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Modularity is a fundamental principle of brain organization, reflected in the presence of segregated
subnetworks that enable specialized information processing. These densely connected modules are of-
ten nested within larger, higher-order modules, giving rise to a hierarchical modular architecture. Yet,
how hierarchical modularity shapes network function remains unclear. Here we introduce a simple
blockmodeling framework for generating multi-level hierarchical modular networks and implement
them as recurrent neural network reservoirs to evaluate their computational capacity. We show that
hierarchical modular networks enhance memory capacity, support multitasking, and produce a broader
range of temporal dynamics compared to strictly modular and random networks. These functional ad-
vantages can be traced to topological features enriched in hierarchical modular networks, including
reciprocal and cyclic network motifs. We find that these benefits extend to the heterogeneous modular
organization of empirical human brain structural connectivity, where hierarchical organization en-
hances memory capacity and contributes to the emergence of brain-like neural timescales. Altogether,
these results show that hierarchical modularity endows networks with computationally advantageous
properties, providing insight into the relationship between neural network structure and function.

INTRODUCTION puts [155, 191].

Such approaches have been shown

Modularity is a fundamental principle in neuroscience,
shaping our understanding of neural architecture, dy-
namics, and function. The brain is not a homoge-
neous system, but a complex network, composed of dis-
tinct yet interacting modules. In network neuroscience,
modularity is a defining feature of brain organization,
manifesting in the segregation of structural and func-
tional subnetworks that support specialized processing
[30, 79, 126, 187]. These notions echo a deeply rooted
principle in cognitive science, which suggests that cog-
nitive processes operate within informationally encap-
sulated domains [35, 59], highlighting modularity as
a key characteristic of mental architecture. More re-
cent perspectives suggest that cognition emerges from
a hierarchy of increasingly polyfunctional nested circuits
[16, 80,126,127, 150], dynamically recruited to support
both domain-specific and integrative processes [4, 178].
Thus, understanding modularity is essential not only for
characterizing the brain’s structural and functional topol-
ogy but also for elucidating the computational principles
that underlie human cognition.

Beyond neurobiological organization, modularity is
also increasingly studied in artificial intelligence [191],
both as a network feature [2, 33, 38, 58, 71, 101,
107, 119, 194] and as a design principle [3, 5, 28,
70, 98, 132, 155, 156, 164]. In this context, a mod-
ule can consist of any neural architecture component,
from a layer to a whole network as part of an ensem-
ble [57, 86, 155, 191]. In deep learning, modular sys-
tems leverage intrinsic or imposed modularity in data
and tasks via routing functions to select relevant mod-
ules and aggregation functions to combine their out-

to offer key advantages such as enhanced interpretabil-
ity [98, 107, 156], efficiency [5, 57, 132, 155, 175],
and generalization [5, 27, 28, 98, 132, 156, 172], en-
abling systems to decompose complex tasks and recom-
bine learned solutions [5, 28, 98, 107, 156, 164, 172].
Related ideas also appear in reservoir computing, where
modular or hierarchical architectures, such as deep echo
state networks, stack multiple reservoirs to enable se-
quential processing and generate multiscale temporal
representations [63, 76, 116, 134]. In contrast, the
present work investigates topological modularity and hi-
erarchy in a single recurrent neural network.

In a network, small densely connected modules can
be embedded into higher-order modules, leading to hi-
erarchical modularity. Such a multi-scale organization
has been hypothesized to maintain a balance between
information segregation in specialized communities and
global integration via intermodular communication [80,
126]. Previous work has focused on characterizing the
dynamical effects of hierarchical modularity in synthetic
neural networks [23, 139, 204]. Notably, using both
simple spreading models and spiking neural networks,
it was found that hierarchical modularity supports crit-
icality [93, 135, 168, 208, 209], a dynamical regime
characterized by advantageous computational properties
[14, 21, 34, 44, 52, 66, 97, 102, 104, 146, 176, 177]. Hi-
erarchical modular networks have also been associated
with increased functional diversity [207, 216], but only
as derived from functional connectivity. Yet, how hierar-
chical modularity shapes cognitive function remains un-
clear.

Here, we take advantage of reservoir computing [47,
88, 117], a machine learning framework particularly



well suited to the implementation of neuromorphic net-
works [189]. This allows us to move away from the com-
mon operationalization of function as statistical associ-
ations between neural activity time-courses to instead
re-conceptualize it as a computational property in the
context of cognitive tasks [114, 189, 190]. In reservoir
computing, the classic architecture consists of a recur-
rent neural network (RNN) of nonlinear neurons com-
plemented by a linear readout module [39, 88, 113].
Only the readout module is trained, allowing us to con-
strain the network with arbitrary connectivity patterns
that remain unchanged throughout learning. Further-
more, since the dynamics of the reservoir are constrained
by its fixed wiring, they can be tuned and maintained by
the experimenter [190]. This allows the exploration of
the interplay between structure, dynamics, and cognitive
function.

While a small number of network properties have
been related to performance in reservoir computing tasks
[1, 24, 40, 46, 91, 96, 124, 125, 163, 213], how neu-
ral network architecture supports cognitive capacity re-
mains largely unknown. Recent evidence indicates that
an optimal level of modularity can enhance reservoir
memory [163] and multitasking capacity [110] by bal-
ancing information segregation and integration. Here,
we propose that hierarchical modularity can more ro-
bustly strike this balance, leading to improved cognitive
capacity (Fig. 1). To test this hypothesis, we generate
synthetic multi-level hierarchical modular networks and
use them as reservoirs to evaluate their cognitive capac-
ity. We further investigate the topological and dynamical
underpinnings of their computational properties. Finally,
in line with recent work on connectome-based reser-
voir computing [36, 42, 69, 74, 96, 110, 128, 136, 137,
143, 190, 196, 200], we endow reservoirs with empiri-
cal structural connectivity patterns of the human brain
to explore the effects of biological hierarchical modu-
larity patterns. To this end, we develop a network null
model which allows us to disentangle the computational
effects of modularity and hierarchical modularity in het-
erogeneous hierarchical modular networks. Our results
offer insights on structure-function relationships in artifi-
cial neural networks and provide a potential explanation
for the presence of hierarchical modularity in biological
neural networks.

RESULTS
Generating hierarchical modular reservoirs

To study the functional effects of hierarchical modu-
larity, we (1) develop a simple method to generate and
compare hierarchical modular networks, and (2) imple-
ment these networks as reservoirs. We define hierarchi-
cal modular networks as networks with a nested block-
diagonal structure. A straightforward method for imple-
menting such networks is stochastic blockmodeling (see

Methods), which allows us to parametrically tune the
number of hierarchical levels, the number of modules at
each level, as well as their prominence (modularity). To
facilitate systematic comparison between networks with
different numbers of hierarchical levels, we develop a
method to iteratively remove levels of hierarchy, while
preserving basic network features, such as network size,
density, degree, and modularity. This ultimately yields a
continuum from strictly modular networks to hierarchi-
cal modular networks.

Specifically, we model three hierarchical levels of mod-
ularity. At the first level, we specify 8 densely connected
modules of 50 nodes, for a total network size of 400
nodes. We then systematically tune intermodular con-
nectivity to coalesce pairs of lower-order modules into
larger, sparser higher-order modules (4 modules of 100
nodes and 2 modules of 200 nodes). For each level,
we generate 100 synthetic graphs and randomly assign
uniformly distributed weights to the produced edges:
W~ U(0,1).

The resulting networks are then implemented as reser-
voirs to measure their computational capacity (see Meth-
ods). Briefly, we use a typical reservoir computing ar-
chitecture in which the reservoir is a recurrent neural
network of hyperbolic tangent units, complemented by
an input layer and a linear readout module [113]. In a
standard learning task, an external time series is intro-
duced into the reservoir through a set of selected input
nodes. The input signal propagates across the reservoir
and output signals are recorded from a set of selected
output nodes. The readout module is then trained using
Ridge regression to approximate a target signal by form-
ing a linear combination of the output signals. Impor-
tantly, the reservoir remains fixed during training, which
enables a clear mapping between the designed network
structure and its function. Fig. 1 illustrates the paradigm.

Hierarchical modularity improves memory capacity

We start by evaluating the reservoir’s ability to pre-
serve representations of past stimuli with the widely used
memory capacity task [39, 42, 56, 87, 96, 145, 163, 190,
203] (see Methods). In this task, the readout module
is trained to reproduce a time-delayed version of a ran-
dom uniformly distributed input signal. In essence, this
amounts to asking the question: To what extent is past
input recoverable from the current reservoir states? In
contrast to other memory tasks, the memory capacity
task isolates memory from other computational capaci-
ties like nonlinear processing or pattern recognition. Af-
ter training the readout, the model’s performance is eval-
uated on independent data using the R? regression score
and averaged across a range of time lags to obtain the
network’s memory capacity. Input nodes correspond to
all the nodes in a randomly selected first-level module.
All the other nodes in the reservoir are used as output.

Importantly, the computational properties of the reser-



voir result from an interaction between its structure,
which defines the pathways for interaction, and its dy-
namics, which govern the flow of activity along those
pathways. Here, to characterize the relationship be-
tween network structure, dynamics, and function, we
parametrically tune the reservoir’s global dynamics by
scaling its spectral radius a. Reservoir dynamics are
guaranteed to be stable for « < 1 [88, 214]. Con-
versely, dynamics are expected to be unstable or chaotic
for a > 1 and are described as critical at o = 1, or at the
edge of chaos [56, 190] (see Methods and Supplemen-
tary Fig. 1 for more details).

