exhibited the broadest
distribution, spanning an extensive range of complexity (C ≈
0.05–0.4) at high entropy (H ≈ 0.85–1.0). This wide disper-
sion suggests that hippocampal circuits can flexibly transition
between diverse dynamical regimes, potentially reflecting
their involvement in multiple cognitive functions including
spatial navigation and memory processing. High complex-
ity states (DG: C = 0.36; SUB: C = 0.09) showed markedly
different temporal structures in their raster plots, with DG
exhibiting more organized sequential activation patterns.

The significant difference from surrogates (p < 0.001) con-
firms that this dynamical diversity reflects genuine network
computations.

Midbrain populations [Fig. 3(f)] occupied the most re-
stricted region of the C-H plane, clustering at high en-
tropy (H ≈ 0.9–1.0) but consistently low complexity (C ≈
0.05–0.2). This narrow distribution suggests relatively sim-
ple, near-random dynamics with limited temporal structure.
Representative examples from NOT (C = 0.20) and APN
(C = 0.08) showed largely irregular firing patterns with
minimal temporal organization. Nevertheless, empirical data
remained significantly different from surrogates (p < 0.001),
indicating some degree of coordinated activity beyond pure
randomness.

Collectively, these results reveal a hierarchical organization
of dynamical complexity that parallels the functional spe-
cialization across the visual processing hierarchy. The visual
cortex and hippocampus explore broad regions of the C-H
plane, suggesting rich repertoires of dynamical states that may
support flexible stimulus processing and memory functions.
Thalamus occupies an intermediate position, while midbrain
dynamics remain close to random processes, consistent with
their more stereotyped, stimulus-independent responses ob-
served in the CV analysis. The systematic differences from
surrogate data across all regions confirm that these complexity
signatures reflect genuine temporal coordination in population
activity rather than trivial statistical artifacts.

Representative raster plots spanning the range of com-
plexity values observed in each region [Fig. 3(g)] illustrate
how statistical complexity relates to the temporal structure of
population activity. In visual cortex, high complexity states
(VISl: C = 0.39) exhibited coordinated bursts of activity with
clear temporal patterning, while low complexity states (VISrl:
C = 0.08) showed sparse, irregular firing. Thalamic regions
displayed moderate temporal organization at intermediate
complexity (LP: C = 0.21; MGd: C = 0.08), with discernible
differences in burst synchronization. Hippocampal popula-
tions showed pronounced contrasts, with high complexity
examples (DG: C = 0.36) revealing sequential activation pat-
terns and dense, structured firing, whereas lower complexity
states (SUB: C = 0.09) exhibited more scattered activity.
Midbrain areas consistently displayed irregular, weakly coor-
dinated firing regardless of complexity level (NOT: C = 0.20;
APN: C = 0.08), reflecting their restricted position in the C-H
plane. However, these aggregate measures of complexity, like
CV, do not fully capture the heterogeneity evident in the raster
plots. Notably, subcortical populations rarely exhibit complete
silence, with persistent asynchronous activity across neurons
even during low complexity states, suggesting that multi-
ple subdynamics coexist within local neuronal populations
that are not entirely reflected in scalar measures of temporal
organization.

D. Stimulus-dependent modulation of dynamical complexity
mirrors functional hierarchy

Having established that statistical complexity captures
meaningful aspects of population dynamics that complement
CV analysis, we next investigated whether complexity mea-
sures also reveal stimulus-dependent modulation across brain
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regions. If the distinct dynamical regimes observed in Fig. 3
reflect intrinsic network properties independent of sensory
context, complexity distributions should remain stable across
stimulus conditions. Alternatively, if dynamical complexity is
flexibly modulated by behavioral state and visual input, as we
observed for CV, regions should exhibit condition-dependent
shifts in their positions within the C-H plane. This distinction
is particularly important because complexity and CV capture
different aspects of population dynamics: while CV reflects
the balance between synchrony and asynchrony in popula-
tion firing, complexity quantifies the temporal structure and
predictability of population activity. To test whether stimulus-
dependence is a general property of cortical dynamics or
specific to particular measures of variability, we compared
complexity distributions across the same four experimental
conditions examined in Fig. 2: natural image presentation, ac-
tive behavior, blank screens, and spontaneous activity (Fig. 4).

