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NEUROSCIENCE

Neural heterogeneity enhances reliable neural
information processing: Local sensitivity and globally

input-slaved transient dynamics

Shengdun Wu', Haiping Huang?, Shengjun Wang?, Guozhang Chen*,

Changsong Zhou®, Dongping Yang'*

Cortical neuronal activity varies over time and across repeated trials, yet consistently represents stimulus features.
The dynamical mechanism underlying this reliable representation and computation remains elusive. This study
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uncovers a mechanism for reliable neural information processing, leveraging a biologically plausible network
model incorporating neural heterogeneity. First, we investigate neuronal timescale diversity, revealing that it
disrupts intrinsic coherent spatiotemporal patterns, induces firing rate heterogeneity, enhances local responsive
sensitivity, and aligns network activity closely with input. The system exhibits globally input-slaved transient
dynamics, essential for reliable neural information processing. Other neural heterogeneities, such as nonuniform
input connections, spike threshold heterogeneity, and network in-degree heterogeneity, play similar roles, high-
lighting the importance of neural heterogeneity in shaping consistent stimulus representation. This mechanism
offers a potentially general framework for understanding neural heterogeneity in reliable computation and in-
forms the design of reservoir computing models endowed with liquid wave reservoirs for neuromorphic computing.

INTRODUCTION

Cortical neurons exhibit substantial spiking time irregularity and
trial-to-trial variability in both spontaneous activities and evoked
responses to repeated stimuli (I, 2). Despite this notable variability,
neural representations of stimuli remain functionally consistent
(3-6). Stimulus onset widely quenches neural variability (7) and
leads to reliable sensory coding (6). Neural population dynamics
has been suggested to straightforwardly produce resilient move-
ment patterns, even when confronted with highly unpredictable
neural responses (8, 9). Thus, a central challenge is to understand
the neural mechanisms that reconcile inherent cortical variability
with reliable representations of external inputs.

Randomly connected recurrent neural networks (RNNs) with
excitation-inhibition (E-I) balance (10) are often used to model irreg-
ular and asynchronous activity with reliable macroscopic dynamics,
but they mainly track low-dimensional inputs (8, 10, 11). Spatially
extended spiking neural networks (SNNs), incorporating the distance-
dependent connection probability (12), limit dynamical complexity
but can also generate intricate spatiotemporal dynamics through
Turing-Hopf bifurcation, producing coherent spatiotemporal patterns
(13, 14). These destabilized networks can be used for reservoir com-
puting (15), whose reliability can be achieved by breaking the sym-
metry of network dynamics via nonuniform input connections (13),
referred to as neural heterogeneity in terms of heterogeneous input
connections. This suggests that neural heterogeneity essentially con-
tributes to neural computation, as previously demonstrated, e.g.,
through the heterogeneity of cell spiking thresholds (16) or membrane
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time constants (17). However, the underlying dynamical mechanism
remains elusive.

Biological neural populations are highly heterogeneous, varying
in structure, gene expression, and electrophysiological properties,
such as membrane capacitance and resistance, resting potential, or
spiking threshold. These variations capture the difference in the
structural composition of the cell membrane across neurons of both
the same and distinct types (18-20). Emerging research suggests that
neuronal diversity plays a pivotal role in information processing
(16, 17, 21-23). Excitability heterogeneity serves as a homeostatic
control mechanism that enriches neural dynamics and enhances net-
work resilience by stabilizing responses to modulatory input and
preserving robust brain function (22). This heterogeneity in cell
spiking thresholds further enables computational specialization in
brain circuits by differentially regulating the gating, encoding, and
decoding of signals in E and I neurons, in turn expanding the func-
tional repertoire of local networks (16). On the other hand, neuronal
heterogeneity in terms of membrane and synaptic time constants
[observed in the brain (18-20)] enhances robust learning (17). Fur-
thermore, a reservoir computing model with diverse timescales
achieves superior prediction accuracy and flexibility for multiscale
chaotic dynamics by dynamically selecting appropriate timescales,
outperforming standard reservoir computing models with identical
neurons in both short- and long-term forecasting tasks (23). How-
ever, despite these advances, a dynamical mechanism to understand
the reliability of input representation and computation remains ab-
sent, and a unified framework to elucidate the roles of various neural
heterogeneities has yet to be established.

Here, we reveal a potentially general dynamical mechanism,
starting by investigating two specific neural diversities: heteroge-
neous leakage time constants and gain time constants (18, 24). We
explore their roles in the reliability of computation regarding an
input-output mapping task, using a biologically plausible SNN
model. Our findings show that either diversity can enhance reliable
computation, playing a role similar to that of nonuniform input
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connections (13). It suggests a unique dynamical mechanism, rely-
ing on consistent representation: The diversity disrupts intrinsic
coherent spatiotemporal patterns (13, 25) and induces firing rate
heterogeneity, leading to local sensitivity and globally input-slaved
transient dynamics (26). This dynamics shapes the high-dimensional
representation, inducing a liquid-like spatiotemporal activity pat-
tern and forming input-slaved trajectories for reliably representing
input information (26). This mechanism is robust across networks
with varying connection ranges and connectivity randomness, and
explains the similar roles of other heterogeneities, such as nonuni-
form input connections, spike threshold heterogeneity, and network
in-degree heterogeneity. It provides a potentially uniform frame-
work for understanding the significance of various forms of neural
heterogeneities in ensuring reliable neural information processing.
Thus, our work sheds light on reservoir computing models endowed
with this mechanism.

RESULTS

To investigate the dynamical mechanism underlying reliable compu-
tation, we start by exploring the effect of neuronal timescale di-
versity on spatiotemporal activity properties, leveraging the spatially

extended E-I SNNs with current-based leaky integrate-and-fire
(LIF) neurons (Fig. 1A). We show that neuronal timescale diversity
can lead to robust and reliable computation and representation with
no need of fine-tuning connection ranges and special spatial topol-
ogy. The dynamical mechanism is presented and comprehended
from three perspectives: local responsive sensitivity, input-induced
global spatiotemporal modes, and high-dimensional transient dy-
namics, ensuring robust and reliable representation and computa-
tion. In addition, we show that neuronal timescale diversity expands
representation space in the asynchronous state, explaining why
homogeneous balanced networks fail to track chaotic time series.
This mechanism also explains similar roles of other neural heteroge-
neities, such as nonuniform input connections, spike threshold
heterogeneity, and network in-degree heterogeneity, demonstrating
a potentially general framework for understanding the role of neural
heterogeneity in ensuring reliable neural information processing.

Neuronal timescale diversity and its impact on
spatiotemporal dynamics: A model-based analysis

We commence by illustrating in Fig. 1A the spatially extended E-I
SNN with distance-dependent connection probabilities (13, 27).
The connectivity profiles can be characterized by connection ranges
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Fig. 1. Schematic of spatially extended SNNs with diversity of two time constants in neuronal dynamics. (A) Network architecture. Excitatory (E, blue) and inhibi-
tory (I, orange) neurons evenly distribute on a two-dimensional (2D) plane: [0, 1] X [0, 1]. (B) They are connected with a distance-dependent Gaussian probability, charac-
terized by connection ranges o, and o; for E and | neurons, respectively. By default, 5, = 0.05and o; = 0.1, except in cases where specific conditions or parameters warrant
adjustments. (C) Distributions of time constants 7, and 7 with widths 6. = 0 ms (gray), 3 ms (green), and 8 ms (purple).
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o, and o; for E and I neurons (Fig. 1B), respectively. Two distinct
types of neuronal time constants are considered in the LIF neuron
model: The leakage time constant t; controls the decay rate of the
neuron’s membrane potential; the gain time constant T regulates
the overall scale of network drives (18, 24). We investigate scenarios
where 7, and 7 exhibit individual or joint diversities, as evidenced
in biological datasets (18, 24). As the timescale is nonnegative, the
diversity is introduced with simple lognormal distributions, akin to
those measured in experimental data (19, 20), and characterized by
distribution widths . and o__for 7; and - (Fig. 1C), respectively.
The parameter p controls the shared proportion of their distribu-
tions. When 1, and 1 are completely correlated (p = 1), both are
equal to the membrane time constant t,,, and the neuronal model
becomes equivalent to that used in (17). For more details, refer to
Materials and Methods.