Fig. 2a shows the edge probability matrices used to
generate the three levels of the modularity hierarchy
(left) and examples of resulting reservoir connectivity
matrices (right). In Fig. 2b, we compare the memory
capacity of the three network ensembles across differ-
ent dynamical regimes. For all « values considered, we
find that performance systematically follows the modu-
larity hierarchy, with higher-order hierarchical modular
networks consistently outperforming their lower-order
counterparts (p < 0.01, common-language effect size
(CLES) > 61.15% for all two-tailed, Wilcoxon-Mann—
Whitney two-sample rank-sum tests; see Supplementary
Fig. 2a for an alternative, standard measure of memory
capacity [39, 88, 163]). For completeness, we also show
that hierarchical modular networks outperform degree-
preserving random networks in Supplementary Fig. 3a
(p < 10733, CLES = 100%, two-tailed, Wilcoxon-Mann—
Whitney two-sample rank-sum test). For all levels, maxi-
mal performance is observed at « = 1 as expected. Alto-
gether, these results demonstrate that hierarchical mod-
ularity robustly improves memory capacity over other
commonly used architectures across dynamical regimes.

Hierarchical modularity generates a pool of timescales

In the previous section, controlling the spectral radius
allowed us to relate the reservoir’s structure, dynamics,
and function at the global scale. However, how hierarchi-
cal modularity shapes local dynamics to improve mem-
ory capacity remains unclear. To determine if differences
in memory capacity are reflected in node-level dynam-
ics, we compute neural timescales from the nodal acti-
vation time series of each reservoir at the edge of chaos
(o = 1). The neural timescale is a measure of the speed
of decay in the autocorrelation of neural activity. Due to
the discrete nature of the reservoir dynamics, timescales
are expressed in arbitrary time step units, but retain
the same interpretation as brain-derived timescales, with
greater values indicating greater temporal persistence
(see Methods). In the brain, neural timescales are highly
variable [13, 64, 140, 217], both spatially, following a
functional specialization gradient from sensory to asso-
ciation cortex [8, 78, 83, 158], and temporally, as they
adapt to task requirements [26, 60, 120, 199]. Inter-
estingly, we find no significant difference across hierar-

chical levels in the reservoir-averaged neural timescales.
However, we find that higher-order hierarchical modu-
lar reservoirs show more variability in timescales across
nodes (Fig. 3, left; p < 1072, CLES > 69.98% for all
two-tailed, Wilcoxon-Mann-Whitney two-sample rank-
sum tests). This reflects a richer temporal expansion of
the input signal, which can be visually observed in raw
activation time series as a stretching of slow fluctuating
signals (Fig. 3, right).

To uncover the topological underpinnings of these dif-
ferences in dynamics, we then consider the motif com-
position of the reservoir. Motifs are local connection pat-
terns that constitute the elementary computational cir-
cuits of a network [131, 188]. The motif composition
thus tiles a mosaic of recurring functional units, reflect-
ing the network’s computational repertoire. We start
by measuring the clustering coefficient, a fundamental
measure of a network’s local cohesiveness [53, 210].
Specifically, the network average clustering coefficient
measures the prevalence of directed triangles around all
nodes. We find that higher-order hierarchical modu-
lar networks exhibit a larger clustering coefficient than
their lower-order counterparts (Fig. 4a; p < 10732, CLES
> 98.78% for all two-tailed, Wilcoxon-Mann-Whitney
two-sample rank-sum tests), indicative of enhanced lo-
cal recurrence.

We then extend our analysis to all possible three-node
directed motifs (see Methods). For all examined motifs,
we find significant differences between all levels of the
modularity hierarchy (p < 0.05, CLES > 58.64% for all
two-tailed, Wilcoxon—-Mann-Whitney two-sample rank-
sum tests), which allow us to partition the motifs into
two categories. The three simplest and most prevalent
motifs across all networks are all reduced in frequency
as levels are added to the hierarchy (Fig. 4b, left). These
motifs contain only two edges, with no reciprocal links,
and embody basic patterns of convergence (1), sequen-
tial processing (2), and divergence (3). Conversely, more
complex motifs containing at least three edges are all
enriched in higher-order hierarchical modular networks
(Fig. 4b, right). These motifs integrate simpler dyadic
(two-node) and triadic (three-node) patterns and could
therefore subserve more complex computations, notably
through reciprocal links and cycles.

In particular, cycles have previously been related to in-
formation storage [109] and suggested as a mechanism
of time scale separation in modular networks [80, 148].
Therefore, we turn our attention beyond triadic mo-
tifs to focus on cycles of varying lengths. Specifically,
we consider simple cycles, paths that begin and end at
the same node without visiting a node more than once.
We find significantly more cycles of length 3, 4, and 5
in higher-order hierarchical modular networks (Fig. 4c;
p < 0.01, CLES > 62.74% for all two-tailed, Wilcoxon—
Mann-Whitney two-sample rank-sum tests, except be-
tween levels 1 and 2 for cycle length 5), in line with a
richer dynamical repertoire.

Overall, these results point to recurrence and temporal



expansion as potential substrates of memory capacity in
hierarchical modular networks. To validate this hypothe-
sis, we relate timescale variability and motif composition
to memory capacity across all reservoirs (Supplementary
Fig. 5). We consistently find that features related to
hierarchical modular reservoirs also relate to enhanced
memory capacity. We also examine the mechanistic re-
lationship between cycles and memory capacity. We find
that randomized null networks that preserve first-level
modules and third-level cycle counts reach similar mem-
ory capacity to the third-level hierarchical modular reser-
voirs (Supplementary Fig. 6a). Furthermore, we find
that destroying cycles via degree-preserving rewiring sys-
tematically reduces the memory capacity of hierarchical
modular reservoirs across all dynamical regimes (Sup-
plementary Fig. 7). Altogether, these results suggest a
causal role of cycles in hierarchical modular reservoir
memory capacity.

Hierarchical modularity supports multitasking

Having evaluated the memory capacity of hierarchical
modular networks, we now consider their ability to per-
form multiple tasks simultaneously. Previous work has
suggested that modularity can improve multitasking ca-
pacity by providing a balance between inter-modular re-
source sharing and task interference [110]. Here, we
test whether hierarchical modularity can further improve
this effect by striking a more robust balance between in-
formation integration and segregation [80, 126]. To as-
sess multitasking capacity, we adapt a framework devel-
oped by Loeffler et al. [110], which includes a non-linear
transformation task, in addition to the memory capacity
task. Briefly, the non-linear transformation task consists
of regressing a slowly varying sinusoidal input signal to
a different waveform — here, a square signal [62, 179].
Beyond evaluating multitasking capacity, this framework
also captures the reservoir’s ability to balance two fun-
damental yet opposing properties: information storage
and non-linear information processing [39, 41]. Further-
more, the two tasks operate on different timescales: the
memory capacity task requires the reservoir to store fast
random fluctuations, whereas the non-linear transforma-
tion task has slower dynamics [110].

A multitasking experiment proceeds as follows: The
set of 4 modules encapsulated in the first of the 2 third-
level modules is designated for memory capacity tasks,
whereas the other set is assigned non-linear transforma-
tion tasks (see Fig. 5a). As for the memory capacity task,
input nodes correspond to all the nodes in a randomly se-
lected first-level module. All the other nodes in the third-
level module are used as output. Importantly, these task
assignments remain consistent across networks spanning
all three hierarchical levels. During a task, all input sig-
nals are propagated simultaneously across the network
and a separate readout module is trained for each task.
The multitasking performance is then assessed on inde-

pendent data as the average R’ regression score across
all tasks.

Fig. 5b shows the multitasking score distributions of
the three hierarchical levels of modularity across dif-
ferent dynamical regimes. Again, we find that higher-
order hierarchical modular networks consistently outper-
form their lower-order counterparts (p < 0.05, CLES >
59.18% for all two-tailed, Wilcoxon-Mann-Whitney two-
sample rank-sum tests), including degree-preserving ran-
dom networks (Supplementary Fig. 3b; p < 10~°, CLES
> 75.75%, for all two-tailed, Wilcoxon—-Mann-Whitney
two-sample rank-sum tests) and cycles-preserving ran-
dom networks (Supplementary Fig. 6b; p < 0.01, CLES
> 63.04%, for all two-tailed, Wilcoxon—-Mann-Whitney
two-sample rank-sum tests, except at « = 1.2). For
all levels, maximal scores are observed in a more sta-
ble regime (o« = 0.8) than for the memory capacity task
alone. For completeness, we consider multiple other
multitasking scenarios which include incorporating more
input signals and interleaving task categories instead of
assigning them to different third-level modules (Sup-
plementary Figs. 8, 9; see Methods for more details).
Across all evaluated scenarios, we find that hierarchical
modular networks consistently outperform strictly mod-
ular ones. Note however that the third level of hierarchy
rarely leads to additional improvements over the second
level. Altogether, these results demonstrate that hierar-
chical modularity robustly supports multitasking in var-
ious experimental scenarios. Importantly, since perfor-
mance rapidly saturates with additional hierarchical lev-
els, our findings also suggest that a deep fractal orga-
nization might not be necessary to achieve performance
improvements.

