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A hierarchy of time constants and reliable
signal propagation in the marmoset
cerebral cortex

Guanchun Li 1,4, Songting Li 2 & Xiao-Jing Wang 3

A hierarchy of timescales in the cerebral cortex is functionally desirable for
rapid information processing in sensory areas and slow time integration in
association areas. Here, through an analysis of electrocorticography (ECoG)
data, we identified a timescale hierarchy in the neocortex of marmoset, a
primate species commonly used in neuroscience. Constrained by the anato-
mical and electrophysiological data, we developed a multi-regional model of
the marmoset neocortex that captures the observed timescale hierarchy
phenomenon. Furthermore, we used the model to investigate how the neo-
cortex reconciles information integration on distinct timescales in local areas
with reliable signal propagation globally across regions. We found that a near-
criticality state is optimal for both localized signal integration within areas and
reliable signal propagation across areas in the multi-regional neocortex. Our
model also mechanically explains recent experimental observations that the
structural and functional connectivities are less correlated in association areas
than in sensory areas.

The cerebral cortex, together with peripheral sensory organs (e.g.,
retina, cochlea, spinal cord) and subcortical relays (e.g., thalamus),
engages in information processing of external inputs, local integra-
tion of signals within regions, and the transmission of these signals
along functionally specific pathways. A prominent and noteworthy
characteristic of the neocortex is what is referred to as “timescale
hierarchy”. In essence, different cortical areas exhibit varying time-
scales in their response to inputs, allowing for the hierarchical pro-
cessing of temporal information. Primary sensory areas manifest
shorter timescales, typically measured in tens of milliseconds. The
short timescales enable these areas to respond rapidly and effec-
tively to incoming stimuli. In contrast, higher-level association areas
display longer timescales, often extending to hundreds of milli-
seconds or longer. These extended timescales support the integra-
tion of information over a relatively protracted time window. The
phenomenon of timescale hierarchy emerges from a theoretical
model of the multi-regional macaque neocortex1, and is supported
by experimental studies conducted on multiple species, including

mice2,3, macaquemonkeys4,5, and humans6–11. It remains to be actively
investigated on the universality of this phenomenon across different
species and the corresponding large-scale circuit mechanisms.

Timescale hierarchy is a phenomenon that spans across multiple
cortical areas, strongly suggesting that its underlying mechanism is
intricately linked to the broad-scale structural attributes of the neo-
cortex. On an intuitive level, the timescale of neuronal population
activity is intricately tied to the strength of recurrent excitation within
that population. In simpler terms, stronger recurrent excitation tends
to result in slower timescales of activity. Consequently, the concept of
timescale hierarchy points to the existence of a macroscopic gradient
in recurrent excitation along the axis of cortical area hierarchy. This
notion finds compelling support in experimental findings, particularly
in studies that examine the number of dendritic spines on pyramidal
neurons within the primate neocortex. These dendritic spines serve as
a direct reflection of the synaptic excitation strength per neuron and
notably display an increasing gradient along the cortical hierarchy12,13.
Furthermore, beyond this spatial gradient in spine numbers, the
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neocortex also reveals macroscopic gradients in other biological
properties, including neuron density14 and synaptic receptor
distribution15,16. These gradients may indeed serve as fundamental
principles governing the organization of the cerebral cortex on a large
scale, as discussed in a comprehensive review17.

In addition to the inherent characteristics of individual cortical
areas, timescale hierarchy may also be attributed to long-range con-
nections among these areas. Recent years have witnessed significant
advancements in the quantitative measurement of inter-areal con-
nectivity in various species, including mouse18–21, macaque22–24, and
marmoset25,26. It represents a departure from earlier studies that only
provided a coarse assessment of primate connectomes by categoriz-
ing connections between area pairs as absent, weak, or strong27,28. In
contrast, the contemporary connectome offers a more precise and
quantitative characterization. The strength of inter-areal connections
is characterized using a continuous metric known as the fraction of
labeled neurons (FLNs). FLNs measure the relative strength of pro-
jections from a particular source area to a specific target area in rela-
tion to all source areas projecting to that target area. Such a detailed
connectome framework enables the quantitative exploration of the
organizational principles governing the cerebral cortex. For instance,
one notable observation is that FLNs between two areas exhibit an
exponential decay with increasing distance, a phenomenon known as
the exponential distance rule29,30.

By incorporating the macroscopic gradient of excitation and a
quantitative weighted and directed connectome of macaque monkey,
a comprehensive multi-regional model of 29 areas was developed to
qualitatively generate the timescale hierarchy phenomenon1. Notably,
when the macroscopic gradient of excitation was removed or the
connectivity was shuffled, the significance of the timescale hierarchy
diminished, or in some instances, completely vanished1. To elucidate
the underlying principles governing this phenomenon, a rigorous
mathematical analysis was conducted to identify the importance of
macroscopic gradient of excitation and detailed excitation-inhibition
(E-I) balance. The balance condition stipulated that the inter-areal
excitatory inputs originating from each source area must balance with
the local inhibitory inputs from the target area31. As a result, cortical
areas exhibited relatively weak effective interactions, leading to the
emergence of timescale hierarchy in a densely connected network.

While this detailed balance condition appeared to enhance signal
gating, i.e., irrelevant signals are not able to propagate in the detailed
balance state, as demonstrated in a computational study32, it also
introduced a challenge: the model struggled to achieve reliable signal
propagation, another crucial dynamic property of the large-scale
neural circuits. On the other hand, signals experienced significantly
less attenuation when they operated within an alternative dynamical
regime known as “global balanced amplification”33. However, in this
regime, the timescale hierarchy phenomenon ceased to exist. The
conundrum lies in reconciling both timescale hierarchy and reliable
signal propagation within the cerebral cortex. Furthermore, despite
the model being informed by anatomical data, it remains unclear to
which extent the model accurately captures the timescales of indivi-
dual areas and the precise properties of signal propagation in
a quantitative manner. A challenge stems from the absence of
neuronal activity data recorded across multiple areas in the macaque
neocortex.

In this study, starting from analyzing the multi-regional electro-
corticography (ECoG) recording data of another primate, the mar-
moset, we investigated two critical aspects within the marmoset
neocortex: the timescale hierarchy phenomenon and the property of
signal propagation. It is notable that there has been limited prior
research reporting the existence of timescale hierarchy in the mar-
moset neocortex. Consequently, it becomes imperative to explore
whether this phenomenon also manifests in the marmoset, thereby
testing thehypothesis that timescalehierarchymayserve as auniversal

principle governing cortical dynamics across different species. In
addition, the availability of comprehensive anatomical data25,26 along
with activity data34 collected from multiple cortical areas within the
marmoset neocortex, provides us with an opportunity to develop a
biologically realistic large-scale model that encompasses multiple
cortical areas. Importantly, and in contrast to previous research, the
predictions made by our model regarding the timescales of individual
cortical areas and the patterns of signal propagation across multiple
areas can be directly validated using experimental activity data. This
anatomically and dynamically constrained model empowers us to
delve deeply into the role played by the intra-areal heterogeneity (i.e.,
macroscopic gradient of excitation) and inter-areal connectivity in
shaping local signal integration and global signal propagation
dynamics within the marmoset neocortex, in particular, leading to a
near-critical state of the neocortex. In addition, the model mechani-
cally explains recent experimental observations that the structural
connectivity and functional connectivity are less similar in association
areas than in sensory areas.

Results
Experimental evidence of timescale hierarchy in the marmoset
neocortex
We initiated our investigation with the analysis of an ECoG dataset
recorded from an anesthetized marmoset in a previous study34. This
dataset includes signal measurement from 96 electrodes, broadly
placedon the left hemisphereof themarmoset’s brain during a state of
passive listening (Fig. 1a). To circumvent any potential bias from the
auditory stimulus, we selected data recorded prior to any auditory
stimulus exposure, which was presumably close to the resting state
(for further details, see Section “Methods”).