In the homogeneous network (6, = 0), broader recurrent inhi-
bition (o; > 26,) can lead to pattern formation through a Turing-
Hopf bifurcation: breaking the spatiotemporal symmetry (fig. S1A).
This gives rise to a remarkably coherent spatiotemporal pattern of
collective activities of E neurons, wherein local E populations ex-
hibit synchronized oscillations and spiking activity is irregular (Fig.

A
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2A). In the local sites, synchronized oscillations are also evidenced
by the sharp peaks in the power spectrum (Fig. 2B) and strong pair-
wise synchrony (Fig. 2C), as well as the broad distribution of pair-
wise spike count correlation (Fig. 2D). It spatially destabilizes the
local E-I balance (fig. S2), leading to pronounced temporal fluctua-
tions in firing rates (6, = 0 in Fig. 2E). This can be understood by
mean-field analysis under a diffusion approximation (27) with the
ansatz of the Gaussian distribution of firing rates (Fig. 2F) (13).
Now, we investigate the effects of T, diversity on network dynam-
ics (Fig. 2). Increasing 7, diversity gradually disrupts Turing-Hopf
bifurcation (13, 25), leading to a decrease in temporal rate fluctua-
tions (Fig. 2E). The decrease indicates a suppression of the coherent
spatiotemporal patterns characteristic of the Turing-Hopf bifurca-
tion regime in the homogeneous network (t; = 0). In the heteroge-
neous network, neurons exhibit much weaker oscillations and local
synchronization (Fig. 2A), leading to much weaker average oscilla-
tory amplitudes with a broader frequency distribution (Fig. 2B),
substantially lower pairwise synchrony (Fig. 2C), and spike count
correlation (Fig. 2D). Thus, this heterogeneity disrupts the local syn-
chronization required to sustain the coherent patterns. The reduc-
tion in synchronized activity leads to E-I rebalance (fig. S2) in the
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Fig. 2. Spontaneous spatiotemporal dynamics in networks with or without timescale diversity. We record the activity of 2500 spatial sites with each one comprising
16 E neurons. Neurons within each site have identical timescales, but the timescales vary across different sites, introducing diversity. (A) Raster plot and firing rate series
of two randomly chosen sites in the homogeneous network (csTL = 0 ms, top) and the heterogeneous network (csTL = 3 ms, middle, and o, = 8 ms, bottom). (B) Average
power spectra (thick lines) of individuals' firing rates with shaded areas denoting SDs. (C) Synchrony index distributions. (D) Distributions of pairwise spike count correla-
tions. (E) Mean temporal fluctuations of E neurons’ firing rates across the parameter space (6., 6; / 6), where the dashed line represents the critical value of o; / o for
Turing-Hopf bifurcation in the homogeneous network (t, = 0). The value is averaged over all spatial sites. (F) Firing rate distributions of E neurons. (G) Mean firing rates

(thick line) and their SDs (shaded area) plotted against o, .
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neurons, resulting in more irregular and desynchronized firing (Fig.
2A) and a more robust asynchronous state (11).

The interplay between local E-I balance and time constant diver-
sity plays a crucial role in stabilizing the asynchronous state. The E-I
balance ensures that the excitation and inhibition in the local site
are balanced, preventing runaway excitation or excessive inhibition.
When combined with t; diversity, the heterogeneity further dampens
any residual synchrony, enhancing the network’s ability to maintain
irregular, uncorrelated firing patterns (Fig. 2, C and D). Thus, in-
creasing T; diversity reduces temporal rate fluctuations by disrupting
the coherent spatiotemporal patterns (fig. S1, B and C), supporting a
robust asynchronous state characterized by irregular, desynchronized
neuronal activity. This state is conducive to reliable information pro-
cessing, as it prevents the dominance of intrinsic coherent patterns
that could interfere with the representation of external inputs.

With 7, diversity, neuronal firing rates exhibit a broader non-
Gaussian distribution (Fig. 2F): a weighted summation of timescale-
dependent Gaussian distributions (fig. S3), thus complicating the
mean-field analysis. Nonetheless, it can be understood via a simpli-
fied model of diffusively coupled nonlinear oscillators, where times-
cale diversity has been proved to stabilize the asynchronous state
and prevent interaction-induced coherence (28-30). Specifically, a
larger o, induces a larger heterogeneity of site firing rates with more
sites at a low activity level, while its overall average remains stable
(Fig. 2G). This spatial heterogeneity in neuronal activity is consis-
tent with experimental records showing considerable variability in
firing rates across neurons (31).

Similar effects of T diversity on network dynamics are pre-
sented in fig. S4. With either timescale diversity, neurons’ linear
response functions behave spatially heterogeneous, and thus,
their diversities can disrupt intrinsic coherent spatiotemporal
patterns. These stabilized network dynamics are expected to sup-
port reliable computation.

Enhancing reliability in input-output computation and
Mackey-Glass signal representation via timescale diversity
We now examine the role of timescale diversity in reliable computa-
tion regarding input-output mapping in a reservoir computing setting
(Fig. 3A). Reservoir computing is particularly suited for tasks with
temporal data, using a fixed, high-dimensional dynamical system (the
“reservoir”) to process input signals. This framework allows complex
temporal patterns into spatiotemporal representations within the res-
ervoir, facilitating easier decoding and analysis through simple read-
out mechanisms. Using a reservoir composed of spiking neurons with
diverse timescales, we can explore how timescale diversity influences
reliable computation and input-output mapping. This approach helps
us understand complex spatiotemporal dynamics and assess the
network’s ability to handle temporal inputs. Analyzing the networKk’s
responses shows how timescale diversity enhances its capacity for pro-
cessing complex patterns and performing reliable computations.

In this task, we aim to assess the network’s ability to perform
reliable input-output mapping when processing complex temporal
patterns within a reservoir computing framework (Fig. 3A). The
network is driven by a sinusoidal input signal: I, = € - sin (27 f;, ¢ ),
where € is its amplitude and f,;, is its frequency. The readout layer,
which consists of local rate readouts from the reservoir, is trained
to produce an output signal that is a composite of three sinusoidal
components: I, e = 1.5 - [sin(nfsint) +sin(21tfsmt) —sin(3nfsmt)].
This composite target includes the following: (i) fundamental com-
ponent matching the frequency f,,, (ii) subharmonic component
with a lower frequency introducing slower oscillations and adding
complexity, and (iii) nonharmonic component with a frequency not
directly related to the fundamental frequency f;;, and thus introduc-
ing additional challenge.

The readout weights are trained using a ridge least square method
(LSM) to map the reservoir’s activity to the target time series (Fig. 3,
B and C). In the homogeneous network (t; - = 0), the outputs poorly
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Fig. 3. Enhanced reliability of computation. (A) Schematic of the input-output mapping task. (B) Time trace of the input (top) and computations from the homoge-
neous network (o, = 0ms, second layer) and the heterogeneous networks with leakage timescale diversity (o, = 8 ms, third layer) or gain timescale diversity
(0, = 8 ms, bottom). The black line represents the target signal, and the overlapped colored lines depict the outputs from 10 repeated trials. (C and D) Target fitting

normalized root mean square error (NRMSE) plotted against oy, (C) and .. (D). Parameter setting: amplitude e = 30 mV and frequency £
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track the target time series and display noticeable variability across
trials (Fig. 3C), indicating unreliable computation. In contrast, in-
troducing diversity in 7, or T enables the network to produce out-
puts that closely match the target signal consistently across trials
(Fig. 3C). These results demonstrate that both t; and 7 diversities
enhance the network’s computation reliability. Specifically, larger o,
or o, _leads to lower normalized root mean square error (NRMSE)
across multiple trials (Fig. 3, D and E), indicating a reduced trial-to-
trial variability and improved performance.

This reliable computation in heterogeneous networks reminds us
of a reliable information representation. To examine this, we repeat-
edly apply a segment of one-dimensional (1D) Mackey-Glass (MG)
chaotic series (32) to the networks and use the LSM method to
reconstruct the input from neural response activities (Fig. 4A). The
MG signal is characterized by its intrinsic pace fy;g (32), which
showcases a distinct frequency range. Because the MG signal has a
high-dimensional chaotic attractor in phase space, successfully rep-
resenting it requires a rich repertoire of network dynamical states
(see note S1 for details).

