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1. eBRAIN-Health

The Project eBRAIN-Health will deliver a distributed research platform for modeling and simulating
complex neurobiological phenomena of human brain function and dysfunction in a data protection
compliant environment. It will provide thousands of multilevel virtual brains from patients and healthy
human controls for research and innovation. Brain data from multiple sources will be pre-processed.
Solving the societal grand challenge of dementia is a big task. Yet it appears feasible in a collective
approach. Therefore, we will build an interdisciplinary digital twin for dementia for modeling and
simulating complex phenomena at the service of research infrastructure communities. eBRAIN-Health-
Cloud will offer end-to-end services for personalized complex brain modeling and simulations in
distributed e-infrastructures with data protection by design and by default and simulation-ready
human multiscale brain data that range from molecular (genomics, proteomics, metabolomics) and
cellular to electrophysiology and imaging to behavioural, clinical, life-style and environmental data as
well as data from wearables. Brain data are pre-processed and annotated such that they all relate to a
common reference 3D brain space.

eBRAIN-Health-Cloud constitutes a blend of three large-scale research programs: the FET Flagship
Human Brain Project with its EBRAINS Research Infrastructure, the EOSC project Virtual Brain Cloud
with its Virtual Research Environment for sensitive data and the H2020 project AI-MIND with intelligent
tools for dementia risk estimation. The project will have synergies to topics of the Digital Europe
Program, such as artificial intelligence, cybersecurity and supercomputing and the Health Data Space.
eBRAIN-Health-Cloud offers a next generation clinical research infrastructure and creates an open yet
protected space for groundbreaking digital health innovation by the research infrastructure
communities comprising academia and the private sector.

2. eBRAIN-Health consortium
e CHARITE — Universitaetsmedizin Berlin, Germany
e EBRAINS, Belgium
e Forschungszentrum Juelich GmbH, Germany
e Stichting Radboud Universiteit, Netherlands
e Universidad Pompeu Fabra, Spain
e OSLO Universitetssykehus, Norway
e tp21 GMBH, Germany
e Fraunhofer Gesellschaft zur Foerderung der Angewandten Forschung eV, Germany
e [INDOC RESEARCH EUROPE gGmbH, Germany
e Universitaet Wien, Austria
e Universidad Complutense de Madrid, Spain
e FEODYNE Systems SL, Spain
e ATHENA — Research and Innovation Center, Greece
e University of Oslo, Norway
e Universita degli Studi di Roma la Sapienza, Italy
e Alzheimer Europe, Luxembourg
e |nstitute National de Recherche en Informatique et Automatique, France
o Centre Hospitalier Universitaire Vaudois, Switzerland
e The University of St Andrews, United Kingdom
e Eidgendssische Technische Hochschule Zirich, Switzerland

Find the partners on our website
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3. Introduction

Multi-scale simulation refers to simulating hybrid models of the whole brain, in which most of the brain
is modelled as a large scale network of neural masses (mesoscopic mathematical models of neuronal
populations) and selected brain regions as networks of (spiking) neurons, i.e., at the cellular level
(Kusch et al. 2024; Meier et al. 2022; Geminiani, Meier, Perdikis et al 2026; Schirner et al. 2022). D6.3
delivers the engine that runs such models, reachable through the EBRAINS metadata standards and
executable on an HPC scheduler.

The model inversion and validation workflows of T6.3 build on these engines, and the standardised
models they produce reach the EBRAINS Knowledge Graph in D6.4.

4. Partners involved
D6.3 sits in T6.2 Multiscale brain model development and model standards (M12—-M48).
e Charité — Universitidtsmedizin Berlin / Berlin Institute of Health (BIH), Germany, task lead.
Brain Simulation Section (Prof. Petra Ritter).
¢ Institute for Bioengineering of Catalonia (IBEC), Spain and Universitat Pompeu Fabra (UPF),
Spain, task partners. Multi-scale model development.

5. Description of work performed

5.1 TVB-Multiscale toolbox

5.1.1 Overview

TVB-multiscale is a Python toolbox that interfaces TheVirtualBrain (TVB) with state of the art software
for simulating spiking neural networks aiming at modeling and co-simulation of multiscale models of
the whole brain.

TVB is the whole-brain simulator of EBRAINS, the European research infrastructure for digital brain
science (Sanz Leon et al. 2013; Sanz-Leon et al. 2015; Ritter et al. 2013); it also runs there as a cloud
service (Schirner et al. 2022). TVB couples neural mass models (i.e., low-dimensional dynamical
systems describing the evolution in time of the macroscopic activity of a neuronal population) through
an empirical structural connectome (the matrix of white-matter connection strengths between brain
regions, including the conduction delays tract lengths imply). Whole brain models at this scale of
description, that of a large-scale network, are suitable for generating virtual neuroimaging signals (e.g.,
EEG, MEG, SEEG, BOLD) when simulated. Thus, TVB models can be fitted to an individual’s own
neuroimaging data.

TVB-multiscale (see Figure 1) allows for co-simulation of TVB models with spiking networks modelled
and simulated by any of three dedicated software packages: NEST (Terhorst et al. 2025) via its Python
interface PyNEST (Eppler et al. 2008), NetPyNE (Dura-Bernal et al. 2019), i.e., a python interface to
NEURON (Hines & Carnevale 1997), and ANNarchy (Vitay et al. 2015). Most of the brain is modeled by
TVB as a large-scale network, whereas selected brain regions are modelled as subnetworks of spiking
neurons, using one of the above three software packages. The resulting hybrid models are co-
simulated with data being exchanged between the two types of models at regular intervals of
synchronization.

TVB-multiscale (a) facilitates the definition of multiscale models and co-simulations in a way almost
identical for the three spiking simulation software packages, (b) implements interfaces between TVB
and the spiking simulators, i.e., Python classes and functions for the exchange and transformation (e.g.,
from spike times to rates and vice versa) of data and (c) executes co-simulation. Moreover, TVB-
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multiscale offers additional tools for data analysis and plotting of the simulated time series, based on
Elephant (Denker et al. 2026; Elephant (RRID:SCR_003833)) and pyspike (Mulansky et al. 2016) Python

packages.
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Figure 1: Mutlsicale co-simulation. Multiscale co-simulation refers to the simulation of hybrid
models of TVB, simulating the whole brain as a large-scale network of brain regions, using
neural mass models, whereas specific brain region nodes are modelled as networks of spiking
neurons, using one of the NEST, NetPyNE and ANNarchy simulators. The interface of the two
scales, the whole brain and the cellular one, is possible via the mesoscale of the populations
level, given that the state variables of neural mass models capture the mean field dynamics of
neuronal populations, which can be converted to cellular activity and vice versa via statistical
descriptions of population activity.

5.1.2 Fundamental assumptions

TVB-multiscale is based on the following fundamental assumptions:

a) The two scales of the multiscale model, i.e., the large-scale network of TVB and the networks of
spiking neurons, are interfaced via a mapping at the mesoscale level between state variables of the
TVB neural mass models and the aggregate activity of neuronal populations. The coupling state
variables of TVB models are used to generate activity (e.g., spiking or current) to be injected to the
spiking network models, whereas the spiking activity of the spiking models can be aggregated
statistically to produce mesoscopic quantities at the same level of description as the corresponding

state variables of TVB.
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b) Spiking networks are always inserted at specific brain regions of the TVB connectome, i.e., each
population of spiking neurons must reside at one of the brain regions of the TVB model and be labeled
by the corresponding brain region label.

c) The coupling variables of TVB, i.e., the state variables of the neural mass models that are
communicated among brain regions for the implementation of large-scale coupling, of the brain
regions implemented as spiking networks must always be updated from data generated by the spiking
simulations. Therefore, the input from the spiking models to TVB functions as an update of those state
variables at the brain regions the spiking models reside. Consequently, the integrity of the TVB brain
is conserved, i.e., source activity or neuroimaging brain signals resulting from co-simulation is
generated and recorded for the whole TVB brain, including the regions modelled as spiking networks.
d) Inputs from TVB to the spiking models, instead, function as a large-scale coupling in two modes: (a)
either they are computed via TVB identically to coupling towards any other node of the TVB network,
in which case connectivity weights and delays are already taken into consideration, and, therefore, the
resulting coupling input is sent to the spiking networks “just-in-time", i.e., in order to be applied at the
next time step of simulation, (b) or what is sent to the spiking networks is the current source activity
of each TVB brain region to be applied in the future with the corresponding weight and time delay of
the TVB connectivity, in which case the summation of all inputs happens indirectly, through the spiking
simulation.

e) Synchronization between TVB and the spiking simulation takes place at intervals equal or smaller
than the minimum delay of the TVB connectivity.

f) The time step of integration of the TVB model must be an integer multiple of the time step of
integration of the spiking model for accurate synchronization of the two components of the co-
simulation.