Hierarchical modularity in the human connectome

Until now, we have considered synthetic blockmodel
graphs that are ostensibly neuromorphic, in so far as
they reflect the multi-scale nested organization of brain
modules [9, 15]. However, these networks lack the het-
erogeneity of empirical brain connectomes, that is, real-
world modules vary in size and in the number of sub-
modules that they contain. To account for these dif-
ferences, we endow reservoirs with empirical structural
connectivity patterns of the human brain. Specifically,
we build a group-representative connectome from 327
individual structural networks derived from diffusion-
weighted magnetic resonance imaging (MRI) tractogra-
phy (source: Human Connectome Project - HCP [202];
see Methods for detailed procedures).

To isolate the effect of hierarchical modularity on the
performance of connectome-informed reservoirs, we de-
velop a hierarchical modular network null model. Our
model draws on an existing modular random graph
model [169] and the intuitive notion that modularity
can be operationalized as the relative density of intra-
modular connections [61, 142]. For a strictly modular



network null model, we can distinguish two categories
of edges: within- and between-module edges. We can
then rewire them separately while constraining the edge
swap so that the rewired edges retain their original cat-
egory. This allows us to randomize the network while
preserving its modularity. Generalizing to hierarchical
modularity, we can infer that L nested partitions will re-
sult in L + 1 edge categories in order for each module of
each partition level to maintain intra-modular connec-
tivity (see Methods for more details on how these cate-
gories are identified). Similar to the procedure used in
the modular null model, we then rewire edges of each
category separately, using the classic switching method
[123]. The resulting null network’s connectivity patterns
are randomized while maintaining its size, density, de-
gree sequence, and hierarchical modularity.

To assess the computational properties of realistic hier-
archical modularity, we start by applying Louvain modu-
larity maximization to the empirical connectome. This
method naturally yields a hierarchical partition: each
node is assigned to a single module at each level and
lower-level modules can be nested within higher-level
modules. Since the algorithm is non-deterministic, we
re-run it multiple times and select a representative so-
lution (see Methods for more details). The retained so-
lution has 2 hierarchical levels with 15 modules at the
first level and 6 modules at the second level (Fig. 6a).
Only one of the first-level modules is not nested into a
second-level module. Next, using the derived partition,
we apply both the modularity-preserving and the hier-
archical modularity-preserving null models to the con-
nectome to generate two null network ensembles of 100
networks each. Fig. 6b shows the within- and between-
module edge categories which constrain rewiring in each
model (left), as well as examples of resulting null net-
works (right), highlighting their preserved modular and
hierarchical modular architectures, respectively.

Next, we instantiate reservoirs using the null connec-
tivity matrices, as well as the empirical connectome, and
use them to perform the memory capacity task. As for
the synthetic networks, first-level modules are used as
inputs and outputs. Performance is averaged over all
possible pairwise combinations of inputs and outputs.
We use 100 different input signals for the empirical con-
nectome to create a performance distribution compa-
rable to those of the null ensembles. Fig. 6¢ shows
the memory capacity distributions of all three ensem-
bles as a function of spectral radius («). Across all dy-
namical regimes, we find that the hierarchical modu-
lar null networks significantly outperform their strictly
modular counterparts (p < 10~'2, CLES > 79.5% for all
two-tailed, Wilcoxon—-Mann-Whitney two-sample rank-
sum tests; see Supplementary Fig. 2b for an alterna-
tive, standard measure of memory capacity [88]), in line
with the results observed in the homogeneous hierarchi-
cal modularity model. Interestingly, maximum perfor-
mance is observed in a more stable regime (o« = 0.8),
consistent with previous reports of memory capacity in

connectome-informed reservoirs [190]. Moreover, in the
stable regime (a < 1), the hierarchical modular null en-
semble consistently outperforms the empirical connec-
tome (p < 10724, CLES > 92.82% for both two-tailed,
Wilcoxon-Mann-Whitney two-sample rank-sum tests),
suggesting that in this regime, additional topological fea-
tures of the human brain are detrimental to maintaining
signal representations. In particular, this result might re-
flect the numerous trade-offs that brain wiring must nav-
igate to balance computational performance with robust-
ness [54, 96, 106] and wiring costs [22]. To account for
the metabolic and material costs of longer connections,
we normalize memory capacity by the average Euclidean
length of reservoir edges, following Sudarez et al. [190].
We find that the empirical connectome significantly out-
performs the modular and hierarchical modular null net-
works across « values when controlling for wiring costs
(Supplementary Fig. 10; p < 1073°, CLES > 97.27%
for all two-tailed, Wilcoxon—-Mann-Whitney two-sample
rank-sum tests), providing a better economical trade-off.

To further characterize how connectome topology re-
lates to memory capacity, we examine module-specific
network features and task performance. In Supplemen-
tary Fig. 11, for each module used as input (output),
we average memory capacity over all possible outputs
(inputs). This results in a measure of how effective a
module is as an input (output). We then relate module-
wise performance to various module-average weighted
nodal features, namely strength (sum of edge weights in-
cident to each node), clustering (average intensity of tri-
angles around a node [144]), and node-average commu-
nicability (communication measure integrating all possi-
ble walks on a network [37, 51]) using Spearman cor-
relation. We find that both input and output perfor-
mance is strongly negatively related to clustering (input:
p =~ —0.6, p = 0.02, output: p ~ —0.62, p =~ 0.01).
Output performance is also strongly positively related
to strength (p ~ 0.56, p ~ 0.03) and communicability
(p = 0.68, p = 0.006). Collectively, the results indi-
cate that segregated input and output modules reduce
memory capacity. In particular, highly-performing out-
put modules are also highly integrated in the network,
as indicated by high strength and communicability.

Finally, to evaluate the realism of connectome-
informed reservoir dynamics, we contextualize them
against empirical brain timescales. Specifically, we aver-
age output node timescales in the memory capacity task
across all 100 input signals and 15 input modules. We
then compare the resulting connectome-informed syn-
thetic timescale map with an empirical brain map of
group-averaged resting-state intrinsic timescales derived
from magnetoencephalography (MEG) data acquired in
a subset of 33 participants from the HCP (see Methods for
additional information) [173]. We find a significant pos-
itive relationship between the synthetic and the empiri-
cal timescales using Spearman correlation (Fig. 6d, left,
p =~ 0.44, p < 10729). Importantly, we also contrast the
empirical correlation coefficient with null correlation co-



efficients obtained using the synthetic timescales derived
from modularity- and hierarchical modularity-preserving
null reservoirs (Fig. 6d, right). We define a two-sided
p-value (prewireq) as the proportion of more extreme
null coefficients. We find that the empirical relation-
ship is significantly greater than the null relationships ob-
tained from modularity-preserving reservoirs (pewired <
0.01) but not hierarchical modularity-preserving reser-
VOIirs (prewireqa = 0.13). Together, these results show that
hierarchical modularity could contribute to shaping gra-
dients of intrinsic neural timescales in the brain.

Sensitivity analyses

By replicating our findings using empirical brain
connectivity patterns and (hierarchical) modularity-
preserving network null models, we have shown that our
results generalize to heterogeneous modularity patterns.
Here, we further assess the sensitivity of the results to
several other modeling choices, namely the edge prob-
ability scaling factor r (see Methods for more details),
the size of the networks, their symmetry, the sign of
the connection weights, and the presence of self-loops
(connection from a node to itself). In the main analy-
sis, we used asymmetric (directed) networks of N = 400
nodes, with positive weights and no self-loops. Inter-
modular connectivity was halved (» = 0.5) at each hi-
erarchical level. In Supplementary Fig. 12, we addition-
ally test N-values of 200 and 600 nodes, and r-values of
0.25 and 0.75. We find that hierarchical modular net-
works systematically outperform their strictly modular
counterparts, with peak performance near the edge of
chaos (o = {0.8,1.0}), independently of the network
sizes and scaling factors considered. In Supplementary
Fig. 13, we show that this result also extends to symmet-
ric (undirected) networks and networks containing self-
loops. However, no significant difference was found be-
tween levels of the modularity hierarchy when including
negative weights (W ~ U(—1,1)). Furthermore, asym-
metric networks including negative weights can achieve
near perfect performance at high « values. Importantly,
note that the goal of this paper is not to present hierar-
chical modularity as a new state-of-the-art reservoir ar-
chitecture, but to study its function in various modeling
frameworks. In line with this objective, we take a more
biomimetic approach to negative weight placement, con-
straining them to local within-module connections. In-
terestingly, this approach restores the effect of hierarchi-
cal modularity, despite a drop in performance compared
to allowing negative weights throughout the network.
Altogether, these results confirm that the computational
advantages of hierarchical modularity are robust to nu-
merous modeling settings.

Next, we go beyond architecture modeling choices
and extend our sensitivity analyses to more complex
chaotic system prediction tasks commonly used as reser-
voir computing benchmarks. Specifically, we use the

Lorenz task, which models a real-world weather sys-
tem, and the NARMA task, which combines nonlinearity
and memory, making it highly complex. We implement
both tasks as one-step-ahead prediction tasks (see Meth-
ods). For both tasks, peak performance is achieved at
a = 1, with higher-order hierarchical modular networks
systematically outperforming their lower-order counter-
parts (Supplementary Fig. 14, p < 0.05, CLES > 58.99%,
for all two-tailed, Wilcoxon—-Mann-Whitney two-sample
rank-sum tests). These results show that the computa-
tional advantages of hierarchical modularity can extend
to more complex tasks, reinforcing its potential as a ver-
satile neuromorphic design principle for artificial neural
networks.