We adapted a spectral approach to estimate the timescales of
resting-state neural activity from the ECoG dataset11. This method
focuses on the Power Spectral Density (PSD) of the data, enabling
reliable estimations of the time constant of neural activity from rela-
tively short time series. In brief, we calculated the PSD of the activity
data using Welch’s method, followed by a Lorentz function fitting to
determine the “knee frequency” and the corresponding decay time
constant (see details in Section “Methods”). Previous studies antici-
pated an exponent of 2 for the Lorentz function36, which has also been
observed in our study, showing that the exponent clustered around 2
with minor variance in Fig. 1b.

By applying the spectral method, a prominent timescale gradient
across 33 cortical areas was revealed. As illustrated in Fig. 1c, sensory
areas including V1, V2, and AuA1 exhibited smaller time constants,
while association areas, including A8aD, A10, and PG exhibited longer
timescales. This trend was further substantiated by computing the
average timescale for each category of areas, presenting a significant
increase of timescales from the low-level sensory areas to the high-
level association areas, as shown in Fig. 1d.

Intriguingly, our data analysis unveiled a striking consistency
between the timescale hierarchy and the structural hierarchy assessed
by the spine number of pyramidal neurons in each area1,12. As
demonstrated in Fig. 1e, the timescale correlates strongly with the
spine count across cortical areas. Furthermore, by analyzing the first
5 s of awake resting-state recordings37, we observed a clear intrinsic
timescale hierarchy across cortical areas closely matching the anes-
thetized state (Fig. S9a, b), with a strong correlation confirming con-
sistency in the relative ordering of timescales (Fig. S9c).

Those findings propelled us to construct a multi-regional model
of the marmoset neocortex that links the structural and dynamical
property of the neocortex. With such a model, we were able to inves-
tigate hownetwork structure shapes signal integration reflected by the
neural time constant within each area and signal propagation across
areas in the cerebral cortex – in particular, the role of themacroscopic
gradient of spine count and the inter-areal connectivity.
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A multi-regional model of the marmoset neocortex
Wenext developedamulti-regionalmodel of themarmoset neocortex.
The form of the model was adapted from Ref. 1 that described the
macaqueneocortex, considering the anatomical resemblance between
the macaque and marmoset cortices. The model encapsulates 55 dis-
tinct sensory and association areas of the marmoset neocortex,
including the 33 areas recorded in the previous experiment34. Each
area in our model encompasses an excitatory and inhibitory neural
population, both ofwhich are locally interconnectedwith their activity
described by the population firing rates. A detailed schematic of this
multi-regional model is presented in Fig. 2a, b.

The network connectivity of themodel was determined by the up-
to-date anatomical measurement using retrograde tracing25,26. The
magnitude of the directed connection between any two areas was
derived from FLN determined through tracer injection experiments.
The FLNs quantify the fraction of neurons projecting to a target area
across all source areas, which can be viewed as a proxy of connectivity
strength between two areas inourmodel. A heatmap representation of
the FLN matrix is shown in Fig. 2c. The dynamical interactions within
each area are described following a Wilson–Cowan type model (see
further details in Section “Methods”).

In addition, the model accentuates the influence of the excitation
gradient in scaling connection strengths between neural populations.
Following prior macaque neocortex modeling1, we integrated a com-
posite gradient of excitation level across areas in the model, which

mainly reflects the areal specific spine numbers of pyramidal neurons
based on a previous anatomical study26. In our model, this composite
gradient index has been additionally constrained to align with the
experimentally measured timescales deduced from the ECoG data, as
detailed in the preceding section. A detailed methodology for esti-
mating the composite gradient is described in Section “Methods”. The
composite gradient’s barplot is shown in Fig. 2d, alongside the average
composite gradient for each category of cortical areas in Fig. 2e,
revealing a statistically significant upward trend from visual areas to
the prefrontal cortex. Furthermore, Fig. 2f illustrates the correlation
between the composite gradient and the spine number of pyramidal
neurons for all areas26, demonstrating that the composite gradient
index was predominantly determined by the spine number of pyr-
amidal neurons, thus as a proxy of excitation level for neurons in
each area.

While subcortical structures (e.g., thalamus, brainstem, basal
ganglia, cerebellum) and peripheral sensory pathways (e.g., retina,
cochlea, spinal cord) exert influences on cerebral cortical
dynamics, the present model is restricted to cerebral cortical
networks due to the absence of a marmoset-wide, high-resolution
subcortical and peripheral connectome. It is worth noting, how-
ever, that this work focuses on timescales of spontaneous neural
activity during the resting state, when there is no experimentally
designed sensory stimulation to peripheral structures, and ani-
mals are not engaged in a particular task. As future anatomical data

Fig. 1 | Experimental observation of timescale hierarchy in the marmoset
neocortex. a The spatial distribution of electrode locations marked by red dots,
adapted from electrode annotations in Nakae et al.35 under a Creative Commons
Attribution 4.0 International License (CC BY4.0). b Methodology for timescale
measurement. Left panel: Exemplification of the Power Spectral Density (PSD) fit-
ting process. Right panel: Distribution of the exponent values derived from the
Lorentz function fit of the power spectrum. c Timescale distribution across the
marmoset neocortex. Lower-level sensory areas such as V1, V2, and AuA1 exhibited

shorter timescales, in contrast to higher-level areas like A8aD, A10, and PG that
exhibited longer timescales. d Boxplot of timescale statistics for each areal cate-
gory. Box plots show themedian and IQR, withwhiskers extending to theminimum
and maximum values excluding outliers. Sample sizes (n, number of distinct brain
areas per region) from left to right aren = 9, 2, 3, 7, 2, 3, and 7. e Positive correlation
between timescale and spine count of pyramidal neurons for each area, revealing
the structural-dynamical relationship (Pearson r =0.91, p = 1.91 × 10−3). The time-
scales are fitted using the experiment data from an anesthetized marmoset34.
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allow the integration of subcortical and peripheral circuits, these
additional components are expected to improve our model pre-
dictions of timescales and signal propagations, with the specific
patterns likely influenced by interactions involving subcortical and
peripheral structures.

Emergence of timescale hierarchy in the marmoset
network model
We next investigated the capability of our model in replicating the
experimentally observed timescales for each area in the marmoset
neocortex. In simulating the model’s resting state, we applied white-
noise stimuli across all brain areas, to emulate the resting state sce-
nario in experiment. The neural activities in various areas, illustrated in
Fig. 3a, reveal that lower-level areas resonate at higher frequencies,
akin to the input white noise. In contrast, higher-level areas exhibit
smoother variations, reflecting their differing operational timescales.
Further inspection of the auto-correlation function of activity within
each area, as shown in Fig. 3b, demonstrates an evident exponential
decay, though with significant variability in the decay time constants
across areas, thus reinforcing the existence of different operational
timescales in each area.

We then examined the timescale gradient more closely by esti-
mating timescales from the PSD of the simulated neural activity, fol-
lowing the same approach used for the experimental data processing.
As displayed in Fig. 3c, the timescale for each area forms a gradient
ranging from 50ms to 250ms. This gradient rises from sensory to
high-level areas, echoing the experimentally observed pattern. Next,
we quantitatively compared the experimentally measured and model-
predicted timescales area by area. Figure 3c shows a strong correlation
between them, with a scaling factor around 5. This scaling is consistent
with the findings in ref. 11 where the timescale of ECoG was compared
with the timescale of neuronal firing activity. These outcomes suggest
our model well captures the experimental observations, thus validat-
ing themodel’s effectiveness.Moreover, the timescale gradient and its
close consistency with experimental data remain robust even when
biologically realistic axonal conduction delays are incorporated into
the model (Fig. S8). Finally, Fig. 3d demonstrates that the consistency
between the time constant and the spine number across areas is also
preserved in our model.