Visual cortex subregions exhibited pronounced stimulus-
dependent modulation of statistical complexity [Fig. 4(a)].
All six visual areas (VISl, VISal, VISp, VISam, VISrl,
VISpm) showed elevated median complexity during natural
image presentation (0.16–0.26) compared to spontaneous ac-
tivity (0.1), with active behavior and blank screen conditions
producing intermediate values (0.1–0.19). This hierarchical
organization—highest complexity during structured visual
input, intermediate during task engagement, lowest during
spontaneous activity—was consistent across all visual areas
(all pairwise comparisons p < 0.001). Notably, the range of
complexity values and their variability (interquartile ranges:
0.08–0.12) was greatest during visually driven states, reflect-
ing heterogeneous temporal structure across different stimuli
and behavioral contexts. This systematic modulation demon-
strates that visual cortical population dynamics flexibly adjust
their temporal organization in response to both sensory input
and behavioral state.

Thalamic nuclei displayed more limited stimulus-
dependence [Fig. 4(b)]. Among nine examined regions,
only the lateral geniculate dorsal (LGd) and lateral posterior
(LP) nuclei, both components of the visual thalamic pathway,
showed significant modulation across conditions (p < 0.001).
LGd and LP exhibited elevated complexity during visually
driven states (0.14–0.18) compared to spontaneous activity
(0.11–0.12), with effect sizes smaller than those observed in
visual cortex. The remaining seven thalamic nuclei (MGd,
PoT, SGN, POL, MGm, MGv, PIL) maintained uniformly
low complexity (0.10–0.13) with minimal variability across
all conditions, showing no significant stimulus-dependence.
This functional segregation suggests that only primary
sensory relay and higher-order visual thalamic nuclei encode
stimulus-related temporal structure, while other thalamic
regions maintain stable dynamics independent of visual
context.

Hippocampal subregions displayed heterogeneous patterns
that diverged from the cortical profile [Fig. 4(c)]. DG and
CA3 showed elevated complexity across most conditions
(DG: 0.19–0.27; CA3: 0.15–0.21) with modest condition-
dependence, maintaining relatively high temporal structure
regardless of visual input. Intriguingly, these regions exhibited
peak complexity during spontaneous activity, opposite to the
pattern observed in visual cortex. In contrast, CA1, POST,

ProS, and SUB maintained more stable, lower complexity
values (0.11–0.15) across states, suggesting distinct compu-
tational roles within the hippocampal formation.

Midbrain areas exhibited the most invariant dynamics
across conditions [Fig. 4(d)]. Most regions (NB, MRN, SCig,
APN) showed uniformly low complexity (0.10–0.12) with
minimal variability across all behavioral states, confirming
stimulus-independent dynamics consistent with CV analysis.
Only the nucleus of the optic tract (NOT) displayed modest
stimulus-dependence (0.13–0.15 during visually driven states
versus 0.13 during spontaneous activity), consistent with its
role in visual motion processing. This pattern reinforces the
hierarchical organization wherein regions closer to sensory
input show flexible, stimulus-dependent complexity, while
regions involved in arousal, motor control, and autonomic
regulation maintain stable intrinsic dynamics. These analyses
were repeated for different parameter choices (D, τ and bin
sizes) yielding consistent hierarchical results (Supplemental
Material, Sec. II [41]).

To quantify the distinctiveness of dynamical regimes
across regions and conditions, we computed Jensen-
Shannon divergences between complexity distributions
[Figs. 4(e)–4(h)]. During natural image presentation
[Fig. 4(e)], visual cortex regions showed high within-group
similarity (JS divergence <0.2) but large divergences from
other brain areas (JS >0.4 for VIS-TH and VIS-MB
comparisons), confirming distinct dynamical regimes.
Hippocampal DG and CA3 exhibited moderate divergence
from other regions (JS: 0.3–0.5), reflecting their elevated
complexity. During active behavior [Fig. 4(f)] and blank
screens [Fig. 4(g)], similar patterns persisted, with visual
cortex maintaining distinct complexity distributions from
subcortical structures. Critically, spontaneous activity
[Fig. 4(h)] exhibited reduced overall divergences, with
visual cortex showing smaller differences from other regions
(JS: 0.2–0.4) compared to visually driven states. This
convergence suggests that different brain regions operate in
more similar dynamical regimes during spontaneous activity,
with visual cortex transitioning from highly structured
temporal organization toward simpler dynamics that more
closely resemble subcortical baseline states. Midbrain areas
showed consistently low divergence across all conditions (JS
<0.2 within MB group), confirming their stable dynamics
regardless of behavioral context.