DISCUSSION

In the present report, we develop a simple blockmodel-
ing method to generate and compare multi-level hierar-
chical modular networks. We implement these networks
as reservoirs to evaluate their computational proper-
ties. We find that hierarchical modular networks exhibit
greater memory capacity than strictly modular networks.
This performance increase is associated with more di-
verse neural timescales in hierarchical modular reser-
voirs and a higher prevalence of reciprocal and cyclic
motifs. Furthermore, we show that the computational
advantage of hierarchical modularity extends to a multi-
tasking setting, as well as heterogeneous empirical struc-
tural connectivity patterns. Finally, using a hierarchical
modularity-preserving network null model, we find that
hierarchical modularity might play an important role in
shaping the diverse portrait of intrinsic neural timescales
we observe in the brain.

These results extend previous work on the benefits of
modular and hierarchical architectures in reservoir com-
puting [91, 110, 125, 163, 213]. In particular, Rodriguez
et al. [163] found that modular networks of thresh-
old neurons showed improved memory capacity in con-
trast to random networks. They suggest that this ef-
fect is obtained by balancing local modular cohesion and
global communication to achieve maximal network activ-
ity. However, they found modularity to decrease memory
performance when using a hyperbolic tangent activation
function. Here, we show that hierarchical modular net-
works can outperform both strictly modular and random
networks at the memory capacity task in classic reser-
voirs of hyperbolic tangent neurons. This effect might
be due to hierarchical modularity providing a more ro-
bust balance of segregative and integrative graph fea-
tures through a principled scaling of connectivity from
the local to the global level [80].

Such an architecture can also prove useful for multi-
tasking, as we show under various experimental scenar-
ios combining memory capacity and non-linear transfor-
mation tasks. These results extend previous work from
Loeffler et al. [110], who showed that modularity im-



proved multitasking performance in neuro-memristive
nanowire networks. By taking advantage of modules
for input and output placement, hierarchical modular-
ity might maximize resource allocation via integration
while limiting task interference via segregation [110].
Alternatively, a certain level of integration might also
benefit generalization via regularization by noise from
different tasks [18, 25]. More generally, recent work
has emphasized a fundamental tradeoff between net-
work architectures supporting parallel processing of in-
dependent tasks and interactive processing of tasks with
shared representations [154]. Future research could ex-
plore the potential of hierarchical modular networks to
balance these competing demands — leveraging shared
representations to facilitate generalization [25], while
limiting interference to support multitasking in tasks
with overlapping structure. More broadly, these results
open the door to tailoring network architectures to spe-
cific task domains. In particular, hierarchical modularity
might prove useful in tackling more complex composi-
tional task structures. In line with this hypothesis, it
was previously shown that hierarchical modular archi-
tectures could be the expression of an evolutionary pres-
sure to adapt to a rapidly changing environment by divid-
ing complex changing goals into reusable basic sub-tasks
[95].

The improved performance of hierarchical modular
networks could also be understood through the lens of
their local topology. Notably, additional levels of mod-
ules increase the prevalence of cycles of different lengths.
These connection patterns could act as storage circuits
[109], maintaining the input signal over diverse time
horizons [65]. They can also constitute a tuning mech-
anism for a reservoir’s frequency response [1]. Here,
we find that modular networks matched in the number
of short cycles to hierarchical modular networks reach
similar memory capacity. This suggests that the func-
tional enhancement provided by hierarchical modularity
can be explained by lower-order cyclic structure. Impor-
tantly, this clarifies the mechanisms underlying the ben-
efits of a ubiquitous network architecture and positions
our framework as a parsimonious approach for introduc-
ing structured cyclicity. Furthermore, this equivalence
does not extend to the multitasking setting, where hier-
archical modular reservoirs outperform cycles-preserving
null models, potentially because their nested organi-
zation enables principled input and output placement
across modules. Altogether, these results suggest that cy-
cles play an important role, but do not fully account for
the computational advantages conferred by hierarchical
modularity.

More generally, by analyzing all possible three-node
motifs, we find that hierarchical modular networks are
enriched in complex reciprocal and cyclic motifs. These
results extend previous work from Sporns [185] et al.
characterizing the motif composition of fractal connec-
tivity patterns. Of note, the enrichment of motif 9
(see Fig. 4b) in hierarchical modular networks echoes

consistent results across several large-scale mammalian
brain networks [108, 188]. This motif consists of a
chain of reciprocally connected nodes that do not form
a loop. It denotes the potential for strong signaling be-
tween certain node pairs and the absence of direct con-
nections between others. For this reason, it has been
posited as another potential mechanism subserving the
balance between information integration and segrega-
tion [108, 188]. Altogether, these results reiterate the
importance of considering higher-order interactions to
understand the behaviour of real-world systems [10, 20].

From a dynamical perspective, modular networks have
previously been shown to give rise to time-scale separa-
tion, allowing to distinguish fast intra-modular and slow
inter-modular processes [148]. These results have been
generalized to hierarchical modularity in oscillator net-
works, showing the emergence of as many timescales as
there are hierarchical levels [6, 181]. Here, we study
neural timescales in hierarchical modular networks as
the decay time of a node’s activity autocorrelation, sim-
ilarly to how it is studied in the brain [64, 140]. We
find an increase in the diversity of neural timescales
in higher-order hierarchical modular networks, which
positively correlates with their improvement in mem-
ory capacity. This result adds to accumulating compu-
tational evidence that heterogeneous and hierarchically
organized timescales enhance the processing of complex
temporal information [32, 67, 73, 99, 121, 138, 152,
157,193, 215].

Beyond functional implications, our results in
connectome-informed reservoirs complement a growing
body of computational modeling work exploring the
emergence of a timescale hierarchy in the brain. While
biophysical approaches have mostly focused on time con-
stants associated with cellular and synaptic processes,
network-based accounts offer important complementary
explanations [49, 67, 200, 217]. Notably, clustered con-
nectivity patterns have been associated with the emer-
gence of slow timescales [84, 105]. Some models, such
as the one by Chaudhuri et al. [29], also offer integra-
tive accounts, combining neurobiologically grounded dy-
namics and connectivity. Using a threshold-linear recur-
rent network constrained by empirical macaque inter-
regional connectivity, the authors show that both long-
range projections and a cytoarchitectural gradient of ex-
citation shape the emergence of a cortical timescale hi-
erarchy. Here, we go beyond the qualitative match-
ing of timescales to gradients of brain organization and
directly relate simulated timescales to empirical neu-
ral timescales derived from MEG. We find that while
our model relies solely on structural connectivity and
generic nonlinear units, it can still produce a rich land-
scape of timescales reminiscent of empirical observa-
tions. Furthermore, using a hierarchical modularity-
preserving network null model, we show that hierarchi-
cal modularity may constitute a core architectural prin-
ciple underlying intrinsic timescales, offering a parsi-
monious account that complements biologically detailed



models. Overall, these results reinforce the idea that net-
work topology is not just a passive substrate, but an ac-
tive determinant of neural dynamics, shaping computa-
tional capacity through structured heterogeneity.

From a modeling perspective, this work introduces
two main contributions. First, we develop an intuitive
stochastic blockmodeling method to generate and com-
pare hierarchical modular networks. Numerous models
of hierarchical modularity have already been developed
[6, 23, 91, 93, 94, 135, 147, 159, 161, 168, 170, 185,
208, 216]. Notably, Moretti & Muifioz [135] distinguish
a bottom-up approach — local modules are recursively
connected with level-dependent density [135, 147, 185]
— and a top-down approach — starting from a homo-
geneous random network, modules are recursively split
and inter-modular connections are rewired into their
source module with a given probability [208]. In con-
trast, our model directly defines the whole nested block
modular architecture via an edge probability matrix,
with a size determined by the number of modules at the
first level of the hierarchy. Previous modeling approaches
mainly focused on an edge probability scaling parameter,
bridging disconnected modular networks and homoge-
neous random networks [185] or small-world networks
[135]. Here, we introduce a simple and principled ap-
proach that begins with hierarchical modular networks
of arbitrary depth and incrementally removes hierarchi-
cal levels, creating a continuum between strictly mod-
ular and hierarchical modular architectures while pre-
serving network size, density, degree, and modularity.
Second, we introduce a broadly applicable network null
model that randomizes network topology while preserv-
ing network size, density, degree, and hierarchical mod-
ular structure. This model can be applied to any complex
hierarchical modular network to disentangle topological
or dynamical effects resulting from higher-order topolog-
ical constraints from those passively endowed by hierar-
chical modularity. In network neuroscience, this work
aligns with a growing effort to develop increasingly re-
alistic network null models that retain meaningful struc-
tural properties beyond basic constraints such as degree
or density [130, 165, 166]. An important benchmark
model in network neuroscience combines regional con-
nectivity (degree) and modules [166, 186]. Future work
could explore if the addition of a hierarchical modular
architecture holds significantly more explanatory power
in recapitulating brain network organization.