As depicted in Fig. 4B, the reconstructed MG output signals from
10 repeated trials (overlapping colored lines) closely follow the trend
of the MG input signal (black line) but exhibit various degrees of
variability across trials. For the homogeneous network (csTL = 0 ms),
the outputs show considerable trial-to-trial variability and are short
of accuracy in tracking input signals (Fig. 4B). Conversely, for
heterogeneous networks with intermediate and high degrees of
timescale diversity (6, =3 and 8 ms), output signals display sub-
stantially reduced trial-to-trial variability (Fig. 4B). Various MG
series with different paces, fy;g = 20,50,and 110, can be reliably
represented in the heterogeneous network activity (Fig. 4C), with a
slightly higher NRMSE for the fast-changing MG signal ( fy,; = 110).
Furthermore, these timescale diversities also enhance the reliability
of MG signal prediction (fig. S5).

o, =8 ms

o, =8 ms

Reconstructed MG series
OoO=_2N O-=N

NRMSE

The representation reliability is robust against various connection
range ratios o; / 6, (Fig. 4D). For homogeneous networks (6, = 0 ms)
or networks with a low level of timescale diversity (o, =3 ms),
NRMSE initially decreases with increasing o; / ., reaching a mini-
mum before rising again (Fig. 4D, left). It is due to stabilized rich
activity patterns near the critical point (c; / 6, ~ 2) (13). As presented
in Fig. 2C, the critical point shifts to a larger ratio when timescale
diversity is increased. Thus, the ratio at which the minimal NRMSE
occurs also shifts to a larger value with increasing timescale diversity.
Notably, for heterogeneous networks with 6, =8 ms, NRMSE
remains stable at considerably low values across a wide range of
0, / o, demonstrating robustness against 6; / 6, as network dynam-
ics remain stable across a broad range of o; /o, (Fig. 2C). Even in
networks with connections randomly shuffled, both timescale diver-
sities consistently enhance reliable representation (fig. S6). It indi-
cates that the distance-dependent spatial topology is not substantial
in the heterogeneous network.

Similar results are obtained for 6. _(Fig. 4, C and D, right), dem-
onstrating that timescale diversity essentially enhances reliable rep-
resentation and computation. Note that the network achieves a lower
NRMSE in the MG signal reconstruction task (Fig. 4) than in the
input-output mapping task with the sinusoidal input (Fig. 3). The
MG signal reconstruction involves mapping a complex but directly
correlated input signal to the output without generating new fre-
quencies. In contrast, while the sinusoidal input is simpler, the target
output is a composite signal that includes subharmonic and nonhar-
monic components not present in the input. This means that the net-
work must generate additional frequencies from the input, which is
more challenging than directly reconstructing the MG signal input
in the output.

These results underscore the substantial role of timescale diver-
sity in enhancing reliable representation and computation through
a mechanism that differs from the reliance on spatially coherent
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Fig. 4. Enhanced reliability of MG signal reconstruction by timescale diversity. (A) Task illustration. (B) MG signals reconstructed MG series from networks with
oy (or G"r) = 0ms (top), 3 ms (middle), or 8 ms (bottom). Line colors denote the same as those in Fig. 3B. (C) NRMSE plotted against oy (left) and o, (right) at fy,g =20, 50,
or 110. (D) NRMSE plotted against the ratio o; / 6 at o, (or csrr) =0, 3, and 8 ms, where the dashed line represents the critical value of o; / o, for Turing-Hopf bifurcation
in the homogeneous network (t, = 0). Shaded areas represent SDs. In (B) and (D), fy,g = 50.
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intrinsic patterns in overcoming the difficulty of reservoir comput-
ing with spiking networks (13). Its robustness informs a unique
underlying dynamical mechanism supporting the reliability of in-
put representation and computation.

A potentially general dynamical mechanism for reliable
representation and computation

The dynamical mechanism found here can be unfolded as the fol-
lowing three perspectives: local responsive sensitivity, input-induced
global spatiotemporal modes, and high-dimensional transient tra-
jectories. We start by presenting the mechanism in the default con-
dition 6, = 0.05 and 6; = 0.1 and then apply this mechanism in the
other condition with 5; /5, = 0.5.

Timescale diversity enhancing local responsive sensitivity

We first show how timescale diversity affects the network’s response
to external stimuli. We apply small-amplitude sinusoidal periodic
signals to the networks and examine the local site-responsive
properties (Fig. 5A). Both homogeneous and heterogeneous net-
works exhibit a response power peak at the stimulus frequency, e.g.,
fin = 10 0r 30 Hz (Fig. 5B). The network with a larger heterogeneity
shows a higher response amplitude, indicating superior sensitivity
to the periodic stimuli (see Materials and Methods).

The enhanced sensitivity can be attributed to three factors arising
from timescale diversity. First, it disrupts the intrinsic coherent
spatiotemporal patterns (Fig. 2A and fig. S1) (13, 25), liberating site
activity to be more sensitive. Second, the disruption allows the local
E-I balance to recover (fig. S2), further increasing the sensitivity of
site activity. Last, this disruption induces spatial firing rate heteroge-
neity with more sites exhibiting low activity levels (Fig. 2F), which
are most sensitive (fig. S7, A to D). Therefore, timescale diversity

renders site activity more sensitive, with more sites effectively re-
sponding to the input (the regions with sensitivity > 1 in Fig. 5C).
Consequently, with more effective responses, the input more strongly
influences the network activity, resulting in a higher average signal-
to-noise ratio (SNR; see Materials and Methods), which substan-
tially increases with ¢ (Fig. 5, D and E). In this way, timescale
diversity improves the effectiveness of the network’s response to
external stimuli.

Furthermore, the sensitivity property explains why the correla-
tion p between these two timescales impedes the beneficial effects of
timescale diversity on the reliability of computation. The leaky tim-
escale 7|, when larger, implies slower leakage and easier firing, lead-
ing to a higher firing rate (fig. S7A). In contrast, a higher value of -
indicates that the neuron requires more time to assimilate the driv-
ing current, making it more difficult to fire and resulting in a lower
firing rate (fig. S7B). In general, the highest sensitivity is achieved
when the site exhibits low activity levels, e.g., when sites’ firing rates
are just above zero (fig. S7, C and D). Thus, site responsiveness de-
pends differently on t; and T (Fig. 6, A and B, left), with highly
sensitive sites observed at small T; or large 1. This mismatch leads to
a distinct distribution of highly sensitive sites across the 2D space of
different heterogeneous networks with t; or t diversity (Fig. 6C).
Consequently, when they are uncorrelated (e.g., the correlation p is
low), site sensitivities due to individual timescale diversity can be
preserved and the number of site sensitivities is maximized. On the
other hand, increasing their correlation p reduces site sensitivity and
the number of highly sensitive sites (Fig. 6, D and E). Moreover, with
the reduced site sensitivity, the benefits of individual timescale diver-
sity diminish, causing the spatiotemporal patterns to revert to those
seen in homogeneous networks (fig. S8). Because SNR is positively
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Fig. 5. Timescale diversity enhances network responsive sensitivity. (A) Schematic representation of the network receiving a sinusoidal input. (B) Averaged power
spectrum of evoked firing rates for homogeneous (o, = 0 ms, blue) and heterogeneous (5, = 3 ms, green, and o, = 8 ms, orange) networks. The value is averaged over
all spatial sites, with SDs represented by shaded areas. Circular markers denote the peak power spectral density of the network'’s response to sinusoidal periodic stimuli
with an amplitude e = 3mV at f;, = 10 Hz (left) or 30 Hz (right). (C) Distributions of site-responsive sensitivities, as defined in Materials and Methods. (D) Mean signal-to-
noise ratio (SNR) plotted against stimulus amplitude e. (E) Mean SNR plotted against o, for sinusoidal stimuli at f;, = 5, 10, or 30 Hz. In (D) and (E), SDs over trials are so

small that the shaded areas are covered by lines.