These complexity analyses reveal a hierarchical organi-
zation of stimulus-dependent dynamics that closely parallels
the patterns observed with CV measurements. Visual cortex
and primary sensory thalamic nuclei exhibit strong stimulus-
dependence, flexibly modulating their temporal structure
in response to visual input and behavioral engagement.
Hippocampal regions show divergent patterns, with some
subfields (DG, CA3, CA1) maintaining high complexity that
peaks during spontaneous activity, potentially reflecting inter-
nally generated processes. Midbrain regions maintain stable,
low complexity dynamics largely independent of sensory con-
text. Importantly, the convergence of complexity distributions
during spontaneous activity—with visual cortex approach-
ing subcortical baseline values—suggests that stimulus-driven
states actively structure cortical temporal organization, while
spontaneous activity reflects a more homogeneous dynamical
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FIG. 4. Statistical complexity exhibits stimulus-dependent modulation in cortical but not subcortical regions. (a)–(d) Distribution of
statistical complexity values across experimental conditions for all brain regions (n = 102 sessions, total 77 216 analysis windows). Boxplots
show complexity distributions during four behavioral states: natural images (light-colored boxes, n = 11 321 windows), active behavior
(dark-colored boxes, n = 51 704 windows), blank screens (light-gray boxes, n = 11 321 windows), and spontaneous activity (dark-gray boxes,
n = 2870 windows). (a) Visual cortex subregions exhibited pronounced condition-dependent modulation, with elevated median complexity
during visually driven states (VISl: 0.15–0.26; VISal: 0.15–0.25; VISp: 0.16–0.19) compared to spontaneous activity (VISl: 0.1; VISal: 0.1;
VISp: 0.1). image presentation showed the highest complexity values, while active behavior and blank screen conditions produced intermediate
values. (b) Thalamic regions showed moderate stimulus-dependent modulation with smaller effect sizes (e.g., LP median complexity: 0.12–0.14
during visually driven states vs 0.11 during spontaneous activity; LGd: 0.12–0.15 vs 0.1). (c) Hippocampal subregions displayed heterogeneous
patterns: DG and CA3 showed low complexity median for natural image presentation (DG: 0.12; CA3: 0.11; CA1: 0.1) and elevated complexity
across other conditions (DG: 0.19–0.26; CA3: 0.13–0.18; CA1: 0.12–0.17) with modest condition-dependence, while POST, ProS, and
SUB maintained more stable values (0.1–0.13) across conditions. (d) Midbrain areas exhibited the most invariant complexity distributions
across conditions (NOT: 0.11–0.18; NB: 0.11–0.12; MRN: 0.10–0.11; SCig: 0.1–0.11; APN: 0.9), confirming stimulus-independent dynamics
consistent with CV analysis. (e)–(h) Jensen-Shannon (JS) divergence matrices quantifying dissimilarity between complexity distributions
across pairs of brain regions for each experimental condition. Color scale ranges from 0.0 (dark blue, identical distributions) to 1.0 (cyan,
maximally divergent distributions). White boxes delineate major anatomical groupings (VIS: visual cortex; TH: thalamus; HP: hippocampus;
MB: midbrain). (e) During natural image presentation, visual cortex regions showed high within-group similarity (low JS divergence, <0.2) but
large divergences from other brain areas (JS >0.4 for VIS-TH, VIS-MB comparisons), reflecting distinct dynamical regimes. Hippocampal DG
and CA3 exhibited moderate divergence from other regions (JS: 0.3–0.5). (f) Active behavior condition revealed similar patterns, with visual
cortex maintaining distinct complexity distributions from subcortical structures (JS >0.4). Within-hippocampus divergences increased (JS:
0.2–0.4), reflecting heterogeneity in condition-dependent responses. (g) Blank screen presentation showed comparable divergence patterns to
active behavior, with visual cortex remaining divergent from other regions (JS >0.4) despite absence of structured visual input. (h) Spontaneous
activity exhibited reduced overall divergences, with visual cortex showing smaller differences from other regions (JS: 0.2–0.4) compared to
visually driven states, suggesting convergence toward more similar dynamical regimes in the absence of sensory drive. Midbrain areas showed
consistently low divergence across all conditions (JS <0.2 within MB group), confirming their stable dynamics.
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FIG. 5. Relationship between statistical complexity and coefficient of variation across experimental conditions reveals region-specific
dynamics. Scatter plots showing statistical complexity (C) as a function of coefficient of variation (CV) for four experimental conditions:
natural images (top left), active behavior (top right), blank screens (bottom left), and spontaneous activity (bottom right). Lines represent
mean trajectories with shaded areas indicating standard error for visual cortex (VIS, green), thalamus (TH, blue), hippocampus (HP, coral),
and midbrain (MB, purple) across 102 recording sessions. During natural image presentation, visual cortex exhibited a monotonic increase in
complexity with increasing CV (spanning CV: 0.1–0.9, C: 0.08–0.34), indicating that higher synchronization (higher CV) corresponds to more
structured temporal organization. Thalamus and hippocampus showed moderate increases (C: 0.10–0.20), while midbrain displayed minimal
modulation (C: 0.10–0.15). Active behavior condition revealed similar patterns but with extended dynamic ranges, particularly for visual cortex
(CV: 0.2–1.6, C: 0.10–0.38), reflecting the broadest repertoire of dynamical states during task engagement. Blank screen presentation showed
intermediate patterns (VIS: CV: 0.1–1.2, C: 0.10–0.39), with visual cortex maintaining strong complexity-CV coupling despite absence of
structured visual input. Spontaneous activity exhibited compressed CV ranges across all regions (CV: 0.1–0.9), with hippocampus showing
elevated complexity values (C: 0.12–0.25) at moderate CV levels (0.4–0.7), potentially reflecting internally generated dynamics. Visual cortex
showed reduced maximal complexity during spontaneous activity (C ≈ 0.15) compared to visually driven states, while midbrain remained
invariant (C: 0.10–0.13) across all CV values. These condition-specific trajectories in the C-CV plane demonstrate that the relationship between
population synchronization and temporal complexity is not fixed, but rather depends on both brain region and behavioral context, with cortical
areas showing flexible, state-dependent coupling while subcortical regions maintain more stereotyped dynamics.

