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Understanding the brain requires modeling large-scale neural dynamics,
where coarse-grained modeling of macroscopic brain behaviors is a powerful
paradigm for linking brain structure to function with empirical data. However,
the model inversion process remains computationally intensive and time-
consuming, limiting research efficiency and medical deployment. In this work,
we present a pipeline bridging coarse-grained brain modeling and advanced

computing architectures. We introduce a dynamics-aware quantization fra-
mework that enables accurate low-precision simulation with maintained
dynamical characteristics, thereby addressing the precision challenges inher-
ent in the brain-inspired computing architecture. Furthermore, to exploit
hardware capabilities, we develop hierarchical parallelism mapping strategies
tailored for brain-inspired computing chips and GPUs. Experimental results
demonstrate that the deployed low-precision models maintain high functional
fidelity while achieving tens to hundreds-fold acceleration over commonly
used CPUs. This work provides essential computational infrastructures for
modeling macroscopic brain dynamics and extends the application of brain-
inspired computing to scientific computing in neuroscience and medicine.

Brain functions like cognition and perception emerge from the col-
lective activities of numerous neurons. Modeling and simulating large-
scale neural activities is thus crucial for understanding brain
behaviors'. There are different granularities of modeling methods that
depend on the building blocks of the model. The most well-known and
widely adopted method is fine-grained modeling, which utilizes a large
number of microscopic neuron models** as nodes to construct neural
circuits®®. Theoretically, this method can simulate brain activities in
great detail, but the vast number of neurons results in an enormous
number of parameters that need to be determined’. Current brain
imaging techniques struggle to acquire such large-scale microscopic
dynamic data, making the neuron-based fine-grained modeling of the
whole brain quite challenging.

In contrast, the coarse-grained modeling, based on the macro-
scopic dynamical models of collective neural behaviors, is more

suitable for large-scale brain simulation at the current stage. Each node
in this method represents the dynamics of a neuron population or a
brain region, allowing the whole-brain modeling with significantly
fewer nodes and parameters than those in the fine-grained modeling.
More importantly, this modeling method can integrate macroscopic
empirical data from multiple modalities'®™, such as functional mag-
netic resonance imaging (fMRI), diffusion MRI (dMRI), T1-weighted
MRI (T1w MRI), and electroencephalography (EEG), into a unified fra-
mework through model inversion (also termed as model identification,
that is, model fitting of empirical data). In this way, it enables the
construction of data-driven brain models that effectively bridge the
gap between brain structures and functionalities, allowing for more
precise interpretation and prediction of the brain. The mean field
approximation, using closed-form equations to describe the brain
dynamics, is the most common coarse-grained approach®.
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Representative models include the Wilson-Cowan Model'*”, the Kur-
amoto Model®, the Hopf Model?°, the dynamic mean-field (DMF)
model”, and so forth. These models have significantly contributed to
exploring neural mechanisms??, understanding neural oscillation®,
investigating abnormal mechanisms of brain diseases and predicting
therapeutic effects” %, and optimizing deep brain stimulation,

However, identifying macroscopic models of brain dynamics
remains time-consuming due to heavy computational demands. The
process requires continuous parameter adjustments and repeated
simulations of long-duration brain dynamics. Moreover, current
identification methods rely on general-purpose processors, but even
high-end CPUs offer insufficient computing power. This is a common
issue in the field of biophysics, where traditional processors struggle to
meet the demands of the large-scale model inversion process. For the
models of brain dynamics discussed here, the computational con-
straints not only hinder the research efficiency in the laboratory but
also impact the potential for its medical applications in hospitals, such
as brain disorder understanding and therapeutic interventions based
on individualized brain models.

In recent years, advanced computing architectures have devel-
oped rapidly. Brain-inspired computing chips (also called neuro-
morphic computing chips) are the most influential ones.
Representative brain-inspired computing chips include TrueNorth?’,
SpiNNaker®°*, BrainScaleS**, Loihi*’*, Darwin®**°, Tianjic*"*?, etc.
Drawing inspiration from the human brain, they typically adopt a
decentralized many-core architecture, which can offer a large number
of parallel computing resources, extremely high local memory band-
width, and higher efficiency than intelligent accelerators based on the
von Neumann architecture (such as general-purpose GPUs and neural
processing units**¥). However, accelerating the aforementioned
model inversion process on brain-inspired computing chips is not
straightforward. First, brain-inspired computing chips are increasingly
oriented to intelligent computing workloads**° (i.e., artificial intelli-
gence (Al) tasks such as pattern recognition, computer vision, and
natural language processing, typically involving neural network com-
putation) rather than scientific computing ones (e.g., numerical
simulation, mathematical modeling, requiring high-precision floating-
point computation for solving differential equations), so they prior-
itize low-precision computing to reduce hardware resource costs and
power consumption®*****2 Unfortunately, there have not yet been any
attempts to implement such low-precision macroscopic brain models
to our best knowledge. Existing low-precision quantization methods
for neural networks cannot be directly applied to these dynamical
models, which are characterized by large temporal variations in state
variables, complex spatiotemporal heterogeneity, and the need for
numerical stability across long-duration simulation periods. Second,
brain-inspired computing architectures, influenced by fine-grained
neuron models, are typically organized with neurons as the basic unit.
Their functionality is primarily designed to support various neural
network models, and most existing works only use them for neuron- or
sub-neuron-level simulation®’”. The challenge of leveraging highly
parallel architectural resources for coarse-grained brain modeling
remains largely unexplored.

To bridge the gap between the intelligent computing and scien-
tific computing paradigms, we propose a comprehensive pipeline
enabling macroscopic brain dynamics models to benefit from modern
computing architectures. Our pipeline addresses the challenges from
two complementary perspectives. From the computational metho-
dology perspective, we analyze the characteristics of brain dynamics
models to design a dynamics-aware quantization framework for low-
precision implementation. With the semi-dynamic quantization strat-
egy, we can address the large temporal variations during the transient
phase and achieve stable long-duration simulation of dynamic models
using low-precision integers once the numerical ranges stabilize. We
also observe that the state variables exhibit pronounced spatial

heterogeneity across brain regions, while their temporal evolution
demonstrates heterogeneity characterized by distinct timescales.
Therefore, we further propose range-based group-wise quantization
and multi-timescale simulation, enhancing the accuracy of low-
precision models under such heterogeneity. In this way, we enable
the majority of the model simulation process to be deployed on low-
precision platforms. From the system engineering perspective, we
propose architecture-aware hierarchical parallelism mapping strate-
gies to exploit the parallel resources of advanced computing archi-
tectures. We start by introducing a population-based metaheuristic
optimization algorithm to improve the parallelization potential of the
costly model inversion. Then we map the multi-level parallelism of the
algorithm to hierarchically parallel computing and memory resources
on the architectures. Beyond brain-inspired computing chips, GPUs
are also our target platform. Despite the widespread application of
GPUs in medical image processing, such as MRI’**?, the implementa-
tion for macroscopic brain dynamics is rare and has not fully exploited
the architectural potential®>. We develop specialized acceleration
methods for model inversion based on the distinct parallelism orga-
nization of the two architectures. With analyses of the execution time
on the GPU and the brain-inspired computing architecture, we aim to
gain deeper insights into how architectural choices impact the
execution performance of macroscopic brain dynamics.

Our experiments demonstrate that low-precision brain dynamics
models, under the dynamics-aware quantization framework, maintain
various characteristics close to their floating-point counterparts on
multimodal neuroimaging datasets. The distribution of goodness-of-fit
indicators in the parameter space obtained from low-precision models
tightly matches that of full-precision ones. And we validate that the
proposed low-precision methods can achieve reliable parameter esti-
mation. We also evaluate the execution performance across different
platforms, finding that both the GPU and the brain-inspired computing
chip outperform the CPU, with the brain-inspired computing chip
demonstrating the best results. Compared to high-precision simula-
tions on the baseline CPU, our approach accelerates the parallel model
simulation by 75-424 times on the TianjicX brain-inspired computing
chip, reducing the entire identification time to only 0.7-13.3 min. The
brain-inspired computing architecture also shows better scalability
than the GPU, so it has greater potential for future macroscopic or
mesoscopic models with potentially larger numbers of nodes. Our
proposed pipeline promises the reduction of the research period in
modeling macroscopic brain dynamics and paves the way for potential
medical applications. Meanwhile, we also expand a broader applica-
tion scope for brain-inspired computing, especially to scientific com-
puting in neuroscience and medicine.

Results
Framework for accelerating macroscopic brain modeling with
brain-inspired computing
Coarse-grained brain models based on macroscopic neural dynamics
enable data-driven brain modeling using empirical data. The core
workload in data-driven modeling is the model inversion. The macro-
scopic brain models typically contain multiple parameters, and the
model inversion aims to find the parameter set that best matches
empirical data. The model inversion process generally proceeds as
illustrated in Fig. 1a. First, the empirical structural data are integrated
into the model for simulation to generate simulated functional signals.
Second, comparing these signals with empirical functional data allows
evaluation of the current fit quality. Then, parameters are adjusted
based on the current fit results, and the process returns to the simu-
lation step. The entire model inversion process typically requires
numerous iterations to find a near-optimal solution, making it extre-
mely time-consuming.

We aim to accelerate the costly model inversion process using
advanced computing architectures such as brain-inspired computing
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Fig. 1| Framework of macroscopic brain dynamics modeling. a Coarse-grained
modeling with multimodal data for empirically-grounded brain models. The mac-
roscopic brain model, derived from population activities of microscopic neurons,
integrates the brain structure data to simulate and predict functional signals. Model
parameters are fitted to empirical functional data using inversion algorithms,

producing data-driven personalized models for research and medical applications.
The MRI example images are visualized using the MRtrix3 package'®, FreeSurfer'”,
and Resting-State fMRI Data Analysis Toolkit (REST)"™, respectively. The brain icons

Predicted

High-precision model and data

&

CPU

signals .
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were designed by meaicon from Flaticon. b Proposed pipeline for accelerating
model inversion using brain-inspired computing architectures with low precision
and high parallelism. The solution in the dashed box represents the current com-
mon practice, which is to perform model inversion using high-precision brain
models based on the general-purpose platforms. The chip icon, the brain icon on
the chip, and the CPU icon were designed by Freepik from Flaticon. The brain
network icon was designed by imaginationlol from Flaticon.

chips and GPUs with high parallelism, thereby significantly improving
the execution efficiency and expanding the applicability of macro-
scopic brain models. Our proposed acceleration pipeline is illustrated
in Fig. 1b. First, at the model level, considering the precision con-
straints of brain-inspired computing architectures, we quantize high-
precision models and data into low-precision ones. In this step, we
comprehensively consider the characteristics of the dynamical models
and propose a dynamics-aware quantization framework. Our methods
ensure that the simulation results of low-precision models closely
approximate those of high-precision counterparts. Second, at the
hardware level, we accelerate the model simulation, the most time-

consuming component of model inversion, by deploying it onto the
highly parallel architectures. We design hierarchical parallelism map-
ping strategies, which parallelize the simulation workloads with a
metaheuristic algorithm and map them onto the computing and
memory resources based on architectural features. This approach
achieves significant speed improvement compared to simulation on
mainstream general-purpose platforms such as CPUs that are widely
used in conventional brain modeling. Finally, we transfer the simula-
tion results back to general-purpose platforms to complete steps that
require less computation but higher generality, such as evaluation and
parameter updates. Such a pipeline enables efficient execution of the
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complete model inversion, thus greatly accelerating the macroscopic
brain modeling on top of it.