Wu et al., Sci. Adv. 11, eadr3903 (2025) 2 April 2025

60f18



SCIENCE ADVANCES | RESEARCH ARTICLE

A (o4 Sensitivity D
Or:® 0ms ® 3ms ® 8ms 16 2.4
04 7 or = 8 ms p: —0.0 — 0.6 — 1.0
] I o, — 8 ms 0.2
>
z 5 z
= x = A =
212 z 35 8 ?
§ ) 8 é 0.1
c
S o o
3
2 & K
0 0 - 0 01
40 70 10 40 70 0 1 0 1 2
7L (ms) 7L (ms) Neuron location X Sensitivity
B o :®O0ms ® 3ms ® 8ms E F SNR NRMSE
p . =3 ms - =3 ms
2.4 70 LY 8 ms - -8 ms
1.2 Crir 0.7
> —3 ms
2 = — 8 ms
s v 21 g
c %) Q c
3 c g
§ 08 2
=
0 0 0.6
0 20 40 0 20 40 0 0.5 1 .
T (ms) T (ms) p P

Fig. 6. Correlation between leakage and gain timescales impedes the beneficial effects of timescale diversity on computation’s reliability. (A) Responsive sensi-
tivities (left) and SNRs (right) plotted against 7, at each site. (B) Similar to (A) but for 1. (C) Spatially distributed site-responsive sensitivities (for all sites with sensitivity >
1.6). Red or blue dots represent the recording sites in networks witho, =8 msorc, =8 ms, respectively. Darker colors indicate higher sensitivity values. (D) Distribu-
tions of site-responsive sensitivities at various p. (E) Mean sensitivity (D) plotted against p. (F) Mean SNR and NRMSE plotted against p. In (E) and (F), the value is averaged

over trials, with SDs represented by shaded areas. For calculating sensitivity and SNR in all panels, the frequency and amplitude of the sinusoidal input are

fsin

= 30Hzand

€ = 3mV, respectively. For calculating NRMSE in (F), the input is the MG signal with fy,; = 50.

correlated with sensitivity (fig. S7, E and F), the input signal is best
encoded in sites with different values of t; and 7 (Fig. 6, A and B,
right). As a result, the mean SNR decreases as the correlation
between these two timescales increases (Fig. 6F), subsequently
impairing the network’s computational performance (Fig. 6F).

These results demonstrate that while timescale diversity intro-

duces spatial heterogeneity in network activity, it enhances the
network’s responsiveness to external signals. This suggests that the
dynamics in networks with timescale diversity are better suited to
incorporate the input information, ultimately benefiting representa-
tion and computation.
Timescale diversity shaping consistent stimulus representation
With timescale diversity, a substantial number of sensitive sites are
distributed across the network, enabling more neurons to be effec-
tively responsive to the input. These sensitive neurons react robustly
when activated by the input, and their activities propagate through
the network, interacting with one another. This collective behavior
can eventually lead to the emergence of an input-related coherent
spatiotemporal wave or flowing mode. Consequently, the presence
of these distributed sensitive sites facilitates sufficient neuronal acti-
vation to generate stable, coherent input-driven modes, enhancing
reliable representation and computation.

To demonstrate this speculation, we use the data-driven dynamic
mode decomposition (DMD) method (33) to analyze how networks
represent external inputs through spatiotemporal patterns and how
timescale diversity shapes this representation (Fig. 7A). DMD

Wu et al., Sci. Adv. 11, eadr3903 (2025) 2 April 2025

decomposes complex, high-dimensional neural activities into modes
with specific spatial and temporal characteristics (Fig. 7A). In gen-
eral, when the network is driven by an input, its intrinsic spatiotem-
poral dynamics are perturbed, leading to a competition between
intrinsic dynamical modes and input-induced ones. To illustrate this
competition, we examine both spontaneous and input-induced spa-
tiotemporal activity patterns (Fig. 7, B and D). By comparing their
DMD modes, we investigate how these spatiotemporal dynamics
represent input information and the role of neural heterogeneity in
this process.

We demonstrate the role of timescale diversity in shaping consis-
tent stimulus representation by examining the eigenvalue spectra of
DMD modes (Materials and Methods). Consistent with the Turing-
Hopf bifurcation in the homogeneous network (6, =0 ms), its
spontaneous activities show strong intrinsic dynamical modes (Fig.
7B, left). Applying the MG series to the network suppresses its intrin-
sic modes without inducing a new mode (Fig. 7C, left). This indicates
that the homogeneous network cannot generate spatiotemporal pat-
terns that effectively encode the input signal because its site activity
exhibits low sensitivity and SNR (Fig. 5) and thus lacks the input in-
formation. In addition, without enough highly sensitive sites, the
input-induced activities are hard to propagate out consistently and
support the generation of an input-related spatiotemporal mode. In
contrast, in the heterogeneous network (o, =8 ms), timescale di-
versity disrupts the intrinsic dynamical modes (13, 25), leaving only
one stationary pattern (Fig. 7B, right), which is the network-wide
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Fig. 7. DMD for characterizing spatiotemporal patterns of neural activities. (A) Schematic of the network receiving MG series input and DMD analysis procedure.
(B) DMD eigenvalue spectrum for spontaneous network activities in homogeneous (5, =0 ms, left) or heterogeneous (o, = 8 ms, right) networks. Top: DMD eigenvalues
L in the complex plane of the decay rate o = Re(Ink,) - dt™" and the frequency f = Im(Ink, ) - (2n-dt)~" with time resolution dt = 1ms. Bottom: Mode amplitudes (dot
colors) plotted against frequencies. (C) Similar to (B), but for network activities in response to MG series input. The red square, diamond, and circular markers denote the
first three dominant DMD modes, respectively. (D) DMD modes extracted for MG series prediction at four time steps ahead in homogeneous (5, =0 ms, top) or hetero-
geneous (6, = 8 ms, bottom) networks. Predicted MG output signals from all modes ¢,, three dominant DMD modes ¢,_5 and select modes ¢, 5. In the heterogeneous
network (csTL = 8 ms, bottom), DMD analysis identifies two new input-induced modes (¢, 3) in the right panels.

baseline response to the external input. The input drives this network
to induce two new dynamical modes (red circled and diamonded
in Fig. 7C, right), which are closely associated with the input dynam-
ics (positioned within the MG frequency range in this case) and
thus may be sufficient to encode the input effectively. Note that simi-
lar results can be obtained in the spatiotemporal dynamics in-
duced by various types of input signals (e.g., the signal from the
Lorentz system as demonstrated in fig. S9), not just those with oscil-
latory components.

Our analysis shows that neural heterogeneity disrupts the inter-
nal spatiotemporal patterns, enabling the input to induce new,
input-related spatiotemporal modes (red circled or diamonded in
Fig. 7C, right). These new modes lead to reliable representation of
the input, despite intrinsic dynamics and variability across trials.

Wu et al., Sci. Adv. 11, eadr3903 (2025) 2 April 2025

Therefore, DMD analysis provides insights into how neural hetero-
geneity influences the temporal and spatial patterns of network ac-
tivity, highlighting the emergence of input-induced modes that
improve reliability.

We further check whether the input-induced dynamical modes
are enough to represent the external input in the heterogeneous
network. We use all modes ¢,;, three dominant ones ¢,_;, or the
only two new input-induced ones ¢, ; to predict the system’s short-
term future states (four time steps ahead) (Fig. 7D). The output
weights are linearly regressed to reconstruct the MG input signal
for predicting its future states. The result confirms that the three
dominant modes contain enough information about the input to
fulfill this task, whose performance is comparable with that using
all modes.
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Notably, the two input-induced modes achieve a similar perfor-
mance with those using all modes or three dominant ones, indicating
that the first mode ¢, contributes little to the computation and the
two input-induced modes contain enough information about the
input. In contrast, in the homogeneous network, even with all
modes, it is unavailable to precisely predict the MG signal’s future
states, indicating that the network fails to capture the key features of
the input (Fig. 7D).