regime shared across brain regions [34]. The concordance
between CV and complexity analyses, despite these measures
capturing different aspects of population dynamics, indi-
cates that stimulus-dependence is a fundamental organizing
principle of cortical function that manifests across multiple
temporal scales and statistical properties [36,37].

E. Complexity-variability coupling reveals state-dependent
reconfiguration of cortical dynamics

Our analyses have demonstrated that both CV and sta-
tistical complexity exhibit stimulus-dependent modulation in
cortical but not subcortical regions. However, these mea-
sures capture fundamentally different aspects of population
dynamics: CV quantifies the balance between synchronous
and asynchronous firing, while complexity reflects the

temporal structure and predictability of activity patterns. A
critical question emerges: how do these two dimensions of
population variability relate to each other, and does this re-
lationship depend on behavioral state and brain region? If
CV and complexity measure independent aspects of neural
dynamics, their relationship should remain constant across
conditions. Alternatively, if they reflect coupled but disso-
ciable features of network organization, the complexity-CV
relationship might reconfigure in a state-dependent manner.
To address this question, we examined the joint distribution of
complexity and CV values across all experimental conditions
(Fig. 5).

Visual cortex exhibited a robust positive relationship
between complexity and CV during all visually driven condi-
tions (Fig. 5). During natural image presentation, complexity
increased monotonically with CV, spanning a broad range
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(CV: 0.1–0.9, C: 0.08–0.34). This positive coupling indicates
that periods of higher population synchronization (high CV)
correspond to more structured, predictable temporal organiza-
tion (high complexity), while desynchronized states (low CV)
exhibit simpler, more irregular dynamics (low complexity).
Importantly, visual cortex explored the largest region of the
C-CV plane, suggesting a rich repertoire of dynamical states.
Active behavior further expanded this range (CV: 0.2–1.6, C:
0.10–0.38), with visual cortex achieving the highest complex-
ity values at elevated synchronization levels. This extended
dynamic range during active behavior may reflect enhanced
temporal coordination required for task engagement and rapid
stimulus processing. Blank screen presentation showed inter-
mediate patterns (CV: 0.1–1.2, C: 0.10–0.39), demonstrating
that visual cortex maintains strong complexity-CV coupling
even during brief periods without structured visual input, con-
sistent with persistent engagement of cortical circuits during
the task.