Dynamics-aware quantization for macroscopic brain models

Brain-inspired computing chips favor low-precision integer types for
multiplication and memory access to achieve higher efficiency. In
recent years, model quantization methods have been developed to
represent full-precision neural network models with integers®* .
However, such methods are not effective for dynamic systems. The Al-
oriented quantization process usually focuses on outcomes rather
than internal computational processes, contrasting with the simula-
tion of dynamic systems like the brain models that emphasize precise
calculation throughout the entire computational process. Since most
neural networks are memoryless and static, with no or only a few state
variables in the model, existing quantization methods may struggle to
handle dynamical models with complex temporal dependencies and
extremely long simulation sequences. Therefore, low-precision mod-
eling is the primary challenge to enable macroscopic brain dynamics
models to benefit from brain-inspired computing platforms. Our aim is
to develop a dynamics-aware framework for low-precision imple-
mentation of macroscopic brain dynamics models. We specifically
focus on the simulation of the DMF model and the hemodynamic
model for the resting-state brain. The choice of the DMF model as the
primary case study is based on its widespread use in whole-brain
dynamics research”” and its biophysically grounded foundation
derived from microscopic spiking neuron models™. To further validate
the generalization of our dynamics-aware quantization framework, we
also conduct experiments over the Hopf model'*?°, which represents a
phenomenological approach with different oscillatory dynamics
compared to the fixed-point attractor behavior of the DMF model.

Quantization parameters are key to the accuracy of the low-
precision model. For the most commonly used uniform quantization,
we need to determine the scaling factor and zero point for each vari-
able mapped to low-precision integers. The scaling factors on brain-
inspired computing chips are usually static. This means that the
parameters have to be determined before on-chip computation, and
the quantized integers need to represent all possible values that may
arise during the computation. Intuitively, the selection of the scaling
factor is a trade-off between the range and the precision of the
representation. Integers quantized with larger scaling factors can
represent values of a wider range. But larger scaling factors may also
lead to lower precision, as values within a larger interval might be
mapped to the same integer. For brain simulation, it is difficult to
balance the range and precision for the whole process due to the large
temporal variations of the variable. Taking the resting-state DMF
simulation as an example, the variable values can differ significantly
between the initial and stable states. Additionally, the models with
different parameters yield substantially diverse variable distributions.
Hence, it is impossible to establish a single static set of quantization
parameters that works well throughout the entire simulation process
of a model, let alone across different models.

We introduce semi-dynamic quantization to address this problem.
Most current macroscopic whole-brain models are developed based on
the resting-state data. The simulation of the brain’s resting-state activity
can be divided into two stages. In the warm-up stage, the variables may
start from an arbitrary state and experience a transient period with
significant changes before converging to a relatively stable state. In the
simulation stage, the model typically runs in a relatively stable state
where the variables fluctuate randomly or oscillate within a certain
range. These stages represent a common practice in the model simula-
tion scenario, regardless of which specific model is employed. So we can
just quantize the simulation stage to reduce the data range for higher
integer precision, leaving the warm-up stage with high-precision float-
ing-point values. A quantization parameter selection (QPS) stage can be
added between the warm-up stage and the simulation stage, as shown in

Fig. 2a. During this stage, the model should have already converged near
a fixed point, but the computation is still performed using floating-point
data. Based on the ranges of variables in this stage, we can calculate the
scaling factor and the zero point (see “Methods”). In this way, the
computation in the simulation stage can be “statically” quantized on the
brain-inspired computing chip.

The applicability of semi-dynamic quantization depends on the
numerical range of variables. As long as the ranges of variables and their
derivatives of the model do not undergo substantial changes over time,
low-precision quantization can remain effective. Previous literature
empirically indicates that the resting-state functional connectivity (FC)
does not exhibit extremely drastic transient changes (although some
time-varying information might be extractable)”. Therefore, we believe
that semi-dynamic quantization should be capable of meeting the
computational demands of resting-state modeling of brain dynamics
across various model types. It is also worth noting that the semi-dynamic
quantization method partially depends on general-purpose processors
for floating-point computation and quantization parameter calculation,
but the overheads are acceptable, as the warm-up stage and the QPS
stage are both much shorter than the simulation stage.

The spatial heterogeneity and temporal heterogeneity of brain
models pose additional challenges in low-precision simulation. For
example, in the hemodynamic model, variable distributions vary
across regions spatially (Fig. 2b), while state variables fluctuate on
different timescales temporally (Supplementary Fig. S1). To address
spatial heterogeneity, we focus on improving the quantization
method. The varying signal distributions across brain regions indicate
different quantization parameter requirements for different regions,
making heterogeneous quantization parameters a natural choice.
However, most brain-inspired computing architectures only support
coarse-grained quantization parameters (such as per-tensor quanti-
zation), as the computational overhead of element-wise quantization is
prohibitive. Therefore, we propose a range-based group-wise quanti-
zation method. As illustrated in Fig. 2b, brain regions in a model are
grouped according to their ranges of variable values, with each group
using a separate set of quantization parameters. This approach bal-
ances the accuracy of the quantized model and the computational
efficiency on specialized platforms.

The temporal heterogeneity problem is more complex. On one
hand, the magnitude of the variation in a variable at each time step
determines the upper bound of the quantization scaling factor, as the
changes must be representable by at least an integer 1. On the other
hand, the variable distribution determines the lower bound of the scal-
ing factor, as the quantized variables must fit within the limited range of
a fixed-width integer. For many variables in the brain dynamics model,
the required upper bound may be lower than the lower bound, which
means that no scaling factor s can be found to achieve effective quan-
tization. However, we find that this problem can be approached from the
simulation respective. In fact, as long as the Euler integration time step
used in simulation exceeds a certain lower bound (determined jointly by
the variable distribution, variable derivative distribution, and quantiza-
tion bitwidth), the variable can be properly quantized (see “Methods”).
Meanwhile, the stability condition of Euler integration constrains the
upper bound of the time step. We find that using a homogeneous time
step for different variables makes it difficult to meet these requirements.
Therefore, we adopt a multi-timescale simulation approach, setting
different simulation time step sizes for different variables, as shown in
Fig. 2c. As long as the dependencies between variables are properly
handled, this approach can improve quantization accuracy while redu-
cing the computational load in simulation.

The low-precision DMF model preserves bifurcation
characteristics

To validate the effectiveness of the low-precision model simulation, we
first qualitatively compare the dynamical characteristics between the

Nature Communications | (2025)16:9424


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-64470-3

(a)

Temporal variation
full-precision

\I/\//\[\VA

low-precision

§ =

: (Yint -

| Warm-Up | QPS Simulation
Stage Stage Stage

Semi-dynamic quantization

.S

(b)

Spatial heterogeneity
Signal Strength

[ Group 1
SEI)?f?earI:n(:f Para; = (s1,21)
Brain
Regions Group 2
) 4 Para, = (s,,2,)
e °o_®

e
L
Group 3

Para; = (s3,23)

Range-based group-wise quantization

At,
e Az =F(z,S, f)At,
O
= \ Atg
© * Af = Fy(2)Atf I I —I
>
3 < At,,
% * Av = F3(v, f)At,
T Atq
\ *Aq =Fu(q, f,v)At, t
Temporal heterogeneity Multi-timescale simulation
d , . e - -
(d) Bifurcation ( )w G=2 G
Min 'E
(o2}
T) 1.2 Max 2 b
© T
> g : :
£os Time Time
‘*: (f) High Precision \
5 R1 el et WS
©
3 04 I I m
o
o Low Precision
R1 s O ol SNt L et

07 2 4
Global strength G

Fig. 2 | Dynamics-aware quantization for low-precision brain dynamics mod-
eling and simulation. a The process of semi-dynamic quantization. The models are
first simulated using floating-point data at the warm-up stage and the QPS stage.
The quantization parameters are determined based on the distribution of the
variables at the QPS stage (see “Methods” for details). The quantized model is then
used at the simulation stage. b Some signals in the model do not follow the normal
distribution. Signals from different brain regions show certain clustering char-
acteristics. We group the brain regions based on their signal strength range and
then determine the quantization parameters separately for each group. The brain
icon was designed by meaicon from Flaticon. ¢ Multi-timescale simulation of the
hemodynamic model. Each row represents the iterative updating process of a state
variable. Each state variable uses a different simulation time step size, represented

by the spacing between two colored rectangles. Arrows illustrate data dependen-
cies between variables. The dependency of each state variable on its previous time
step has not been shown here for clarity. d Bifurcation diagram of the DMF model
with respect to the global information strength parameter G. The region between
the two curves represents the range of population firing rate H in the DMF model.
e Temporal evolution of population firing rates across the whole brain. Each row in
the heatmap represents the time series of average firing rates in a brain region. Blue
represents lower firing rates, while redder colors indicate higher firing rates. The
data shown are from high-precision simulations, and the heatmaps from low-
precision models are too similar to distinguish visually. f Firing rate signals of three
selected brain regions from the whole-brain network. Mid-range normalization is
used to highlight signal fluctuations.
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low-precision and high-precision models. Bifurcation is one of the
most important characteristics of the brain model, which means that a
small change in the system parameters could lead to a qualitative
change in the system behaviors™. There have been studies that explore
the mechanisms of seizures through bifurcation analysis of brain
models®”*78, Meanwhile, there may exist correlations between bifur-
cation point parameters and optimal fitting parameters of the
model’*®°, Thus, the preservation of bifurcation characteristics serves
as a crucial criterion for validating low-precision models.

We can characterize the behaviors of the DMF model using the
range of population firing rates H. Figure 2d is the bifurcation diagram
of the DMF model with respect to the global scaling factor of infor-
mation strength G. We fix other parameters, including w and I of the
model. When G is small, the firing rates of all brain regions are close to
zero (state type I). When G exceeds the first bifurcation point, firing
rates in some brain regions jump to a higher value, while others
maintain low firing rates (state type II). When G exceeds the second
bifurcation point, firing rates in all brain regions become significantly
greater than zero (state type Ill). The firing rates of each brain region
under different G values can be observed more clearly from Fig. 2e. A
normal brain at rest typically operates in the type-ll state, which is
similar to the “G=2" case. Moreover, under certain w and /o para-
meters, the DMF model may not exhibit the second bifurcation point
and the type-lll state.

We find that the low-precision model obtained through semi-
dynamic quantization naturally maintains nearly identical bifurcation
characteristics as the high-precision counterpart. This is because both
the warm-up stage and the QPS stage use high-precision variables. If
the model can converge to a certain type of state during these two
stages, the quantization parameters of the low-precision model can be
determined based on the range of variables in this state, thus having a
high probability of maintaining the firing rate behaviors during the
simulation stage. Under identical parametric conditions, both high-
precision and low-precision models exhibit nearly identical relative
firing rate patterns across brain regions. Furthermore, the model’s
bifurcation is reflected not only in the distinct temporal means of the
regional firing rates but also in their temporal variance. In simpler
terms, the amplitude of temporal fluctuations in each region’s firing
rate is also related to bifurcation characteristics. We select 3 brain
regions and plot their firing rate signals under different G values in
Fig. 2f. We align the median values of all signals to focus solely on their
fluctuations. Despite the obvious discrete nature of signal changes, the
amplitude patterns of firing rate fluctuations in these 3 brain regions in
the low-precision model are identical to those in the high-precision
model. Before the first bifurcation point, signals from all brain regions
are relatively “steady” with small fluctuations; between the two bifur-
cation points, signals in some brain regions become more “volatile”;
and after the second bifurcation point, firing rates from all brain
regions show significant fluctuations. This result further validates that
the low-precision model is capable of manifesting -effective
bifurcation.

Static and dynamic characteristics of the low-precision model

In addition to bifurcation, other dynamic and static characteristics of
the model are closely related to the inversion algorithm. Dynamic
characteristics describe how the brain changes and functions over
time. Here, we look at the global coherence of the brain, which can be
evaluated using the order parameter®. The order parameter at each
moment represents the instantaneous synchronization between dif-
ferent brain regions at that time, where 1 indicates complete syn-
chronization and O indicates the opposite. Studies®*** have shown that
the resting brain may frequently switch between high and low syn-
chronization states, and this can be captured by the order parameter.
Besides, the mean and variance of the order parameter can represent
synchrony and metastability, respectively, which are commonly used

as dynamic indicators in model inversion algorithms. The order para-
meter simulated with both high-precision and low-precision models is
illustrated in Supplementary Fig. S4a, with a duration of approximately
12's. Despite having lower order parameter values and some differ-
ences in detail, the overall trend of the low-precision model aligns well
with the high-precision model, demonstrating that it can effectively
capture the dynamic synchronization patterns between brain regions.
The lower order parameter might be due to the random perturbations
introduced by low-precision quantization, which can reduce the
overall coherence between brain regions.