These results show that because the heterogeneous network is far
from the Turing-Hopf bifurcation and lacks intrinsic coherence
(Fig. 2C), it effectively responds to external stimuli and captures the
features of stimulus signals. It demonstrates that timescale diversity
shapes consistent stimulus representation by inducing input-related
dynamical modes, because of its firing rate heterogeneity and locally
enhanced sensitivity to external inputs with high SNR. Therefore, it
is beneficial for reliable representation and computation.
Timescale diversity reducing high-dimensional trial-to-trial
variability
We further explore how the input is represented in the network’s
activity space by applying principal components analysis (PCA) to
the local rates. PCA allows us to explore the structure of population
response activities and understand how neural heterogeneity affects
the organization and dimensionality of network activity (Fig. 8A).
Our analysis reveals that in both homogeneous and heterogeneous
networks, the firing rate variability is distributed across multiple
PCs rather than being dominated by the first PC (PC1), which only
accounts for less than 10% of the total variance (Fig. 8, A and B).
This high-dimensional representation suggests that the network
uses a rich set of activity patterns to encode the complex input sig-
nal, contributing to reliable and robust input representation.

Now, we examine trial-to-trial reliability in the projections into
the subspace consisting of the three dominant components (PC1 to

PC3). Both homogeneous and heterogeneous networks exhibit trial-
to-trial stability in the projection onto PCl, reflecting the network-
wide response to external input (Fig. 8, A and B). However, the
homogeneous network exhibits considerable trial-to-trial variability
in PC2 and PC3 (Fig. 8, A and C). In contrast, heterogeneous net-
works (6, =3 and 8 ms) demonstrate stable structures of popula-
tion responses across trials, indicating a reliable representation of the
MG input signals in the subspace (Fig. 8, A and C). Actually, a higher
degree of timescale diversity (5, =8 ms) leads to more markedly
reduced trial-to-trial variabilities in all components (Fig. 8C). Thus,
heterogeneous networks achieve a stable high-dimensional structure
in neural population response activities to represent the input in
more details reliably.

The stable structure embedded in heterogeneous networks can
be attributed to an input-driven transient dynamics, which enforces
representation robustness. To demonstrate this, we introduced a
random perturbation at an arbitrary time point and examined the
three subsequent sections of the network’s responses, focusing on
the three dominant PCs (Fig. 9A).

During the immediate response to perturbation [section (a)], the
manifold deviates substantially from that observed without pertur-
bation (Fig. 9, A and B). However, in the subsequent sections (b) and
(c), this deviation rapidly diminishes, indicating a quick convergence
back to the input-driven trajectory (Fig. 9, A and B). This rapid
convergence suggests the presence of an input-slaved trajectory (26).

The fast convergence also reflects the stability of performance in
the MG series reconstruction task (Fig. 9C), indicating that the
input-induced spatiotemporal modes are stable. Although timescale
diversity increases the sensitivity of local sites, it still enhances the
reliability of input signal representation because networks with
input-induced DMD modes can settle into stable, input-induced ac-
tivity patterns.
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Fig. 8. PCA of the network activities under MG series input with f; = 50. (A) Projections of population responses into 3D space of PC1 to PC3 (top) at 6, =0 ms (left),
3 ms (middle), and 8 ms (right). The overlapped colored lines represent 10 repeated trials. (B) Percentages of variance explained by PCs. (C) Average trial-to-trial SDs of PCs

calculated across 20 trials averaged over time.
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These results demonstrate that heterogeneous networks can
generate input-slaved trajectories to robustly represent inputs, even
when local activity is irregular, variable, and sensitive to perturba-
tions. Therefore, we uncover the underlying dynamical mechanism
that enables reliable neural representation and computation in the
presence of neural heterogeneity.

Timescale diversity expanding representation space in the
asynchronous state

Last, we demonstrate that the dynamical mechanism described above
can also explain the robust role of timescale diversity in enhancing
the reliability of representation in various o; / 6, ratios (Fig. 4D) and
in randomly shuftled networks (fig. S6). For our investigation, we
consider the asynchronous state in a homogeneous or heteroge-
neous network with o; /6, = 0.5 as an example.

It is well known that balanced networks can respond linearly to
inputs and closely track them (10, 34). However, this responsiveness
is limited to low-dimensional inputs, primarily 1D signals such as
linear or sinusoidal input. This limitation arises because, in the
asynchronous state, the network maintains a global E-I balance and
a macroscopic steady state characterized by 1D dynamics, and neu-
ronal firing rates are Gaussian distributed with low variability (simi-
lar to Fig. 2, F and G). The dynamics along other dimensions are
highly stable and rarely react to input, as confirmed in our DMD
analysis (fig. S10, A and B).

In contrast, with timescale diversity, neuronal firing rates are het-
erogeneously distributed, with a subset of neurons exhibiting low

Wu et al., Sci. Adv. 11, eadr3903 (2025) 2 April 2025

activity levels and high sensitivity to inputs. This enhanced respon-
siveness of local populations can disrupt the stability of dynamics in
multiple dimensions. Consequently, the input can induce new modes
(fig. S10B, right), allowing it to be tracked in a high-dimensional rep-
resentation space (fig. S10, C and D). Therefore, timescale diversity
effectively expands the representation space even in the asynchro-
nous state, enabling the network to represent complex signals. Our
framework thus captures its underlying dynamical mechanism.

Similar roles of other neural heterogeneities explained by
the same dynamical mechanism

Various neural heterogeneities have contributed substantially to reli-
able neural computation (13, 16, 17, 21, 22). Our aim is to establish a
general framework for understanding the roles of various forms of
neural heterogeneity in reliable representation and computation. We
now investigate whether the roles of other forms of neural heteroge-
neity can be explained by the same dynamical mechanism discussed
earlier. As an illustration, we investigate the role of nonuniform
input connections, characterized by the correlation range 6, of in-
put weights. This parameter 6, regulates the spatial heterogenelty
of the input weight distribution: A smaller oy, yields more localized
and heterogeneous input connections, whereas a larger 6y, tends
toward uniform input connections (details in Materials and "Meth-
ods). It has been shown to improve the representation and computa-
tion (13) (also presented in Fig. 10A), and it is robust against various
connection range ratios o; / 6, (data not shown).

100f 18



SCIENCE ADVANCES | RESEARCH ARTICLE

Our identified dynamical mechanism can elucidate the role of = S13). Thus, this mechanism may serve as a general framework for
this input connection heterogeneity: (i) Disruption of coherent spa-  understanding the roles of various forms of neural heterogeneities
tiotemporal patterns: The heterogeneity disrupts the intrinsic coher-  in reliable representation and computation.
ent spatiotemporal patterns, inducing firing rate heterogeneity and
increasing site sensitivities (fig. S11, A and D). This allows the net-
work to respond to external stimuli and capture the features of the ~DISCUSSION
input signal effectively. (ii) Promotion of consistent stimulus repre-  This study elucidates the dynamical mechanism underlying reliable
sentation: It promotes consistent stimulus representation by globally  representation and computation in SNNs with neural heterogeneity.
inducing input-related dynamical modes beyond the intrinsic modes =~ We start by exploring the roles of two biologically plausible neuronal
(Fig. 10C). (iii) Input-slaved trajectories in an expanded representa-  timescale diversities and demonstrate that neural heterogeneity
tion space: It expands the representation space to higher dimensions,  disrupts intrinsic coherent spatiotemporal patterns (13, 25), induces
forming a high-dimensional input-slaved trajectory that reliably rep-  firing rate heterogeneity, enhances local responsive sensitivity, and
resents the input (Fig. 10, D and E). aligns neural network activity closely with inputs. This process in-

As spike threshold heterogeneity and network in-degree hetero-  duces input-related dynamical modes, expands representation space,
geneity also induce firing rate heterogeneity and enhance neuronal and forms high-dimensional input-slaved trajectories that reliably
sensitivities with more highly sensitive neurons (fig. S11) (16, 22), represent the input and ensure robust neural information processing
their effects on network dynamics and function can be accounted  against noise, despite neuronal spikings being variable over time and
for by the same mechanism we have revealed, whereby variations in  across repeated stimulation trials (35-38). Thus, we have uncovered
neuronal properties enhance computations reliability (figs. S12 and  a dynamical mechanism that reconciles inherent cortical variability
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ping (blue line) and MG series reconstruction (orange line). (B) Averaged SNR plotted against 6, at f;, = 5, 10, or 30 Hz. (C) DMD eigenvalue spectrum of neural re-
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with reliable representation of external inputs. This mechanism also
explains the similar roles of other neural heterogeneities, such as
nonuniform input connections, spike threshold heterogeneity, and
network in-degree heterogeneity, serving as a potentially general
framework for understanding the role of various forms of neural
heterogeneities in reliable representation and computation.