Thalamic regions displayed weaker but consistent positive
complexity-CV relationships across visually driven condi-
tions (Fig. 5). The slopes of these trajectories were shallower
than in visual cortex, and the explored regions of the C-CV
plane were more restricted (typical range: CV: 0.2–0.8, C:
0.10–0.20). This compressed dynamic range suggests that
thalamic circuits maintain more constrained relationships be-
tween synchronization and temporal structure, consistent with
their role as relatively feedforward sensory relays. Neverthe-
less, the preserved positive coupling indicates that thalamic
dynamics are not entirely stereotyped, but retain some flex-
ibility in coordinating temporal patterns with population
synchronization levels.

Hippocampal dynamics revealed strikingly different pat-
terns depending on behavioral state (Fig. 5). During natural
images, active behavior, and blank screens, hippocampus
showed modest positive complexity-CV relationships with
moderate complexity values (typical C: 0.12–0.19). However,
during spontaneous activity, hippocampus exhibited markedly
elevated complexity (C: 0.12–0.25) at intermediate CV values
(0.4–0.7), reaching levels comparable to those observed in
visual cortex during active image viewing. This inversion,
with hippocampal complexity peaking during spontaneous
rather than stimulus-driven states, suggests fundamentally
different computational demands. The elevated complexity
during spontaneous activity may reflect internally generated
processes such as memory replay, consolidation, or planning
that require structured temporal organization independent of
external sensory drive [34]. This dissociation between hip-
pocampal and cortical dynamics reinforces the view that
spontaneous activity serves distinct functions across brain
regions, with sensory cortex requiring external input for tem-
poral structure while hippocampus generates rich dynamics
intrinsically.

Midbrain regions displayed the most invariant dynamics
across all conditions (Fig. 5). Complexity values remained
consistently low (C: 0.10–0.13) across the full range of ob-
served CV values (0.1–0.9) in all behavioral states, yielding
nearly flat trajectories in the C-CV plane. This indepen-
dence between complexity and CV indicates that midbrain
population dynamics maintain simple temporal organization
regardless of synchronization level or behavioral context.

The restricted exploration of the C-CV plane confirms that
midbrain circuits operate with stable, stimulus-independent
dynamics that likely reflect their roles in arousal, motor con-
trol, and autonomic regulation rather than flexible sensory or
cognitive processing.

Comparing trajectories across conditions revealed
condition-specific reconfiguration of the complexity-CV
relationship (Fig. 5). Visual cortex showed systematic shifts:
during visually driven states (natural images, active behavior,
blank screens), complexity increased steeply with CV,
exploring high-complexity/high-CV regions of the plane.
During spontaneous activity, the trajectory compressed,
with visual cortex occupying predominantly low-complexity
regions (C < 0.15) even at moderate CV values. This
compression suggests that visual cortex requires sensory
input or task engagement to generate highly structured
temporal patterns; in the absence of external drive, cortical
dynamics simplify despite maintaining some degree of
synchronization. In contrast, hippocampus showed the
opposite pattern: trajectories expanded during spontaneous
activity, with elevated complexity at intermediate CV
values. This divergence between cortical and hippocampal
state-dependent reconfiguration supports the view that
these regions serve complementary functions, with cortex
optimized for processing external sensory information and
hippocampus specialized for internally generated dynamics
[37].

The state-dependent reorganization of complexity-CV re-
lationships provides new insights into how brain regions
flexibly coordinate temporal structure and population syn-
chronization. The strong, positive coupling in visual cortex
during active states suggests that these two features of popu-
lation dynamics, synchronization and temporal organization,
are jointly modulated to optimize sensory processing. The
compression of this relationship during spontaneous activity
indicates that cortical circuits cannot sustain high tempo-
ral complexity without external drive or task demands. The
inverted pattern in hippocampus, with peak complexity dur-
ing spontaneous states, reveals that this region maintains
rich temporal dynamics independent of sensory input, po-
tentially supporting offline memory processes. Finally, the
flat trajectories in midbrain confirm that these regions main-
tain stereotyped dynamics with minimal flexibility. Together,
these findings demonstrate that the coupling between different
dimensions of population variability is not fixed but rather
reconfigures in a region-specific and state-dependent manner,
providing a mechanistic basis for the functional specialization
observed across the visual processing hierarchy.