Beyond dynamic characteristics, brain models must also capture
static characteristics, including hierarchical organization and inter-
regional connectivity. Resting-state FC is one of the most important
static characteristics in macroscopic brain models. The similarity or
correlation between the FC matrices obtained with empirical data and
simulated data is usually used as the primary indicator in the inversion
algorithm. Supplementary Fig. S4b displays the FC matrices from both
empirical and simulated group-averaged models. Although both high-
precision and low-precision models deviate from empirical data when
comparing absolute values, they capture similar patterns observed in
the empirical matrix in terms of relative connectivity strengths. The FC
matrix generated by the low-precision model shows strong con-
cordance with the high-precision result, exhibiting overall similarity
but with some local discrepancies in detailed patterns, potentially also
due to the noise arising from the discretization of temporal signals.

Qualitatively, the low-precision model simulation yields results
very close to the high-precision model, reproducing the bifurcation
phenomenon as well as the fundamental dynamic and static char-
acteristics of the brain. Applying the low-precision model in inversion
algorithms requires further investigation, including examining eva-
luation metrics and comparing low- and high-precision models across
the parameter space. The results are detailed in the next section.

Consistency of goodness-of-fit indicators between low- and
high-precision models

The low-precision model’s effectiveness in model inversion fundamen-
tally depends on the distribution of the goodness-of-fit indicators within
the parameter space. Specifically, the inversion algorithm can find a
sufficiently good solution with the low-precision model only when the
extrema points and monotonicity features of its indicators are close to
those of the corresponding high-precision model across the parameter
space. To assess this, we first randomly sample 2000 parameter points in
the (w, G, Ip) parameter space to evaluate the indicators (see Supple-
mentary Table S2 for experimental details), and illustrate the overall
distribution of a static indicator (Pearson correlation coefficient of FC)
and a dynamic indicator (metastability) in Fig. 3a. Generally, the indi-
cator distributions of low- and high-precision models are remarkably
close. Most of the “good” points (the yellow, orange, or red points)
cluster around the plane of /o = 0.3. The points with the highest dynamic
and static indicators largely overlap, suggesting that the optimal solu-
tion is likely nearby. In the models of both precision levels, the number
of points with a high dynamic indicator is noticeably fewer than the
points with a high static indicator, which indicates that the dynamic
indicator may be more sensitive to parameters.

On the other hand, the results also reveal some differences
between models with different precisions, primarily manifested in the
numerical ranges of indicators. Low-precision models generally exhibit
smaller indicators overall, particularly in metastability, with more
transparent points in the visualization. These phenomena are closely
associated with the dynamic and static characteristics mentioned in
the previous section. For the static indicators, we unfold the values in
the simulated FC matrix into a vector and then calculate the Pearson
correlation coefficient with the FC vector of empirical data. In the
previous section, we observed that the FC matrices from the low-
precision model show overall similarity but local differences compared
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Fig. 3 | Distribution of goodness-of-fit indicators from models with different
precision levels. a Distributions of indicators in the three-dimensional parameter
space. Lower transparency indicates higher indicators, meaning better fit quality.
b Curves of indicators with respect to G, while keeping w and /, fixed. The values of
w and Iy correspond to the gray lines in (a). Different background colors represent
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different values of the quantization parameter s,. ¢ Robustness analysis of the
quantization method across different noise conditions and model scales. Each bar
represents the Pearson correlation coefficient calculated from FC correlation
values obtained from 1200 parameter sets sampled across the parameter space. All
correlation results are statistically significant with p <10™.

to those from the high-precision model. This explains why their static
indicators are relatively close. The lower indicators in the low-precision
model also suggest that quantization-induced FC discrepancies cause
greater deviation from empirical data. For the dynamic indicators, we
calculate the metastability values by computing the variance of the
order parameter. Although the order parameter in the low-precision

model exhibits similar local extrema to the high-precision model, its
overall fluctuation range is smaller, potentially resulting in significantly
lower variance. This aligns with the indicator differences we
observe here.

Despite lower values, the distribution pattern of the goodness-of-
fit indicators from the low-precision model appears almost identical to
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that of the high-precision model, preliminarily validating the feasibility
of parameter space exploration using the low-precision model. To
further examine its extrema points and monotonicity features, we
focus on the metric distribution along a line segment in the parameter
space by observing how metrics vary with one parameter (G) while
keeping the other two (w and /) fixed. The result curves are shown in
Fig. 3b. Similar to what we observe in the three-dimensional distribu-
tion, the static and dynamic indicators obtained using models of dif-
ferent precision levels show the same trend as the parameter G
changes, and the positions of the optimal points are almost consistent.
It is worth noting that the inferred optimal G value from the low-
precision model is slightly larger than that from the high-precision
model. We provide detailed analyses and discussions of this phe-
nomenon in the Supplementary Fig. S12. Moreover, the indicator
values obtained from the low-precision model are also relatively
smaller, particularly noticeable in the dynamic indicators. However,
more details can be observed from the curves. The changes in the
indicators obtained using the low-precision model are not as smooth
as those from the high-precision model. When G is small, the indicators
from the low-precision model increase smoothly as G increases, but
when G exceeds the optimal point, both static and dynamic indicator
curves exhibit significant local fluctuations in addition to the overall
downward trend.

Due to the apparent regularity in these local fluctuations, we
hypothesize that they might be related to the quantization process. To
verify this hypothesis, we visualize in Fig. 3b the scaling coefficient s, of
the total input current variable x in the DMF quantization process.
Different background colors represent different values of s,. First,
blocks of the same background color are continuous, indicating that
under the fixed w and /y, there is a clear piecewise correspondence
between s, and G, i.e., G values within a certain range correspond to the
same s,. Since s, is determined by the range of x; it is very likely that the
range of x changes monotonically with G. Second, s, increases as G
increases, showing that the range of x expands with increasing G. We
notice that the background block where s, =1/2048 is notably narrow
compared to other blocks, suggesting a significant change in the range
of x at this point, possibly corresponding to a bifurcation point of the
model. Finally, after marking the quantization parameters, we can
clearly see that the severe local fluctuations in the indicator curves all
occur in regions where s, >1/1024, indicating that quantization per-
formance may deteriorate when the range of x is large. We believe that
it stems from the nonlinear relationship between the population firing
rate H and the total input current x in the DMF model (see Eq. 1). When
x is very small, H is also close to 0; and when x increases slightly, H
increases rapidly (for example, when x increases from 0.3 to 0.4, H
increases more than tenfold). Therefore, as the range of x expands with
increasing G, the range of H expands at an even faster rate, which
significantly reduces the quantization precision of H, leading to
unstable indicators from the low-precision model. Meanwhile, we also
quantitatively assess the impact of quantization parameters on indi-
cator distributions in Supplementary Fig. S9.

To further quantitatively evaluate the consistency of goodness-of-
fit indicators between low-precision and high-precision models, we
calculate the Pearson correlation for the indicator values (FC correla-
tion) obtained from the models across random sample points in the
parameter space. To test the robustness of our results, we conduct
additional experiments under different noise intensities and across
different model scales. Specifically, we vary the additive noise ampli-
tude o in the stochastic differential equations from 0.0006 to 0.003
and run simulations with both 68-node and 148-node connectomes.
The noise amplitude range encompasses the majority of scenarios
encountered in the parameter search and optimization procedures. As
shown in Fig. 3¢, the low-precision simulations preserve significantly
positive correlations with high-precision counterparts under all tested
scenarios, indicating robust performance under varying noise levels

and model complexities. Meanwhile, we also observe that the positive
correlation coefficient shows some degradation when the noise
amplitude is high (e.g., 6=0.003). On one hand, larger noise may
render the dynamic system more unstable, and if significant range
variations occur, the effectiveness of low-precision simulation would
deteriorate. On the other hand, the complex dynamics may amplify the
noise effects, especially in the DMF model, where the functional rela-
tionship between the total input current and the population firing rate
is highly sensitive to numerical variations. This accuracy degradation
could potentially be mitigated by appropriately increasing the quan-
tization precision.

To directly validate the applicability of low-precision models in
practical scenarios, we use the particle swarm optimization (PSO)
algorithm to search for optimal parameters in the parameter space
based on the low-precision model. Unlike the experiments above, here
we also include the noise amplitude as an optimizable parameter. We
conduct 30 repeated simulations using both high-precision and low-
precision models with the searched parameters. The correlation
between low-precision simulated and empirical FC results is, on aver-
age, 0.7018 (p <107*), with an SD of 0.0103. The correlation between
high-precision simulated and empirical FC results also achieves 0.6908
(p<10™), with an SD of 0.0130. Meanwhile, the correlation between
the simulated FC results from the two precisions reaches 0.9675 on
average (p <10™). As a baseline, the correlation between the empirical
SC and FC is 0.4545. These results demonstrate that using the low-
precision model for model inversion is effective.

In addition to the overall goodness-of-fit indicators of the model,
we also conduct a quantitative analysis of the topological properties.
We characterize the functional properties of each node using local
topological properties derived from group-level functional networks.
Our results in Supplementary Fig. S5 demonstrate that the low-
precision model is capable of capturing key topological properties of
the empirical networks and exhibits significant positive correlations
with empirical data. Low-precision models exhibit a similar correlation
distribution to high-precision models, despite differences in metrics
such as participation coefficient and betweenness centrality.

Furthermore, we conduct temporal domain analyses to examine
the impact of the quantization approach on temporal domain char-
acteristics. We first compare the power spectral density of time series
from high-precision simulation, low-precision simulation, and empiri-
cal rs-fMRI data. As shown in Supplementary Fig. Slla, both high-
precision and low-precision simulations exhibit power spectral profiles
that closely match the empirical data in terms of peak locations and
overall curve shapes, although specific amplitude values show slight
differences. The low-precision simulation results demonstrate high
similarity to high-precision counterparts. Notably, the low-precision
results show reduced peak power intensity while exhibiting elevation
in other frequency components. This phenomenon is theoretically
expected, as the quantization process introduces noise-like artifacts
that elevate the overall power spectrum while reducing the signal-to-
noise ratio. We also calculate the sample entropy for each brain
region’s simulated time series, and compute correlations with the
empirical regional sample entropy. As demonstrated in Supplemen-
tary Fig. S11b, both precision levels show significant correlations with
empirical data. Furthermore, the correlation between high-precision
and low-precision sample entropy values reaches r=0.9482 (p <10™),
indicating strong consistency. The detailed description of the indica-
tors and metrics we use is presented in “Methods”.

Mapping hierarchical parallelism of the model inversion onto
parallel computing architectures

The parallelization opportunities of the inversion process originate in
the whole-brain model and the inversion algorithm, as shown in Fig. 4a.
At the model level, each node (i.e., a neuronal population or a brain
region) has its own set of differential equations, which can be
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in a model. b lllustration of the inversion process on brain-inspired computing
chips. Parallel models (marked as brains) are allocated to different cores and
accelerated by leveraging inter-core parallelism. The cores are grouped into input
cores, computing cores, and output cores. They execute in a pipelined manner for
hiding latency. The variables within different nodes make up vectors and are

computed in the crossbar or MAC array in each core, leveraging the intra-core data
parallelism. c Illustration of the inversion process on GPUs. The left section depicts
the typical GPU architecture. The upper right section presents the hierarchical
programming model, including the memory hierarchy and the thread model. The
blue dots and brain diagrams marked on the “thread” and “block” represent the
mapping of parallel models and nodes to the thread model. The lower right section
illustrates the latency hiding strategy, highlighting how pipelined computation and
memory access are achieved through multi-stream concurrent execution. The
brain icons were designed by meaicon from Flaticon.

simulated concurrently. At the algorithm level, multiple models with
distinct parameter settings can also be evaluated in parallel if using a
population-based metaheuristic algorithm (see “Methods”). The core
of hardware deployment is mapping these two-level parallel workloads
onto the computing and memory resources of the computing plat-
forms. Limited parallel computing resources on general-purpose

processors hinder the parallelization of the models and nodes, parti-
cularly when dealing with algorithms containing numerous nodes and
models, making the inversion process time-consuming. In contrast,
brain-inspired computing chips and GPUs, as representative advanced
computing architectures, both possess highly parallel computing
capabilities, thus having the potential to accelerate the inversion
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process by leveraging their hierarchical parallelism. However, they
differ fundamentally in architecture organization: brain-inspired
computing chips adopt a non-von Neumann many-core architecture,
parallelizing both computing and memory resources, while GPUs have
massively parallel computing elements with shared memory, which is
closer to the traditional von Neumann architecture. To fully leverage
the computational capabilities, we design different mapping strategies
for different architectures.