Roles of neural heterogeneity

Neural heterogeneity, which includes diversity in morphology, type,
excitability, connectivity, ion channel distributions, and timescales,
is ubiquitous in the brain (18-20). Neuron-to-neuron variability in
molecular, genetic, and physiological features is increasingly recog-
nized as a critical aspect of brain function. This biophysical diversity
enriches the neural system’s dynamical repertoire, fostering indi-
vidual variability and complex neural dynamics. Complexity and
heterogeneity are fundamental to neurobiological systems, mani-
festing at every level and process, and are intricately linked to the
systems” emergent collective behaviors and functions. Numerous
hypothetical roles of neural heterogeneity (39) have been suggested,
including the following: (i) population coding: enhancing the neu-
ron population’s ability to encode information efficiently (40, 41);
(ii) reliability: increasing the reliability of neural computations
(13, 42); (iii) working memory: supporting complex cognitive func-
tions (43-45) and functional specialization in neural computation
(24); and (iv) reduction in pathological synchronization: preventing
the onset of pathological states such as epilepsy (22, 46).

Neural heterogeneity profoundly influences the functional rep-
ertoire and adaptability of neural circuits. Recent computational
studies underscore the importance of spike threshold heterogeneity
in enhancing neural network capabilities (24), such as efficient and
robust encoding of stimuli (16, 47, 48), improving information
transmission and learning (49), and maintaining robustness and per-
sistence of brain function over time and in the face of changing envi-
ronments (resilience) (22). On the other hand, neural heterogeneity
of the membrane time constants of neurons makes learning complex
tasks more stable and robust (17), indicating that this observed
heterogeneity is a vital component of adaptive neural systems. More-
over, reservoir computing models equipped with diverse timescales
outperform homogeneous models in both short- and long-term pre-
dictions of multiscale chaotic dynamics, illustrating the value of neu-
ral heterogeneity in optimizing temporal processing (23).

Despite these advancements, a comprehensive dynamical mecha-
nism that unified the roles of various forms of neural heterogeneities
and explains their contributions to reliable representation and com-
putation remains to be established. Our study addresses this gap
by first investigating the influence of timescale diversity on network
dynamics (50) and its role in shaping reliable neural representation
(24). Our findings highlight the substantial role of timescale diver-
sity in reliable representation and computation, achieved by dissoci-
ating two key timescales: leakage time constant t; and responsive
time constant T (18, 24), as their correlation deteriorates their
individual contributions to the reliability. We further uncover the
underlying dynamical mechanism: local responsive sensitivity and
globally input-slaved transient dynamics, which can also account for
the roles of other forms of neural heterogeneities: nonuniform input
connections, spike threshold heterogeneity, and network in-degree
heterogeneity. Thus, our study provides a cohesive framework that
integrates diverse forms of heterogeneities, shedding light on the
variability across multiple neuronal features, opening a new window
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and providing deeper insights into the role of neural heterogeneity,
and potentially unifying the underlying dynamical mechanism for
their roles in reliable representation and computation.

Input-slaved transient dynamics

The brain continuously receives and integrates vast amounts of
environmental information, from sensory perception to task-driven
behaviors and decision-making processes. Initial studies on neural
encoding focused on individual neurons, revealing that certain neu-
rons selectively respond to specific stimulus features such as spatial
or temporal frequency, orientation, position, or depth, leading to
sparse encoding. However, advancements in recording technologies
have shifted research toward the collective dynamics of neural pop-
ulations (51). The trajectories of these populations are typically con-
strained within low-dimensional manifolds in the high-dimensional
space of neural activity (9), suggesting that the entire population
dynamically encodes stimulus variables in a reduced or coarse-
grained neural state space.

Robustness and reproducibility of sequential spatiotemporal re-
sponses are essential features of many neural circuits in the sensory
and motor systems (9, 52). Traditional dynamical regimes, such as
fixed points, limit cycles, chaotic attractors, and continuous attrac-
tors, do not adequately describe reproducible transient sequential
neural dynamics. Instead, a stable heteroclinic sequence (SHS)
(53, 54), although not an attractor, has been proposed to model
these dynamics. SHS trajectories are highly sensitive to input but
remain globally stable, with small deviations corrected by distributed
stabilizing effects within the neural population. When the input is
withdrawn, the system relaxes back to its baseline state. However,
SHS is merely an illustrative model, requiring manual design rather
than self-organization, and it lacks a solid biophysical basis. Besides,
RNNs trained on cognitive tasks have shown that low-dimensional
subspaces naturally emerge to support flexible computations at the
population level (55, 56). However, the internal connectivities of
these artificial networks do not adhere to biological constraints such
as Dale’s principle, which states that neurons must be either excit-
atory or inhibitory.

Here, we found a self-organized dynamical mechanism to reli-
ably and robustly produce such input-slaved trajectories for repre-
senting the input, based on biologically plausible E-I recurrent
SNNs with neural heterogeneity. With no need for predesigned
SHS-like dynamical structures (57), neural heterogeneity disrupts
intrinsic coherence between neurons, rendering them sensitive to
input for flexible computations. The formed trajectories are tran-
sient and nonstationary (Fig. 7C), entirely input induced, and em-
bedded in the complex spatiotemporal neural activities. Despite its
distributed coding of the input (Fig. 6C) and substantial variability
of neuronal activities, neural heterogeneity effectively reduces the
trial-to-trial variability of these trajectories in the noisy system.
Thus, ubiquitous neuronal diversity provides a natural biophysical
basis for reliable neural information processing.

Impacts on neuromorphic computing

Machine learning, particularly through artificial neural networks,
has revolutionized computational applications across various fields
by excelling in tasks such as regression, classification, prediction, and
generation. However, optimizing these networks demands substan-
tial computational resources and energy. Neuromorphic computing
(58, 59), which uses spiking potentials and waves instead of digital
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bits, offers a promising alternative by leveraging the inherent efficien-
cies of biological systems. Recent advancements (60-62) have dem-
onstrated the potential of using nonlinear waves, such as rogue waves
and solitons, for neuromorphic computing. These waves complex
interactions make them particularly suitable for designing reservoir
computing. By encoding information onto these waves, it is expected
to substantially enhance the development of machine-learning de-
vices leveraging wave dynamics.

Our study adds to this innovative field by elucidating the dynamical
mechanism that underpins reliable representation and computation in
biologically plausible SNNs characterized by neural heterogeneity. We
found that neural heterogeneity disrupts coherent spatiotemporal pat-
terns, thereby enhancing local sensitivity. This mechanism offers neu-
rons liquid-like superior sensitivity, making them prone to capturing
input information efficiently. It also renders the system to generate input-
related dynamical modes that are intrinsically nonlinear waves (Fig. 7),
thus expressing the complexity necessary for learning from a dataset.

This understanding of neural heterogeneity and its role in reliable
computation provides a new avenue for designing reservoir comput-
ing models. By incorporating liquid wave reservoirs, one can lever-
age the benefits of neuromorphic computing while maintaining the
complexity and efficiency needed for high-dimensional data repre-
sentation and processing. Our discoveries, integrated with the prin-
ciples of wave dynamics in neuromorphic computing, pave the way
for developing advanced reservoir computing that leverages the effi-
ciency and robustness of biological neural information processing.

Future work

Reliable representation is fundamental for subsequent neural pro-
cesses such as memory, learning, and decision-making. In this study,
basic E-I recurrent SNNs with neural diversity are used to investigate
the underlying dynamical mechanisms of reliable representation and
computation. This mechanism, characterized by local sensitivity and
globally input-slaved transient dynamics due to neural heterogeneity,
is expected to persist when the model incorporates more biological
details, such as synaptic timescales and plasticity. Specifically, with
synaptic timescales mediated by N-methyl-D-aspartate receptor cur-
rents, the input-slaved trajectories observed in our study can form
the dynamical basis for transient memories, allowing for the tempo-
rary storage of information and its flexible use in decision-making
(63-65). In addition, short-term plasticity can induce traces of
hidden states essential for working memory (66-70). Therefore, our
mechanism, which induces high-dimensional input-slaved trajecto-
ries, can serve as a substrate for working memory. We plan to inves-
tigate these issues further in the future.