The present findings should be interpreted with re-
spect to some methodological limitations. First, we fo-
cus on benchmark tasks that, while common in reservoir
computing, remain relatively simple. Future work should
examine whether these findings generalize to more com-
plex tasks and real-world applications. Second, to iso-
late the effects of hierarchical modularity on memory
capacity, we employ a classic reservoir model equipped
with homogeneous dynamics. Future studies could ex-
amine the effect of heterogeneous dynamics, notably via
node-wise internal memory [203], and introduce incre-

mental layers of biological details, including microarchi-
tectural excitation gradients [29, 45], cell type-specific
dynamics [197], or geometry-informed conduction de-
lays [180]. Third, we find that the effect of hierarchi-
cal modularity on memory capacity only generalizes to
signed networks when negative weights are introduced
in first-level modules. This indicates that random place-
ment of negative weights might effectively blur a bi-
nary hierarchical modular organization. Given the im-
portance of negative connections for representation ca-
pacity [206], future work should explore how to most
efficiently integrate them in hierarchical modular archi-
tectures. Interestingly, placing negative weights only in
low-level modules reflects the prevalent modeling as-
sumption that the brain is organized in local populations
of interacting excitatory and inhibitory neurons, coupled
exclusively through excitatory long-range connections
[211, 212]. More broadly, these results pave the way for
more complex multi-region “network of networks" RNN
models [153]. Finally, the structural connectome used
in this study was reconstructed using diffusion-weighted
MRI, which is prone to false positives and false nega-
tives [43, 118, 195]. Although we mitigated this by
constructing a group-representative connectome, future
work could benefit from using data derived from more
accurate invasive techniques such as tract tracing to val-
idate and extend our findings.

In summary, this work introduces a principled frame-
work for constructing and comparing hierarchical mod-
ular networks, demonstrating that hierarchical modu-
larity can enhance memory capacity, multitasking, and
temporal processing in neuromorphic reservoir systems.
Extending these findings to connectome-informed reser-
voirs, we show that hierarchical modularity contributes
to the emergence of brain-like neural timescales. To-
gether, these results advance our understanding of
structure-function relationships in neural systems and
point to hierarchical modularity as a powerful inductive
bias for the design of neuromorphic computing architec-
tures. Future work could build on this foundation by
exploring more biologically realistic dynamics, and vali-
dating these principles in real neural circuits. More gen-
erally, this study contributes to ongoing efforts at the
intersection of neuroscience, artificial intelligence, and
cognitive science, demonstrating how network science
may serve as a shared language for advancing cross-
disciplinary knowledge.

METHODS
Hierarchical modular network model

Here, we propose a model for constructing homoge-
neous hierarchical modular networks using stochastic
blockmodeling. In contrast to other models of hierarchi-
cal modularity, our implementation allows for systematic
comparison between networks with different numbers of



hierarchical levels, while preserving basic network fea-
tures, such as network size, density, degree, and modu-
larity.

We start by defining hierarchical modular networks in
line with the definition of "networks with a nested hi-
erarchical organization" proposed by Sales-Pardo et al.
[170]. First, we define modules as communities of nodes
that are more densely connected to each other than to
other nodes in the network. Each module’s internal con-
nectivity can, in turn, be divided into smaller submodules
at increasingly lower, more fine-grained hierarchical lev-
els. Importantly, submodules are entirely determined by
the connections between nodes of the higher-order mod-
ule, i.e., they are encapsulated [80, 170]. Note that this
definition does not accept the existence of soft bound-
aries or overlap between modules. Furthermore, in line
with Sales-Pardo et al. [170], we restrict our model to
homogeneous hierarchical modular networks, that is, at
each hierarchical level, all modules have the same size
and can be divided into the same number of lower-order
modules.

From this definition, we can infer that the resulting
networks will have a nested block-diagonal structure
[161, 170]. They can therefore be implemented using a
stochastic block model [23, 161], where edges are added
independently for each pair of nodes, with a probability
that only depends on the blocks to which the nodes be-
long [82]. The model is implemented as follows:

Consider M;, the number of modules at level [, each of
size n; nodes. Next, consider g; = M;_1/M; = ny/n;—1
for [ > 1, the number of modules at level [ — 1 encapsu-
lated in each module at level {, with L, the total number
of hierarchical levels. We start by creating an empty edge
probability matrix of size M; x M;. This matrix speci-
fies the density of edges within (diagonal) and between
(off-diagonal) blocks (modules) of the first hierarchical
level. First, we fill the diagonal with p;, the probability
that two nodes are connected if they belong to the same
module at level 1. Second, for each consecutive set of g,
blocks, we assign p-» (the probability that two nodes are
connected if they are part of different modules at level 1,
but the same module at level 2) to the off-diagonal blocks
that complete a square of size go blocks. We repeat this
step for each hierarchical level, with b, = Hé:z g; the
number of diagonal blocks encapsulated in each level-
module. The final level consists of the whole network.
Importantly, given that modules must have greater inter-
nal than external density, p1 > p2 > --- > pr. Here,
we define the edge probability scaling as p; = 7' ~!py,
with 0 < r < 1. Together, the resulting edge probability
matrix and n; fully determine the model.

From this, we can derive the expected degree F[d] of
a node as the sum of contributions from all levels. At
level 1, each node can connect to n; — 1 other nodes
in its module (excluding self-loops) with intra-modular
probability p;. Therefore, the expected contribution at
level 1 is:

Eldy] = (n1 — 1)pa, ey

At higher levels | > 2, each node can connect to nodes
in the other g; — 1 submodules within its module. The
number of available connections is therefore (g; — 1)n;_1.
With probability p; = 7'~1p;, the expected degree contri-
bution is:

Eldi] = (g — D1~ 'pa, (2)
Summing over all levels:

L

Eld = (m —Upr+ Y (g = Dnar'™'pr, 3
=2

. : -1
Using the recursive formula n;_; = n; [[,_, g, we ob-
tain:

L -1
Bl =(m —Upi+ Y (9 — Dm (H gi> 'y, @)
=2 =2

Here, we construct hierarchical modular networks
with M; = 8 first-level modules of n; = 50 nodes, with
intra-modular edge probability p; = 0.5. These modules
are iteratively paired (¢g; = 2) into higher-order modules,
with inter-modular connectivity p; halved (r = 0.5) at
each hierarchical level, for a total of L = 4 hierarchical
levels. This yields the following edge probability matrix:
[P1 p2 P3 P3 P4 Pa pa P4
P2 P1 P3 P3 P4 P4 P4 P4
P3 P3 P1 P2 P4 P4 P4 P4
P3 P3 P2 P1 P4 P4 P4 P4
P4 P4 P4 P4 P1 P2 P3 P3
Pa Pa P4 P4 P2 P1 P3 P3
Pa Pa P4 P4 P3 P3 P1 P2
P4 P4 P4 P4 P3 P3 P2 D1

Next, we develop a method for comparing networks
with different numbers of hierarchical levels, while pre-
serving basic network features, such as network size,
density, degree, and modularity on average. Starting
from a network with L hierarchical levels, levels can be
iteratively removed, starting from the highest level L.
This is done be replacing, in the edge probability matrix,
the values py, and py_1 by:

, (g1 —1)bp_opr—1+ (92 — 1)br_1pL
pL - ) (5)
(9p—1 — 1)br—o+ (g — 1)br—1

with p;’, the new inter-modular connectivity at the
highest level L’ = L — 1, resulting from the average of p,
and pr_1, weighted by their prevalence in each row (or
column) of the edge probability matrix.



This procedure maintains the expected degree, and by
extension, expected number of edges of the resulting net-
work fixed. Moreover, since M; and n; are maintained,
network size and expected density are also preserved.
Finally, since the edge probabilities within modules at
the preserved hierarchical levels are maintained, and the
row (or column) sums of the edge probability matrix
are maintained, expected modularity, as measured using
Newman’s Q [142], is also preserved for the remaining
hierarchical levels.

Here, we run this procedure twice, bridging strictly
modular and hierarchical modular networks across
three levels. We implement all stochastic block mod-
els in the hierarchy using the openly available Net-
workX package (https://networkx.org/documentation/
stable/index.html) [75]. They all share an expected de-
gree of 62 and an expected density of 15.54%, for a to-
tal of 24800 edges. However, note that expected den-
sity drops to 9.95%, for a total of approximately 15873
edges following pruning in the main analyses (see Hy-
perparameter tuning).

Reservoir computing

To relate hierarchical modular network structure to
function, we use reservoir computing, a dynamical
systems-oriented machine learning framework taking its
roots in computational neuroscience [47, 90, 113, 117].
In a classic reservoir computing architecture, the reser-
voir is a non-linear recurrent neural network, comple-
mented by an input layer and a linear readout module. In
a standard learning task, an external time series is intro-
duced into the reservoir through a set of selected input
nodes. The input signal propagates across the reservoir
and output signals are recorded from a set of selected
output nodes. The readout module is then trained to
approximate a target signal by means of a linear com-
bination of these output signals. Importantly, the reser-
voir remains unchanged during training, which makes
this model very efficient and facilitates the mapping of
the reservoir’s architectural features to its performance.
Fig. 1 illustrates the paradigm.

Reservoir computing relies on two fundamental com-
putational properties: fading memory — reservoir states
depend only on a finite history of past inputs — and pair-
wise separation — distinct input histories lead to distinct
network states [39, 103, 117]. The reservoir’s recurrent
connections passively endow it with memory, whereas
the complex non-linear interactions that govern its dy-
namics perform a high-dimensional temporal expansion
of the input signal, which has the potential to transform
non-linearly separable patterns into linearly separable
representations [39].

All the reservoir computing experiments were per-
formed using the conn2res open-source package
[189] (https://github.com/netneurolab/conn2res) with
Python 3.9.0 on a machine running Ubuntu 20.04.6 LTS.

A typical experiment was parallelized across networks,
with up to 50 jobs running simultaneously, for a total du-
ration of approximately 15 minutes.