Brain-inspired computing chips typically adopt a many-core near-
memory or in-memory computing architecture, with each core con-
taining a large number of arithmetic circuits organized in a multiplier-
and-accumulator (MAC) array with local on-chip memory or an in-
memory computing crossbar. So the hierarchical parallelism of brain-
inspired architectures comes from two sources: many-core parallelism
and data parallelism within each core. As shown in Fig. 4b, we leverage
inter-core parallelism to accelerate the evaluation of multiple models
in the algorithm and employ intra-core data parallelism to speed up
solving differential equations of multiple nodes within each model. In
fact, the simulation of a model can also take advantage of multi-core
parallelism on the brain-inspired computing chips with spatiotemporal
elasticity, such as TianjicX*2. We will discuss the mapping flexibility in
the Discussion section. As the distributed local memory lacks hier-
archy, we put all the data of a model, including the parameters, the SC
matrix, and the variables of nodes, in the local memory of the corre-
sponding core(s). In this way, the overhead of accessing data during
the evaluation process of each model can be minimized. Furthermore,
both model inputs and simulation outputs need to be transferred from
or to the host through inter-chip interfaces, and then routed to certain
computing cores through the on-chip network composed of routers in
cores. The time overhead of off-chip communication is non-negligible
in certain cases. Therefore, we have designated certain cores in the
chip as data forwarding cores, i.e., input cores and output cores in
Fig. 4b, which are dedicated to receiving data from or sending data to
the host. These cores can operate in a pipelined manner with the
computing cores to hide latency effectively. In addition, to accelerate
the inversion algorithm on ASICs (application-specific integrated cir-
cuits) such as brain-inspired computing chips, we also need to imple-
ment various operations in the model using the intrinsic functions on
the chip. The details are provided in “Methods”.

By contrast, GPUs feature a hierarchical design of multiprocessors
containing multiple stream processors (SPs), with each level having
dedicated memory. All SPs can compute simultaneously, but memory
resources are not fully parallel. Larger memory is shared by more
computing resources, resulting in lower average access bandwidth.
Specifically, the fastest register files (RFs) are accessible only to their
local SP, shared memory can be accessed by all SPs within a multi-
processor, and the slower and larger-capacity global memory is
accessible to all multiprocessors. In correspondence with the hard-
ware structure, GPUs typically adopt a hierarchical thread model as
their programming model at the software level. Individual threads run
on SPs and combine into thread blocks. Multiprocessors execute these
blocks in the granularity of warps. The key to GPU deployment lies in
matching the two-level parallelism of the inversion algorithm with the
architectural hierarchy. Intuitively, we map the model-level nodes onto
the threads on SPs, and map the multiple models at the algorithm level
onto the thread blocks on multiprocessors, as illustrated in Fig. 4c. We
have carefully orchestrated the locations of different data during the
computation process to reduce memory access overhead as much as
possible (see “Methods”).

After the model simulation on the GPU, the resulting data (e.g.,
the state variables in the DMF model at each time step) also need to be
moved to the host for post-processing, such as metrics calculation and
comparison. The data transfer overhead between the CPU and the GPU
cannot be ignored compared to the computation and memory access
within the GPU. We propose a time-segmented pipeline method for

hiding latency. Implementing this type of task-level parallelism on the
GPU is not as straightforward as the many-core parallelism in brain-
inspired computing chips. Modern GPUs with multi-stream support
allow concurrent operations across streams if their resource depen-
dencies do not conflict. We divide tens of thousands of time steps in
the simulation into N segments and alternately assign each segment
(including computation and data transfer) to two streams. For exam-
ple, assume that the ith segment is executed in stream O, which means
that stream O will first perform simulation computation and then copy
the output data from the global memory to the host. We will initiate
the execution of the (i + 1)th segment in stream 1 at the start of the data
transfer in stream 0. The process is depicted in the lower right area of
Fig. 4c. Thus, data communication is overlapped with computation,
leading to higher throughput and hardware resource utilization.

We deploy the inversion process using the aforementioned
mapping methods onto a brain-inspired computing chip, TianjicX*?,
and a commercial GPU, NVIDIA RTX 4060 Ti, with comparable com-
puting power. We measure and estimate the execution time of the
inversion process on three different architectures. Detailed measure-
ment and estimation methods are provided in “Methods”. We use the
same identification algorithm across different architectures, with fixed
iteration counts and the number of models evaluated per iteration,
only varying the number of nodes in models. The results are presented
in Table 1. Both parallel computing architectures demonstrate sig-
nificant advantages over the CPU in terms of overall inversion algo-
rithm runtime and simulation time alone, and the acceleration effect
becomes increasingly pronounced as the model size grows. For
example, the parallel simulation speed of the commonly used 148-
node model on the brain-inspired computing chip is 90.1 times faster
than the CPU, while this difference increases to 424.4 times with the
synthesized 512-node model. Between the two parallel computing
architectures, the brain-inspired computing chip consumes less time
in model simulation, and this performance gap also widens as the
model size increases. However, the speed difference in executing the
overall model inversion is not so pronounced. This is because the semi-
dynamic quantization on the brain-inspired computing chip relies on
the host (CPU) to complete the warm-up stage and the QPS stage,
which can only leverage the limited parallel resources of multi-core

Table 1| Computational performance of brain modeling
across different platforms

#Node Platform Tsi Toverall_inversion*

68 CPU 1978.85 2074.64
GPU (ours) 31.10 (63.6x) 52.46 (39.5%)
Brain- 26.32 (75.2) 42.33 (49.0x)
inspired (ours)

148 CPU 4246.34 4365.02
GPU (ours) 109.35 (38.8%) 154.51 (28.3x)
Brain- 47.14 (90.1%) 77.11 (56.6x%)
inspired (ours)

5122 CPU 92426.65 93534.92
GPU (ours) 2007.15 (46.0%) 2184.16 (42.8x)
Brain- 217.80 (424.4~) 796.43 (117.4%)

inspired (ours)

The GPU and the brain-inspired computing chip can handle most simulation tasks, but require a
host platform for completing the entire inversion process. Toyerail inversion iS the total time con-
sumed during the entire model inversion process, while Tgjmuation represents the model simu-
lation time. For the GPU and the brain-inspired computing chip, the Tgjmuiation results include both
computation time and intra-device data transfer time. The remaining time in the entire process is
used for data transfer between the host and device, metric calculations, search algorithm
iterations, memory management, and other workloads.

*All time units in the table are in seconds. Numbers in the parentheses represent speedup factors
compared to CPU execution. The bold numbers represent the minimum computation time and
the maximum speedup ratio across different platforms for a given number of nodes.
*Measured and estimated using synthetic data.
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CPUs for acceleration. In contrast, the GPU implementation does not
require low-precision computation, and the GPU itself can accelerate
the warm-up process.

Even with this limiting factor, the brain-inspired computing chip
still maintains the fastest among all three architectures regardless of
the model size. This further highlights the inherent advantages of the
brain-inspired computing architecture, including faster low-precision
computing units and efficient distributed near-memory computing
circuits with reduced redundancy. Additionally, we also explore using
a GPU to perform the warm-up phase while maintaining the main
simulation on the brain-inspired computing chip. When the model
scale is small, this approach does not provide particularly significant
improvements, as the time spent on warm-up accounts for a relatively
small proportion of the total time consumption. However, when the
model scale is large (e.g., 512 nodes), GPU-based warm-up acceleration
can significantly improve overall performance. Specifically, for the 512-
node model, the hybrid pipeline achieves a 2.1 x speedup over the
brain-inspired computing chip pipeline (see Supplementary Table S4).
This hybrid pipeline can leverage the best of both worlds, and it is
worth exploring in future work.

Scalability of model inversion on different architectures
Current coarse-grained brain dynamics models are relatively small in
scale (e.g., 68 nodes, 148 nodes) due to limitations in brain imaging
resolution and other factors. With technological advancement and a
deeper understanding of the brain, future dynamics models may
incorporate more nodes for more detailed brain modeling, leading to
increased computational costs. Therefore, we further explore how
computational performance varies with model size. We evaluate
inversion runtime on the GPU and the brain-inspired computing chip
using synthetic data from 64-node to 512-node models, with 128
models per iteration, measuring time consumption for each proces-
sing step. Based on the platform dependencies of these steps, we
divided the total runtime into three parts: host-side time, device-side
time, and data transfer time. Figure 5a shows the results. Across all
model sizes evaluated, the total runtime of model inversion based on
the brain-inspired computing chip is shorter than the GPU-based
implementation. This performance gap becomes more pronounced
with larger model sizes. The runtime breakdown shows that the data
transfer time is similar between the two architectures, and the host-
side time when using brain-inspired computing chips is comparable to
or greater than that when using the GPU. Therefore, the overall run-
time advantage primarily stems from the significantly shorter device-
side time on the brain-inspired computing chip compared to the GPU.
Regardless of whether the GPU or the brain-inspired computing chip is
used for computation, the host (general-purpose platform) is neces-
sary to perform operations such as data I/O, optimization algorithms,
pre-processing, post-processing, and so on. Therefore, the host-side
time consumption is non-negligible during the inversion process. In
the brain-inspired computing chip implementation, host operations
actually consume the majority of the runtime when model size is large,
primarily due to the host-dependent warmup and quantization para-
meter determination in the semi-dynamic quantization method. We
observe a sudden jump in the host-side time consumption when
scaling from 320 to 384 nodes, likely caused by factors such as
decreased cache hit rates due to insufficient cache size, memory
paging, or BLAS library switching. We can predict that the host time
would become the dominant bottleneck in the brain-inspired com-
puting chip pipeline as the model size increases. This highlights a
significant opportunity for future optimization. Performance might be
further improved through more efficient quantization algorithms, or
by offloading portions of the warm-up process to a GPU (like what we
do in Supplementary Table S4) or other specific hardware accelerators.
We present a detailed runtime breakdown in Fig. 5b for the three
representative model sizes from Table 1. In the GPU-based

implementation, as the model size increases, the proportion of
device-side time (i.e., GPU execution time) grows accordingly. For
brain-inspired computing chip implementation, the proportion of
device-side time remains relatively stable at smaller scales (from 68 to
148 nodes), but decreases significantly for the 512-node model due to
the substantial growth in host-side time. In GPU-based inversion, the
data transfer latency is almost completely hidden by the device-side
time. However, the situation is more complex on the brain-inspired
computing chip. The device-side time on the brain-inspired chip
actually consists of two components: computation time and on-chip
data communication time. We configure data forwarding cores and
computing cores on the brain-inspired computing chip for pipelined
execution, but these two types of cores need to synchronize during on-
chip communication. Consequently, on-chip communication cannot
occur simultaneously with computation or inter-chip data transfer,
and only the computation time and the inter-chip data transfer time
can overlap. For smaller model sizes, the computation time is shorter
than the inter-chip data transfer time, thus only partially hiding the
data transfer latency. Only when the model size becomes larger, with
significantly increased computation time, can the inter-chip data
transfer time be almost completely covered.