MATERIALS AND METHODS

Network model

In this study, we use a spatially extended network of current-based
LIF neurons (N = 50,000), with N, = 40,000 excitatory (e) and
N; = 10, 000 inhibitory (i) neurons uniformly spaced on a 2D sheet:
I' = [0, 1] X [0, 1], with torus-like periodic boundaries (Fig. 1A). For
aneuron located at the coordinate (i , ]) within populationa € {e,i},
its membrane potential vzj evolves as

dv':j (t) irj a ab n a stim
=g [VL - viJ(t)] g | YK, ZS(t - tl,],) R ES™ (1)
i'j! n
(1)
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where V; = -70 mV is the resting potential, C;; is the membrane
capacitance, and gL is the leak conductance. The term g represents
the network drive strength in the current-based synaptic model,
capturing the effects of network activity, background input, and
external stimuli. FS“m(t) denotes a time-varying external stimulus,
while Fy = 60 mV and F} = 46 mV denote constant background
inputs for excitatory and 1nh1b1tory neurons, respectively. Here, ¢},
denotes the nth splke time of a neuron at coordinate (i’,j') within
population b € {e,i}. When v? () exceeds the spike threshold
Vi = =50 mV, the neuron at coordinate (i,j) emits a spike and then
its membrane potential is reset to V ., = —75 mV for a refractory
period of T, = 2 ms.

To capture physiologically relevant distance-dependent connect-
ivity patterns as observed in the mammalian cortex (12, 71-73),
we use a spatially extended network model (13, 27). The synaptic
strength from population b to a is defined as

b _ {jab with prob. f)abG(u; Gb) @)

iirjr .
0 otherwise

where G(u; 6, ) is a 2D wrapped Gaussian function defining the con-
nection probability based on the spatial distance u = (i—i',j—j)
between neurons at coordinates (i,j) and (i’,j'). The SD of the
Gaussian function o, determines the spatial width of excitatory and
inhibitory synaptic projections. Unless stated otherwise, we use the
excitatory and inhibitory projection width: 6, = 0.05 and o; =0.1.
The average connection probabilities for excitatory and inhibitory
populations are p,, = p;, = 0.0125 and p,; = p;; = 0.05, with synap-
tic weights defined as j,, =2mV, j,, =4mV, and j; =j; = —5mV.

To validate the robustness of our findings across diverse network
structures, we constructed randomized networks by shuffling the
connections within the spatial networks while preserving each neu-
ron’s original number of incoming and outgoing connections (its
in-degree and out-degree distributions). In addition, we examined
networks with heterogeneous in-degree connectivity, modeled as a
lognormal distribution of the number of incoming connections to
neurons, reflecting the experimentally observed diversity in input
connectivity among cortical neurons (74). This distribution is given
by the probability density function

<lnkin — Mk, )2

2
ch

fkins iy, >05 ) = exp| — (3)

1
kin ka \/E

where k;, represents the in-degree of a neuron, p;, = 1000 is the mean
of the in-degree distribution, and 6, controls the variance, with larger
values corresponding to increased in-degree heterogeneity.

in

Timescale diversity and spike threshold diversity

Cortical neurons exhibit diversity in both morphological features
and electrophysiological properties. Data-driven modeling based
on the Allen Cell Types Database reveals a wide distribution of pa-
rameters, such as capacitance and conductance (75). In this study,
we considered two distinct types of time constants contributing to
timescale dlver51ty within the LIF neuron model: the leakage time

constant ('r =G,/ gL]) which characterizes the timescale over
which the membrane potential returns to resting in the absence of
input, and the gain time constant ('clr’] = C;;/ gr)> which indicates
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the neuron’s response gain to incoming stimuli, with its inverse rep-
resenting this gain (Fig. 1C) (18, 24).

Leakage timescale diversity arises from diverse membrane ca-
pacitance and conductance among neurons, while gain timescale
diversity primarily reflects capacitance variability. To model the
experimentally observed long-tail distributions of neuronal para-
meters (18), we used a lognormal distribution of neuronal timescales

(Int,, — Mo )2
exp| — o

1
TnOr, V2T T

Here, m € {L,T’, C}, where these subscripts index the timescale
types: L for leakage, I" for gain, and C for common timescales. t,,
represents the general timescale parameter (whether leakage or gain),
with p; and o denoting the mean and SD of the timescale distri-
bution. Tn our study, we setp, =20 ms. o, denotes the parameter
controlling the degree of Varlab1l1ty in the TL (or tr) distribution.
Higher values of 6 represent a greater degree of timescale diversity.

Leakage and gam timescales may be correlated, with correlation
parameter denoted as p. When 1, equals t- (p = 1), the model is
equivalent to that used in the previous study, which used a single
timescale parameter (17). In this study, we sampled t; and t- from
a shared set 7 to generate correlated distributions. Specifically, we
randomly selected a proportion of 1 — p from the independent dis-
tribution t; (or t) and the remaining proportion p from a common
distribution 7, resulting in independent timescales when p = 0 and
fully correlated timescales when p = 1. In cases where 7; and 7 are
correlated, we equated 6 , 6 , and o , denoting this shared times-
cale variability as 6, _for consistency.

In addition, we considered other types of neural heterogeneities,
such as spike threshold diversity, which was also modeled using a
lognormal distribution

f(tmbe >0, ) = (4)

— InVy, — Vg ?
f(vth; Vth’GV[h) = ( a h) ] (5)

1
expl_ :
Vth c Vin 2n 20 Vin

where V,, = =50 mV is the mean spike threshold and the SD oy,
controls the degree of spike threshold diversity.

To measure firing rates, we used a coarse-graining approach by
partitioning the 2D network into 2500 distinct sites, each comprising
16 adjacent excitatory and 4 inhibitory neurons. Neurons within each
site share identical parameters, while across sites, neuronal properties
and external inputs vary according to the preset heterogeneity.

External inputs

In this study, we examined the external time-varying input received
by each neuron within the network. This input is defined as
Fb“m(t) = m(z ]) Iim (1), where W, (1 ]) denotes the input weight
of a neuron located at coordinate (z, ]) and I, (¢) represents the ex-
ternal driving signal.

We considered two types of input weight distributions: (i) uni-
form input connections, where W, (1 ]) is constant at 1, and (ii)
nonuniform input connections, Where the weight varies across sites.
For the latter, we generated Wy, such that input weights are similar
for nearby neurons while varying spatially for more distant ones.
This was achieved using spatially correlated Gaussian noise with a
mean of zero and a covariance function expressed as
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2
cov[ (%), W, (X+u)] =exp| — lul (6)
203,
where|u| =| (i—,j—j') | denotes the spatial distance. The param-

eter 6y, determines the spatial correlation range of Wy, in the 2D
space. The weight distribution of W;,, becomes 1ncreas1ngly spatially
heterogeneous as 6y, decreases.

Three types of time series were used as external driving signals:
a periodic sinusoidal series, a chaotic MG series, and a Lorenz se-
ries. Among these, the MG signal exhibits a quasi-periodic spectral
property, whereas the Lorenz system lacks apparent quasi-periodic
spectral characteristics. The sinusoidal periodic series is mathemati-
cally defined as

Ig,(H=e€- sin(27r,fsint) (7)
where f,;, and € represent the frequency and amplitude of the sinu-

soidal stimulus signal, respectively. The MG chaotic time series is
represented as

Lic®) =€-U(t) (8)

where the amplitude € = 20 mV and the variable U(t) is governed by
the MG equation

aut) _ fuc O‘U(t_TMG)
avi) _ MG | TV MG gy
it 20 1+U(t—rMG)y BU®) 9)

where the parameters a = 0.2, § = 0.1, and y = 10 are dimensionless
and define the system dynamics along with a time delay of
Tye = 17 ms. The parameter fy; is pivotal in controlling the pace
of the MG dynamics. A higher value of fy,; accelerates the evolution
of the MG equation within a specified duration, thereby regulating
the frequency of the quasi-periodic MG series.