Reservoir dynamics

The reservoir is a recurrent neural network of hyper-
bolic tangent units. The reservoir states obey the follow-
ing discrete-time update equation:

x(t 4+ 1) = tanh(Wu(t + 1) + Wx(t)), (6)

where x(t) is the vector of nodal reservoir activation
states at time ¢, u(¢) is the input signal at time ¢, W,
is the binary input matrix mapping the input signal to
the input nodes, and W is the reservoir weight ma-
trix. For the stochastic block model graphs, we assign
random uniformly distributed weights to the produced
edges: W ~ U(0,1). For the empirical connectome,
weights correspond to the connectivity measures derived
from diffusion MRI data.

Stability

We parametrically tune the global dynamics of the
reservoir by fixing its spectral radius, i.e., the modulus of
its leading eigenvalue, to desired values. Specifically, the
weight matrix was divided by its spectral radius, effec-
tively fixing it at 1. The resulting matrix was then multi-
plied by a range of « values (o = {0.6,0.8,1.0,1.2,1.4}),
fixing its spectral radius at a;; W in equation 6 can there-
fore be expressed as:

W 0
V‘/ = _—
Y o(Wo) )

where Wy is the original weight matrix and p(W) is
its spectral radius. Reservoir dynamics are guaranteed to
be stable for o« < 1 [88, 113, 214] and therefore satisfy
the echo state property for all inputs — a property simi-
lar to fading memory in which state trajectories converge
for the same input independently of initial conditions.
Conversely, dynamics are unstable or chaotic for o > 1
and are described as critical at « = 1, or at the edge of
chaos [56, 190]. Note however that dynamics are not
always chaotic for « > 1. Notably, recurrent neural net-
works can be stabilized by strong inputs [50, 113, 133],
which can lead to unit saturation [39, 41, 145, 214]. In
our experiments, strictly positive weights also seem to
lead to unit saturation (see Supplementary Fig. 1 for Lya-
punov exponent estimations using the method presented
in [205]).
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Readout module

The readout module approximates a target signal y ()
by means of a linear combination of selected output sig-
nals X, (t):

y(t) = Woutxout (t)7 (8)

where W,,; is the readout weight matrix and y is
the final output which approximates y(t). The weights
are trained in a supervised setting using Ridge regres-
sion as implemented in sklearn (https://scikit-learn.org/
stable/) [151].

Memory capacity

To evaluate reservoir memory, we chose the widely
used memory capacity task, which measures the reser-
voir’s ability to preserve the representations of past stim-
uli in continuing iterations of its internal state compu-
tation [39, 42, 56, 87, 96, 145, 163, 190, 203]. In this
task, the readout module is trained to reproduce a time-
delayed version of a random uniformly distributed input
signal u(t) ~ U(—1,1). Specifically, y(t) = u(t — 7),
where 7 is a given time lag. Here, we consider 7' = 16
time lags, monotonically increased in one time point
steps in the range [1,16]. Note that there are as many
linear units as there are time lags in the readout module
and they are all trained independently.

We separately generated a training and a testing in-
put signal of 2100 time points each. Different signals
were used for each network evaluated. Reservoir states
were simulated separately for each time series. The first
100 time points were discarded from the resulting reser-
voir state trajectories to account for initial transients.
The training reservoir states of the selected output nodes
were then used to train the readout module to reproduce
the input signal at different time lags. Finally, the test-
ing reservoir states were used to test the performance.
For every 7, performance was measured using the R co-
efficient of determination regression score. Regression
scores were then averaged across all time delays to ob-
tain the memory capacity (MC):
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For the synthetic hierarchical modular networks, input
nodes correspond to all the nodes in a randomly selected
first-level module. Output nodes correspond to the nodes
of all the other 7 50-node modules. A different readout
module is trained for each one and final performance is
averaged across all readout modules. The 8 first-level
modules are used as input and output across all levels
of the hierarchy. For the empirical connectome, perfor-
mance is averaged across all possible combinations of in-

put and output modules to account for module hetero-
geneity.

Multitasking

To evaluate reservoir multitasking capacity, we adapt
a multitasking framework developed by Loeffler et al.
[110] for use in neuro-memristive nanowire networks.
The multitasking setup involves the memory capacity
task, in addition to a non-linear transformation task.
Thus, in addition to evaluating multitasking, this frame-
work captures the ability of the reservoir to balance
two fundamental, but antagonistic properties: infor-
mation storage and non-linear information processing
[39, 41, 203]. The non-linear transformation task con-
sists of regressing a slowly varying sinusoidal input signal
to a different waveform, specifically, a square signal in
this case [62, 179]. Performance is also measured using
the R? coefficient of determination. Note that since the
target signal is not time-lagged, this effectively consists
in a one-step-ahead prediction, i.e., u(t) is propagated to
the input nodes at time ¢ as per equation 6, but is not
propagated within the reservoir; x,,.(¢) therefore only
depends on (u(0),u(1),...,u(t —1)).

A multitasking experiment, as performed using the
synthetic hierarchical modular networks, proceeds as fol-
lows: The set of 4 modules encapsulated in the first of
the 2 third-level modules is assigned memory capacity
tasks. The other set is assigned non-linear transforma-
tion tasks (see Fig. 5). In the 2-task scenario, input nodes
for each task correspond to all the nodes in a randomly
selected first-level module. The other 3 first-level 50-
node modules in the same third-level module are used
as output. As for the memory capacity task, a different
readout module is trained for each one and final perfor-
mance is averaged across all readout modules. In the 4-
task scenario, input nodes for each task also correspond
to all the nodes in a first-level module. The other first-
level 50-node module in the same second-level module
is used as output. Finally, in the 8-task scenario, an in-
put node is randomly selected in each of the 8 first-level
modules. All of the other 49 nodes in each module are
used as output. When using more than 2 tasks, input
signals are varied within a task category by using differ-
ent seeds for the memory capacity task and varying the
signal frequency for the non-linear transformation task.
Specifically, the sinusoidal signal can complete either 10,
20, 30, or 40 complete cycles. Initial phase is also ran-
domized. Note that the task assignments are maintained
across networks of all three levels of the hierarchy.

As for the memory capacity task, we separately gen-
erated a training and a testing input signal of 2100 time
points each and a warmup period of 100 time points was
discarded from the resulting reservoir state trajectories.
Different signals were also used for each network evalu-
ated. All signals were propagated simultaneously across
the network and a separate readout module was trained
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for each output module. The multitasking performance
was assessed as the average R? score across all tasks.

Dynamical systems

To evaluate chaotic time series prediction, we use
two standard reservoir computing tasks: the Lorenz
[111, 112, 115, 141, 183] and the NARMAI1O tasks
[7, 85, 89, 100, 162, 203]. We chose the Lorenz task be-
cause it models a real-world weather system, i.e., atmo-
spheric convection, and the NARMA task because it com-
bines nonlinearity and memory, making it highly com-
plex. Both tasks were implemented as one-step-ahead
prediction tasks and performance was measured using
the R? coefficient of determination.

As for the memory capacity task, we separately gen-
erated a training and a testing input signal of 2100 time
points each and a warmup period of 100 time points was
discarded from the resulting reservoir state trajectories.
The signals were generated using the reservoirpy open-
source package [201] (https://reservoirpy.readthedocs.
io/en/stable/index.html). Different signals were also
used for each network evaluated. An input module was
randomly selected among the 8 first-level modules. One
input node per input signal was then randomly selected
from the input module. All the 350 nodes in all the other
7 modules were used as output. A single readout module
was trained for all outputs.

Lorenz

The state (z, y, z) of the Lorenz system evolves accord-
ing to the following set of three coupled nonlinear differ-
ential equations:

dzr

s =o(y—x)

dy

p =z(p—2)—y 103
dz

E —xy—,é’z,

with standard parametrization (o = 10,8 = 8/3,p =
28) for chaotic behavior. The system state is initial-
ized following a uniform distribution in [—20,20] for
each variable and the time series are approximated us-
ing a Runge-Kutta method of order 5(4) with time step
ot = 0.03.

NARMA

The nonlinear autoregressive moving average
(NARMA) system is defined on discrete time. Let
the state and input of the system at time ¢ be y; and

u;, respectively. The thenth-order NARMA system is
expressed by:

9
Yert = oy + By D Yei + Yurty 9 + 0 (11)
i=0
Following previous work [85, 89, 100, 162, 203], pa-
rameters («, 3,7, ) are set to (0.3,0.05,1.5,0.1). The sys-
tem state is initialized at 0 and the input signal follows a
uniform distribution in [0, 0.45] [100].

Hyperparameter tuning

Reservoir computing performance depends on many
interacting hyperparameters, which are set a priori [39,
81, 163]. For example, spectral radius « can be tuned to
control the reservoir dynamics and we study its effect on
performance in the main analyses. Other features that
pertain to the hierarchical modular network model are
studied in the Sensitivity analyses. Finally, three hyper-
parameters are tuned via a random search [12] proce-
dure: input gain g, pruning ratio p, and Tikhonov regu-
larization parameter A. The input gain scales the input
matrix. The pruning ratio corresponds to the fraction
of randomly selected edges to delete from the reservoir.
Note that on average, this retains the relative density,
degree, and modularity across hierarchical levels. Fi-
nally, the Tikhonov regularization parameter controls the
strength of the L2 penalty in Ridge regression.