Furthermore, we substantiated the property of timescale gradient
by examining the eigenmodes in the modeled system. For each
eigenmode (a column of the matrix in Fig. 3e), each entry implies that

Fig. 2 | Properties of the multi-regional model of the marmoset neocortex.
aGraph representationof themarmoset cortical areas, with linewidth representing
connection strength (only the strongest 25% of connections are displayed).
b Schematic depiction of the model area representing each cortical area, com-
prising excitatory and inhibitory neural populations with the directed interaction
from Area V1 to Area V2 shown. cMatrix of connection strengths across all cortical
areas. The directed connection magnitude between any two areas is based on the
Fraction of Labeled Neurons (FLN) data derived from refs. 25,26. Only inter-areal
(long-range) projections are shown for clarity. d Area-wise composite gradient of

excitation in themodel. e Boxplot of the composite gradient of excitation grouped
by the categoryof areas, signifying a significant progression fromvisual areas to the
prefrontal cortex. Box plots show the median and IQR, with whiskers extending to
the minimum and maximum values excluding outliers. Sample sizes (n, number of
distinct brain areasper region) from left to right aren = 9, 2, 3, 7, 2, 3, and 7. f Strong
correlation between the model’s composite gradient of excitation and the experi-
mentallymeasured spine number of 8 areas (Pearson r =0.89, p = 2.6 × 10−3). Layer-
3 pyramidal-cell spine counts were taken from the cross-area compilation in Sup-
plementary Table 4 of26; sampling details are given in the cited source articles.
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Fig. 3 | Investigation of timescale gradient and localization in the model.
a Simulated resting state activity, with white-noise input to all brain areas. Lower-
level areas resonate at higher frequencies, whereas higher-level areas show more
gradual fluctuations. b The autocorrelation function of each area’s activity in the
resting state. c Top panel: The timescale derived from the Power Spectral Density
(PSD) of simulated resting state activity, forming a gradient spanning from50ms to
250ms. Bottom panel: Strong correlation of timescale between model and

experiment (Pearson r =0.94,p = 6.57 × 10−16).d Significant correlation between the
simulated timescale and spine number (Pearson r =0.95, p = 2.18 × 10−4). e Visuali-
zation of the dynamical system eigenmodes. The timescale localization for each
area is portrayed by the sparseness of the eigenmodes. f The activity of selected
areas following a stimulus to V1 in the model. Decay time constant increases along
the signal propagation pathway. g The observed timescale gradient following a
stimulus to V1, as extracted by fitting to the exponential function.
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the neuronal activity in the corresponding areawill possess a timescale
determined by the eigenvalue of that eigenmode. Thus, a sparse
eigenmode indicates that only a few areas exhibit a particular time-
scale determined by the corresponding eigenvalue, supporting the
concept of “timescale localization”. Figure 3e illustrates the phenom-
enon of timescale localization as indicated by the eigenmode matrix’s
resemblance to a block diagonal matrix. Such an observation is
instrumental as it indicates the capacity for lower-level sensory areas
to respond quickly to incoming stimuli and discard older inputs.
Conversely, higher-level planning and decision-making areas retain
information over extended periods, aiding in integrative processes
such as working memory.

We further studied the timescale gradient in the presence of sti-
mulus in the model. By recording the post-stimulus response for all
areas after activating the V1 area, Fig. 3f demonstrates that activity in
high-level areas (PG, A6DR, A6VA, etc.) persisted longer than in lower-
level visual areas (V1, V2, V4, etc.), reflecting a functional facet of the
timescale gradient. A further quantitative investigation of this gradient
by an exponential fit to the activity data (details in Section “Methods”)
was depicted in Fig. 3g. Intriguingly, the auditory areas, typically
considered lower-level but not directly involved in visual stimulus
transmission, showed a longer timescale. This observation can
potentially be attributed to the absence of direct connections between
visual and auditory cortices. Hence, when the visual cortex is stimu-
lated, the auditory cortex may be indirectly activated through high-
level cortical areas operating over longer timescales. As a result, the
auditory cortex, receiving inputs over extended periods, also exhibits
these longer timescales, as depicted in Fig. 3g.

Figure S1a presents a direct comparison of timescales during rest
and post-V1 stimulus, revealing a marked similarity between the two
timescales derived under different brain states. Notably, higher-level
areas exhibit longer timescales than lower-level ones, with exceptions
like the auditory cortex discussed previously. We attribute these dif-
ferences to the external stimuli on specific brain areas. Further math-
ematical analysis and numerical simulations (Supporting Information
and Fig. S1b–e) clarify that the post-stimulus timescale of area activity
is influenced by the system eigenmodes’ intrinsic timescales and the
stimulus-induced multi-regional activity pattern. Importantly, the
external stimulus does not alter the network’s intrinsic timescale or
eigenmode pattern but modifies the contribution of each intrinsic
timescale (and the corresponding eigenmode) to the activity of cor-
tical regions.

Essential conditions on timescale localization
We next studied the mechanism underlying the property of timescale
localization. A previous theoretical study of the macaque neocortex31

has proposed essential conditions for achieving timescale localization:
the macroscopic gradient of excitation across areas and the balance of
excitatory and inhibitory inputs received by each area. The macro-
scopic gradient refers to the gradual varying excitation strength across
different cortical areas indicatedby spine number of pyramidal neurons
in each area, while “E-I balance” alludes to the delicate current cancel-
lation between global long-range excitatory inputs and local inhibitory
synaptic inputs to the excitatory neural population in each area.

To examine these two conditions in the marmoset cortical net-
work, we first introduced two metrics for eigenmodes – the Inverse
Participation Ratio (IPR) and the θ index to quantify the timescale
localization and its spatial localization, respectively (see both defini-
tions in Section “Methods”, θ was initially proposed in Luis Carlos
Garcia and Xiao-Jing Wang, see38). A higher IPR value (closer to 1)
indicates a particular timescale localized in fewer number of areas, and
a higher θ index (closer to 1) describes a timescale localized in physi-
cally more proximal areas. For the model detailed previously, the
scatterplot of IPR and θ for each eigenmode of the model system is
shown in Fig. 4a, while the timescales of each eigenmode is indicated

by the color code. Examples of eigenmodeswithdifferent IPR and θ are
presented in Fig. S2. As shown in Fig. 4a (left panel), both high IPR and
θ areobserved formost eigenmodes, demonstrating that the timescale
localization is present in the model, and each timescale is spatially
localized in physically neighboring areas.

Subsequently, we examined the conditions for timescale locali-
zation in the marmoset neocortex. By removing the macroscopic
composite gradients (setting the gradients hi to zero for all areas in the
model), we observed a marked degradation of timescale localization
and spatial localization, as evidenced by significantly smaller IPR and θ
(Fig. 4a, right panel). Notably, the range of eigenmode timescales
becomes narrower and more concentrated (predominantly around
50ms), underscoring the influence of the composite excitation gra-
dient in extending timescales. Further exploration involved adjusting
the gradient’s slope (multiplying the gradient hi with a factor γ for all
areas in the model) and observing the resulting changes of timescale
localization. We found a progressive increase in IPR from 0.1 to 0.65
and θ from 0.65 to 0.95 as the gradient slope γ varies from 0 to 1
(Fig. 4b), supporting the pivotal role of the macroscopic gradient of
excitation in timescale localization and its spatial distribution. The
effect of the gradient of excitation becomes evenmore apparent when
comparing the eigenmodes of the network with and without the gra-
dient. Figure 4c, d showcases the fastest eigenmode for both scenarios
(edged in black in Fig. 4a). While both eigenmodes predominantly
involve low-level visual areas with V1 activity dominating the eigen-
mode, the eigenmode in the control condition is markedly sparser,
highlighting the dominant role of V1 activity. This comparison
demonstrates the composite gradient’s contribution to timescale
localization, even within the low-level sensory cortex.