5.1.3 Main components

TVB-multiscale consists of the following main classes:

a) The TVB CoSimulator, an extension of the TVB Simulator class, that contains all aspects of the TVB
part of the model (Connectivity, History, Coupling, Integrator, Monitors for recording simulated
signals, optional Stimulus) as well as the spiking network model and all interfaces between the two
models (see below). The CoSimulator executes the co-simulation.

b) The SpikingNetwork, i.e., a class that implements the spiking model and contains the spiking
networks organized in terms of populations of neurons (SpikingPopulation) associated to specific brain
regions (SpikingRegionNode) of the TVB connectivity as well as any stimulation or recording devices
(Devices) included in the model. The SpikingNetwork model executes the spiking network simulation.
c) Communicators, i.e., classes implementing the exchange of data between the two simulators, either
via computer memory or via files.

d) Transformers, i.e., classes implementing transformations of the data exchanged between the two
simulators, including transformations from rates to spikes and vice versa, making use of the algorithms
implemented in the Elephant (Denker et al. 2026; Elephant (RRID:SCR_003833)) Python package.

e) Proxies, i.e., classes implementing stimulating or recording devices inside the spiking network
model, which either propagate TVB activity towards the spiking populations or record the spiking
activity to aggregate it and send it towards TVB. In other words, instances of the Proxy class represent
TVB nodes within the spiking model.

f) Interfaces, i.e., classes that implement the exchange and transformation of data between the two
simulators, consisting of the appropriate concatenation of Communicators, Transformers and Proxies.
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All the above components are abstracted such that multiscale models can be defined in almost
identical manner, no matter the spiking simulator software used (NEST, NetPyNE or ANNarchy).
Moreover, additional classes of builders corresponding to the above components (e.g.,
InterfaceBuilder) facilitate the definition and generation of multiscale models and the preparation of
co-simulation. Preconfigured models and co-simulation examples are made available as opinionated
builder classes, whereas users can generate their own models and simulations using non-opinionated
builders as a starting point. More experienced users can also bypass the builders for the spiking
models, e.g., they can create the spiking models using directly NEST, NetPyNE or ANNarchy commands.

5.1.4 Main workflow

In most cases, the workflow for the generation and co-simulation of a multiscale model with TVB-
multiscale consists of the following steps:

1. Setup configuration, i.e., specifying a set of parameters of the multiscale model and co-simulation
of a dedicated Config class (default values are contained in the Config class).

2. Building the TVB model and CoSimulator.
3. Building the spiking network model.

4. Building interfaces between them, which includes configuring the (a) mappings between state
variables of TVB’s neural mass models and neuronal populations of the spiking models, (b) the
transformations of the data exchanged, (c) the proxies of TVB nodes inside the spiking network model,
and (d) the data exchange via memory or files.

5. Execution of co-simulation.

6. Collection of the generated time series or other observables and performing any additional
operation such as data analysis and plotting.

5.1.5 Resources, test coverage, documentation, contribution and usage

TVB-multiscale has an open-source dedicated Github repository (https://github.com/the-virtual-
brain/tvb-multiscale) under GNU General Public License. Users who wish to contribute to the code can
submit pull requests there.

The easiest way to use TVB-multiscale is by building a Docker image with all dependencies installed,

using the respective Dockerfile (https://github.com/the-virtual-brain/tvb-
multiscale/blob/master/docker/Dockerfile). The latest Docker images built by the developers can be
downloaded from TheVirtualBrain’s page in Dockerhub

(https://hub.docker.com/r/thevirtualbrain/tvb-multiscale). TVB-multiscale is made available also via
EBRAINS lab (https://lab.ebrains.eu/).

TVB-multiscale depends heavily on the rest of the TVB software base, including code that facilitates
co-simulation, such as the CoSimulator class within the tvb-root/tvb_contrib package
(https://github.com/the-virtual-brain/tvb-root/tree/master/tvb_contrib/tvb/contrib/cosimulation).
This part of the code is covered by tests following the TVB standards. Ongoing work aims to extend
this test coverage to the TVB-multiscale itself.
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TVB-multiscale code is documented following TVB standards. Example notebooks are made available
(https://github.com/the-virtual-brain/tvb-multiscale/tree/master/docs/notebooks) and uploaded to
EBRAINS’ Collaboratory as well (https://drive.ebrains.eu/library/3275f688-4157-4753-b205-
bec2f47bef34/Co-Simulation%20The%20Virtual%20Brain%20Multiscale%20/), so that users can run
them in EBRAINS’ lab.

5.2 TVBO: a declarative multi-scale simulation engine

Each TVB model is a Python object written against that one simulator. Multi-scale extension is
therefore expensive: opening a region to a finer model means hand-writing an interface between two
simulators, and what comes out is legible only to the code that runs it.

TVBO, The Virtual Brain Ontology (https://tvbo.charite.de) (Martin et al. 2025, 2026), is the open-
source layer that replaces that Python object with a declarative specification: a machine-readable
statement of what the model is, held separately from any code that executes it. One specification
generates the executable code, the job kit for a high-performance computing (HPC) cluster and the
EBRAINS metadata records (Figure 2).

A specification is a network: nodes carry dynamics, edges carry coupling. A multi-scale model is that
same object nested. A node’s subnetwork holds a complete network of its own, so a cortical region
can contain a spiking population or a trainable recurrent network, while cross-layer edges declare
which state variable passes between the levels and in which direction. Nothing sits between the two
scales: the nested network is the model, and code generation emits whatever each target engine needs
to run both levels together.

a b
whole brain macro layer mean-field network + connectome [ [ J :;?ge\élcrélﬁlasgagg‘ays ]
-6 0 660 o tvooptim (JAX)
proxy region fitting, gradients, GPU
Brian2
cross-layer S (n-s [ L spiking populations
edges source var target var o
@ NeuroML / LEMS
fmm—————————— one spec model exchange
EEA . el ) YAML + HDF5 | \ ==
Srtle node_mapping ° ° ! ] Jaxle i
,,4_‘_,—”““ Rarent_nelyork : ° . . : code generation biophysical neurons :
i Ve =T _. - 490 TrrmmmmmmmmmmmmmmmmmmmemmeeT
single neurons micro Iayer Node. subnetwork @ runs © in development O planned
Cc
intra-node
vmap / pmap
tvbo workflow task / subject 0 openMINDS
self-contained EBRAINS Knowledge Graph
kit finalize 5
task / subject 1
O~ frozen spec ! I i o BIDS
one Spec network.h5 one result results + provenance
YAML + HDF5 backend script YAML + HDF5
task / subject 2
code + env = NeuroML / LEMS
model exchange
)

inter-node tier
distribute.chunk

Figure 2: The multi-scale simulation engine. (a) Left: the scales as anatomy: the left hemisphere of the Desikan-
Killiany connectome on the cortical surface (lateral view), the proxy region boxed, and opened out of it the
morphologically detailed neurons of the finer scale. Right: the same two scales as the specification writes them, with
the named state variables that cross between the layers. (b) Code generation turns that specification into code for
any engine, The Virtual Brain first; one row per engine, what it runs, and whether it runs today or is planned. (c) The
kit fans across a cluster on two tiers, one scheduler task per sweep shard or per subject between nodes and a batch
of parameter cells on device within each task; the merged result leaves in the EBRAINS metadata standards.
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5.2.1 One specification across scales

Four schema elements carry the layered network. Node.subnetwork holds the detailed patch.
Network.parent_network and node_mapping tie each detailed node to its parent region; a region
driven by the aggregate of its patch instead of by its own mean-field equations is a proxy, the standard
pattern for co-simulation. Edge.source_network and Edge.target_network route signals across layers,
and source_var and target_var name which state variable crosses, so the rate-to-spike transformation
and its inverse are explicit parts of the model. Both scales and their interface fitin one human-readable
text file (YAML) plus one binary companion (HDF5, a container for large numeric arrays) holding the
matrices.

Direction is a property of the edges, not of the engine. Downward edges alone give the unidirectional
case: a large-scale input driving the small-scale network in a selected region. Add an upward edge,
whose pooled micro activity enters the long-range coupling, and the loop closes so the two scales
interact.

A backend that cannot yet run a specification can still read it, so a model can be authored, reviewed
and archived before its engine lands.

5.2.2 Swappable engines

The engine is a code-generation target, not a fixed dependency. Every specification renders first to TVB
itself, which gives each model a reference implementation to measure the others against, and then to
each further engine, with their status, in Figure 2.

Spiking populations run on a native Brian2 backend (Stimberg, Brette, and Goodman 2019). A backend-
neutral lowering layer, shared with the NeuroML exporter so the two cannot drift apart, turns node
populations, connectivity rules and synaptic biology into backend code. All-to-all conductance
projections become O (N) summed population terms instead of O (N?) explicit synapses, which is what
makes cortical-column sizes tractable, while sparse rules (random with a connection probability, or
one-to-one) become real sparse synapse objects. A study file picks its backend declaratively
(execution.backend), so mean-field and spiking experiments sit side by side in it. Generated from a
Deco et al. (2014) study file, a 160-excitatory / 40-inhibitory column settles at E 2.91 Hz / | 7.68 Hz
against the paper’s 2.92 / 7.54 Hz, and at a fixed seed is spike-for-spike identical to an independently
hand-written implementation of the same column.

NeuroML / LEMS (Low Entropy Model Specification) (Sinha et al. 2024) carries models out. Every
Dynamics becomes a self-contained LEMS ComponentType with physical dimensions and a network
becomes populations and projections, so a model can be checked against a formal type system and
shared with other simulators. Cells, ion channels and synapses also come in by reference: iri:
neuroml:<TypeName> pulls the equations from the NeuroML2 library and the specification supplies
only parameter values. That same column exported to LEMS runs in jNeuroML and reaches the same
regime, so the export is a running model, not a write-only artefact. Of the runners we tested only
jNeuroML accepted a network of this form, which is why LEMS is the exchange artefact and Brian2 the
compute path.

Trainable recurrent nodes go to the differentiable tvboptim (Pille et al. 2025) / JAX (Bradbury et al.
2018) backend. Python lowers a per-region reservoir with linear cross-layer coupling into an equivalent
flat network that the existing backend executes unchanged. The multi-scale structure therefore stays
out of the generated kernel, which preserves automatic differentiation (the gradients a fit needs) and
GPU batching. The lowering carries the bidirectional form, downward drive and upward pooled
observer both, and it checks that the specification belongs to the model class it can fold, so anything
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outside that class is rejected instead of silently becoming a different model. The folded network stays
differentiable, so per-region readouts train through tvboptim’s own optimiser instead of a separate
learning script.