Hyperparameter tuning allows us to control for these
parameters in subsequent analyses. It also contributes
in addressing our research question by aggregating
data across many experimental setups to select a high-
performing regime that is not biased towards any topol-
ogy or dynamical regime a priori. The procedure works
as follows:

We start by sampling 125 hyperparameter configu-
rations from uniform distributions over given ranges.
Specifically, log,q(9) ~ U(-10,1), p ~ U(0,1), and
log,g(A\) ~ U(—10,1). In parallel, we consider random
subsets of 25 synthetic networks from each hierarchical
level and all 5 values of « considered in the main analy-
ses. Then, using each hyperparameter configuration, we
train and test each reservoir at the task at hand using the
previously described procedures. The datasets are gen-
erated independently from the ones used to test the final
model. Note that hyperparameter configurations are dis-
carded if p does not retain strongly connected networks
(any node must be reachable from any other node).

For each hyperparameter combination and network,
we select the best performance across all spectral radii.
We then average performance across all networks within
each hierarchical level. Finally, we select the hyperpa-
rameter combination that leads to the best performance
across levels. In this way, we obtain the hyperparameter
regime with the best possible performance across dynam-
ical regimes and hierarchical levels.


https://reservoirpy.readthedocs.io/en/stable/index.html
https://reservoirpy.readthedocs.io/en/stable/index.html

Note that for the empirical connectome and its null
surrogates, we use the same procedure, but only tune
input gain and regularization strength, maintaining the
empirical topology. Furthermore, hyperparameter tun-
ing is only performed using the empirical connectome,
favoring it in the selected dynamical regime.

Timescales

In line with previous definitions of neural timescales
[26, 64, 140], we measure the timescale of a node’s acti-
vation time series as the time constant of an exponential
decay function fit to the autocorrelation function (ACF):

ACF(r) =e7, (12)

where 7 is the time lag and 7. is the characteristic
timescale.

We calculate the autocorrelation function using
the statsmodels open-source package (https://www.
statsmodels.org/devel/) [182]. We only consider lags
up to the first negative autocorrelation value in all time
series considered. We then linearize the model by tak-
ing the logarithm of the resulting autocorrelation values
and fit the characteristic time scale using least-squares
fitting via numpy (https://numpy.org/citing-numpy/)
[77]. Note that we only evaluate the output nodes’
timescales to avoid the biasing effect of the input sig-
nal. Furthermore, we discard the warmup period from
the activation time series prior to estimating timescales.

Graph analysis
Modularity maximization

To identify hierarchical modular partitions in the em-
pirical connectome, we use the Louvain modularity max-
imization algorithm [19]. This algorithm detects non-
overlapping communities of nodes that maximize the
weight of within-community edges and minimize the
weight of between-community edges using the quality
function:

1 iS5
Q 3 (wiy — Z2)8(ei,e5), (13)

:% — 2m
ij

where m is the total weight of all edges in the network,
w;; is the weight of the edge incident on nodes 7 and j, s;
is the strength of node i, ¢; is the community assignment
of node ¢ and §(¢;, ¢;) is the Kronecker delta function and
is equal to 1 when ¢; = ¢; and O otherwise.

The algorithm recursively applies a sequence of two
phases: modularity optimization, where nodal commu-
nity labels are changed based on neighbouring labels,
and community aggregation, where lower-level commu-
nities are nested into higher-order communities. Thus,

the algorithm naturally yields hierarchical partitions.
The algorithm was applied using the openly available
modularity louvain_und function from the Python ver-
sion of the Brain Connectivity Toolbox (https://github.
com/aestrivex/bctpy) [167]. To find a representative so-
lution, we ran the algorithm 1000 times with different
seeds and computed the z-scored Rand index [160] be-
tween every pair of first-level module partitions. We then
chose the solution most similar to all others, retaining its
higher-level modular partition. Note that we chose to
select for representativeness at the finest resolution be-
cause the first-level modules are used to define reservoir
inputs and outputs.

Clustering coefficient

For binary directed graphs such as the synthetic hier-
archical modular networks, the clustering coefficient of a
node corresponds to the fraction of all possible directed
triangles around a node that exist. The clustering coeffi-
cient C of a node u can be defined as [53]:

Ty
(ki (i = 1) = 2ky)’

where T, is the number of directed triangles through
node u, k!°' is the sum of its in- and out-degree, and
kTe¢ is its reciprocal degree.

It was computed using the openly available clus-
tering coef bd function from the Python version of
the Brain Connectivity Toolbox (https://github.com/
aestrivex/bctpy) [167]. The network average clustering
coefficient was computed as the mean across local clus-
tering coefficients of all nodes in the network.

For weighted undirected graphs such as the empirical
human connectome, the weighted local clustering coef-
ficient of a node corresponds to the mean intensity of
triangles around a node. The clustering coefficient C' of
a node u can be defined as [144]:

(14)

Cu=3

1
2 -

C, = m izj(wuiwijwju) 3, (15)
where k, is the degree of node v and w;; is the weight
of the edge incident on nodes ¢ and j, scaled by the
largest weight in the network. It was computed using
the openly available clustering coef wu function from
the Python version of the Brain Connectivity Toolbox
(https://github.com/aestrivex/bectpy) [167]. The mod-
ule average clustering coefficient was computed as the
mean across local clustering coefficients of all nodes in a
module.

Cycles and motifs

A cycle is a path that begins and ends at the same node.
A simple cycle additionally does not allow for repeated
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nodes. For the synthetic hierarchical modular networks,
we compute all simple cycles up to length 5 using net-
workx [75], which implements a version of the algorithm
of Gupta and Suzumura [72]. While we limit our analy-
sis to short cycles, note that all networks considered have
short diameter. Moreover, larger cycles are usually less
relevant to network function and accounting for them is
computationally prohibitive [55].

Motifs are local connection patterns that constitute
the building blocks of a network’s functional repertoire
[131]. Here, we study three-node motifs, for which there
are 13 possible configurations. Specifically, we focus on
functional motifs, which represent elementary informa-
tion processing modes that can be engaged in a struc-
tural motif [188]. Functional motifs consist of all the
subdivisions of a structural motif into the other struc-
tural motifs it contains. We count the number of each
motif in a network using the Brain Connectivity Toolbox
(https://sites.google.com/site/betnet/) [167]. We then
normalize these values by the total number of all motifs
to obtain frequencies.

Communicability

Communicability between two nodes is defined as the
length-weighted sum of all walks between them, with
longer walks receiving progressively less weight [51].
The communicability matrix C' of pairwise communica-
bility estimates between all nodes in a network is calcu-
lated as the matrix exponential of the adjacency matrix
A: C = e”. Following [37], we first normalize the ad-
jacency matrix as D'/2AD'/2, where D is the diagonal
weighted degree matrix. This normalization mitigates
the disproportionate influence of high-strength nodes on
communicability estimates.

Data acquisition and connectome reconstruction

Magnetic resonance imaging (MRI) data from n =
327 unrelated, healthy young adults (28.6 = 3.73 years
old, 55% female) from the Human Connectome Project
(HCP) were used to reconstruct structural connectivity
networks and build a group-representative connectome
[11, 174]. Participants were scanned at Washington Uni-
versity using the HCP’s customized 3-Tesla Siemens Con-
nectome Skyra MRI scanner. The protocol included (1) a
magnetization-prepared rapid acquisition gradient echo
(MPRAGE) sequence (TR = 2400 ms, TE = 2.14 ms, FOV
= 224 mm x224 mm, voxel size = 0.7 mm3, 256 slices)
and (2) a spin-echo echo-planar imaging (EPI) sequence
(TR = 5520 ms, TE = 89.5 ms, FOV = 210 mm x180
mm, voxel size = 1.25 mm?, b-value = 1000, 2000, and
3000 s/ymm?, 270 diffusion directions, 18 b0 volumes).
All participants provided informed written consent and
the protocol was approved by the Washington University

Institutional Review Board. Further details on data ac-
quisition can be found in [202].

The HCP minimal preprocessing pipelines [68] were
applied to the MRI data and streamline tractography
tools from the MRtrix3 open-source software [198]
were used to reconstruct structural connectivity net-
works from diffusion-weighted MRI data in individual
participants. The MPRAGE volume was segmented into
white matter, grey matter, and cerebrospinal fluid to per-
form anatomically constrained tractography. Grey mat-
ter was parcellated into 400 regions according to the
Schaefer functional atlas [171]. Fiber orientation distri-
butions were generated using the multi-shell multi-tissue
constrained spherical deconvolution algorithm from MR-
trix3 [31, 92]. Tractograms were initialized with 40 mil-
lion streamlines and constrained with a maximum tract
length of 250 and a fractional anisotropy cutoff of 0.06.
A spherical deconvolution-informed filtering procedure
(SIFT2) was then applied following Smith et al. [184] to
estimate streamline-wise cross-section multipliers. For
additional details on MRI data preprocessing and con-
nectome reconstruction, see [149].

Group-representative structural networks were then
generated to amplify signal-to-noise ratio using functions
from the netneurotools open-source package (https://
github.com/netneurolab/netneurotools). A consensus
approach was adopted to preserve (1) the mean den-
sity across participants and (2) the participant-level edge
length distribution [17]. First, the cumulative edge
length distribution across individual structural connec-
tivity matrices is divided into M bins, with M corre-
sponding to the average number of edges across partic-
ipants. The edge occurring most frequently across par-
ticipants is then selected within each bin, breaking ties
by selecting the edge with the highest average weight.
This procedure is performed separately for intra- and
inter-hemispheric edges to ensure that the latter are not
under-represented. The resulting edge set constitutes
the distance-dependent group-consensus structural net-
work. The weight of each edge is then computed as the
mean across participants. Finally, the weights were log-
transformed and rescaled to the [0, 1] range to reduce
variability.