Beyond the model size, the inversion process can also be expan-
ded in terms of the number of parallel models. For the same optimi-
zation algorithm, evaluating more models (parameter sets) per
iteration would increase the likelihood of finding better solutions.
Therefore, the scaling of the model count is crucial for both applica-
tions and research. The scalability of inversion time across both
dimensions, including the model size and the model count, is illu-
strated in Fig. 5c. Here, we primarily focus on data transfer time and
device-side time, both of which are architecture-sensitive. We exclude
the steps such as warm-up and metric calculations to minimize the
influence of the host. The GPU architecture consistently consumes
more time than the brain-inspired computing architecture, and this
gap widens with both increasing model size and model count. In some
large-scale cases, the GPU execution time can reach up to 10 times
longer than that of the brain-inspired computing chip. Notably, the
GPU execution time shows clear discontinuities with an increasing
number of parallel models, likely stemming from the scheduling con-
straints where each SM can accommodate a maximum of 32 thread
blocks. In contrast, the brain-inspired chip shows a small variation in
execution time with an increasing number of parallel models. This is
because we allocate one core per model, and the brain-inspired chip
we used has sufficient cores to avoid time-division multiplexing. This
enables fully parallel simulation computation of different models, with
only the on-chip communication time increasing as the number of
models grows.

Discussion

We propose an accelerated pipeline for coarse-grained modeling of
brain dynamics based on advanced computing architectures. We pri-
marily address two key challenges. The first is implementing macro-
scopic brain dynamics on specialized computing architectures like
brain-inspired computing chips, which offer high efficiency but low
precision. This challenge needs computational algorithmic innovation.
Through theoretical and experimental analyses on the DMF model, we
discover that macroscopic brain dynamics models exhibit complex
spatiotemporal heterogeneity during resting-state simulation. State
variables typically undergo transient variations initially before con-
verging to relatively stable states, after which they demonstrate dif-
ferences in numerical distributions across brain regions and require
distinct time step sizes among different variables.

These characteristics differ markedly from normal neural net-
works in Al Building upon existing methods on neural network
quantization, we propose dynamics-aware approaches, including
semi-dynamic quantization, range-based group-wise quantization, and
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Fig. 5 | Performance analysis of model inversion across different scales.

a Runtime breakdown comparison between the GPU and the brain-inspired com-
puting chip for the inversion process with 128 parallel models at different model
scales (number of brain region nodes in each model). Note that the green area
representing data transfer time is partially overlapped by the transparent red/
yellow area representing device-side computation time. b Detailed runtime
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breakdown at three representative model scales corresponding to Table 1 and the
gray dashed lines in (a). The data transfer segment is also partially overlapped by
the computation segment in each pie chart. ¢ Consumed time on parallel com-
puting architectures during the inversion process under different algorithm scales
and model scales, excluding pre-processing and post-processing time.
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multi-timescale simulation. These approaches preserve essential
dynamical properties in the quantized models. We find that the low-
precision models maintain bifurcation characteristics and retain simi-
lar static and dynamic properties to their high-precision counterparts.
Experimental results show that fitting indicator distributions of low-
precision models in the parameter space closely match those of high-
precision models, and model inversion based on low-precision models
can achieve reliable parameter estimation. We also validate the quan-
tization approaches on the Hopf model, demonstrating a certain
degree of generalizability across different dynamical models.

Our proposed methods not only enable the deployment of mac-
roscopic brain dynamics models on low-precision architectures but
also show promise for extending to lightweight implementations of
dynamical models in bio-physical or other scientific domains, allowing
broader scientific computing tasks to benefit from advanced com-
puting architectures. However, the proposed method also suffers
inherent limitations: When a dynamical model exhibits frequent or
unpredictable large-magnitude fluctuations in its numerical range, the
semi-dynamic quantization would likely become unsuitable. There
exists a fundamental trade-off between quantization precision and
generality: higher quantization precision enables support for a
broader variety of dynamical models with better simulation fidelity,
but may result in reduced computational efficiency. Future work
should explore adaptive quantization schemes that can dynamically
balance this trade-off based on the specific characteristics of the target
dynamic system and the available computational resources. Addi-
tionally, the computational operators supported by existing brain-
inspired computing chips are limited and may not be capable of
implementing arbitrary dynamic systems. These constraints highlight
the need for future research in developing more flexible quantization
strategies and expanding the computational capabilities of brain-
inspired computing architectures to accommodate a broader range of
scientific computing applications. Furthermore, the proposed low-
precision methods are currently tested only with the Euler integration
scheme. However, the field might require other integration methods
for specific applications in the future, such as higher-order Runge-
Kutta methods for enhanced accuracy or adaptive time-stepping
algorithms for complex dynamical behaviors. The application of low-
precision data types and computation to different integration schemes
might be a valuable direction for future research.

In addition, we reveal the underlying mechanisms that determine
how quantization affects the consistency of models with different
precisions. First, under certain model parameters, variables associated
with nonlinear transformations may exhibit significantly wider value
ranges, affecting the selection of quantization parameters and
increasing the rounding errors in low-precision models, thus degrad-
ing quantization performance. While this effect does not significantly
impact the validity of the low-precision models in this work, it might
limit the low-precision implementation of other dynamic systems. An
interesting topic in future work is to further explore this effect and
seek possible solutions. Second, the quantization of variables, espe-
cially the SC, may introduce a slight bias in the inferred optimal
parameters. This bias might be addressed by either improving the
quantization precision of SC as much as hardware permits or by
compensating for the inferred parameters based on changes in SC
before and after quantization.

The second challenge is to fully utilize the highly parallel com-
puting and memory resources of brain-inspired computing chips and
GPUs to accelerate the costly model inversion process, which requires
the development of new systems that leverage heterogeneous com-
puting platforms along with considerable engineering optimization
efforts. Existing whole-brain modeling tools, such as TVB*, neurolib®,
and BrainPy®, typically rely on high-performance computing plat-
forms and run on general-purpose CPUs or GPUs. They leverage
thread- or process-level parallelism to accelerate the simulation of

brain regions, connectivities, or model instances. However, they do
not finely control the resource scheduling to fully utilize the hardware
capabilities. And the parallel efficiency is constrained by their under-
lying hardware architectures: CPUs possess limited parallel computing
resources, while GPUs, despite having abundant computational units,
may suffer from memory bandwidth bottlenecks. Both platforms
employ considerably complex circuit designs to ensure generality,
which introduces heavy overhead. By contrast, our work focuses on
detailed mapping between algorithmic components and architectural
resources, and explores the application of the non-von Neumann
brain-inspired computing architectures, which feature tightly coupled
computation and memory with specialized low-precision circuit
designs. Specifically, we adopt a population-based metaheuristic
inversion algorithm that is more amenable to parallelization and ana-
lyze multiple levels of parallelism in model inversion. We develop tai-
lored mapping strategies that distribute multi-level parallel tasks
across the computing and memory resources of both architectures.
These strategies enable fine-grained and low-overhead scheduling,
particularly for the brain-inspired computing architecture, providing
more efficient parallelism. According to our evaluation, model inver-
sion running on these advanced computing architectures can achieve
significant speedup compared to general-purpose CPU platforms.
Further analyses of runtime breakdown and scalability reveal that,
despite the brain-inspired computing chip’s greater dependence on
the general-purpose host due to specialized functionality, its superior
performance in parallel model simulation makes it a better choice over
GPUs, especially for larger inversion tasks.

This work extends brain-inspired computing chips, originally
designed for fine-grained neuronal networks, to simulate macroscopic
brain models, broadening their application scope while further lever-
aging their architectural advantages. Meanwhile, for the commonly
used brain dynamics models with fewer nodes, GPUs can also achieve
considerable acceleration. Notice that the proposed pipeline cannot
be implemented solely on brain-inspired computing chips or GPUs,
but requires a heterogeneous system composed of a host. This aligns
with the current trend in heterogeneous platform development.
Future work could explore deploying brain dynamics modeling on
systems that integrate brain-inspired computing architectures with
CPUs on a single chip for potentially enhanced computational
performance.

In addition, deploying brain dynamics also provides insights for
future design of brain-inspired computing architectures. First, existing
brain-inspired computing chips typically support only 8-bit or lower
precision data types, with limited mixed-precision or dynamic quan-
tization capabilities. This constrains the selection of quantization
methods and degrades the effectiveness of low-precision models,
while simultaneously increasing the workloads on the host and com-
promising the overall performance. Our analysis indicates that the
host-side warm-up process becomes a bottleneck for the entire pipe-
line as the model size increases. While using a GPU for warm-up can
effectively alleviate this bottleneck, it inevitably increases system
complexity. We believe the inversion time could be more efficiently
reduced by either adding high-precision computation paths within
cores or incorporating some high-precision computing cores on the
chip. Second, the brain-inspired computing chips we use require host
control for time-step iterations in dynamics simulation, necessitating
frequent accelerator-host interactions. Enabling a flexible on-chip
control flow might improve simulation efficiency, especially in com-
plex scenarios like multi-timescale simulation. Third, aside from the
warm-up phase, other essential pipeline components, including search
algorithms and data I/O operations, are all handled by the host. In most
complex applications and deployment scenarios, these advanced
computing architectures cannot independently satisfy all functional
requirements and cannot operate completely standalone without
CPUs or FPGAs, unless we design specialized circuits for each specific
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scenario. We believe this is a universal limitation of current computing
systems. One of the most promising approaches to improve the sys-
tem integration under this constraint is System-on-Chip or System-in-
Package designs. These designs not only reduce the physical size but
also potentially minimize the data transfer between the host and the
accelerators, thus significantly enhancing the deployability of the
proposed pipeline. Last, we deploy model inversion on brain-inspired
computing chips by simply mapping each model to a single core in
experiments. Actually, the simulation of a model does not necessarily
rely solely on a single core; it can also take advantage of the multi-core
parallelism of the brain-inspired computing chip. When the resources
of a single core cannot meet the requirements of a model, we can split
the simulation of a model across multiple cores. We can divide a large
model into several smaller parts, for example, splitting a model with N
nodes equally between two cores, with each core responsible for
executing § nodes. Alternatively, we can divide T time steps of a model
simulation across multiple cores, each responsible for a segment of the
temporal evolution. This forms a temporal pipeline where the simu-
lation is partitioned into sequential segments (e.g., time steps 1-100,
101-200, 201-300, etc.), with each core handling one segment. Within
a single simulation run, adjacent segments cannot execute in parallel
due to the causal dependency between consecutive time steps. For
example, core 1 must complete processing time steps 1-100 before
core 2 can begin processing time steps 101-200 using the results from
core 1. However, this pipelining approach enables different simulation
instances to overlap their execution: while core 1 processes time steps
1-100 of simulation instance A, core 2 can simultaneously process time
steps 101-200 of a previously started simulation instance B, and core 3
can process time steps 201-300 of an even earlier simulation instance
C. Despite introducing additional communication overhead for data
transfer between cores, it provides considerable flexibility for resource
mapping. This may help improve resource utilization and overall
throughput. The complex spatiotemporal mapping problem is beyond
the scope of this work and thus left for future work.

In short, macroscopic brain dynamics modeling on brain-inspired
computing architectures demonstrates the potential of applying
existing intelligence-oriented computing architectures to scientific
computing in neuroscience and medicine, while bringing macroscopic
brain models into the realm of brain-inspired computing. This work
fosters deeper interdisciplinary collaboration between brain science
and computational science, driving mutual advancement. Looking
ahead, it opens up promising directions for future exploration, such as
lightweight brain dynamics, heterogeneous computing architectures,
and efficient medical systems.