5.2.3 HPC backend

tvbo workflow {slurm,snakemake,nextflow} freezes an experiment into a self-contained kit (Molder et
al. 2021; Di Tommaso et al. 2017): the effective specification after merging study, experiment and
command-line overrides, the connectome, the rendered backend script, any custom modules, an
environment file and the scheduler artefact. Re-emitting from it reproduces the run with no flags, so
the kit doubles as a provenance record. Its lifecycle is three independent commands, emit, submit and
finalize, so a kit can be built on a laptop, shipped as one archive, and submitted on a login node that
never sees the recipe or the connectome database.

Work is distributed on two independent tiers. Between nodes, workflow.distribute.chunk splits a
sweep into scheduler tasks (a Slurm array); within a node, the backend evaluates many parameter cells
in one vectorised pass (vmap) and spreads them across that task’s local devices (pmap). Keeping the
tiers apart lets one experiment fan out across plentiful central processing unit (CPU) nodes and another
hold the whole grid on a single scarce GPU, with no edit to the specification. A container image
declared in the specification wraps execution, so a kit runs the same way on any cluster that provides
the scheduler it targets. A scheduler task is one shard of a sweep or one subject of a cohort: an
experiment fitting per-subject data declares a Brain Imaging Data Structure (BIDS) dataset root, and

the planner lowers it to one task per subject.

5.2.4 Model standards and EBRAINS metadata

The infrastructure is reached through metadata standards, not through a one-off integration.
Simulation experiments export to and import from openMINDS in JSON-LD (JavaScript Object Notation
for Linked Data), the metadata schema of the EBRAINS Knowledge Graph (Open Metadata Initiative
2020; Amunts et al. 2022), so a multi-scale model and its provenance can be registered there and found
by others. Results export in the BIDS layout with provenance (Poldrack et al. 2024; Schirner and Ritter
2021), the organisation the project’s empirical derivatives already use, and models leave through
NeuroML / LEMS. The software is open source under the European Union Public Licence (EUPL-1.2) in
a public repository (Martin et al. 2026).

6. Results

6.1 TVB-multiscale for multiscale co-simulation of TVB with NEST, NetPyNE and ANNarchy
alike

TVB-multiscale has already been used in two original studies for modeling and co-simulation of TVB
with ANNarchy (Meier et al. 2022) and NEST (Geminiani, Meier, Perdikis et al. 2026). In the former
publication, co-simulating a whole TVB brain model with a spiking model of basal ganglia implemented
in ANNarchy allowed to study how the effects of Deep Brain Stimulation (DBS) to the STN propagated
to the whole brain of Parkinson patients. In the latter study, a NEST model of mouse cerebellum co-
simulated with a TVB whole mouse brain model, allowed to investigate the role of the cerebellum in
the sensorimotor coherence during free whisking.
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Here, TVB-multiscale usage is demonstrated by three examples of co-simulation, one for each of the
three spiking simulators (NEST, ANNarchy and NetPyNE), which can be found as respective Jupyter
notebooks in Github (https://github.com/the-virtual-brain/tvb-
multiscale/tree/master/docs/notebooks) and in EBRAINS Collaboratory
(https://wiki.ebrains.eu/bin/view/Collabs/the-virtual-brain-multiscale/Drive#tvb-multiscale-collab)
and executed in EBRAINS lab.

First example of TVB-NEST simulation Brain regions’ level
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Figure 3: TVB-NEST co-simulation example. TVB models for the whole brain using Wilson-Cowan
neural mass model, except for two regions that are modelled as spiking networks in NEST. In all
cases, each brain region includes an excitatory and an inhibitory population with the same kinds

VIRTUAL

of connection among populations, within and among brain regions, the latter ones following
TVB connecitvity weights and time delays.

The presentation follows the general order of the main workflow shown in paragraph 0 (step 6 of
results’ data collections and/or extraction, analysis and plotting is omitted as not so relevant to this
demonstration). Relevant code snippets from those notebooks are presented below, accompanied
with explanations when needed, whereas less critical details are omitted (using the symbol “[...]") for
clarity and conciseness. Through this demonstration it can be appreciated that the larger part of the
necessary code is almost identical across all three spiking simulators, the remaining differences being
attributed mainly to respective differences among them in the implementation of spiking models.
Moreover, most of the code mass relates to the spiking model configuration and/or generation.
Instead, the code required for setting up and executing the multiscale co-simulation is relatively short.

6.1.1 TVB-NEST co-simulation

TVB-NEST co-simulation (see Figure 3) is demonstrated via a simple, multiscale model in which most
of the brain is modelled in TVB, whereas two brain regions are modelled as spiking networks using
NEST (see Jupyter notebook https://github.com/the-virtual-brain/tvb-
multiscale/blob/master/docs/notebooks/TVB-NEST_WilsonCowan.ipynb). The Wilson-Cowan model
(see Wilson & Cowan 1972 and Sanz-Leon et al. 2015 for its TVB implementation) is used for the TVB

nodes, consisting of two state variables describing the dynamical activity of an excitatory and inhibitory
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population, respectively. Likewise, an excitatory and an inhibitory population of spiking neurons (the
"iaf_cond_alpha" NEST model is used, i.e., a simple conductance based leaky integrate-and-fire neuron
model with an alpha function conductance, see https://nest-
simulator.readthedocs.io/en/stable/models/iaf_cond_alpha.html) are used to model the two spiking
brain regions.

Step 1. The first code cell sets up all general configurations after basic imports and co-simulation
options (explained in the code’s comments and referred to at next steps as well) are selected:

[..]

from tvb.basic.profile import TvbProfile
TvbProfile.set_profile(TvbProfile.LIBRARY_PROFILE)
from tvb_multiscale.tvb_nest.config import *

SIM_MODE = "tvb-nest"

NEST_MODEL_BUILDERS =
[-]

NEST_NODES_INDS = np.array([0, 1])

N_NEURONS = 100

INTERFACE_MODEL = "RATE"

INTERFACE_COUPLING_MODE ="TVB"

w_TVB_to_NEST = 2500.0

[..]
config = Config(output_base=outputs_path)

Step 2. Next, the TVB model and simulation are configured:

from tvb_multiscale.core.tvb.cosimulator.models.wilson_cowan_constraint import WilsonCowan
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model_params = {
"r_e": np.array([0.0]),
"r_i": np.array([0.0]),
"k_e": np.array([1.0]),
"k_i": np.array([1.0]),
"tau_e": np.array([10.0]),
"tau_i": np.array([10.0]),
"c_ee": np.array([10.0]),
"c_ei": np.array([6.0]),
"c_ie": np.array([10.0]),
"c_ii": np.array([1.0]),
"alpha_e": np.array([1.2]),
"alpha_i": np.array([2.0]),
"a_e": np.array([1.0]),
"a_i": np.array([1.0]),
"b_e": np.array([0.0]),
"b_i": np.array([0.0]),
"c_e": np.array([1.0]),
"c_i": np.array([1.0]),
"theta_e": np.array([2.0]),
"theta_i": np.array([3.5]),
"P": np.array([0.5]),
"Q": np.array([0.0]),
"shift_sigmoid": np.array([

The TVB CoSimulator class can be configured manually:

from tvb_multiscale.core.tvb.cosimulator.cosimulator_serial import CoSimulatorSerial
from tvb.datatypes.connectivity import Connectivity

from tvb.simulator.coupling import Linear

from tvb.simulator.integrators import HeunStochastic

from tvb.simulator.monitors import Raw

[..]
connectivity = Connectivity.from_file(config.DEFAULT_CONNECTIVITY_ZIP)
connectivity.configure()

[..]

simulator = CoSimulatorSerial()

simulator.model = WilsonCowan(**model_params)
simulator.connectivity = connectivity
simulator.coupling = Linear()

simulator.integrator = HeunStochastic()
simulator.integrator.dt = 0.1

simulator.integrator.noise.nsig = np.array([config. DEFAULT_NSIG, config.DEFAULT_NSIG])

simulator.initial_conditions = np.zeros((1, 2, simulator.connectivity.number_of_regions, 1))
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mon_raw = Raw(period=1.0)
simulator.monitors = (mon_raw, )

Alternatively, an opinionated CoSimulatorBuilder class can be used as a starting point:

from tvb_multiscale.core.tvb.cosimulator.cosimulator_builder import CoSimulatorSerialBuilder

simulator_builder = CoSimulatorSerialBuilder()
simulator_builder.config = config

simulator_builder.model = WilsonCowan()
simulator_builder..connectivity = connectivity
simulator_builder.model_params = model_params
simulator_builder.initial_conditions = np.zeros((1, 1, 1, 1))

simulator_builder.configure()

simulator = simulator_builder.build(

In both cases, this part of the code concludes with simulator configuration:

simulator.configure()

Step 3. Next, the spiking network model is built:

from tvb_multiscale.tvb_nest.nest_models.builders.nest_factory import load_nest, configure_nest_kernel

[.]

nest = configure_nest_kernel(load_nest(config=config), config)

[.]

nest_nodes_inds = NEST_NODES_INDS

synapse_model = config.DEFAULT_CONNECTION["synapse_model"]

conn_spec = {'rule": "all_to_al

allow_autapses": , 'allow_multapses'":

This can be done by using an opinionated builder:

from tvb_multiscale.tvb_nest.nest_models.models.wilson_cowan import WilsonCowanBuilder

nest_model_builder = WilsonCowanBuilder(simulator,
spiking_nodes_inds=nest_nodes_inds,
spiking_simulator=nest, config=config)

nest_model_builder.w_ee = w_n_neurons_factor * simulator.model.c_ie[0]]
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nest_model_builder.w_ei = w_n_neurons_factor * simulator.model.c_ie[0]
nest_model_builder.w_ie = -w_n_neurons_factor * simulator.model.c_ie[0]
nest_model_builder.w_ii = -w_n_neurons_factor * simulator.model.c_ii[0]
nest_model_builder.output_devices_record_to = "memory"
nest_model_builder.population_order = N_NEURONS
nest_model_builder.tvb_to_spiking_dt_ratio = 2
nest_model_builder.def_min_delay = config. DEFAULT_SPIKING_MIN_DELAY
nest_model_builder.monitor_period = 1.0