Intrinsic timescales from magnetoencephalography (MEG)

The neuromaps (https://github.com/netneurolab/
neuromaps) [122] toolbox was used to obtain an in-
trinsic timescale map derived from MEG. The map was
downloaded in its native fsLR4k space. The Schaefer-
400 atlas in fsLR32k space was then downsampled
using nearest neighbour interpolation to parcellate
the map in 400 cortical regions. Details regarding
data acquisition and processing are available at [173].
Briefly, resting-state MEG data were acquired in a subset
of n = 33 unrelated healthy young adults (22-35 years
old, 16 female) from the Human Connectome Project
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(HCP). The 6-minute scans were sampled at 2034.5 Hz
and processed using Brainstorm [192]. MEG recordings
were co-registered with individual MRI scans, down-
sampled to 509 Hz, and preprocessed using notch filters
at 60, 120, 180, 240, and 300 Hz, along with a high-pass
filter at 0.3 Hz to remove slow-wave and DC-offset
artifacts. Artifacts such as heartbeats, eye movements,
and muscle activity were removed using automatic
procedures involving electrocardiogram (ECG) and
electrooculogram (EOG) recordings and Signal-Space
Projection (SSP). Source reconstruction was performed
using linearly constrained minimum variance (LCMV)
beamforming on the fsLR4k cortical surface, with data
covariance regularization and noise covariance normal-
ization. Finally, intrinsic neural timescales were derived
from source-level power spectral densities using the
FOOOF toolbox [48], which decomposes power spectra
into periodic and aperiodic components. The “knee
frequency” from the aperiodic fit was used to compute
the intrinsic timescales over the frequency range of 1-60
Hz.

Network null models
Degree-preserving rewiring

To randomize network topology while preserving net-
work size (number of nodes), density (proportion of
edges present), and degree sequence (number of edges
incident to each node), we applied the classic switch-
ing method [123] using the openly available rand-
mio_dir connected function from the Python version
of the Brain Connectivity Toolbox (https://github.com/
aestrivex/bctpy) [167]. The method was applied to the
third-level hierarchical modular networks to generate an
ensemble of degree-preserving randomized surrogates.

Hierarchical modular null model

To randomize a network while preserving its (hier-
archical) modular architecture in addition to its size,
density, and degree sequence, we develop a network
null model building on conventional degree-preserving
rewiring. Our model draws on an existing modular
random graph model [169] and the intuitive notion
that modularity can be operationalized as the relative
density of intra-modular connections [61, 142]. For a
strictly modular network null model, separately rewiring
within and between-module edges suffices to random-
ize a network while preserving intra-modular density
[169]. Generalizing to hierarchical modularity, it can
be inferred that L nested partitions will result in L + 1
subgraphs of fixed density in order for each module of
each partition level to maintain intra-modular connec-
tivity (density within-module at level [ + 1 but between

modules at level [ must also be maintained). The algo-
rithm implementing this model proceeds as follows:
Consider G, = (V,E.), the empirical graph to be
randomized with vertex set V' and edge set F. and
G. =K, = (V, E,), the complete graph of the same size
n = |V|, where E. contains all possible edges. Next, con-
sider the series of nested partitions P, P2 . PEL)

where PO = {C{,C{",...,C})} is the partition at
level 1, Ci(l) C V is community ¢ at level | and M is
the number of communities at level /.

We start by creating hierarchical decompositions of G,
and G, as follows:

1. We create [ subgraphs of G.. that consist of the com-
plete graphs of all communities at level I, respec-
tively:

V= U Kcop, (16)

cep®)

The final level is the fully connected graph
G Z

2. We then build the corresponding empirical sub-
graphs:

GV =a,nGW, (17)

as the intersections of G, and Ggl)

3. For both G, and G, we then build the incremental
subgraphs:

HO = g _ G(lfl)7 (18)

forl=2,...,L+1.

Subgraphs H(" are therefore difference-based sub-
graphs corresponding to the additional connections
introduced at level [, with H(Y) = GV as the base
case.

4. Next, for each empirical incremental subgraph
7Y, we apply degree-preserving rewiring [123],
while introducing the additional constraint that the
edge swap:

((u, ), (w,0)), — (19)

is only accepted if (u,z) and (w,v) also exist in

((u, ), (w,2)) =

Hc(l). This procedure results in the rewired incre-
mental subgraphs aY.

5. Finally, the hierarchical modularity-preserving ran-
domized network G, is obtained by summing the

rewired incremental subgraphs H, oF

L+1

G.=JHDY, (20)
=1
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Cycles-preserving null model

To randomize a third-level hierarchical modular net-
work while preserving first-level modules and cycle
counts, we start by applying degree-preserving rewiring
with the additional constraint that the number of edges
within and between modules is preserved. We then
continue to perform degree and modularity-preserving
double-edge swaps but additionally condition swap ac-
ceptance on a probabilistic Metropolis criterion accord-
ing to a simulated annealing schedule as in [130]. Here,
we define the cost function as the sum of squared differ-
ences in counts for cycles of length 3 and 4.

Data Availability

Data used in this study is available at https://github.
com/netneurolab/milisav_hierarchical modularity
[129]. The original HCP dataset [202] is available at
https://db.humanconnectome.org/data/projects/HCP
1200.

Code Availability

The Python code used to perform the experiments
and generate the figures presented in this manuscript
is available at https://github.com/netneurolab/milisav_
hierarchical modularity [129].
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Figure 1 Generating hierarchical modular reservoirs | We study the computational properties of increasing levels of hierarchical
modularity using reservoir computing. Top: To evaluate if memory capacity systematically varies with hierarchical modularity, we
model a three-level hierarchy bridging strictly modular and hierarchical modular networks. Bottom: We then implement these
networks as reservoirs. The reservoir is a fixed recurrent neural network complemented by a readout module. In a learning task,
an input signal is introduced via an input module, transformed by the internal dynamics of the reservoir, and recorded from an
output module. The readout module is then trained to reproduce a target signal by forming a linear combination of the output
signals.

Figure 2 Hierarchical modularity improves memory capacity | (a) Left: Three edge probability matrices, specifying the probability
of connecting two nodes based on their community affiliation, were designed to reflect three hierarchical levels of modularity.
Right: The three edge probability matrices were used to define three distinct Stochastic Block Models (SBM). Each SBM was used
to generate an ensemble of 100 synthetic graphs of which examples are shown. (b) Memory capacity (R?) as a function of the o
parameter across hierarchical levels. Asterisks indicate statistical significance of differences between levels according to Wilcoxon-
Mann-Whitney tests (p < 0.01). Boxes show the quartiles of the distribution and whiskers extend to the endpoints. Significance is
only shown for the highest performing regime.

Figure 3 Hierarchical modularity generates a pool of timescales | Left: Distributions of reservoir-wise timescale variability, mea-
sured as the standard deviation across neural timescales, for each of the three levels. Right: Output node states at « = 1 for an
example reservoir of each of the three levels. The time series were rescaled between —1 and 1 to emphasize differences. Output
node states at & = 0.8 and o = 1.2 are provided in Supplementary Fig. 4 for comparison.

Figure 4 Hierarchical modularity enriches recurrent motifs | (a) Distributions of network average clustering coefficients across
hierarchical levels. (b) Motif composition of the reservoirs across hierarchical levels. For all 13 possible three-node directed motifs,
bars show the mean frequency across the network ensemble. Error bars correspond to a 95% bootstrapped confidence interval
(1000 samples). (c) Distributions of the number of cycles of different length across hierarchical levels.

Figure 5 Hierarchical modularity supports multitasking | (a) Schematic of the multitasking framework: the 2 third-level modules
are each assigned a different task: the memory capacity task and the non-linear transformation task. Both input signals are
propagated simultaneously across the network. (b) Average R? regression score across tasks as a function of the o parameter for
each hierarchical level. Asterisks indicate statistical significance of differences between levels according to Wilcoxon-Mann-Whitney
tests (p < 1072%). Boxes show the quartiles of the distribution and whiskers extend to the endpoints. Significance is only shown
for the highest performing regime.

Figure 6 Hierarchical modularity in the human connectome | (a) Left: Empirical human brain structural connectivity matrices.
Borders delineate the communities of a two-level hierarchical partition identified using Louvain modularity maximization. The
second-level partition (bottom) encapsulates the first-level partition (top). Right: Brain mapping of the modules at each level.
Each colour represents a different module. (b) Left: Edge categories constraining the modularity-preserving and hierarchical
modularity-preserving rewiring procedures. Right: Example modularity- and hierarchical modularity-preserving null networks
with the empirical module borders overlayed to showcase their preserved (hierarchical) modular structures. (¢) Memory capacity
(R?) as a function of the o parameter across hierarchical levels. Asterisks indicate statistical significance of differences between
levels according to Wilcoxon-Mann-Whitney tests (p < 10~°). Boxes show the quartiles of the distribution and whiskers extend
to the endpoints. Significance is only shown for the highest performing regime. (d) Left: Relationship between empirical and
simulated timescales. Each point represents a brain region. A linear regression line is shown for visualization purposes. Right:
Null distributions of timescale fits measured as the Spearman correlation coefficient between empirical and simulated timescales.
The vertical line depicts the fit obtained from the empirical connectome.
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