IV. DISCUSSION

A. Hierarchical organization of population dynamics across
the visual processing pathway

Our results reveal a systematic hierarchical organization
of population dynamics that extends from cortical to sub-
cortical structures during visual processing. By combining
coefficient of variation and information-theoretic complexity
measures, we demonstrate that distinct brain regions oper-
ate in fundamentally different dynamical regimes, with these
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differences being most pronounced during sensory-driven
states. Critically, the relationship between these two dimen-
sions of population variability—synchronization (CV) and
temporal structure (complexity)—reconfigures in a region-
specific and state-dependent manner, providing a mechanistic
basis for functional specialization across the visual hierarchy.

Visual cortex exhibited the strongest stimulus-dependent
modulation across both measures, with CV values increas-
ing 2–3× during active behavior compared to spontaneous
activity, accompanied by systematic shifts in the complexity-
CV relationship. During visually driven states, visual cortex
explored an extensive region of the C-CV plane (CV: 0.1–1.6,
C: 0.08–0.38), with complexity increasing monotonically with
synchronization. This positive coupling indicates that cortical
circuits coordinate both dimensions of population dynam-
ics to optimize sensory processing: elevated synchronization
(high CV) coincides with structured temporal organization
(high complexity), while desynchronized states exhibit sim-
pler dynamics [5,15]. The compression of this trajectory
during spontaneous activity—with visual cortex occupying
predominantly low-complexity regions despite moderate CV
values—demonstrates that cortical circuits cannot sustain rich
temporal structure without external drive or task engagement.
This state-dependent reconfiguration aligns with theoretical
frameworks proposing that cortical networks flexibly tran-
sition between operating regimes based on computational
demands [39].

In contrast, midbrain regions displayed remarkably flat
trajectories in the C-CV plane, maintaining low complexity
(C: 0.10–0.13) across all CV values and behavioral states.
This independence between synchronization and temporal
structure confirms that midbrain circuits operate with stereo-
typed dynamics regardless of sensory context, consistent
with their roles in arousal and motor control rather than
flexible information processing. The hierarchical gradient in
both stimulus-dependence and complexity-CV coupling—
strongest in visual cortex, intermediate in thalamus, minimal
in midbrain—suggests that computational flexibility de-
creases systematically with distance from primary sensory
input.

B. Divergent hippocampal dynamics reveal complementary
computational strategies

Perhaps our most striking finding is the inverted relation-
ship between behavioral state and dynamical complexity in
hippocampal circuits. While visual cortex showed compressed
C-CV trajectories during spontaneous activity, hippocampus
exhibited expanded trajectories with elevated complexity (C:
0.12–0.25) at intermediate CV values (0.4–0.7)—comparable
to visual cortex during active image viewing. This inversion
demonstrates that hippocampal and cortical circuits employ
fundamentally different computational strategies: visual cor-
tex requires external sensory drive to generate structured
temporal patterns, while hippocampus maintains rich dynam-
ics intrinsically, independent of visual input.

The elevated complexity in hippocampal subregions DG
and CA3 during spontaneous activity likely reflects ongoing
memory-related processes such as replay, pattern comple-
tion, or consolidation that operate autonomously from active

sensory processing [43]. The anticorrelated CV relation-
ships between DG/CA3 and visual cortical regions further
support this interpretation, suggesting a competitive or com-
plementary relationship between externally-driven sensory
processing and internally generated hippocampal dynamics.
This dissociation provides a potential mechanistic explanation
for the well-documented suppression of hippocampal replay
events during active exploration and sensory engagement.

Importantly, the divergent state-dependent trajectories in
the C-CV plane reveal that hippocampus and visual cortex
optimize different dimensions of population dynamics under
different conditions. Visual cortex achieves high complexity
through stimulus-driven synchronization during active behav-
ior, while hippocampus generates high complexity through
internally coordinated patterns during quiescence. This com-
plementarity may reflect a fundamental tradeoff in neural
computation: circuits cannot simultaneously maintain both
stimulus-driven responses and internally generated structured
dynamics at high levels. The brain appears to solve this
by specializing different regions for different computational
modes, with sensory cortices prioritizing external sampling
and hippocampus prioritizing internal model maintenance
[34,37].

C. Complexity-variability coupling as a window into
computational flexibility

The joint analysis of CV and statistical complexity pro-
vides novel insights that neither measure alone could reveal.
While CV quantifies the balance between synchronous and
asynchronous firing, complexity captures the temporal struc-
ture and predictability of activity patterns. Our finding that
the relationship between these measures is neither fixed nor
universal, but rather reconfigures in a region-specific and
state-dependent manner, has important implications for under-
standing cortical computation.