Alternatively, a more general, non-opinionating builder can be used as a starting point, which the users
can further configure:

from tvb_multiscale.tvb_nest.nest_models.builders.base import NESTNetworkBuilder

nest_model_builder = NESTNetworkBuilder(simulator,
spiking_nodes_inds=nest_nodes_inds,
spiking_simulator=nest, config=config)
nest_model_builder.w_ee = w_n_neurons_factor * simulator.model.c_ie[0]
nest_model_builder.w_ei = w_n_neurons_factor * simulator.model.c_ie[0]
nest_model_builder.w_ie = -w_n_neurons_factor * simulator.model.c_ie[0]
nest_model_builder.w_ii = -w_n_neurons_factor * simulator.model.c_ii[0]
nest_model_builder.output_devices_record_to = "memory"
nest_model_builder.population_order = N_NEURONS
nest_model_builder.tvb_to_spiking_dt_ratio = 2
nest_model_builder.spiking_dt = simulator.integrator.dt / nest_model_builder.tvb_to_spiking_dt_ratio
nest_model_builder.def_min_delay = config. DEFAULT_SPIKING_MIN_DELAY
nest_model_builder.monitor_period = 1.0

First, the neuronal populations to be created are configured:

nest_model_builder.populations = []
for pop in ["E", "I"]:
nest_model_builder.populations.append(
{"label": pop,
"model": config.DEFAULT_SPIKING_MODEL,

"params": {},

"scale": 1.0,

Notice that in all cases configurations are set as lists of dictionaries of key, value pairs.
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Then, the connections within spiking brain regions are configured:

nest_model_builder.populations_connections = [

{

"source”: "E", "target": "E",

"synapse_model": synapse_model,
"conn_spec": conn_spec,

"weight": nest_model_builder.w_ee,
"delay": nest_model_builder.def_min_delay,
"receptor_type": 0,

"nodes":

{"source": "E", "target": "I",
"synapse_model": synapse_model,
"conn_spec": conn_spec,
"weight":nest_model_builder.w_ei,

"delay": nest_model_builder.def_min_delay,
"receptor_type": 0,

"nodes": 1

{"source": "I", "target": "E",
"synapse_model": synapse_model,
"conn_spec": conn_spec,

"weight": nest_model_builder.w_ie,

"delay": nest_model_builder.def_min_delay,
"receptor_type": 0,

"nodes": 1

{

"source":

target":
"synapse_model": synapse_model,
"conn_spec": conn_spec,

"weight": nest_model_builder.w_ii,

"delay": nest_model_builder.def_min_delay,
"receptor_type": 0,

"nodes": }

Subsequently, the connections among spiking brain regions, which take into consideration the TVB
connectivity weights and time delays, are configured:

nest_model_builder.nodes_connections = [
{Hsourcen: HEH, |ltargetl|: [I|EH’ |I|H],

"synapse_model": synapse_model,
"conn_spec": conn_spec,

"weight":
source_node_ind, target_node_ind:
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simulator.coupling.a[0] * simulator.connectivity.weights[target_node_ind, source_node_ind],

"delay":
source_node_ind, target_node_ind:
np.maximum(nest_model_builder.def_min_delay,
simulator.connectivity.delays[target_node_ind, source_node_ind]),
"receptor_type": 0,

"source_nodes":

"target_nodes":

Finally, recording and stimulating devices are configured:

params_spike_recorder =\

config.NEST_OUTPUT_DEVICES_PARAMS_DEF["spike_recorder"].copy()
params_spike_recorder["record_to"] = nest_model_builder.output_devices_record_to
params_multimeter = config.NEST_OUTPUT_DEVICES_PARAMS_DEF["'multimeter"].copy()
params_multimeter["record_to"] = nest_model_builder.output_devices_record_to
params_multimeter["interval"] = nest_model_builder.monitor_period
nest_model_builder.output_devices = [

{"model": "spike_recorder",

"connections": {"E": "E",

"M,

"params": params_spike_recorder,

"nodes": 1,
{"model": "multimeter",
"connections": {"Excitatory": "E_ts",

"Inhibitory": "I_ts"},

"params": params_multimeter,

nest_model_builder.input_devices = [
{"model": "poisson_generator",
"connections": {"Stimulus": "E"},

"params": {"rate": 7000.0, "origin": 0.0, "start": nest_model_builder.spiking_dt},
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"weights": 1.0,
"delays": nest_model_builder.def_min_delay,

"receptor_type": 0,

In either case of builders, the code ends up with builder configuration and generation of the NEST
network model:

nest_model_builder.configure()
nest_network = nest_model_builder.build()

A third option, more suitable for expert users of NEST, consists of using directly pyNEST commands to
create the NEST network model. However, the resulting NEST objects must be placed within the
corresponding TVB-multiscale classes, which act as containers of and pointers to those objects:

from tvb_multiscale.tvb_nest.nest_models.network import NESTNetwork

from tvb_multiscale.tvb_nest.nest_models.brain import NESTBrain

from tvb_multiscale.tvb_nest.nest_models.region_node import NESTRegionNode

from tvb_multiscale.tvb_nest.nest_models.population import NESTPopulation

from tvb_multiscale.core.spiking_models.devices import DeviceSet, DeviceSets

from tvb_multiscale.tvb_nest.nest_models.devices import NESTSpikeRecorder, NESTMultimeter
from tvb_multiscale.tvb_nest.nest_ models.devices import NESTPoissonGenerator

tvb_to_spiking_dt_ratio = 2
spiking_dt = simulator.integrator.dt / tvb_to_spiking_dt_ratio
nest.SetKernelStatus({"resolution": spiking_dt})

nest_network = NESTNetwork(nest)

w_ee = w_n_neurons_factor * simulator.model.c_ie[0]
w_ei = w_n_neurons_factor * simulator.model.c_ie[0]
w_ie = -w_n_neurons_factor * simulator.model.c_ie[0]
w_ii = -w_n_neurons_factor * simulator.model.c_ii[0]

In a similar order as in the case of the non-opinionated buiilder, first the spiking populations are
created:

nest_network.brain_regions = NESTBrain()
for node_ind in nest_nodes_inds:
region_name = simulator.connectivity.region_labels[node_ind]

if region_name not in nest_network.brain_regions.keys():
nest_network.brain_regions[region_name] = NESTRegionNode(label=region_name)
for pop in ["E", "I"]:
nest_network.brain_regions[region_name][pop] =\
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NESTPopulation(nest.Create(config. DEFAULT_SPIKING_MODEL,
N_NEURONS),
nest, label=pop, brain_region=region_name)

Then, the connections within and among spiking brain regions are generated:

for src_node_ind in nest_nodes_inds:
src_node_lbl = simulator.connectivity.region_labels[src_node_ind]
for trg_node_ind in nest_nodes_inds:
trg_node_lbl = simulator.connectivity.region_labels[trg_node_ind]
if src_node_ind == trg_node_ind:

for src_pop, trg_pop, w in zip(["E", "E", "I", "I'],
["E", "I", "E", "I,
[w_ee, w_ei, w_ie, w_ii]):
nest.Connect(nest_network.brain_regions[src_node_Ibl][src_pop].nodes,
nest_network.brain_regions[src_node_|Ibl][trg_pop].nodes,
syn_spec={"synapse_model": synapse_model,
"weight": w,
"delay": config.DEFAULT_SPIKING_MIN_DELAY,
"receptor_type": 0},
coNnn_spec=conn_spec)
else:

nest.Connect(nest_network.brain_regions[src_node_Ibl]['E"].nodes,
nest.NodeCollection(
nest_network.brain_regions[trg_node_Ibl]["E"].gids +
nest_network.brain_regions[trg_node_Ibl]["I"].gids),
syn_spec={"synapse_model": synapse_model,
"weight":
simulator.coupling.a[0].item() *
simulator.connectivity.weights[trg_node_ind,
src_node_ind].item(),
"delay":
np.maximum(config. DEFAULT_SPIKING_MIN_DELAY,
simulator.connectivity.delays[trg_node_ind,
src_node_ind].item()),
"receptor_type": 0},
conn_spec=conn_spec)

Finally, the recording and stimulating devices are created:

params_spike_recorder = config.NEST_OUTPUT_DEVICES_PARAMS_DEF["spike_recorder"].copy()
params_spike_recorder["record_to"] = "memory"
params_multimeter = config.NEST_OUTPUT_DEVICES_PARAMS_DEF["'multimeter"].copy()
params_multimeter["record_to"] = "memory"
params_multimeter["interval"] = 1.0
for pop in ["E", "I"]:

nest_network.output_devices[pop] = DeviceSet(label=pop, model="spike_recorder")

pop_Ibl = np.where(pop == "E", "Excitatory", "Inhibitory").item()

nest_network.output_devices[pop_Ibl] = DeviceSet(label=pop_Ibl, model="multimeter")
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for node_ind in nest_nodes_inds:
region_name = simulator.connectivity.region_labels[node_ind]

nest_network.output_devices[pop][region_name] =\
NESTSpikeRecorder(
nest.Create("spike_recorder”, 1,
params=params_spike_recorder),

nest, model="spike_recorder", label=pop, brain_region=region_name)

nest.Connect(nest_network.brain_regions[region_name][pop].nodes,
nest_network.output_devices[pop][region_name].device)

nest_network.output_devices[pop].update()

nest_network.output_devices[pop_Ibl][region_name] =\
NESTMultimeter(
nest.Create("multimeter", 1, params=params_multimeter),
nest, model="multimeter", label=pop_Ibl, brain_region=region_name)
nest.Connect(nest_network.output_devices[pop_lbl][region_name].device,
nest_network.brain_regions[region_name][pop].nodes)
nest_network.output_devices[pop_Ibl].update()

nest_network.input_devices["Stimulus"] = DeviceSet(label="Stimulus", model="poisson_generator")
nest_dt = nest.GetKernelStatus('resolution’)
for node_ind in nest_nodes_inds:

region_name = simulator.connectivity.region_labels[node_ind]

nest_network.input_devices["Stimulus"][region_name] =\
NESTPoissonGenerator(
nest.Create("poisson_generator", 1,
params={"rate": 7000.0, "origin": 0.0,
"start": nest_dt}),
nest, model="poisson_generator", label="Stimulus",
brain_region=region_name)
nest.Connect(nest_network.input_devices["Stimulus"][region_name].device,
nest_network.brain_regions[region_name]["E"].nodes,
syn_spec={"weight": 1.0,
"delay": config.DEFAULT_SPIKING_MIN_DELAY?)
nest_network.input_devices|["Stimulus"].update()

No matter how the NEST network model was created, it needs to be configured in the end:

nest_network.configure()

Step 4. Subsequently, the TVB-NEST interfaces must be configured and built.