In a parallel model simulation, we disrupted the E-I balance in our
model by increasing the strength of local connections from inhibitory
to excitatory neurons (wEI). This modification leads to the imbalance
between the global long-range excitatory inputs and the local inhibi-
tory synaptic inputs. Consequently, it resulted in smaller IPR and θ that
reflect poor timescale localization and spatial localization (Fig. 5a),
similar to the case of gradient removal. With the E-I balance disturbed,
the eigenmode characterized by the shortest timescale no longer
involved the primary visual cortex (Fig. 5b). This shift underscores the
critical function of E-I balance, not merely as an essential condition for
timescale localization but also as a determinant in the gradient of
timescales from low-level sensory to high-level brain areas.

In our continued exploration, we probed the influence of long-
range connections on timescale localization. When connectivity
strengths (FLNs) were randomly shuffled, as illustrated in Fig. 5c, the
cortical network preserved high IPR values similar to the control
condition (Fig. S3), indicating robust timescale localization. However,
θ index reduced significantly, suggesting a decrease in spatial locali-
zationof timescales. This effect is also evident using the exampleof the
slowest eigenmode in both the shuffled FLN network and the control
condition, as illustrated in Fig. 5d and Supplementary Fig. S2e,
respectively. Notably, while both eigenmodes encompass a variety of
brain regions, including notably the prefrontal cortices, the eigen-
mode under the shuffled FLN condition exhibits a broader distribu-
tion, extending to primary visual and auditory cortices. In contrast, the
eigenmode in the control condition demonstrates greater spatial
localization, predominantly engaging high-level brain areas.

Besides the reduced spatial localization, the range of timescales
was also narrowed compared to the control condition. These obser-
vations were further substantiated by the results from 1000 repeti-
tions of FLN shuffling.Disrupting these long-range connections led to a
noticeable contraction in the timescale range and diminished spatial
localization, as evidenced in Fig. 5e, f. These results underscored the
significant role of long-range connections in timescale localization, i.e.,
nearby areas process signalswith similar timescales reflected by high θ
value, while areas with some distance possess a variety of timescales
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enabling hierarchical signal processing. It suggests that the organiza-
tion of the inter-areal connections is not randombut is rather essential
for brain functionalities.

Impact of near-critical state on structural and functional
connectivity
As themacroscopic gradient of excitation largely influences timescales
across areas, it is expected to influence the functional connectivity
(FC) that relies on the temporally co-activation of pairwise areas. On
the other hand, the macroscopic gradient also adjusts the effect of
structural connectivity (SC) as the FLN will be scaled by the composite

gradient as a proxy of the spine number of neurons in each area.
Therefore, in this section, we direct our attention to how the macro-
scopic composite gradient shapes the correlation between SC and FC.
We initiated this investigation by removing the gradient from our
model and computing the resultant FC. Under these conditions, the
simulated FC from our model significantly aligns with the SC. This
increased correlation, contrasted with the dissimilar case in the pre-
sence of gradient of excitation (visualized in Fig. 6a), suggests that the
composite gradient can contribute to high-order connections within
FC. These findings underscore that the composite gradient, as a fun-
damental structural attribute, can significantly shape the functional

Fig. 4 | Effect of macroscopic gradient of excitation on timescale localization.
a Scatterplot of Inverse Participation Ratio (IPR) and θ for each eigenmode of the
modeled dynamic system. Left panel: plot under the control condition. Right panel:
plot under the condition that the composite gradient of excitation is absent. The
color-coded timescale was after taken the logarithm using the natural base e.
b Change of IPR (left panel) and θ (right panel) as the gradient slope increases.

c Visualization of a representative eigenmode (the fastest eigenmode) in the con-
trol condition, with values of the eigenmode plotted aside. The size of each black
dot codes themagnitude of the corresponding element in an eigenmode. d Similar
to (c), under the condition that the composite gradient of excitation is absent. The
eigenmodes correspond to the black-circled dot in (a).
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interplay between different brain areas. This phenomenon was con-
sistent with that observed in the macaque neocortex model1, yet the
mechanism remains to be elucidated.

Here we further developed a mathematical analysis to identify a
quantitative relationship between FC and SC and investigated their
relationship when the macroscopic gradient of excitation exists, fol-
lowing the analysis in ref. 39. As shown in Fig. 4a, the composite gra-
dient gives rise to a wide range of timescale pool, in which the slowest

timescale can be as long as hundreds of milliseconds or longer. The
very slow timescale attributes to an eigenvalue close to zero, which
indicates that the cortical network operates close to the critical state
(the edge of stability). Building upon these facts, we mathematically
analyzed the effects of criticality on the SC and FC relation (see Section
Supporting Information), proving that the dissimilarity between FC
and SC substantially increases when the network state approaches
criticality.

Fig. 5 | Essential conditions of timescale localization. a Scatterplot of Inverse
Participation Ratio (IPR) and θ for each eigenmode of the modeled dynamical
system similar to Fig. 4a, under the condition that the E-I balance is disrupted by
increasingwEI by 10%. b Visualization of the fastest eigenmode (black-circled dot in
(a)), alongside the values of eigenmode, under the condition that the E-I balance is
disrupted by increasing wEI by 10%. c Similar to (a), but the FLN matrix is shuffled.
d Similar to (b) but showing the slowest eigenmode (black-circled dot in (c)) with

the shuffled FLN matrix. e Impact of shuffled FLNs on timescale range. The histo-
gramof the timescale range quantifiedby the standard deviation of timescales after
randomly shuffling FLNs. f Impact of shuffled FLNs on spatial localization. The
histogram of the degree of spatial localization quantified by the θ metric with
randomly shuffled FLN. Both distributions (e, f) are significantly smaller than the
values observed in the control condition, as indicated by the vertical lines.
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We next scrutinized the role of the composite gradient on net-
work criticality by adjusting its slope, akin to the model simulations
conducted when investigating timescale localization. Specifically, we
manipulated the slope of the gradients in two distinct ways: by either
maintaining the average gradient value constant or allowing it to vary.
Figure 6b (top panel) displays examples of these gradient adjustments
for various gradient slope by each method. As depicted in Fig. 6b

(bottom panel), the dissimilarity between FC and SC intensifies with
steeper gradient slope, confirming our hypothesis that composite
gradients can contribute to the system’s criticality and, subsequently,
the dissimilarity between FC and SC. We further explored the gra-
dient’s function bymaintaining the average excitability of all areas as a
constant. Remarkably, even when the average excitability remains
constant at the whole-cortex level, composite gradients can enhance
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local excitability and increase the dissimilarity between FC and SC
(Fig. 6b, bottom panel).

Next, we turned to analyze the impact of the composite gradient
on individual cortical areas.Throughmathematical analysis,weproved
that the correlation between FC and SC is significantly lower in asso-
ciation areas compared to early sensory areas (see Section Supporting
Information), which has also been reported experimentally in a mon-
key study40. In the model simulation, we computed the dissimilarity
between FC and SC for each cortical area and visualized these differ-
ences in a marmoset brain parcellation (Fig. 6c, left panel). The simu-
lation results confirmed that dissimilarity is substantially higher in
association areas than in early sensory areas. This trend is not evident
when the composite gradient is absent (Fig. 6c, right panel).