Methods

Dynamic mean-field model

In this work, we use the DMF model proposed in prior work” to
simulate the brain dynamics. It describes the dynamics of the network
containing excitatory and inhibitory populations of spiking neurons
interconnected via NMDA synapses. The global brain dynamics of the
interconnected local networks can be expressed by the following
nonlinear differential equations:
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where S; denotes the average synaptic gating variable at the ith local
cortical area, which is the state variable with time dependency; x; and
H(x;) are intermediate variables denoting the total input current and
the population firing rate at the ith area, respectively. The range of i
varies along with the number of areas in the dataset. The local exci-
tatory recurrence w, the external input /o, and the global scaling factor

of information strength G are the parameters we need to tune through
model inversion. C; denotes the structural connectivity (SC) between
the ith and the jth areas, which can be derived from dMRI data. &(t)
corresponds to the Gaussian noise in the dynamic system, and o is the
amplitude, which can also be tuned. Here, we fix o to 0.001 for sim-
plicity since it typically falls around the value after identification. The
other variables in the equations are all constant parameters. The value
of synaptic coupling/is set to be 0.2609 (nA). The parameter values for
the input-output functions H(x;) are a=270(n/C), b=108(Hz), and
d=0.154(s). The kinetic parameters for synaptic activity are r=0.641
and 15=0.1(s).

To identify the DMF model with empirical data, we need to
simulate the blood-oxygen-level-dependent (BOLD) fMRI signals fur-
ther with the Balloon-Windkessel hemodynamic model®. The dynamic
process linking synaptic activities to BOLD signals is governed by
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where §; is the same variable as in the DMF model. The vasodilatory
signal z;, the inflow f;, the blood volume v;, and the deoxyhemoglobin
content g; are four state variables. The BOLD signal follows

BOLD; =Vlky(1 = )+l = 2 + ey (1 - vy)] 3)

The principles of the model and parameter values can be found in prior
work®, and are not repeated here. Combining DMF and the hemody-
namic model, we can simulate the brain activity as well as the BOLD
signals, which can also be measured using fMRI empirically.

Semi-dynamic quantization for brain dynamics
The commonly used data types on intelligent computing platforms
can be divided into two categories: floating-point types and integer
types. GPUs usually possess large capacities for floating-point com-
puting, supporting full-precision formats like Float32 (FP32) and half-
precision formats like Float16 (FP16) or BFloatl6 (BF16). Implementing
dynamical models with these data types is not difficult because their
range and precision are sufficient to represent the model variables in
most cases. In contrast, the most popular low-precision integer for-
mats in brain-inspired computing chips are signed 8-bit integers (INT8)
and unsigned 8-bit integers (UINT8), both of which are limited to 256
distinct values. Here, we introduce the approach to simulate brain
activities using the integer format.

The mapping of values from a continuous set to a countable,
smaller set is called quantization in the signal processing and Al
domains. The principle of uniform quantization can be written as

X~ X=Xy — 2), 4

where x and x;,, are the original real-valued variable and the quantized
variable, respectively. X is the approximate value represented by the
low-precision data. The quantization is primarily a simple affine
transformation with two parameters, namely the scaling factor s and
the zero point z. Thus, the quantization function is defined as

X
Xint = damp( [EJ +Z5 Gnin» Gmax) S

where [ - | corresponds to the round function. The equation rounds
the scaled real-valued variable to an integer and then clamps it to the
range of the integer format ((Gmin, Gmax])-
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We use semi-dynamic quantization to determine the scaling factor
s and zero point z for both the DMF model and the hemodynamic
model. During the warm-up stage, the model quickly converges near
the fixed point. Then we determine the quantization parameters based
on the variable ranges in the QPS stage. We can calculate the power-of-
two scaling factor for each of them using

sy = 2~ 1082(Gmax/Ym))]

symmetric quantization (6)
asymmetric quantization

_ [ max(ly])
m ~— \ max(y)-min(y)
2

where | - | represents the floor function, and | - | represents the
absolute value. @, is the maximum positive value of the signed
integer type, and it is 127 for INT8 here. The bold y is the variable that
needs to be quantized. As most brain-inspired computing chips only
support per-tensor quantization, we treat the same variable within
each node of a model as a vector and apply uniform quantization
parameters to all elements in it. Thus, the shape of y here is (N, Tqps),
where N denotes the number of nodes in a model and Tqps is the
number of time steps in the QPS stage. y,, represents the unilateral
maximum range that needs to be expressed by the integer type, which
can be obtained using the extreme values of the vector in the QPS
stage. Similarly, the zero point z can also be calculated by

symmetric quantization,
asymmetric quantization.

@)

0
Zy =1 max(y)+ min(y)
2

In the subsequent simulation stage, all variables are represented
as integers. We can envision scenarios where the ranges of variables
change significantly during model execution. If such changes are
predictable, semi-dynamic quantization could still be employed. For
instance, when simulating brain lesions®, perturbations are typically
introduced to a baseline resting-state brain model. These perturba-
tions can cause the model to transfer from one stable state to another.
Since the timing of these perturbations is known as a priori, high-
precision floating-point numbers could be used for the transition
phase, while a new low-precision quantization scheme could be
employed once another stable state is reached. By iteratively applying
the warm-up and simulation stages, the semi-dynamic quantization
method could be potentially extended to more complex scenarios.

Influences of range-based group-wise quantization

We propose a range-based group-wise quantization method to address
the spatial heterogeneity of the hemodynamic model. Figure 2b shows
that some variables exhibit a multimodal distribution across the whole-
brain model, where the values from different brain regions tend to
cluster within several distinct ranges. The most straightforward way to
reduce quantization errors from using a single set of parameters
across brain regions is to group regions by distribution peaks and
calculate parameters for each group separately. However, the variable
distributions vary significantly across different empirical data and
model parameters, leading to unstable results with inconsistent
numbers of groups and varying group sizes. Therefore, we adopt a
simpler grouping method: we evenly divide the entire range of vari-
ables across the whole-brain model into multiple intervals and
sequentially group the regions whose maximum variable values fall
within the same interval, from the lowest to the highest. The number of
groups (i.e., the number of intervals) can be determined based on the
model size (i.e., the number of brain regions), preventing excessive
computational overhead from too many groups.

We apply such a range-based group-wise quantization method to
three variables in the hemodynamic model: the blood flow £, the blood
volume v, and the deoxyhemoglobin content g, as they exhibit the
most pronounced spatial heterogeneity. In Supplementary Fig. S3a, we
show the goodness-of-fit indicators obtained from simulations at the

same sampling points as in Fig. 3a, using low-precision models without
group-wise quantization. The distributions are close to those from the
high-precision models and the low-precision models with group-wise
quantization in Fig. 3a. We further test the distribution of three indi-
cators along a line in the parameter space using different models. The
low-precision models without group-wise quantization show satisfac-
tory results in FC correlation and metastability, differing from their
group-wise quantized counterparts mainly in slightly lower indicator
values and increased G-dependent fluctuations. However, they are
almost unusable if we measure the similarity between simulated and
empirical functional connectivity dynamics (FCD) matrices by calcu-
lating the Kolmogorov-Smirnov (KS) distance between their prob-
ability distribution functions (pdfs). This demonstrates that group-
wise quantization significantly aids low-precision models in reprodu-
cing the spatiotemporal dynamics of the brain network. Nevertheless,
since model inversion does not require all indicators for parameter
evaluation, we believe that low-precision models without group-wise
quantization still retain a certain practical value.

Determining the time steps for multi-timescale simulation

The state variables within a dynamic system may fluctuate on different
timescales temporally. The brain dynamics model serves as a good
example of such temporal heterogeneity. As demonstrated in Sup-
plementary Fig. S1, some state variables (f, v, and g in the hemody-
namic model) exhibit much slower temporal dynamics compared to
the others such as S in the DMF model and z in the hemodynamic
model. In other words, the difference in some variables between two
adjacent time steps (Ax[¢]) is smaller. Therefore, it is necessary to use a
smaller scaling factor (& >1) to distinguish consecutive values of such
“slower” variables (x[¢] and x{¢+1]=x[t] + Ax[¢]). However, as afore-
mentioned, a smaller scaling factor will also sacrifice the representa-
tion range of the integer, resulting in substantial truncation errors. To
resolve this dilemma, we increase the simulation time step size At for
the simulation because a larger At may lead to a larger temporal dif-
ference Ax with the same differential equation, which may relax the
requirement for the scaling factor s. Meanwhile, a larger time step can
also reduce the number of iterations needed for a given simulation
time, thus accelerating the entire simulation process.

However, this does not address all challenges, as another dilemma
emerges in the selection of the time step size: if only the “slower”
variables are considered and a large time step is used for all variables, it
may affect the accuracy of the Euler integration; while if a smaller time
step is employed, we will again encounter the scaling factor problem
where the “slower” variables cannot be correctly quantized to lower
precision. Supplementary Fig. S1 shows the simulated brain dynamics
signals using different global time step sizes. When using the same
time step as the high-precision simulation (e.g., 0.01s), the “slower”
variables show such small temporal variations that they cannot be
represented by integers, resulting in quantized variables remaining
constant over time (issue A). When the time step is increased to 0.18 s,
z exhibits normal temporal evolution, but the variables f, v, and g still
show periods of constant values, with the “slowest” g being notably
more affected than fand v (issue B). As the time step further increases
(e.g., 0.36 s and 0.54 s), while all variables no longer show significant
value stagnation, the oscillation amplitudes of the “faster” variable (2)
significantly exceed those of the high-precision model, indicating
stability issues in the dynamical model due to excessive time steps
(issues C and D). Overall, it is difficult to find a single global time step
that meets the requirements of all variables.

In fact, for a state variable x with a time derivative x, the low-
precision simulation is constrained by

Xrange
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where miny.,.q|x| denotes the minimum effective absolute value (i.e., the
smallest absolute value that needs to be distinguished from zero) of the
time derivative, Xrange is the maximum unilateral range that must be
represented for variable x when quantized to lower precision, b repre-
sents the bitwidth of the low-precision integer, and At is the simulation
time step size. Note that min,.,|x|A¢ represents the minimum effective
change in this variable, which needs to be represented by integer 1in the
low-precision simulation; while X..nge Needs to be represented by the
maximum integer value (2°%). Therefore, this equation implies that both
ranges of the variable and its time derivative must fit into the integer
representation, establishing a lower bound for the simulation time step
size. It merits clarification that both Xange and ming,y|x| are not
necessary to be the actual bounds of the high-precision values, as the
quantization process tolerates certain levels of rounding and truncation
errors. We visualize the relationship between the variable ranges and the
time derivatives in Supplementary Fig. S2. The distributions of the
variables and their absolute time derivatives are shown in Supplemen-
tary Fig. S2a. We calculate a temporal scale index 7 by using (X ,x —
Xmin)/2 to represent the range of the variable x and characterizing its
minimum effective non-zero absolute derivative value with the first
quartile. From the indices in Supplementary Fig. S2b, we can observe
that z requires a much larger simulation time step size compared to S, f,
and v demand larger time step sizes over z, and g exhibits the highest
lower bound for time step requirements. It should be noted that the
indexes only represent the temporal characteristics of the variables and
do not necessarily correlate numerically with At.

Prior studies®>’*>*° employed a uniform time step across the entire
model. However, the above results and analyses reveal that distinct
variables necessitate different time step sizes in low-precision simu-
lation. Therefore, we propose a multi-timescale simulation approach
for the low-precision brain dynamics model, allowing each variable to
update at different time intervals. The term “multi-timescale simula-
tion" is used because the method stems from the different evolution
rates among variables in the dynamic system. However, it is important
to clarify that this is a computational strategy and is distinct from the
neuroscientific concept of temporal scales. Figure 2c illustrates an
example of this method. We first set the smallest time step size At
for the “fastest” variable (e.g., Ats in Fig. 2c), and then set the time steps
of other variables to be multiples of At.;,. Compared to normal
simulation, multi-timescale simulation needs to address the inter-
dependencies among variables with different time steps. We establish
two rules to solve the problem. First, if a variable x with a time step of ¢,
is updated to a value x{¢] at time ¢, its value remains x[t] during the
interval from ¢ to ¢ + t,. This rule ensures that the value of each variable
is defined at every moment during the simulation. Second, when a
variable x with a time step of ¢, is updated at time ¢ and depends on a
variable y with a different time step of ¢, it needs to use the historical
value of y at time ¢, (i.e., the time of the last update of x) rather than
at time ¢-t, (i.e., the time of the last update of y). In this way, when the
update of a “fast” variable depends on “slow” variables or vice versa, we
can select reasonable values for differential equations during the
simulation process. Based on the observations from Supplementary
Fig. S2 and empirical tuning, we determine the specific time steps for
each variable in our simulation. Our experimental results demonstrate
that the proposed discretization method is effective, at least within the
context of resting-state whole-brain model simulation. However, we
acknowledge that this approach has inherent limitations: when a
dynamical model cannot achieve effective low-precision simulation
with uniform time steps and exhibits high sensitivity to temporal
resolution, higher data precision may be the only viable solution to
maintain adequate numerical accuracy.