Opinionated builders for preconfigured model generation can be used in this case as well:

from tvb_multiscale.tvb_nest.interfaces.models.wilson_cowan import WilsonCowanTVBNEST InterfaceBuilder
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tvb_spikeNet_model_builder = WilsonCowanTVBNEST InterfaceBuilder(config=config)

Alternatively, a non-opinionated builder can be used as a starting point:

from tvb_multiscale.tvb_nest.interfaces.builders import TVBNESTInterfaceBuilder
tvb_spikeNet_model_builder = TVBNEST InterfaceBuilder(config=config)
In either case, the builder can be (further) configured:

tvb_spikeNet_model_builder.tvb_cosimulator = simulator
tvb_spikeNet_model_builder.spiking_network = nest_network

tvb_spikeNet_model_builder.model = INTERFACE_MODEL

tvb_spikeNet_model_builder.input_flag =

tvb_spikeNet_model_builder.output_flag =

tvb_spikeNet_model_builder.default_coupling_mode = INTERFACE_COUPLING_MODE
if tvb_spikeNet_model_builder.default_coupling_mode == "TVB":
proxy_inds = nest_nodes_inds
else:
proxy_inds = np.arange(simulator.connectivity.number_of_regions).astype('i')
proxy_inds = np.delete(proxy_inds, nest_nodes_inds)
tvb_spikeNet_model_builder.global_coupling_scaling = np.array([1.0])
w_TVB_to_NEST /= 100

tvb_spikeNet_model_builder.N_E =\
nest_network.brain_regions[nest_nodes_inds[0]]['E"].number_of_neurons

tvb_spikeNet_model_builder.N_I =\
nest_network.brain_regions[nest_nodes_inds[O]]["I"].number_of_neurons

tvb_spikeNet_model_builder.proxy_inds = nest_nodes_inds

tvb_spikeNet_model_builder.exclusive_nodes =
tvb_spikeNet_model_builder.output_interfaces = []

tvb_spikeNet_model_builder.input_interfaces = []

from tvb_multiscale.core.interfaces.transformers.models.models import Transformers
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tvb_multiscale.core.interfaces.transformers.builders \
DefaultTVBtoSpikeNetTransformers, DefaultSpikeNetToTVBTransformers, \
TVBtoSpikeNetTransformers, SpikeNetToTVBTransformers
tvb_multiscale.tvb_nest.interfaces.builders \

TVBtoNESTModels, NESTInputProxyModels, DefaultTVBtoNESTModels, \
NESTtoTVBModels, NESTOutputProxyModels, DefaultNESTtoTVBModels
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Figure 4 : TVB to NEST rate interface with spiking network large-scale coupling. TVB to NEST interface, in which
large-scale coupling from TVB to spiking brain regions is implemented via the connectivity of the spiking network.
Source activity of the TVB coupling state variable E(t) of each TVB node is transformed to an instantaneous rate and
send to NEST, where it drives a stimulation device, acting as a “TVB proxy”, which generates spike trains and
connects to the target spiking populations with weights and time delays informed by TVB connectivity.
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Figure 5: TVB to NEST rate interface with TVB large-scale coupling. TVB to NEST interface, in which large-scale
coupling from TVB to spiking brain regions computed in TVB. TVB coupling towards the spiking regions is
computed in TVB, like for any other TVB node, to be transformed and sent to NEST to drive a device acting as a
“TVB proxy” (one per target spiking region), which generates spike trains and connects to the target spiking
populations instantly and with weight equal to 1.0.
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Then, the actual interfaces need to be configured. First the ones from TVB to NEST, i.e., the “output”

ones using TVB as a reference (see Figure 4 & Figure 5):

tvb_spikeNet_model_builder.output_interfaces =\

[
'voi': np.array(["E"]),

'populations': np.array(["E"]),

'model': tvb_spikeNet_model_builder.model,

'proxy_inds'": proxy_inds,

'proxy_model': tvb_spikeNet_model_builder.model,

'transformer_model': tvb_spikeNet_model_builder.model,
'spiking_proxy_inds": nest_nodes_inds
}

]

for interface in tvb_spikeNet_model_builder.output_interfaces:

if tvb_spikeNet_model_builder.model == TVBtoSpikeNetModels.SPIKES.name:

interface["transformer_params"] =\
{"scale_factor": np.array([100*w_TVB_to_NEST]),
"number_of_neurons":
np.array([tvb_spikeNet_model_builder.N_E])}
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elif tvb_spikeNet_model_builder.model == TVBtoSpikeNetModels. CURRENT.name:

interface["transformer_params"] =\
{"scale_factor":
w_TVB_to_NEST/25 * p.array([tvb_spikeNet_model_builder.N_E])}
else:

interface["transformer_params"] =\
{"scale_factor":
w_TVB_to_NEST * np.array([tvb_spikeNet_model_builder.N_E])}

In this example, three different types of TVB to NEST interfaces can be configured, each one with
different parameters, e.g., TVB inputs’ scaling. TVB state variable activity can be converted to an
instantaneous rate (interface model “RATE”), which drives a “TVB proxy” implemented as a NEST
inhomogeneous_poisson_generator device (i.e., a device which provides Poisson spike trains at a
piecewise constant rate, see https://nest-
simulator.readthedocs.io/en/stable/models/inhomogeneous poisson generator.html). Alternatively,

this instantanteous rate can be converted to spiking trains (interface model “SPIKES”) using, potentially
using algorithms of the Elephat Python package, and then inserted in the spiking network via a “TVB
proxy” node, implemented as a NEST spike_generator device (i.e., which enerate spikes from an array
with spike-times, see https://nest-
simulator.readthedocs.io/en/stable/models/spike _generator.html). Finally, TVB coupling state

variable activity can be converted to a current (interface model “CURRENT"”) and be inserted in the
spiking network via a TVB proxy node implemented as a NEST “step_current_generator” device (i.e.,
which provides a  piecewise constant DC input current, see  https://nest-
simulator.readthedocs.io/en/stable/models/step current generator.html). In all cases, the respective
NEST device couples to the target spiking regions and populations.

Then, the interfaces from NEST to TVB follow, i.e., input ones with TVB as the reference (see Figure 6):

for pop, sv in zip(["E", "I"], ["E", "I"]):
tvb_spikeNet_model_builder.input_interfaces.append(
{'voi': np.array([sv]),
'populations': np.array([pop]),
‘proxy_inds": nest_nodes_inds,

'proxy_model': "SPIKES",
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‘transformer_model": "SPIKES_TO_HIST_RATE",
}

for interface, N in zip(tvb_spikeNet_model_builder.input_interfaces,
[tvb_spikeNet_model_builder.N_E, tvb_spikeNet_model_builder.N_I]):

interface["transformer_params"] = {"scale_factor": np.array([1e-4]) / N}

NEST-> TVB Update
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( - ~N (" TVB Mean Field ) NEST
TVB = Spiking
Mean Field Spiking activity Network
node n Teanst node n
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Figure 6: NEST to TVIB interface. NEST devices act as “TVB proxy” nodes recording spikes. Spikes
counts are transformed to instantaneous rates and then to the Wilson-Cowan state variables
for the respective TVB nodes activity to be updated by overwriting TVB history buffer for those
nodes, i.e., the ones modelled in NEST.

In this case there is only one option for the transformer model from NEST to TVB, recording spikes with
a NEST “spike_recorder” device (which collects spikes from neurons, see https://nest-
simulator.readthedocs.io/en/stable/models/spike recorder.html), which plays the role of the “TVB
proxy” in this case. Subsequently, the transformer converts spikes’ counts to an instantaneous rate
and then normalizes the result in the state variable range of the Wilson-Cowan model. During
simulation, this quantity can update TVB state variables’ values of the regions implemented as spiking
networks, by overwriting them in the TVB history buffer.

Finally, the interface builder is configured and the interfaces are built and inserted into the CoSimulator
class:
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tvb_spikeNet_model_builder.configure()

]

simulator = tvb_spikeNet_model_builder.build()

[.]

Step 5. Co-simulation configuration and execution:

simulator.simulate_spiking_simulator = nest_network.nest_instance.Run

simulator.simulation_length = 1100.0

nest_network.nest_instance.Prepare()
simulator.configure()

]

results = simulator.run()

[.]

6.1.2 TVB-NetPyNE co-simulation

The  TVB-NetPyNE example (see  notebook  https://github.com/the-virtual-brain/tvb-
multiscale/blob/master/docs/notebooks/TVB-NETPYNE RedWongWang.ipynb) is almost identical,
the only difference being that the neural mass model used for the TVB nodes is ReducedWongWang

neural with one excitatory and one inhibitory population (see Wong & Wang 2006 and Sanz-Leon et al
2015 for TVB implementation) and parameters taken from Deco et al. 2014. A custom Hodgkin-Huxley
single-compartment cell model is used for the NetPyNE model.