The strong positive coupling in visual cortex during active
states (steep slopes in C-CV space) indicates that synchroniza-
tion and temporal structure are jointly modulated, potentially
through common circuit mechanisms such as recurrent ex-
citation or neuromodulatory drive [44]. The compression of
this relationship during spontaneous activity suggests that
these mechanisms are only engaged by sensory input or
task demands. In contrast, the shallow slopes in thalamus
and the near-zero slopes in midbrain indicate progressively
weaker coupling between these dynamical dimensions, re-
flecting more constrained circuit architectures with limited
flexibility.

The state-dependent reorganization of C-CV trajectories
also reveals that population dynamics cannot be adequately
characterized by either measure in isolation. Two popula-
tions with identical CV values can exhibit vastly different
complexity depending on brain region and behavioral state,
and conversely, similar complexity values can arise from
very different synchronization levels. This highlights a gen-
eral principle: neural population dynamics are inherently
multidimensional, and capturing their full computational ca-
pacity requires considering multiple complementary features
simultaneously [45,46].
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Moreover, our results demonstrate that the boundaries of
dynamical flexibility—the regions of the C-CV plane that
each population can explore—are region-specific and be-
haviorally gated. Visual cortex has the capacity to explore
extensive regions but only does so during engaged states.
Hippocampus can access high-complexity states but preferen-
tially does so during spontaneous activity. Midbrain remains
confined to a restricted region regardless of state. These
boundaries likely reflect fundamental constraints imposed by
circuit architecture, connectivity patterns, and intrinsic cellu-
lar properties [47].

D. Implications for theories of cortical computation
and spontaneous activity

Our findings have important implications for theories of
cortical function. The strong stimulus-dependence of cortical
dynamics challenges purely intrinsic models of brain function
[35] and supports hybrid frameworks where sensory input
actively structures cortical dynamics [36,37]. However, the
preservation of some temporal structure during spontaneous
activity, combined with the elevated hippocampal complexity
in this state, suggests that spontaneous activity is not simply
noise but rather reflects a distinct computational mode opti-
mized for internal processing [34].

The hierarchical gradient in stimulus-dependence—
strongest in primary sensory areas, intermediate in thalamus,
minimal in midbrain—is consistent with predictive coding
theories where higher levels of the processing hierarchy
maintain increasingly stable priors [48]. However, our results
extend these theories by showing that stimulus-dependence
manifests not only in response magnitudes but also in
the fundamental relationship between synchronization and
temporal structure. Predictive coding models must therefore
account for state-dependent reconfiguration of dynamical
landscapes, not just modulation of firing rates.

The convergence of complexity distributions across re-
gions during spontaneous activity, despite maintained dif-
ferences in CV, suggests that the brain defaults to a more
homogeneous dynamical regime when not engaged in active
processing. This convergence may facilitate global coordi-
nation and communication between regions [49], providing
an optimal baseline state that balances energy consumption
with readiness to respond to incoming stimuli. However,
the divergent hippocampal pattern indicates that this con-
vergence is not universal, with some regions maintaining or
even enhancing their complexity during rest to support offline
computations.

E. Future directions

Our findings open several avenues for future investigation.
First, examining how C-CV trajectories change during learn-
ing, adaptation, or attention could reveal how experience and
cognitive demands reshape the computational properties of
neural circuits. If the boundaries of explored dynamical space
expand with learning, this would suggest that circuit flexibility
itself is plastic. Conversely, if learning primarily reorganizes
where populations reside within a fixed dynamical landscape,
this would support models where flexibility is an intrinsic
property.

Second, investigating the causal relationship between po-
sition in C-CV space and behavioral performance could
establish whether the observed dynamical flexibility directly
supports cognitive function. Optogenetic or pharmacological
manipulations that push populations to different regions of
the C-CV plane would test whether high-complexity states
are necessary for specific computations or whether they are
epiphenomenal correlates of other circuit properties.

Third, extending this analysis to include additional visual
structures (complete areas of the superior colliculus, pulvinar,
prefrontal cortex) and other sensory modalities would test
whether the principles we identified generalize across sys-
tems. If similar hierarchical organization and state-dependent
reconfiguration appear across modalities, this would sug-
gest universal principles of neural computation. Alternatively,
modality-specific patterns might reveal how circuit dynamics
are optimized for different types of sensory information.