Metaheuristics for model inversion
Model inversion aims to fit the DMF model to empirical FC data
obtained from fMRI by tuning the parameters. Due to the excessive

number of time steps in the simulation process, it is impossible to use
gradient descent based on backpropagation, which is the dominant
training method in deep learning. The simplest methods are grid
search and random search, which can almost uniformly explore the
parameter space. The advantage of these methods is that they can find
relatively good solutions on a global scale, and the search algorithm
can be easily parallelized, while the disadvantage is that the search
process lacks guidance, possibly wasting a lot of time on meaningless
search points. Currently, the most commonly used inversion algorithm
is based on the expectation-maximization algorithm®®, which guides
the parameter update by a Gauss-Newton search for the maximum of
the conditional or posterior density. This optimization method exhi-
bits high efficiency like gradient descent, as it can converge rapidly,
but it might get stuck in a local optimum and lacks sufficient paralle-
lism for acceleration.

We turn to the metaheuristics algorithms to balance search effi-
ciency, exploration, and parallelism. We adopt a new inversion algo-
rithm based on the PSO” in the experiments. In this algorithm, the
candidate solutions are represented as a population of particles. Each
coordinate of a particle in the space corresponds to a parameter that
needs to be optimized, so the position of the particle corresponds to a
set of model parameters. The search process is conducted by itera-
tively moving these particles around in the parameter space. Each
iteration consists of two steps: particle movement and solution eva-
luation. Particle movement is influenced by its local best-known posi-
tion and the global best-known positions, which may balance the
“exploitation” and “exploration” in the search space. After the particle
positions are updated, the corresponding parameters need to be input
into the model for simulation to evaluate the quality of the solution.
The details are demonstrated in Supplementary Algorithm S1. This
algorithm can utilize the computing capacities of parallel architectures
better, as the simulation and evaluation of each candidate solution can
be computed in parallel.

In fact, most population-based optimization algorithms can be
readily integrated into our proposed pipeline. This includes CMA-ES
algorithms in®* and grid search methods in®. These approaches all
require evaluating large numbers of parameter sets (e.g., populations
in evolutionary algorithms, particle swarms in PSO, and grid points in
grid search), where the evaluation process can be fully parallelized.
Therefore, they can take full advantage of the parallelism offered by
advanced computing architectures. In these algorithms, both high-
precision and low-precision simulations serve as evaluation or cost
functions. As long as the goodness-of-fit between low-precision
simulation results and empirical data shows similar distribution pat-
terns as high-precision simulations across the parameter space, these
search algorithms should achieve valid results with low-precision
simulations. This similarity in distribution is what we want to demon-
strate in Fig. 3.

We test our low-precision simulation approach with two different
algorithms: PSO and CMA-ES, comparing all results against high-
precision models. Unlike previous experiments, here we use the larger
Human Connectome Project (HCP) dataset containing 1004 partici-
pants and employed a validation procedure similar to that described
in®’. We first performed an algorithmic search on the training set, then
selected optimal parameters using the validation set, and finally con-
ducted repeated simulations on the test set to calculate FC correla-
tions. The results in Supplementary Table S7 demonstrate that the FC
correlations achieved by different algorithm-precision combinations
are similar. No significant differences were observed between PSO and
CMA-ES results, indicating that the choice of optimization algorithm
does not substantially impact the effectiveness of our low-precision
approach. The FC correlations are not as high as those reported in®
because we employ a distinct model with fewer parameters.

Beyond population-based metaheuristics, the proposed pipeline
has certain limitations when integrating with other algorithms. First,
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algorithms with lower parallelism, such as some Bayesian estimation
methods, may not fully utilize the parallel resources of advanced
computing architectures, resulting in less pronounced acceleration
benefits. Second, the goodness-of-fit obtained from low-precision
simulations varies less smoothly with parameters compared to high-
precision models (as shown in Fig. 3b), which may make the approa-
ches less suitable for some local optimization algorithms.

Implementation of model operations on brain-inspired
computing chips

On brain-inspired computing chips, the cores do not contain fine-
grained computing units like the SPs on GPUs; instead, they only have
larger and more complex dedicated circuits, such as crossbars or MAC
arrays. Therefore, the cores can only support certain predetermined
complex functions at matrix or vector granularity, and do not support
fine-grained arithmetic operations like those on GPUs. Correspond-
ingly, when programming each core, we can only use coarse-grained
instructions such as matrix-vector multiplication. Therefore, to map
the model onto the cores, we need to treat the variables of all nodes in
the model as vectors, and then decompose the vector-form compu-
tation into instructions that the cores support. These steps are closely
related to the quantization process, where we select hardware-
constrained quantization methods and data types with per-vector
parameters. We use a brain-inspired computing chip, TianjicX*?, as the
validation platform. It is a programmable platform that executes dif-
ferent operations based on configured instructions as mentioned
above. Although TianjicX is a prototype chip designed for academic
research, it also has a toolchain that allows us to generate chip
instructions using Python programming.

Supplementary Fig. S6 shows the mapping from the DMF model
to specialized instructions in more detail. The TianjicX chip only sup-
ports about 15 types of instructions, and the DMF model uses 5 of
them. The input and output data types are fixed for operations as they
are implemented by dedicated circuits. We first introduce several
constraints on the quantized model to ensure compatibility with the
supported operations. First, the unary operations must use a look-up
table (LUT), and the input type must be 8-bit integers. Second, all the
operations involving multiplication must use INT8 as the input data
type, and the output data type can be either INT8 or high-precision
integers (i.e., INT32). Third, the addition operations can use either
INT8 or INT32 for the input and output data types, and all the inputs
must use the same data type. We then detail the specific imple-
mentation with these constraints (see Supplementary Fig. S6). To keep
the accuracy as high as possible, we use high-precision integers for all
inputs of addition operations (operations ® and @). We also fuse
consecutive unary operations such as constant scaling and nonlinear
functions into one LUT operation to reduce computation overhead
and mitigate accuracy decline (operation @). In addition, we utilize
asymmetric quantization for the variables whose distribution ranges
are far from 0. Despite the potential additional computational over-
head of non-zero z, asymmetric quantization can make better use of
the limited integer range in this case, thereby significantly reducing the
errors caused by quantization.

When model parameters, connectomes, or equations change,
code modifications are required as follows: When the numerical values
in the structural connectome change, we only need to adjust the
connection matrix data configured in the chip; when the connectome
scale (e.g., number of brain regions) changes, we need to modify
corresponding variables in the code to adjust instruction fields; when
firing rate differential equations change, the code needs to be adjusted
according to the new equations, which may require longer time for
implementation.

Looking at the broader landscape of neuromorphic chips, not all
neuromorphic chips share the same programmable characteristics,
nor do all specialized neuromorphic chips support the full range of

functionalities required for various whole-brain models. However,
programmability and configurability has emerged as a dominant trend
in the neuromorphic computing field®. Therefore, we are highly
optimistic about the applicability and flexibility of current and future
neuromorphic platforms.

Optimizing data orchestration on GPUs

GPUs employ a hierarchical memory design similar to CPUs. Different
memory levels have varying capacities, bandwidths, and latencies, and
are shared by different scales of computing resources. The GPU pro-
gramming model allows control over data placement in the memory
hierarchy to some extent. Proper data organization can significantly
reduce memory access overhead during program execution. In the
parallel simulation of brain dynamics models, different types of vari-
ables and data are allocated in the memory hierarchy based on their
capacity requirements and access patterns. First, all variables are
explicitly stored in the on-chip memory (including the RF and the
shared memory) of the GPU whenever possible, and they are only
copied to global memory when the on-chip space is insufficient or
when the variables need to be transferred to the host (i.e., general-
purpose processors). Second, most of the state variables and the
intermediate variables in each node such as H,, x;, z;, and f; are kept in
the RF for local calculation in SPs. This is because these values need to
be frequently read, modified, and written during each iteration, and
they do not need to be shared with other nodes. Third, the average
synaptic gating variable, S;, as a special case of state variables, is stored
not only in the local RF but also in the shared memory. As S; influences
the activities of other nodes through the SC (see Eq. 1), it needs to be
stored in the shared memory for access by all nodes in the model. The
shared memory copy is updated to match the local copy after each
iteration. Last, static data at the model level, including the SC matrix
and parameters that need to be tuned, will be stored in the shared
memory if possible, as they are frequently used by all nodes. If the
model is too large for the SC to fit in the shared memory, we will store it
in the global memory, which is automatically determined at compile
time based on the model size.

Generalization of the proposed pipeline to other brain
dynamics models
Different whole-brain models employ distinct differential equations to
describe brain regions, and the signals may exhibit different
characteristics’>. The DMF model we primarily focus on evolves from
random initial states to fixed points during simulation and exhibits
random fluctuations around these fixed points driven by noise. In
contrast, oscillator-based models such as the Hopf and Kuramoto
models demonstrate pronounced periodic oscillation over time, with
variables showing regular temporal patterns rather than the stochastic
fluctuations observed in the DMF model. Therefore, to demonstrate
the generalization of our proposed pipeline, we conduct additional
validation experiments over the Hopf model®*.

The whole-brain dynamics of the Hopf model can be described by

dz; . -
4t ~@rionz; 17z 8y Culzi —z)+m, ®)
k=1

where z;=x; + iy;is the complex state variable of the brain regionj, |z;| is
the module of z;, the parameter a is the bifurcation parameter, which
we make constant across nodes, wj is the intrinsic angular frequency, g
is a global scaling of the connectivity C, and r; is uncorrelated white
noise. From the modeling foundation perspective, the Hopf model
represents a phenomenological approach to whole-brain dynamics, in
contrast to the DMF model, which is a biophysically grounded model
derived from microscopic spiking neuron networks. From the
dynamical behavior perspective, the Hopf model under certain
parameter regimes exhibits oscillatory dynamics mentioned in
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ref. 93, fundamentally different from the DMF model, which converges
to fluctuations around a fixed-point attractor. The difference allows us
to validate our approach across distinct dynamical regimes.

We first validate the low-precision simulation of the Hopf model.
Since the Hopf model we employ has only two parameters (the bifur-
cation parameter a and the global scaling parameter g), we directly
computed the correlation between simulated and empirical FC results
across the two-dimensional parameter space, and compared the cor-
relation distributions of high-precision and low-precision models.
Supplementary Fig. S10 demonstrates that the quantization approach
can maintain strong correspondence with high-precision simulations
for oscillatory dynamics. Specifically, the correlation between high-
precision and low-precision FC results across the parameter space can
reach r=0.9968 (p <10™), indicating that the low-precision model can
effectively capture the parameter-dependent FC patterns observed in
the high-precision model. Our results are also consistent with previous
findings**”*, demonstrating that the fitting performance improves
(with higher correlation) when the scaling factor is sufficiently large.
Additionally, due to differences in the empirical data and the compu-
tational method for scaling factor normalization, the specific optimal
regime we identify shows some variation from previous work. Fur-
thermore, we note that our analysis in Supplementary Fig. S10 does not
distinguish between stable and unstable regions®® within the para-
meter space. If we focus exclusively on the stable dynamical regions,
the correlation between low-precision and high-precision simulation
results would likely be even stronger.