Step 1. General configuration of the model and the co-simulation:

from tvb.basic.profile import TvbProfile
TvbProfile.set_profile(TvbProfile.LIBRARY_PROFILE)

from tvb_multiscale.tvb_netpyne.config import *

NETPYNE_NODES_INDS = np.array([0, 1])

N_NEURONS = 100
[-]

INTERFACE_MODEL = "RATE"
INTERFACE_COUPLING_MODE = "spikeNet"
[..]

config = Config(output_base=outputs_path)
[...]
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Step 2. TVB model generation and simulation configuration (only the manual configuration of the
CoSimulator is shown here, since the configuration of the respective opinionated builder is identical
to the previous example):

from tvb_multiscale.core.tvb.cosimulator.models.reduced_wong_wang_exc_io_inh_i import
ReducedWongWangExclOInhl

model_params = {
"G": np.array([2.0]),
"lamda": np.array([0.0]),
"w_p": np.array([1.4]),
"J_i": np.array([1.0]),

from tvb.datatypes.connectivity import Connectivity

[...]
connectivity = Connectivity.from_file(config.DEFAULT_CONNECTIVITY_ZIP)
connectivity.configure()

[...]

np.fill_diagonal(connectivity.weights, 0.0)

connectivity.weights /= np.percentile(connectivity.weights, 99)

from tvb_multiscale.core.tvb.cosimulator.cosimulator_serial \
import CoSimulatorSerial

from tvb.simulator.coupling import Linear

from tvb.simulator.integrators import HeunStochastic

from tvb.simulator.monitors import Raw

simulator = CoSimulatorSerial()

simulator.model = ReducedWongWangExclOInhl(**model_params)

simulator.connectivity = connectivity

simulator.coupling = Linear()

simulator.integrator = HeunStochastic()

simulator.integrator.dt = 0.1

simulator.integrator.noise.nsig =\

np.array([config.DEFAULT_NSIG, config.DEFAULT_NSIG, 0.0, 0.0])

simulator.initial_conditions =\
np.zeros((1, 4, simulator.connectivity.number_of_regions, 1))

mon_raw = Raw(period=1.0)
simulator.monitors = (mon_raw, )
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simulator.simulation_length = 350.0

Step 3. Spiking model generation by configuring a non-opinionated builder. Users can either import a
pre-defined model as netParams and simConfig (see NetPyNE documentation
http://doc.netpyne.org/user_documentation.html) or provide the model description inline, as shown
in the current example. Similarly, the synaptic parameters (synMechParams) are set, to be
subsequently referenced by the NetPyNE model builder class and the TVB to NetPyNE interfaces (see
Step 4).

from netpyne import specs

netParams = specs.NetParams()

receptor_type_E = 'exc'

receptor_type_I| = 'inh'

netParams.synMechParams[receptor_type_E] = {mod": 'Exp2Syn', 'tau1: 0.15, 'tau2". 1.5, 'e": 0}
netParams.synMechParams[receptor_type_I] = {'mod': 'Exp2Syn’, 'tau1’: 0.07, 'tau2": 9.1, 'e": -80}

cellModelLabel = 'PYR'

PYRcell = {'secs": {}}

PYRcell['secs']['soma’] = {'geom": {}, 'mechs": {}}
PYRecell['secs']['soma']['geom'] = {'diam': 18.8, 'L": 18.8, 'Ra": 123.0}
netParams.cellParams|cellModelLabel] = PYRcell
PYRcell['secs']['soma’]['mechs']['hh'] =\

{'gnabar": 0.12, 'gkbar’: 0.036, 'gl': 0.003, 'el": -70}

cfg = specs.SimConfig()

cfg.recordTraces = {'V_soma': {'sec"'soma’, 'loc":0.5, 'var':'v'}}
cfg.recordStep = 0.1

from tvb_multiscale.tvb_netpyne.netpyne_models.builders.base \
import NetpyneNetworkBuilder

netpyne_model_builder =\
NetpyneNetworkBuilder(simulator,
spiking_nodes_inds=NETPYNE_NODES_INDS,
spiking_simulator=netpyne,
config=config)

netpyne_model_builder.population_order = N_NEURONS

netpyne_model_builder.tvb_to_spiking_dt_ratio = 2
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netpyne_model_builder.monitor_period = 1.0

Notice that the increased complexity of NetPyNE (and NEURON) which allows for multicompartmental
models, introduces some additional complexity into this part of the code as well, compared to NEST.

So, first the neuronal populations to be generated are configured:

scale_e=1.2
scale_i=04

netpyne_model_builder.populations = [

{

"label": "E",

"model": cellModelLabel,
"nodes":

"params": {},

"scale": scale_e

"label": "I",

"model": cellModelLabel,
"nodes": ,

"scale": scale_i

Then, the connections within the same spiking brain region:

weight_ee = 0.015
weight_ei = 0.01
weight_ie = 0.01
weight_ii = 0.01

conn_spec_all_to_all = {"rule": "all_to_all"}
conn_spec_prob_low = {"rule": {"prob": 0.01}}
conn_spec_prob_high = {"rule": {"prob™": 0.03}}

netpyne_model_builder.populations_connections = [

{

"source": "E", "target": "E",
"conn_spec": conn_spec_prob_low,

"weight": fmax(0.0, normal({weight_ee}, {weight_ee * 0.05}))',
"delay": 1,
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"receptor_type": receptor_type_E,

"nodes":

"source": "E", "target": "I",
"conn_spec": conn_spec_prob_low,
"weight": weight_ei,

"delay": 3,

"receptor_type": receptor_type_E,
"nodes": 1,

"source": "I", "target™: "E",
"conn_spec": conn_spec_prob_high,
"weight": weight_ie,

"delay": 3,

"receptor_type": receptor_type_|,
"nodes": 1,

"source": "I", "target™: "I",
"conn_spec": conn_spec_prob_low,
"weight": weight_ii,

"delay™: 1,

"receptor_type": receptor_type_l,
"nodes": 1

Then, the connections among populations residing at different spiking brain regions are configured,

taking into consideration the TVB connectivity weights and delays, via appropriate functions:

tvb_weight_fun(source_node, target_node, lamda= , sigma=0.1):
weight = simulator.connectivity.weights[target_node, source_node]

scale =\
netpyne_model_builder.global_coupling_scaling[0] * \
netpyne_model_builder.netpyne_synaptic_weight_scale

if lamda:
scale *= lamda

weight *= scale

return weight

tvb_delay_fun(source_node, target_node, sigma=0.1):
delay = simulator.connectivity.delays[target_node, source_node]
return delay

lamda = simulator.model.lamda[0]

netpyne_model_builder.nodes_connections = [
{
"source": "E", "target": "E",
"conn_spec": conn_spec_prob_low,
"weight": tvb_weight_fun,
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"delay": tvb_delay_fun,
"receptor_type": receptor_type_E,
"source_nodes": , "target_nodes":

]

if lamda > 0:

netpyne_model_builder.nodes_connections.append({
"source": "E", "target™: "I",
"conn_spec": conn_spec_prob_low,

"weight": source_node, target_node: tvb_weight_fun(source_node, target_node, lamda),
"delay": tvb_delay_fun,

"receptor_type": receptor_type_E,

"source_nodes": , "target_nodes":

Finally, recording devices are configured, as well as some of the parameters of the NetPyNE simulation
and the :

from collections import OrderedDict
connections = OrderedDict()
connections['E"] = "E"
connections["l"] = "I"
params = config.NETPYNE_OUTPUT_DEVICES_PARAMS_DEF["spike_recorder"].copy()
spike_recorder = {

"model": "spike_recorder",

"params": params,

"connections": connections,

"nodes": }
netpyne_model_builder.output_devices = [spike_recorder]

netpyne_model_builder.configure(netParams, cfg, autoCreateSpikingNodes=

[...]

netpyne_model_builder.global_coupling_scaling *= simulator.model.G

netpyne_model_builder.netpyne_synaptic_weight_scale =\
synaptic_weight_scale_func(is_coupling_mode_tvb=INTERFACE_COUPLING_MODE=="TVB")

netpyne_network = netpyne_model_builder.build()

Step 4. TVB-NetPyNE interfaces’ generation by configuring a non-opinionated builder:

from tvb_multiscale.tvb_netpyne.interfaces.builders import TVBNetpynelnterfaceBuilder
tvb_netpyne_interface_builder = TVBNetpynelnterfaceBuilder(config=config)

tvb_netpyne_interface_builder.tvb_cosimulator = simulator
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tvb_netpyne_interface_builder.spiking_network = netpyne_network
tvb_netpyne_interface_builder.model = INTERFACE_MODEL
tvb_netpyne_interface_builder.input_flag =

tvb_netpyne_interface_builder.output_flag =

tvb_netpyne_interface_builder.default_coupling_mode = INTERFACE_COUPLING_MODE

tvb_netpyne_interface_builder.N_E =\
int(netpyne_model_builder.population_order * scale_e)

tvb_netpyne_interface_builder.N_| =\
int(netpyne_model_builder.population_order * scale_i)

tvb_netpyne_interface_builder.proxy_inds = NETPYNE_NODES_INDS

tvb_netpyne_interface_builder.exclusive_nodes =
tvb_netpyne_interface_builder.synaptic_weight_scale_func = synaptic_weight_scale_func

tvb_netpyne_interface_builder.output_interfaces =[]
tvb_netpyne_interface_builder.input_interfaces =[]

from tvb_multiscale.core.interfaces.tvb.interfaces import TVBtoSpikeNetModels

if tvb_netpyne_interface_builder.default_coupling_mode == "TVB":
proxy_inds = NETPYNE_NODES_INDS

else:
proxy_inds = np.arange(simulator.connectivity.number_of_regions).astype('i')
proxy_inds = np.delete(proxy_inds, NETPYNE_NODES_INDS)