Fourth, examining how C-CV relationships change across
development and aging could provide insights into how
dynamical flexibility emerges and potentially degrades. If
critical periods are characterized by expanded exploration of
dynamical space that later becomes restricted, this would link
circuit maturation to computational capacity.

Chen et al. [50] identified a specific intracortical micro-
circuit in the mouse primary visual cortex (VISp) whereby
acetylcholine (ACh) released from mice basal forebrain axons
facilitates somatostatin-expressing (SOM) inhibitory neurons,
which in turn inhibit parvalbumin-expressing (PV) neurons
and pyramidal cells, producing robust desynchronization and
decorrelation of neural responses. Subsequent work has re-
vealed that this cholinergic modulation is layer-specific,
preferentially enhancing layer 5 responsiveness while leaving
layer 2/3 unchanged [51], that M2 muscarinic receptors on
SOM neurons are specifically required for encoding tempo-
ral sequences [52]. Since this cholinergic pathway directly
controls the degree of pairwise decorrelation measured by r̄
and CV, a natural experimental test of our framework would
be to manipulate cholinergic tone—via optogenetic activa-
tion or inhibition of mice basal forebrain projections to the
VISp—while simultaneously monitoring statistical complex-
ity. If cholinergic-induced decorrelation reduces r̄ and CV
but preserves or enhances statistical complexity, this would
confirm that complexity captures structured temporal orga-
nization that emerges from, rather than merely reflects, the
decorrelated state. Conversely, if complexity tracks decor-
relation, this would indicate that the temporal structure we
measure depends on population-level synchronization. Either
outcome would provide mechanistic insight into the circuit
basis of the dynamical regimes revealed by the C-H plane.
A complementary pharmacological approach could further
dissect this pathway. Sarkar et al. [52] recently demonstrated
that M2 muscarinic receptors—which co-localize with SOM
neurons in deep layers of VISp—are specifically required for
encoding temporal sequences, while M1 receptors are not.
Local application of selective M2 antagonists (e.g., AFDX-
116) during Neuropixels recordings would test whether this
receptor subtype mediates the temporal structure captured
by statistical complexity. If M2 blockade selectively reduces
complexity while leaving pairwise decorrelation (r̄) relatively
intact, this would establish a pharmacological dissociation
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between the two dimensions of population dynamics identi-
fied in the present study and implicate cholinergic signaling
through M2 receptors on SOM interneurons as a specific
mechanism underlying the structured temporal organization
revealed by the C-H plane.

Fifth, a methodological direction concerns the design of
surrogate frameworks that go beyond the independent-neuron
baseline employed here. Constructing maximum entropy sur-
rogates that preserve pairwise correlations while destroying
higher-order temporal structure [53] would allow one to
isolate which specific aspects of population coordination con-
tribute most to the observed complexity values. Although
computationally demanding at the population sizes considered
in the present work, such an approach would clarify whether
the complexity signatures we report arise primarily from pair-
wise interactions or from higher-order temporal organization
that scalar correlation measures cannot capture.

Finally, our results motivate the development of new
computational models that explicitly account for the joint
dynamics of synchronization and temporal structure. Mod-
els should aim to reproduce the observed state-dependent
reconfiguration of C-CV relationships and explain the mech-
anistic basis for region-specific trajectories. Such models
would advance our understanding of how circuit architecture,
neuromodulation, and sensory input interact to determine pop-
ulation dynamics.

V. CONCLUSIONS

By combining complementary measures of popula-
tion variability—the coefficient of variation and statistical
complexity—we have revealed a rich hierarchical organiza-
tion of neural dynamics across the visual processing pathway.
The key insight from our joint analysis is that the rela-
tionship between synchronization and temporal structure is
not fixed but rather reconfigures in a region-specific and

state-dependent manner. Visual cortex shows flexible cou-
pling that depends on sensory drive, hippocampus inverts this
relationship to prioritize internally generated complexity, and
midbrain maintains stereotyped dynamics across states. This
multidimensional characterization provides new constraints
for theories of cortical computation and demonstrates that
understanding neural population dynamics requires consid-
ering multiple complementary features simultaneously. The
state-dependent trajectories in C-CV space represent a new
window into how different brain regions flexibly coordinate
multiple dimensions of population activity to support their
specialized computational functions.
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