To further quantify this observation, we identified a positive and
significant correlation between FC-SC dissimilarity and the rank of
each area’s composite gradient (Fig. 6d, left panel). In contrast, this
correlation disappears when the gradient slope is zero (Fig. 6d, right
panel), indicating that this effect is not solely due to the heterogeneity
of inter-areal connectivity. We further validated this by categorizing
marmoset brain areas into seven subnetworks, comparable to those
reported in humans41 and macaques42. As shown in Fig. 6e, FC-SC dis-
similarity is relatively small for lower-level visual and somatic motor
subnetworks, but becomesmore significant in higher-level association
subnetworks. These findings are consistent with previous findings on
human cortex42,43 and are absent when the gradient slope is removed
(Fig. 6e, right panel). This gradient-facilitated feature underscores the
importance of higher-level areas in establishing wide-ranging func-
tional connections, thereby supporting the execution of complex
cognitive functions. These insights reaffirm the crucial role that gra-
dients play in brain functionality.

The critical state of themodel not only depends on the composite
gradient of excitation across areas but also on the inter-areal con-
nection among areas. To study the effect of inter-areal connection on
the FC-SC relation, we first removed the gradient from our model and
studied the impact of increasing the inter-areal coupling strength of
excitatory inputs. As the coupling strength escalates, the network state
gets closer to criticality, resulting in an increaseddeviation between FC
and SC. This trend, as depicted in Fig. S4, is also consistent with our
mathematical analysis (see Section Supporting Information).

Signal propagation in the near-critical state
In this section, we first investigated how the signal propagates across
areas within our model, drawing parallels with observations from a
previous optogenetics experiment37. In the experiment37, an input was
given to the marmoset A4ab area via an LED optogenetic stimulation,
and ECoG data were recorded from 64 electrodes broadly distributed
on the marmoset neocortex. We replicated this experimental stimulus
protocol within our model and analyzed the peak responses, defined
as the highest level of neural activity observed in each cortical area
post-stimulus. As shown in Figs. 7a and S6, our model well aligns with
the experimental measurements for the majority of cases without

additional parameter tuning, affirming the physiological relevance of
our model’s responses. Similarly, this strong agreement with experi-
ments was conserved after incorporating biologically realistic axonal
conduction delays into our model (Fig. S8).

We then examined the necessary conditions for signal propaga-
tionwithin themodel starting from apulse stimulus applied to sensory
cortices, such as the primary visual cortex (V1), a central source of
visual input. Responses from critical cortical areas were depicted in
Fig. 7b, showing steady signal propagation from the visual cortex to
high-level areas like the prefrontal cortex.

We next investigated the role of inter-areal connectivity for signal
propagation. The connectivity can be classified into feedforward and
feedback connections based on anatomy25,26. As intuitively expected,
eliminating feedforward connections significantly hampers signal
propagation from sensory areas (data not shown). We then shifted our
focus to the role of feedback loops. These loops consist of connections
from high-level areas to low-level areas identified by a smaller fraction
of neurons in a projection originating from the supragranular layers of
the source area (SLN < 0.5)25,26. As demonstrated in Fig. 7c (orange
line), the deletion of all feedback loops within the FLN precipitates a
generalized decrease in peak responses across all areas, with low-level
areas bearing the brunt of this impact. Subsequent analyzes investi-
gated the influence of the composite gradient of excitation on signal
propagation. As shown in Fig. 7c (green line), the absence of the
composite gradient led to a significant reduction in neural responses,
particularly in higher-order areas. To explore this effect further, we
systematically varied the gradient slope and examined the resulting
changes in signal propagation, using peak responses from the PG area
as a metric. As illustrated in Fig. 8a, increasing the gradient slope
enhanced signal strength, highlighting the critical role of gradients in
facilitating signal propagation.

The contrast in signal propagation effects between the removal of
excitation gradient and feedback connections is notable. The com-
posite gradient of the excitation enables the high-level brain areas to
receive stronger recurrent excitatory input, substantially amplifying
long-range inputs from lower-level areas. In contrast, feedback con-
nections enable indirect interactions between different lower-level
areas via top-down projections from higher-level areas, significantly
benefiting signal propagation, especially between areas lacking direct
connections.

Buildingon the central role of both feedback loops and composite
gradients in driving the system toward a critical state, our study delved
deeper into the interplay between system criticality and the coex-
istence of signal propagation and integration.We examined the effects
of altering global excitatory-excitatory (E-E) connectivity (μEE), while
maintaining a constant global excitatory-inhibitory (E-I) strength (μIE),
on the signal propagation and integration. Our findings, presented in
Figs. 8b, c, and S7, elucidate several key insights. Firstly, the criticality
of the system, implemented by the balance between μEE and μIE,
emerges as an important determinant of neuronal activities. An
imbalance, particularly at lower μEE levels, markedly impairs both

Fig. 6 | Impact of critical state on structural and functional connectivities.
a Depiction of structural connectivity (SC) and functional connectivity (FC) under
various scenarios. Top panel: Plot representing structural connectivity (SC) as per
the FLN matrix. Middle Panel: Visualization of FC, measured by the correlation
coefficient between resting-state neural activity from different areas, with the
presenceof composite gradient. BottomPanel: Visualization of FC in the absenceof
composite gradient. b Dissimilarity between FC and SC as a function of gradient
slope. Top panel: Illustration of two distinct approaches to modifying the gradient
slope, depicted through a color gradient from dark to light, indicating a change in
slope from 1 to 0. Left, the adjustment of gradient slope with varying excitability.
Right, the adjustment of gradient slope with constant average excitability. Bottom
panel: The dissimilarity increases with the slope of gradient, with or without aver-
age excitability held constant. Here the dissimilarity is quantified as 1 − ∣ρ∣, where ρ

is the Pearson correlation between FC and SC. c Heatmap of FC-SC dissimilarity
across different brain areas, shown in marmoset brain parcellation. Left: FC-SC
dissimilarity produced by the control model with composite gradient. Right: the
model result with composite gradient removed.d Left, correlation between the FC-
SCdissimilarity for eachbrain area rankedby its composite gradient of excitation in
an ascending order (Pearson r =0.41, p = 2.12 × 10−3). Right, absence of this corre-
lation when the gradient is removed (r =0.09, p =0.491). e FC-SC dissimilarity
across seven functional subnetworks of the marmoset brain. Left: the control
model result. Right: The model result with gradient removed. Each dot represents
the FC-SC dissimilarity of an individual brain area. Larger overlaid points show the
mean for each subnetwork, and error bars denote ±1 standarddeviation around the
mean. Sample sizes (n, number of distinct brain areas per subnetwork) from bot-
tom to up are n = 7, 11, 6, 6, 2, 14, and 4.
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signal propagation and integration. Furthermore, weobserved a trade-
off regime (grey areas in Figs. 8b, c, and S7) when μEE approaches the
critical threshold, highlighting the intricate balance between signal
propagation and integration. Approaching this threshold enhances
signal propagation and enlarges the range of timescales, albeit at the
expense of reduced timescale localization. Additionally, our results
demonstrate that under conditions of strong global interaction
strength (solid lines in Fig. 8b, c, and S7), both signal propagation and
integration sustain high baseline values within the critical zone. This
suggests that strong global connectivity, nudging the system toward
criticality, is crucial in facilitating the co-existence of global signal
propagation and localized integration.

Discussion
We reported empirical evidence for a hierarchy of time constants in
the marmoset cerebral cortex and developed a connectome-based
model of the marmoset neocortex. The key findings are threefold.
First, a macroscopic gradient of synaptic excitation across areas, a
detailed balance between excitatory and inhibitory populations, and
the arrangement of long-range connections are instrumental in
achieving timescale localization. Second, the state of the network
operates close to criticality, an observable manifestation of which is
the substantial dissimilarity between structural and functional con-
nectivities, thus shaping the functional interaction between diverse
areas of the neocortex. Third, our model accounts for experimental
observations of signal propagation dynamics, underscoring the
importance of the criticality facilitated by the feedback loops and the
macroscopic gradients.