The Lorenz-driven input I ..., (t) is defined as

(t)=€-L(¥) (10)

where e = 20 mV represents the amplitude of the Lorenz stimulus
signal and L(#) denotes the first dimension of the Lorenz attractor
data generated by the Lorenz system. In our simulation, L(t) corre-
sponds to x(t), which is described by the following equations

I Lorenz

_y=x(p—z)—y, (11)

dz

= =xy—pz

where the parameters are 6 = 20, p = 50, and f = §

Response robustness under noise perturbation

To examine the noise robustness of the network’s response to exter-
nal signal input, we applied independent Gaussian noise to the
excitatory and inhibitory neurons within each of the 2500 sites:

anm(t) - m(l ]) [ stlm(t)+1;ilse(t)
shared the same noise, while distinct types of neurons in each
site received independent noise during a defined time period,
described by

Neurons of the same type
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I () =c-&t), for t € [ty t+T]

noise

(12)

Here, §; () ~ N(0,1) is a standard Gaussian process with cova-
riance: cov [éi SRS J,(t)] = 8,;. The noise was applied for a duration
T =25 ms with an amplitude € = 40 mV.

Measurements

Instantaneous neural firing rate

In our study, we recorded coarse-grained neural firing rates R(f)
from 2500 sites across the whole network, with each recording site
comprising Ny .1 = 16 adjacent excitatory neurons. For each re-
cording site, the site firing rate R(¢) was calculated as follows

Niocal

D Ni(t,t+8T) (13)
i=1

where N,(t, t+8T) represents the spike count of neuron i within a
time bin of 6T = 0.5 ms.

Synchrony index

To quantify the collective spiking synchronization of neurons with-
in each recording site, we used the synchrony index based on the
averaged Pearson correlation coefficient of spike counts between
neuron pairs. The synchrony index is defined as follows

cov[N;(t, t+AT), Ni(t, t +AT)]

synchrony index = < > (14)
Vvar [N t+ AT |var [Nyt £+ AT)]

where N(t,t+AT) and N(t,t+AT) denote the spike counts of
neurons i and j within a time window of AT = 100 ms. Covariances
(cov) and variances (var) of these spike counts were computed
across the windows. The notation (-) denotes averaging across all
neuron pairs, excluding the cases where i = j.

Spectrum analysis and sensitivity

The power spectrum S (f ) of site firing rates was calculated using the
fast Fourier transform, and the mean power spectrum was then
derived by averaging the power spectra across all recording
sites: < SQ‘) >.

The SNR was used to quantify the strength of the network’s
response to external periodic stimuli. On the basis of the power
spectral density S (f ) of neural response activity, the SNR was calcu-
lated using the following equation

$(fin) = N (fin)

N (fsin)
where S(f,;,) denotes the power at the frequency fy;, and N (f,;, ) is

the averaged power at nearby frequencies within a small range (~ 1Hz)
around f;;,. A high SNR value indicates a strong response of neural
activity to the external periodic stimulus at the frequency f;,.

To quantify the sensitivity of the network’s response to periodic
input, we applied a weak sinusoidal stimulus to the network at fre-
quency f;, with a range of input amplitude e. The network’s respon-
siveness to the sinusoidal stimulus was approximated by the SNR at
fuin- Specifically, the site-responsive sensitivity was defined as the
rate of change of the square root of the SNR with respect to the
amplitude

SNR = (15)
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de

o (16)
sensitivity =

Taking the square root of SNR yields an approximate linear rela-
tionship between 1/SNR and stimulus amplitude, as observed in our
simulations when € remained below the saturation threshold. Sensi-
tivity was then determined by applying a series of weak sinusoidal
stimuli with varying amplitudes, fitting a linear relationship be-
tween 1/SNR and ¢, and taking the slope as the sensitivity measure.
This procedure enabled systematic quantification of the network’
responsiveness to incremental amplitude changes, with higher sen-
sitivity values indicating enhanced amplification of weak external
signals at frequency f;;,..

Least square method

In our study, we extracted coarse-grained neural firing rates X (with
a recording site number n = 2500) from network response activities
and used them to reconstruct or predict the output signal y = W, X.
The readout weight matrix W, that minimizes the difference be-
tween the reconstructed output y and the target (desired) signal y is
obtained through the ridge LSM

Woy =argmin )" [[§=yl3+nll W3
f 1 17)
= (XX"+nlI)" Xy

where |||, is the Frobenius norm, I is the matrix, and n = 100 is the
regularization parameter that penalizes large values in the parame-
ter vector W, . We explored the range of 1) from 0 to 200, finding
that it does not substantially affect the main results of our study.
Dynamic mode decomposition

We used the DMD algorithm, a data-driven eigendecomposition
method, to analyze the spatiotemporal pattern of network activity.
DMD approximates the observed system dynamics directly from
high-dimensional time-series data, allowing for the extraction of a
low-dimensional representation of complex dynamics. By decom-
posing these dynamics into coherent spatiotemporal modes, DMD
offers insights into underlying patterns and system behavior (33, 76).
The DMD procedure constructs a locally linear dynamical sys-
tem proxy A

X' =AX, AeR™ (18)

X and X’ are matrices containing snapshots of the networK’s state
over time, where each column represents the network state vector at
a specific time step.

(I | (I |
. xt c Rnx(t—l) (19)

x, € R" represents the network state vector of coarse-grained
neural firing rates at time ¢, where n = 2500 is the number of record-
ing sites.

The optimal linear operator A is determined by minimizing the
Frobenius norm error || X' —AX]||g In practical application, the
DMD algorithm to compute A and extract dynamic modes involves
these key steps (76):
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1) Decompose X using singular value decomposition: X ~ U,Z, V',
where U, € R™" and V! € R™ contain the left and right singular
vectors, respectively. £, € R™" is a diagonal matrix of the largest
r singular values. Here, r represents the truncated rank, retaining the
dominant singular values to capture essential dynamics.

2) Project the full matrix A onto the proper orthogonal decom-
position (POD) space to get the reduced dimensionality approxima-
tion of A within the POD basis: A = U'X'V, X",

3) Calculate the rescaled operator, A= Z_l/ ZAZU 2, and perform
eigendecomposition, A= QAQT, where Q and A are the eigenvector
and diagonalizable eigenvalue matrices, respectively.

4) Calculate DMD modes as ® = X’ V,Z:I/ZQ, where ® € R™"
provides the spatial structures of the modes in the original high-
dimensional space, with mode amplitudes given by diag(@Td))

5) Use the DMD modes and eigenvalues to approximate fu-
ture states of the system as X = ®A"'Z = Y iem®iMy ' Zy» where
Z = ®'X,, with X, representing the initial system state and 1 denot-
ing the pseudo-inverse. m = {1,2, ---,r} is the set of selected
DMD mode labels. ¢, and A, represent individual DMD modes and
their corresponding eigenvalues.

In this study, we calculated the DMD operator A from network
activity and selected DMD modes to predict the system’s short-term
future state. Using LSM, we reconstructed the target stimulus series
from the predicted state X, where reconstruction accuracy reflects
which DMD modes best capture the dynamic features of the stimuli.
Essentially, DMD modes that accurately reconstruct the stimuli in-
dicate high network responsivity to the input signal.

Reliability of neural representation
The reliability of the neural representation under external stimuli
was quantified using the NRMSE in the test dataset

T

P OEOIE

= (20)

NRMSE =

T - var [y(t)]

where T is the number of time steps and var [y(t)] denotes the vari-
ance of the target signal. A low NRMSE value indicates a robust
alignment between the reconstructed signal and the target se-
quence across multiple trials of repeated stimuli, reflecting consis-
tent neural representations achieved by the network. Thus, a lower
NRMSE value indicates higher reliability in the network represen-
tation. Here, the training and testing datasets consist of 50 and 10
trials of neural response data, respectively, with each trial lasting
for a 500-ms stimulation duration.

Computer simulations

For numerical integration of the equations, we used the Euler
method, except for the MG equation and Lorenz system, which
required the fourth-order Runge-Kutta method for improved ac-
curacy. The simulation time step was set to dt = 0.05ms. To ensure
statistically reliable results, we performed 20 independent simula-
tions for each configuration. All simulations discarded data from
the first 500 ms; each simulation lasted for 30 s. Specifically, for
the SNR calculation, simulations were extended to 60 s, while
for the calculation of spike count correlation, simulations lasted
for 200 s.
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