Then, the TVB to NetPyNE interfaces are configured, i.e., the output ones with reference to TVB:

tvb_netpyne_interface_builder.output_interfaces = [{

'voi': np.array(['R_e"]),

'populations': np.array(['E"]),
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'model': tvb_netpyne_interface_builder.model,

'transformer_params": {'scale_factor': np.array([1.0])},
'proxy_params": {number_of_neurons': tvb_netpyne_interface_builder.N_E},
'receptor_type': receptor_type_E,

if lamda > 0:
tvb_netpyne_interface_builder.output_interfaces.append({
'voi': np.array(['R_e"]),
'populations': np.array([""]),

'model": tvb_netpyne_interface_builder.model,

‘transformer_params": {'scale_factor': np.array([1.0])},
'proxy_params': {
'number_of_neurons': tvb_netpyne_interface_builder.N_I,
'lamda’: lamda

h

'receptor_type": receptor_type_E,

For each “TVB proxy” node, TVB-NetPyNE creates a population of NetPyNE artificial cells that emits
homogeneous Poisson spike trains with an average firing rate from the corresponding TVB node (see
NMODL implementation in https://github.com/the-virtual-brain/tvb-

multiscale/blob/master/tvb _multiscale/tvb netpyne/netpyne/mod/dynvecstim.mod and Poisson

generator in https://github.com/the-virtual-brain/tvb-

multiscale/blob/master/tvb _multiscale/tvb netpyne/netpyne/utils.py).

Similarly, the NetPyNE to TVB interfaces are configured, i.e., the input ones with TVB as a reference:

for sVars, pop in zip([("S_e", "R_e"), ("S_i", "R_i")], ["E", "I"]):
tvb_netpyne_interface_builder.input_interfaces.append(
{'voi': sVars,
‘populations': np.array([pop]),
‘proxy_inds': NETPYNE_NODES_INDS,

'proxy_model': "SPIKES",
}

tau_re = np.array([1.0])
tau_ri = np.array([1.0])

from tvb_multiscale.core.interfaces.transformers.models.red_wong_wang import \
ElephantSpikesRateRedWongWangExc, ElephantSpikesRateRedWongWanginh

public document



https://github.com/the-virtual-brain/tvb-multiscale/blob/master/tvb_multiscale/tvb_netpyne/netpyne/mod/dynvecstim.mod
https://github.com/the-virtual-brain/tvb-multiscale/blob/master/tvb_multiscale/tvb_netpyne/netpyne/mod/dynvecstim.mod
https://github.com/the-virtual-brain/tvb-multiscale/blob/master/tvb_multiscale/tvb_netpyne/netpyne/utils.py
https://github.com/the-virtual-brain/tvb-multiscale/blob/master/tvb_multiscale/tvb_netpyne/netpyne/utils.py

W

@ eBRAIN-Health

for interface, model, N, tau_s, tau_r, gamma in \
zip(tvb_netpyne_interface_builder.input_interfaces,
[ElephantSpikesRateRedWongWangExc, ElephantSpikesRateRedWongWanglinh],
[tvb_netpyne_interface_builder.N_E, tvb_netpyne_interface_builder.N_lI],
[simulator.model.tau_e, simulator.model.tau_i],
[tau_re, tau_ri],

[simulator.model.gamma_e, simulator.model.gamma_i]):
interface["transformer_model"] = model
interface["transformer_params"] =\
{"scale_factor": np.array([1.0]) / N,
"state": np.zeros((2, len(tvb_netpyne_interface_builder.proxy_inds))),
"tau_s": tau_s, "tau_r": tau_r, "gamma": gamma}

Notice that in this case, the instantaneous spike counts are not only converted to an instantaneous
rate but also integrated in the transformer for TVB coupling state variable S to be updated in TVB from
NetPyNE, i.e., the transformer is not passive, but dynamic, functioning as a linear low pass filter.

Finally, the builder is configured and the interfaces are built and added to the simulator:

tvb_netpyne_interface_builder.configure()

[.]

simulator = tvb_netpyne_interface_builder.build()

[.]

Step 5. Co-simulation preparation and execution:

simulator.simulate_spiking_simulator = netpyne_network.netpyne_instance.run

[--]

simulator.configure()

[ ]

netpyne_network.configure()

results = simulator.run()

netpyne_network.netpyne_instance.finalize()

6.1.3 TVB-ANNarchy co-simulation

The notebook (https://github.com/the-virtual-brain/tvb-
multiscale/blob/master/docs/notebooks/TVB-ANNarchy DBS BasalGanglia.ipynb) demonstrating

TVB-ANNarchy co-simulation is inspired by the Meier at al. 2022 publication (see Figure 7). The whole

brain is modelled in TVB, using the ReducedWongWang neural mass model with one excitatory

population (see Wong & Wang 2006 and Sanz-Leon et al 2015 for TVB implementation) with
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parameters taken from Deco et al. 2013, whereas a basal ganglia and thalamus spiking network is
implemented in ANNarchy, following Maith et al. 2021. In the following, details of the code that relate
to the specific requirements of this study are omitted for the emphasis to be given on the TVB-
multiscale demonstration.
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CxEm?ﬂ: excitatory field
populations based on - mean-fie v e
PPN D model for cortex *
A ot ‘;m‘ BNNR modeled with
7 Yy Wl N Nay
R w AN AN VIRTUAL
5 . . » .
7,'7 Wnormasy Wnormsy  Wnormsry R TVB-multiscale
el g b t=---=- SRR S et el model
o' : N - spiking model
S . 4 piking
’
‘y ,’ dSN: 200 iSN: 200 for baE..aI
:{< Striatum| BULLRELLE inhib. neurons ganglia .
AN i l J modeled with
N,
S ANNarchy
A inhib. neurons
W
\\\
N,
W\,

GPI: 200
L2 GIEIEOLS - inhib. conn. within spiking network
——p @xcit. conn. within spiking network
excit. conn. between spiking and
mean-field model
excit. neurons TVB “proxy” node

Figure 7: TVB-ANNarchy co-simulation example. TVB models for the whole brain, except for a
network of basal ganglia and thalamus modelled in ANNarchy. The spiking populations of each
brain region are different and the connectivity among them heterogenous. See the legend for
the different kinds of connections. TVB coupling towards the ANNarchy network is mediated by
“proxy” nodes for each pair of TVB source and ANNarchy target region node. See Meier et al.
2022 for more details

Step 1. General configuration of the model and the co-simulation:

[...]
from tvb.basic.profile import TvbProfile
TvbProfile.set_profile(TvbProfile.LIBRARY_PROFILE)

from tvb_multiscale.tvb_annarchy.config import *

[...]

INTERFACE_COUPLING_MODE = "spikeNet" # "TVB" or "spikeNet"
[..]

config = Config(output_base=sim_mode_path)

[.]

Step 2. TVB model generation and simulation configuration:

[--]

from tvb.datatypes.connectivity import Connectivity

from tvb.simulator.integrators import HeunStochastic

from tvb.simulator.monitors import Raw

from tvb_multiscale.core.tvb.cosimulator.cosimulator_serial import \
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CoSimulatorSerial as CoSimulator
[..]
connectivity = Connectivity(region_labels=connLeft.region_labels,
centres=connLeft.centres,
weights=ww, tract_lengths=connLeft.tract_lengths,
speed=connLeft.speed)
connectivity.configure()

[--]

simulator = CoSimulator()

model_params = {"G": np.array([15.0/scaleBGoptTOtvb])}
simulator.model = ReducedWongWangExclO(**model_params)

simulator.connectivity = connectivity

simulator.integrator = HeunStochastic()
simulator.integrator.dt = 0.1
simulator.integrator.noise.nsig = np.array([1e-4])

mon_raw = Raw(period=1.0)

simulator.monitors = (mon_raw, )

[...]

simulator.connectivity.set_idelays(simulator.integrator.dt)

simulator.initial_conditions =\

init_cond * np.ones((simulator.connectivity.idelays.max(),

simulator.model.nvar,
simulator.connectivity.number_of_regions,
simulator.model.number_of_modes))

Step 3. Spiking model generation using an opinionated builder and further configuration:

from tvb_multiscale.tvb_annarchy.annarchy_models.models.basal_ganglia_izhikevich \
import BasalGanglialzhikevichBuilder

from tvb_multiscale.tvb_annarchy.annarchy.models import Izhikevich_Hamker

from ANNarchy import HomogeneousCorrelatedSpikeTrains

import ANNarchy as ann

spiking_nodes_ids = [0, 1, 2, 3, 4]

ann_model_builder = BasalGanglialzhikevichBuilder(simulator, spiking_nodes_ids, config=config)
[...]

population_neuron_model = Izhikevich_Hamker

ann_model_builder.population_order = 200
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First the neuronal populations are configured:

ann_model_builder.params_common =\
{"E_ampa": 0.0, "E_gaba": -90.0, "v_th": 30.0, "Vr": 0.0, "c": -65.0,
"C" 1.0, "I": 0.0,
"tau_syn": 1.0, "tau_ampa™: 10.0, "tau_gaba": 10.0,
"n0": 140.0, "n1": 5.0, "n2": 0.04,
"v": -72.0, "u": -14.0,
"noise": 0.0}

ann_model_builder._paramsl = deepcopy(ann_model_builder.params_common)
ann_model_builder._paramsl.update({"a": 0.005, "b": 0.585, "d": 4.0,

"v": -70.0, "u": -18.55})
ann_model_builder._paramsE = deepcopy(ann_model_builder.params_common)
ann_model_builder._paramsE.update({"v": -70.0, "u": -18.55})
ann_model_builder.paramsStr = deepcopy(ann_model_builder.params_common)
ann_model_builder.paramsStr.update({"v_th": 40.0, "C": 50.0, "Vr": -80.0,