Criticality, or the edgeof stability, is a state that can be signifiedby
the system’s largest eigenvalue approaching zero. In the cortical net-
work, it unveils itself as a powerful influencer of cortical functionality.
This unique state naturally is closely linked to an enlargement of
timescales, enabling signal integration with longer timescales than

characteristic neuronal membrane timescales (hundreds of milli-
seconds versus tens of milliseconds). Moreover, criticality, achieved
not solely through the balance of local excitatory and inhibitory inputs
but also through broader network dynamics, facilitates extensive
communication between local areas and the global neural network.
This, in turn, amplifies signal propagation, affirming the vital role of
criticality in streamlining neural communication.

Converging evidence across multiple species and brain regions
indicates that cortical dynamics operate near a critical point, yet
remain slightly subcritical44–46. This slight subcriticality is exemplified
by a consistent branching ratio of ~0.98 observed in vivo46 and trun-
cated neuronal avalanche size distributions in awake cortex44,45.
Notably, the precise operating point can bemodulated by brain states:
focused attention shifts cortical activity further into the subcritical
state from the near-critical state during resting47, while changes in
arousal or anesthesia can also influence the distance from
criticality48,49. Operating just below criticality is hypothesized to confer
several key functional advantages–ensuring stability against runaway
excitation, preserving long-range correlations and large repertoires of
activity patterns, enabling efficient information processing across a
critical-like broad dynamic range, and allowing flexible tuning of net-
work sensitivity45,50. Theoretically, the cortex’s hierarchical modular
architecture could yield an extended critical-like regime on the sub-
critical side (a Griffiths phase) that provides these functional benefits
without fine-tuning50. Consistent with this “subcriticality" framework,
our modeling results for the marmoset cortical demonstrate that a
near-critical (slightly subcritical) state supports robust but controlled
global signal propagation and naturally extended intrinsic timescales,
highlighting how slight subcriticality effectively balances integration
and stability while avoiding the fragility associated with exact
criticality.

Our simulations and analysis further spotlighted the substantial
impact of operating near criticality on the dissimilarity between

Fig. 7 | Signal propagation in the model. a Comparison of the model’s response
post-stimulation toA4abwith correspondingoptogenetics data. Left panel: Activity
of representative areas following A4ab stimulation. Right panel: Comparison of the
model’s peak response with optogenetics experimental data, demonstrating high

model-experimental data consistency (Pearson r =0.82,p = 3.21 × 10−6).bActivity of
representative areas following V1 stimulation. c Comparison of the model’s
response in the control conditionwith the scenariowhen the feedback loopswithin
FLN are eliminated and the scenarios where the composite gradients are removed.
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Functional Connectivity (FC) and Structural Connectivity (SC). As cri-
ticality escalates, the disparity between FC and SC widens. This
divergence permits the routing and broadcasting of information even
in the absence of direct connections, promoting broad-range neural
communication. Several pieces of evidence support the view that cri-
ticality contributes to this divergence in cerebral cortex. For instance, a
prior model-based study showed that an enhanced criticality in the
model could generate an FC more similar to experimentally mea-
sured FC39.

Furthermore, recent studies on the human cortex have shown
that the strength of structural-functional coupling (SFC) is not uniform
across the cortex, but tending to be stronger in primary and unimodal
sensory regions while progressively weakening in higher-order asso-
ciation areas42,43. In line with these findings, our results demonstrate
that applying a macroscopic gradient of excitation selectively mod-
ulates local criticality, enhancing signal integration and directing
information flow in high-level cortices. As a result, functional patterns
in these higher-order areas deviate more strongly from their under-
lying structural connectivity compared to lower-level areas (Fig. 6c), a
divergence that may be crucial for supporting complex cognitive
operations. Indeed, abolishing the gradient slope eliminates this spa-
tially selective effect (Fig. 6d), suggesting that it is not solely due to the
heterogeneity of inter-areal connectivity. We further confirm that the
decrease in SFC with increasing cognitive representational hierarchy
remains evident when marmoset brain areas are categorized into
seven subnetworks: SFC is strong in lower-level visual and somatic
motor subnetworks but weakens in higher-level association subnet-
works (Fig. 6e). By tuning criticality through these macroscopic gra-
dients, the brain may expand its range of potential activity states,
thereby facilitating higher-order cognition.

Several elements of this study merit attention when compared
with analogous previous modeling works on the macaque
neocortex1,33. Based on a similar modeling framework of cerebral
cortex, which includes (i) representing each brain area by both exci-
tatory and inhibitory group neurons; (ii) connectivity between areas
dictated by experimentally measured connectomes; and (iii) a mac-
roscopic area-wise composite gradient scaling the strength of excita-
tory projections, our model reproduces several phenomena observed
in earlier studies–timescale localization, signal propagation, and the
dissimilarity between FC and SC- despite modeling a different species,
the marmoset. This conservation across species emphasizes the
robustness of the model framework as a sturdy base for future
research probing the relationship between structure and function at a
whole-brain level, including the interplay between cortical dynamics
and subcortical or peripheral neural systems.

Nevertheless, important distinctions from prior work are worth
noting. Although both our study and earlier work constructed models
with structures and parameters bound by experimental constraints,
our study further corroborates the model’s responses with compar-
able experimental data across various scenarios, which allows us to
compare the model and the experimental data area-by-area. We
showed that the timescales for different areas predicted by the model
and those measured in experiment under resting state (Fig. 3c), and
the after-stimulus response (Figs. 7 and S6) well agreewith each other.
The strong concordance with experimental data not only affirms the
model’s validity but also accentuates its potential to probe intricate
interactions within the cortical structural and functional dynamics.

Moreover, our model concurrently captures timescale
localization1 and signal propagation33 with a single parameter set,
which was not achieved in previous works. While Chaudhuri et al.1

revealed that the presence of a gradient can facilitate timescale loca-
lization, it significantly dampened signal propagation. Conversely,
Joglekar et al.33 presented amodel with satisfactory signal propagation

Fig. 8 | Signal Propagation and the critical state. a Illustration of a typical area
(PG)'s response as a function of the slope of the composite gradient of excit-
ability. b, c Impact of global excitatory connectivity (μEE) on signal propaga-
tion and integration, where μEE is normalized to its critical value -- the
maximum at which the system retains stability. Line-types indicate different
μIE values: 49.81, 37.36, 24.91 pA/Hz for strong (solid line), middle (dash line),
weak (dot line) μIE, respectively. Gray shaded area: the parameter region where
exists the trade-off between signal propagation and integration. b Effect of μEE

on signal propagation, quantified by the maximum activity in area PG's
response. c Effect of μEE on signal integration, quantified by Inverse Partici-
pation Ratio (IPR).
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but impaired timescale localization. Ourmodel not only captures both
phenomena within the same parameter regime but also exhibits
similar qualitative behaviors tobothmodels. This includes the gradient
dependency for timescale localization, the necessity to maintain a
balancebetween excitatory and inhibitory inputs, and the requirement
of feedback loops for signal propagation. Understanding why our
model could embody both features within a single parameter regime
demands further mathematical analysis of this multi-regional model
with gradients of excitation.

Our analysis also underscores a phenomenon wherein variations
in model parameters yield diverse effects on timescale localization,
signal propagation, and system criticality. For instance, increasing the
gradient slope concurrently enhances timescale localization and signal
propagation, nudges the system towards criticality, and amplifies the
dissimilarity between FC and SC. Conversely, increasing the global
coupling strength of excitatory neurons (μEE) produces somewhat
opposing effects. Although it boosts signal propagation and steers the
system closer to criticality, thus increasing the disparity between FC
and SC (Fig. S4), it also undermines timescale localization. This
reduction in timescale localization results from less isolated areas due
to significantly enhanced long-range connections. Comparable
impacts are observed when we adjust the strength of the FLN.