We also validate the acceleration potential of the Hopf model
simulation on the advanced computing architectures. We conduct
experiments over the Hopf model with 68, 148, and 512 nodes, and
compare the performance of CPU and brain-inspired computing chip
implementations. The results are summarized in Supplementary
Table S6. Unlike the DMF model, the Hopf model requires smaller time
steps for simulation, resulting in significantly longer simulation times
on CPU, with simulation time accounting for a higher proportion of the
total inversion time. Additionally, the warm-up phase in the brain-
inspired computing chip pipeline also consumes more time. Despite
these challenges, the brain-inspired computing chip pipeline still
demonstrates significant acceleration compared to the CPU imple-
mentation, achieving speedup factors of up to 90.3 x for simulation
time and 30.4 x for overall inversion time in the 512-node case.

Scalability to larger numbers of parameters

Recent work emphasizes the need for inferring whole-brain models
with larger numbers of parameters”>®’, including region-specific
parameters. The proposed pipeline can scale effectively to accom-
modate such increased parameter complexity. From the quantization
perspective, the number of model parameters does not fundamentally
change the basic quantization workflow. Regardless of how many
tunable parameters exist in the model, the quantization process relies
on determining quantization parameters based on floating-point
results during the warm-up stage and the QPS stage. We explicitly
perform model inversion using the proposed low-precision simulation
to train a model with region-specific local excitatory recurrence
parameters (w) on empirical data. We use the PSO algorithm to search
for optimal parameters. Here, the noise amplitude is also included as
an optimizable parameter. We conducted 30 repeated simulations
using both high-precision and low-precision models with the searched
parameters. The correlation between low-precision simulated and
empirical FC results is, on average, 0.7299 (p<107*), with an SD of
0.0115. The correlation between high-precision simulated and
empirical FC results also reaches 0.7228 (p<10™*), with an SD of
0.0093. Meanwhile, the correlation between the FC results from the
two precisions reaches 0.9603 on average (p <10™). As a baseline, the
correlation between the empirical SC and FC is 0.4545. The results
demonstrate that our quantization approach maintains high fidelity

even with increased parameter complexity. In addition, we find that
region-specific parameters lead to larger difference of the numerical
ranges across brain regions. The proposed group-wise quantization
strategy can effectively handle this heterogeneity.

From the hardware acceleration perspective, the primary impact
of increasing the parameter number is on the population size and
iteration count of the population-based optimization algorithms like
PSO and CMA-ES, as higher-dimensional search spaces demand greater
search efforts. However, these algorithmic changes do not affect the
applicability of our proposed method. In fact, larger population sizes
increase the parallelism potential of the optimization algorithm,
allowing better utilization of more parallel hardware resources and
potentially increasing the advantage of GPUs and brain-inspired
computing chips over CPUs. Even when the parallel architectures
cannot simultaneously evaluate the entire population, all computa-
tions can be completed through simple time-division multiplexing.
The number of iterations clearly does not impact the hardware
deployment feasibility.

In summary, the proposed approaches can scale to larger para-
meter spaces, with the quantization strategy adapting naturally to
increased model complexity while the parallel hardware architectures
providing enhanced benefits as computational demands grow.

Generalization to diverse neuromorphic platforms
Brain-inspired computing chips are inherently advantageous for this
neuroscience application due to common architectural features
inspired by the brain, like data locality, massive parallelism, and spe-
cialized circuit efficiency®®. Our proposed methods are designed to
leverage these characteristics, making neuromorphic platforms a
natural fit for modeling macroscopic brain dynamics.

However, significant differences between platforms pose adap-
tation challenges. Many neuromorphic platforms, especially analog
designs, are highly optimized for the efficient simulation of spiking
neurons’’; however, the specialization makes them unable to directly
support the non-spiking models we use. Drawing from the Neural
Engineering Framework’>*>?¢, the primary hurdle is “Representation,”
i.e., the whole-brain models use continuous signals, not spikes. The
“Transformation” and “Dynamics” principles, conversely, are funda-
mentally similar and may require only implementation adjustments.

Adapting our framework to digital chips is straightforward once
they support non-spiking data types. Analog circuits, in contrast,
require deeper modifications at both the hardware and algorithmic
levels. Hardware adjustments would involve re-purposing neuron cir-
cuits for non-spiking differential equations, or alternatively, designing
spike-based encoding schemes. Synaptic circuits would also need to
process these new signal types and support more complex recurrent
dynamics. Algorithmically, quantization methods would need to be
adapted for the target hardware, for instance, by replacing discrete
integer constraints with noise constraints for analog circuits.

Fortunately, the evolution of neuromorphic computing is likely to
simplify this process. A trend towards hybrid, configurable archi-
tectures that support both spiking and non-spiking models is evident
in platforms like the TianjicX chip*?, Loihi 2%, SpiNNaker 2°°, Brain-
ScaleS 2%, and PAICORE*. This shift toward mixed-signal and recon-
figurable designs® will broaden the applicability of our pipeline,
making future platforms increasingly suitable for macroscopic brain
modeling.

Estimating the computational performance of different
architectures

To compare the performance of model inversion implementations
across different architectures, we need to measure or estimate the
time consumed during the inversion process. We use an 8-core AMD
Ryzen 7 7800X3D as the baseline CPU, paired with 64GB DDR5
memory to form the general-purpose platform, running Windows 11
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24H2. All experiments involving the general-purpose platform
(including the CPU-based model inversion and the host-dependent
steps of model inversion based on parallel computing platforms) are
conducted with this setup. We implement the models and algorithms
and measure their execution times on the general-purpose platform
with MATLARB, as it is currently one of the most commonly used tools in
this field and can easily utilize the CPU’s multi-core parallelization and
vectorization acceleration.

We select TianjicX*? and NVIDIA RTX 4060 Ti as the experimental
platforms for the brain-inspired computing chip and the GPU,
respectively. Detailed specifications for both platforms are provided in
Supplementary Table S1. Their computing power is relatively com-
parable. On the GPU platform, we implement parallel simulation of
coarse-grained brain dynamics models with CUDA, and use Nsight
System to measure the kernel execution time, data transfer time
between host and device, and latency hiding. The total time con-
sumption for the entire inversion process is calculated based on the
GPU-based inversion workflow (detailed in Supplementary Fig. S8). As
mentioned above, the times consumed by host-dependent steps, such
as pre-processing and post-processing, are measured on the general-
purpose platform.

The situation with the brain-inspired computing chip is different.
TianjicX is a prototype chip with a less comprehensive interface and
software support compared to the commercial GPUs. We implement
model simulation and on-chip data transfer using specialized instruc-
tions, and evaluate the time consumption with a cycle-accurate chip
simulator. For fair comparison, we assume the chip has the same PCle
4.0 x8 interface as the GPU, and estimate the data transfer time between
the host and device at 80% bandwidth utilization. The inversion work-
flow based on the brain-inspired computing chip is illustrated in Sup-
plementary Fig. S7. Similarly, we calculate the total time consumption
based on the duration of each step. In addition, we did not consider
group-wise quantization when measuring the quantization overhead on
the host, as this step is not always necessary for model inversion. Other
experimental details can be found in Supplementary Table S2.

Goodness-of-fit indicators and other quality metrics

To validate the performance of low-precision models in reproducing
empirical brain network characteristics and to compare their perfor-
mance with high-precision models, we employ a comprehensive set of
methods to quantify and contrast the properties of these models. Firstly,
we calculate the FC matrix for each subject based on the Pearson cor-
relation coefficient between the BOLD time series. The simulated time
series length strictly corresponds to the time series length provided in
the dataset (i.e., 14.4 min). The FC matrices are then averaged across
subjects to obtain group-level connectivity patterns for model valida-
tion. To capture the spatiotemporal dynamics of FC, we compute the
FCD matrix, which represents the similarity of FC matrices over time. For
each participant, the FC within each sliding time window is calculated,
and the similarity between FC matrices of each window is measured
using Pearson’s correlation to generate the FCD matrix. The pdf of the
FCD matrix is obtained by folding the upper triangular terms of the
matrix into a histogram and normalizing it to an area of one”’. We assess
the similarity between simulated and empirical FCD matrices by calcu-
lating the KS distance between their pdfs, with a smaller KS distance
indicating better model performance in reproducing empirical data.

A hallmark of brain activities is the metastable neural dynamics,
which can flexibly reconfigure distributed functional sub-networks to
balance the competing demands of functional segregation and inte-
gration, thereby supporting the brain’s diverse and complex
functions'*®, Research has shown that brain activities typically operate
near a critical point®. This organizational state provides the system
with essential stability while still allowing for efficient information
transmission and processing, which corresponds to a high degree of
neural metastability. Thus, in this study, metastable neural dynamics

also serves as a crucial criterion for model validation. To quantify
neuronal population dynamics, we use the Kuramoto order parameter
to measure phase coherence. Synchrony indicates average instanta-
neous phase coherence, while metastability, defined as the standard
deviation of the order parameters, reflects the temporal variability in
synchrony.

To evaluate the ability of low-precision models to reproduce the
spatial topology of empirical data, we utilize the Brain Connectivity
Toolbox™ to characterize the functional properties of each node using
local topological properties derived from group-level functional net-
works. These properties include degree centrality, clustering coefficient,
betweenness centrality, participation coefficient, Z-score of within-
module degree, local efficiency, and node strength. These metrics
quantify the role of nodes in promoting network integration across
multiple brain regions and efficient processing within local regions'**'",

For temporal complexity measures, we employ the sample
entropy as our primary metric. Sample Entropy quantifies the reg-
ularity of a time series by computing the negative natural logarithm of
the conditional probability that two similar sequences will maintain
their similarity when extended by one data point'®. A higher sample
entropy value reflects more complex nonlinear dynamics (e.g., chaotic
or stochastic behaviors). This metric is widely employed in biomedical
signal analysis, particularly for characterizing dynamic properties of
neuroimaging data such as fMRI and EEG'*™'%,

Through these methods, we comprehensively evaluate the ability
of low-precision models to capture both the dynamic and static
aspects of brain network organization, providing critical insights into
their applicability in brain network modeling.

Multimodal neuroimaging dataset and data processing

We utilize TIw MRI, dMRI, and rs-fMRI from 45 subjects from the HCP
Retest data release'*®. The subject population appears to be relatively
small, as the primary objective of using the data in our study is to validate
the effectiveness and accuracy of the framework, rather than conducting
extensive statistical analyses of population features. Further details
regarding data collection can be found on the HCP website (https://
www.humanconnectome.org/study/hcp-young-adult). All MRI data are
pre-processed according to the HCP minimal pre-processing pipeline'”’.
After the HCP dMRI step, fiber tracking is performed using the MRtrix3
package'®®. Details of the tractography procedure can be found
elsewhere'”. Following the data pre-processing, cortical parcellation is
defined using the Desikan-Killiany atlas"® and Destrieux atlas™. Subse-
quently, we extract weighted connectivity matrices for each individual,
including 68 x 68 matrices based on the Desikan-Killiany atlas and
148 x 148 matrices based on the Destrieux atlas, for both SC and FC. In
addition to individual SC matrices, a group-averaged SC matrix is gen-
erated by retaining connections that are present in at least 50% of the
subjects within the group. To ensure consistency across models, the SC
matrices are normalized such that their maximum entry is set to 0.2.
These matrices are then used to construct individual and group-level
brain models. Further details regarding the data processing and feature
extraction can be found elsewhere®. In the indicator distribution
experiments, we primarily employ the 68-node group-averaged model.
For computational performance evaluation, we utilize both 68-node and
148-node models, and synthesize random SC and FC data ranging from
64 to 512 nodes to explore scalability. We also use a larger HCP 1004
dataset, which has been used in previous work®, to present the key
inversion results in Supplementary Table S7.

Data availability

The HCP Tlw MRI, dMRI, and rs-fMRI data used in this study are
available at https://www.humanconnectome.org/study/hcp-young-
adult. The processed individual data, group-averaged data, and the
synthetic data are available at https://github.com/GnohzZ/Brain-
Dynamics-Modeling-Acceleration.
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Code availability

Source codes for reproducing the results in this paper are available at
https://github.com/GnohzZ/Brain-Dynamics-Modeling-Acceleration,
with a Zenodo link https://zenodo.org/records/17104941"2,
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