These diverse and somewhat paradoxical effects of various para-
meters highlight the complex interplay of factors that govern signal
integration and propagation in the brain. Fully elucidating these
intricate dynamics calls for more nuanced analyzes and modeling
work, going beyond the scope of our current study, to fully unravel the
underlying mechanisms of brain functionality.

Another important consideration relates to the anatomical con-
nectivity data used: the tracer-derived FLN weights currently
employed in our large-scale marmoset cortical model do not specify
neurotransmitter identity of target neurons25,26. We therefore applied
an identical FLN connectivity matrix to both excitatory (E) and inhi-
bitory (I) neuronal populations within each cortical region, with their
relative efficacies modulated by two global parameters, μEE and μIE.
These global scaling parameters were carefully tuned to simulta-
neously satisfy crucial dynamical constraints–notably, the observed
hierarchy of intrinsic timescales and robust inter-areal signal
propagation–and were subsequently kept fixed throughout all simu-
lations. While this simplification enables effective modeling of large-
scale cortical dynamics, it neglects potential heterogeneity in cell-type
specific projections. Future availability of cell-type resolved anatomi-
cal tracing datawill refine themodel by introducing projection-specific
E/I targeting ratios instead of global scalar parameters.

While our model focuses exclusively on cortico-cortical con-
nectivity, the cerebral cortex is not anatomically isolated— subcortical
circuits (e.g., thalamus) and peripheral sensory pathways (retina,
cochlea, spinal cord) impose important computational constraints on
cortical activity. However, due to the lack of a marmoset-wide sub-
cortical connectome at comparable resolution, our model necessarily
focused on the corticocortical network, which can later be augmented
with subcortical circuits as new data emerge. We anticipate that
incorporating cortical-thalamo-cortical and peripheral pathways in
future marmoset models will refine our present findings, particularly
by enhancingmodel predictions related to intrinsic timescalepatterns,
signal propagation, and functional connectivity profiles. Incorporating
such pathways represents a key direction for future work as compa-
tible anatomical datasets become available.

Methods
Experimental data sources
This work analyzed two experimental datasets to estimate neuronal
activity’s time constants and signal propagation across cortical areas.
The resting-state time constant was estimated from an ECoG dataset,
gathered during an auditory task from a marmoset with a chronic

implant in the left hemisphere34. The dataset features data from 96
uniformly placed electrodes throughout the hemisphere, gathered
while the marmoset was in a resting state, under the influence of
ketamine-based anesthesia (30mg/kg i.m.). For the purpose of this
study, we considered only the data collected prior to any auditory
stimulus — ~15 ser trial — resulting in a cumulative total of 60 s of data
compiled from four separate trials. We analyzed neural signals in 33
areas whose inter-areal connectivity has been measured in anatomical
experiments25,26. The activity of these areas can be directly modeled,
which enables us to compare experimental data with simulation
results.

For the analysis of signal propagation across areas, we utilized an
optogenetic ECoG dataset collected from the right hemisphere of an
awake marmoset37. This dataset was gathered using a combination of
64 epidurally implanted electrodes and eight LEDs designated for
optogenetic stimulation. We utilized recording data with a single LED
stimulating approximately areas A4ab, A6DR, A6Va, AuCM, S2E, V3A,
PE, and PG. Each recording trial incorporated a 200ms pulse stimulus
followed by a 2 s post stimulation interval, and the response was
quantified by averaging the outcomes across a series of 50 trials.

For the intrinsic timescales during the awake resting state, we
utilized the same optogenetic ECoG dataset for signal propagation
analysis37. We specifically extracted the initial 5 s of recordings from
the whole session — prior to any optogenetic stimulation–to obtain a
resting–state segment free of task or laser effects. Nonetheless, due to
the relatively short duration of awake-state recordings, we primarily
used anesthetized-state data for subsequent analysis (e.g., compar-
isons with our model).

Estimation of the time constant of neural activity
We derived the time constants of neural activity during the resting
state using a methodology based on PSD data11. This approach is
especially beneficial when data length is short and the data contains
oscillations and artifacts. The process entailed several stages. Initially,
we computed the PSD using a variant of Welch’s method52 that
involved 1-s long Hamming windows with 0.5-s overlap. For cases
wheremultiple electrodes representedone area,wecalculated the PSD
individually for each electrode, subsequently taking the average as the
PSD for that area.

Following this, we applied spectral parameterization53 to decom-
pose the PSD into a sum of Gaussians (representing temporal periodic
terms) and a Lorentz function L(f) (representing temporal aperiodic
terms) given by the form

Lðf Þ= A
k + f χ

:

After fitting the data to determine the values of A, k, and χ, we
identified the ’knee’ frequency approximately as fk = k1/χ. This fre-
quency signifies the location where the PSD exhibits a ‘knee’ or bend.
We then computed the corresponding timescale as τ = 1

2πf k
.

For the post-stimulus activity timescale, we fitted the response
following peak activity (post-stimulus) using an exponential function

rðtÞ=ae�t=~τ :

Wedetermined the value of ~τ that provided the best fit as the time
constant of the neural response in each cortical area.

Multi-regional cortical model architecture
We built the multi-regional marmoset cortical model using a set of
ordinary differential equations, adapted from previous works of
modeling macaque cortical network1,33. In the model, 55 areas from
sensory to association cortex were included. Each cortical area was
modeled with one excitatory and one inhibitory neuron group
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governed by the following dynamics:
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In these equations, riE and riI represent the firing rates of the
excitatory and inhibitory populations in area i, respectively, while τE
and τI are the corresponding intrinsic time constants. wXY symbolizes
the coupling strength from Y population to X population within the
area (X, Y could be E or I population). μXE represents the coupling
strength of the inter-areal input from the excitatory population to the
X population in a downstream cortical area, while FLNij signifies the
FLN fromarea j to area i. The external input to theXpopulation in area i
is expressed as Iiext,X . We used a threshold linear function f(x) = β[x]+
for the gain function for both E and I populations, with gain factors
β = βE and βI, respectively.

To complement our large-scale model that uses FLN to describe
inter-areal connectivity, we additionally introduced a composite gra-
dient of excitation, h. Because the FLNmatrix is normalized per target
area (each row sums to 1), it encodes only relative inter-areal con-
nectivity but does not capture the area-wisedifferences in the absolute
number of synapse inputs received by each target area. Anatomical
evidence indicates that neurons in higher-order association cortex
receive more inputs per cell than those in early sensory areas. For
instance, dendritic spine counts increase systematically from sensory
to association areas26. Furthermore, a uniform ~80%/20% division of
local versus long-range inputs across areas54 implies that higher-order
areas inherently possess greater numbers of both local and inter-areal
synapses. Thus, neurons in association cortex receive a larger overall
drive than those in lower areas. To account for this gradient, we define
a composite gradient of excitation h as an area-specific scaling factor
applied to all synaptic weights, effectively representing the increasing
synaptic density in higher cortical areas while preserving the empiri-
cally measured FLN connectivity pattern. Within our model, hi is a
factor scaling both local (intra-areal) and long-range (inter-areal)
excitatory inputs and varies across different areas. The quantitative
estimation of hi is detailed in the subsequent subsection. The scaling
factor ηX governs the slope of the composite gradient on the X
population.

Adapted from a previous experimental study55, we set
τE = 20ms, τI = 10ms, βE = 0.066Hz/pA, βI = 0.351Hz/pA, ηE = 0.685, ηI
= 0.76,wEE = 24.4pA/Hz,wEI = 19.7pA/Hz,wIE = 11.66pA/Hz,wII = 12.5pA/
Hz, μEE = 67.4pA/Hz, μIE = 49.81pA/Hz.

Incorporation of axonal conduction delays
We also extended the multi-area rate-based model to include explicit
axonal conduction delays on all connections, both inter-areal and
intra-areal for some studies. Inter-areal transmission delays, τij, were
defined as proportional to the anatomical distancebetween the source
area j and the target area i. Specifically, we set τij = dij/vax, where dij is
thewhite-matter tract length between areas i and j25 and vax = 3.5m/s is
the assumed axonal conduction velocity. All intra-areal (local) recur-
rent projections were assigned a fixed delay of 2ms. These parameter
values alignwith thoseused inprevious large-scalemodeling studies of
macaque cerebral cortex33, thereby ensuring biologically plausible
transmission latencies consistent with existing literature.

Delays were implemented by introducing a time shift in the firing-
rate equations (Eqs. (1) and (2)) for each synaptic input. Specifically,
any synaptic input from population β in area j to population α in area i
was appliedwith a timeoffset corresponding to the assigneddelay. For

inter-areal connections (i ≠ j), the presynaptic activity from population
β at time t−τij was used when computing input to the postsynaptic
population α at time t. Similarly, for local recurrent connections (i = j),
population activity at t−2ms was used in the coupling terms. This
delayed-input mechanism was integrated the existing rate model
dynamics without modifying any other parameters. The complete
formula is as follows:

τE
d
dt

riE ðtÞ= � riE ðtÞ+βE 1 + ηEhi

� �
wEEr

i
E ðt � 2Þ �wEIr

i
I ðt � 2Þ�

+ 1 + ηEhi

� �
μEE

XN

j = 1

FLNijr
j
E ðt � τijÞ+ Iiext, EðtÞ

#

+

,
ð3Þ

τI
d
dt

riI ðtÞ= � riI ðtÞ+βI 1 + ηIhi

� �
wIEr

i
E ðt � 2Þ �wIIr

i
I ðt � 2Þ�

+ 1 +ηIhi

� �
μIE

XN

j = 1

FLNijr
j
E ðt � τijÞ+ Iiext, IðtÞ

#

+

:
ð4Þ

Importantly, introducing these biologically realistic conduction
delays did not substantially change the primary results of the model:
the global inter-areal sigal propagation patterns and the intrinsic
timescale hierarchy remained robust and unchanged (Supplemen-
tary Fig. S8).

Estimation of macroscopic gradient of excitation
We incorporated the composite gradient of excitation hi in the model
to be consistent with the experimental findings related to the gradient
of timescale across areas and the structural hierarchy derived from the
fraction of supragranular labeled neurons (SLN) as reported in ref. 26.
As themodel includesmore areas (55 areas) than those recorded in the
ECoG experiment (33 areas), the fitting was performed in two steps:
firstly, we determined the composite gradient value of the 33 areas
whose activity data and structural hierarchy data were both available.
Secondly, we calculated the values of hi for the rest areas based on the
structural hierarchy and the values ofhi for the 33 areasobtained in the
first step.

For the 33 areas whose timescale and structural hierarchy were
both available,weused the followingobjective function that combined
the similarity between the excitation composite gradient parameter hi
with the structural hierarchy hi,exp determined by SLN and the time-
scale τi,exp derived from neural signals, i.e.,

LðhÞ= Corr τexp, 1= 1� hð Þ
� �

+ λCorr hexp,h
� �

where h,hexp and τexp are vectors, and λ is a hyper-parameter that
determines the preference for the gradient to be closer to the
timescale or the experimental hierarchy (chosen as 1 in this work). The
Corr(a, b) is the Pearson’s correlation coefficient between a and b. We
assessed the similarity with the structural hierarchy hexp bymeasuring
the correlation coefficient, and evaluated the similarity with the
timescale τexp by calculating the correlation coefficient between
1= 1� hð Þ and the experimentally measured timescale. We made this
choice based on a mathematical analysis showing that 1−h is
proportional to the inverse of the time constant of neural activity
when the multiple brain areas in the system are decoupled (details
provided in Supporting Information). To obtain the values of the
composite gradient, we solved the optimization problempresented by
the objective function:

h� = argmaxhLðhÞ: ð5Þ

For areas whose timescale data could not be obtained from
experiments (no electrode is placed in these areas), we determined their
composite gradient hi as a weighted average of the gradients of the 33
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areas whose gradient hj have been estimated in the first step. Theweight
was based on the similarity between structural hierarchy of two areas:

h�
i =

X33

j = 1

h�
j e

�d2
ij=σ

2

where dij = ∣hi,exp − hj,exp∣ is the difference of structural hierarchy for
area i, j and σ = 0.05.

Simulation scenarios
Weexaminedmultiple simulation scenarios in the study. The scenarios
encompassed a range of parameter configurations and manipulations
of the network connectivity. For scenarios related to the change of
gradient,we removedgradients (Figs. 4a, d, and6a)by setting allhi=0.
Furthermore, wemanipulated the slope of the composite gradients by
scaling with a factor γ (Figs. 4b, and 6b), leading to hðnewÞ

i = γhi or by
interpolating between the average gradient of all areas �h and the
gradient hi (Fig. 6b)

hðnewÞ
i = ð1� γÞ � �h + γ � hi, 0 ≤ γ ≤ 1:

For Fig. 6c, the gradient slope γ is set to 0.
In scenarios involving the change of network connectivity FLNs,

we devised a condition devoid of any feedback loops by assigning zero
to all FLN entries where the connection has a smaller fraction of neu-
rons in a projection originating from the supragranular layers of the
source area (Fig. 7c), namely FLNij =0, for all SLNij< 0.5. For Fig. 5c–f,
we shuffled the FLN by randomly permuting its entries 1000 times to
obtain the distribution of the corresponding measures.

Regarding other parameter modifications, we disrupted the E-I
balance by augmenting wEI by 10% (Fig. 5a). For Fig. 8b–d, we set
μIE = 24.91, 37.36, 49.81 pA/Hz, respectively and computed the corre-
sponding upper bound μ�

EE as 34.03, 50.68, 67.40 pA/Hz such that the
system remains stable. μEE was varied as λμ�

EE with λ ranging from
0.95, 0.97, 0.975 to 1 for each respective μIE setting. For Fig. S4, we
varied the value of μEE within the range from 64 to 70.

Metrics for timescale localization
We employed two quantitative measures to describe timescale locali-
zation across the whole neocortex. The first is the IPR, which was
originally introduced in quantum mechanics and solid-state physics.
For a normalized eigenvector v, its IPR is defined as follows:

IPR ðvÞ=
XN

j = 1

jvj j4

where vj is the jth element of v. The IPR for the eigenvector matrix is
computed as the average IPR across each column (eigenvector) in the
matrix.

Furthermore, we introduced an additional metric for spatial locali-
zationof eigenvectorv (LuisCarlosGarcia andXiao-JingWang, see ref. 38):

θðvÞ=
XN

i, j = 1

jvij4jvj j4e�dij=
�d :

Here,dij represents thedistancebetweenapair of areas i and j, which,
in our context, denotes the physical distances between two areas in the
marmoset neocortex; �d signifies the average distance across all pairs.

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

Data availability
All data used in this study are publicly available from the Brain/MINDS
project datasets34,37.

Code availability
The source code and scripts used for simulation, analysis and figure
generation are openly accessible on GitHub (https://github.com/
GuanchunLi/Marmoset_Cortex_Model/), archived in https://doi.org/
10.5281/zenodo.1718886351.
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