"n0": 61.65119, "n1": 2.594639, "n2": 0.022799,

"a": 0.05, "b": -20.0, "c": -55.0, "d": 377.0,

"v": -70.0, "u": -18.55})

ann_model_builder.lgpe_nodes_ids = [0]
ann_model_builder.Igpi_nodes_ids = [1]
ann_model_builder.Estn_nodes_ids = [2]
ann_model_builder.Eth_nodes_ids = [4]
ann_model_builder.Istr_nodes_ids = [3]

I_nodes_ids = ann_model_builder.Igpe_nodes_ids + ann_model_builder.lgpi_nodes_ids
E_nodes_ids = ann_model_builder.Estn_nodes_ids + ann_model_builder.Eth_nodes_ids

paramsE_fun(node_id):
paramsE = deepcopy(ann_model_builder._paramsE)
if node_id in ann_model_builder.Estn_nodes_ids:

paramsE.update({"a": 0.005, "b": 0.265, "d": 2.0, "I": 3.0})
elif node_id in ann_model_builder.Eth_nodes_ids:

paramsE.update({"a": 0.02, "b": 0.25, "d": 0.05, "I": 3.5})
return paramsE

paramsl_fun(node_id):

paramsl| = deepcopy(ann_model_builder._paramsl)

if node_id in ann_model_builder.lgpe_nodes _ids:
paramsl.update({"l": 12.0})

elif node_id in ann_model_builder.Igpi_nodes_ids:
paramsl.update({"l": 30.0})

return paramsl
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ann_model_builder.populations = [
{"label": "E", "model": population_neuron_model,
"params": paramsE_fun,
"nodes": E_nodes_ids,
"scale": 1.0},
{"label": "I", "model": population_neuron_model,
"params": paramsl_fun,
"nodes": |_nodes_ids,
"scale": 1.0},
{"label": "IdSN", "model": population_neuron_model,
"params": ann_model_builder.paramsStr,
"nodes": ann_model_builder.Istr_nodes_ids,
"scale": 1.0},
{"label": "liSN", "model": population_neuron_model,
"params": ann_model_builder.paramsStr,
"nodes": ann_model_builder.Istr_nodes_ids,
"scale": 1.0}

Then, the connections within each spiking brain region are configured:

synapse_model = "Synapse"
conn_spec = {'rule": "all_to_all",

"allow_self _connections": , "force_multiple_weights":
conn_spec_fixed_probability = conn_spec.copy()
conn_spec_fixed_probability.update({'rule’: "fixed_probability",

"probability": 0.1})

conn_spec_fixed_prob(prob= ):
output = conn_spec_fixed_probability.copy()
if prob is not
output["probability"] = prob
return output

within_node_delay = 0.0

ann_model_builder.populations_connections = [

{

"source":

target":
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pGPeGPe),
"weight": np.abs(wGPeGPe).item(),

"delay": within_node_delay,

"receptor_type": "gaba",
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"nodes": ann_model_builder.Igpe_nodes_ids},
{

"source": "I", "target™: "I",

"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pGPiGPi),
"weight": np.abs(wGPiGPi).item(),

"delay": within_node_delay,

"receptor_type": "gaba",

"nodes": ann_model_builder.Igpi_nodes_ids},

{

"source": "IdSN", "target™: "IdSN",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pdSNdSN),
"weight": np.abs(wdSNdSN).item(),

"delay": within_node_delay,

"receptor_type": "gaba",

"nodes": ann_model_builder.Istr_nodes_ids},

{

"source": "liSN", "target": "liSN",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(piSNiSN),
"weight": np.abs(wiSNiSN).item(),

"delay": within_node_delay,

"receptor_type": "gaba",

"nodes": ann_model_builder.Istr_nodes_ids},

]

Similarly, the connections among spiking regions are configured:

from tvb_multiscale.core.spiking_models.builders.templates \
import scale_tvb_weight, tvb_delay

ann_model_builder.global_coupling_scaling = 1.0

(object):

__init__(self,
global_coupling_scaling=ann_model_builder.global_coupling_scaling,
tvb_weights = ann_model_builder.tvb_weights):

self.global_coupling_scaling = float(global_coupling_scaling)
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self.tvb_weights = tvb_weights.copy()

__call__(self, source_node, target_node):
return scale_tvb_weight(source_node, target_node, self.tvb_weights,
scale=self.global_coupling_scaling)

tvb_delay_fun =\
source_node, target_node: \
np.maximum(ann_model_builder.tvb_dt,
tvb_delay(source_node, target_node,
ann_model_builder.tvb_delays)) \
if SPIKING_NODES_DELAYS else within_node_delay

ann_model_builder.nodes_connections = |

{

"source": "IdSN", "target™: "I",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pdSNGPI),
"weight": TVBWeightFun(),
"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),
"receptor_type": "gaba",
"source_nodes": ann_model_builder.Istr_nodes _ids,
"target_nodes": ann_model_builder.Igpi_nodes_ids},
{
"source": "liSN", "target": "I",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(piSNGPe),
"weight": TVBWeightFun(),
"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),
"receptor_type": "gaba",
"source_nodes": ann_model_builder.Istr_nodes_ids,
"target_nodes": ann_model_builder.Igpe_nodes_ids},
{
"source": "I", "target": "I",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pGPeGPi),
"weight": TVBWeightFun(),
"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),
"receptor_type": "gaba",
"source_nodes": ann_model_builder.lgpe_nodes_ids,
"target_nodes": ann_model_builder.Igpi_nodes_ids},
{
"source": "I", "target": "E",
"synapse_model": synapse_model,
"conn_spec": conn_spec_fixed_prob(pGPiTh),
"weight": TVBWeightFun(),
"delay": source_node, target_node: tvb_delay_fun(source_node,
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"receptor_type": "gaba",
"source_nodes": ann_model_builder.Igpi_nodes_ids,
"target_nodes": ann_model_builder.Eth_nodes_ids},

{

"source": "I", "target": "E",

target_node),

"synapse_model": synapse_model,

"conn_spec": conn_spec_fixed_prob(pGPeSTN),

"weight": TVBWeightFun(),

"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),

"receptor_type": "gaba",

"source_nodes": ann_model_builder.lgpe_nodes_ids,

"target_nodes": ann_model_builder.Estn_nodes_ids},

{

"source": "E", "target": "IdSN",

"synapse_model": synapse_model,

"conn_spec": conn_spec_fixed_prob(pThdSN),

"weight": wThdSN,

"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),

"receptor_type": "ampa",

"source_nodes": ann_model_builder.Eth_nodes_ids,

"target_nodes": ann_model_builder.Istr_nodes_ids},

{

"source": "E", "target": "liISN",

"synapse_model": synapse_model,

"conn_spec": conn_spec_fixed_prob(pThiSN),

"weight": wThiSN,

"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),

"receptor_type": "ampa",

"source_nodes": ann_model_builder.Eth_nodes_ids,

"target_nodes": ann_model_builder.Istr_nodes_ids},

{

"source": "E", "target™: "I",

"synapse_model": synapse_model,

"conn_spec": conn_spec_fixed_prob(pSTNGPe),

"weight": TVBWeightFun(),

"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),

"receptor_type": "ampa",

"source_nodes": ann_model_builder.Estn_nodes_ids,

"target_nodes": ann_model_builder.Igpe_nodes_ids},

{

"source": "E", "target": "I",

"synapse_model": synapse_model,

"conn_spec": conn_spec_fixed_prob(pSTNGPI),

"weight": TVBWeightFun(),

"delay": source_node, target_node: tvb_delay_fun(source_node,
target_node),

"receptor_type": "ampa",

"source_nodes": ann_model_builder.Estn_nodes_ids,
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"target_nodes": ann_model_builder.Igpi_nodes_ids},

]

Notice that unlike the previous two examples, which were much simpler, in this case there is
heterogeneity of the spiking populations generated in each spiking brain region, as well as of the
connectivity among those populations, within and among those regions. Therefore, the respective
options are configured via functions that take the indices of brain regions as arguments. This is also
how TVB connectivity weights and delays are taken into consideration for the connections among
populations of different spiking brain regions.

Finally, recording and stimulating (if required) devices are configured:

ann_model_builder.output_devices =[]

period = 1.0

params =\
deepcopy(
ann_model_builder.config. ANNARCHY_OUTPUT_DEVICES_PARAMS_DEF["SpikeMonitor"])
for pop in ann_model_builder.populations:
connections = OrderedDict({})

connections[pop["label"]] = pop["label"]
ann_model_builder.output_devices.append(

{"model": "SpikeMonitor", "params": deepcopy(params),
"connections": connections, "nodes": pop['nodes"]})

params =
deepcopy(
ann_model_builder.config. ANNARCHY_OUTPUT_DEVICES_PARAMS_DEF["Monitor"])
params.update({"period": period,
'variables": ["Vv", "u", "l_syn", "I_syn_ex",
"l_syn_in", "g_ampa", "g_gaba", "
for pop in ann_model_builder.populations:
connections = OrderedDict({})

g_base"]})

connections[pop["label"] + "_ts"] = pop["label"]
ann_model_builder.output_devices.append(

{"model": "Monitor", "params": deepcopy(params),
"connections": connections, "nodes": pop[‘'nodes"]})

ann_model_builder.input_devices = []

Step 4. TVB-ANNarchy interfaces’ generation using an opinionated builder and further configuration:

from tvb_multiscale.tvb_annarchy.interfaces.models.basal_ganglia_izhikevich import

BasalGanglialzhikevichTVBANNarchylnterfaceBuilder
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tvb_spikeNet_model_builder = BasalGanglialzhikevichTVBANNarchylnterfaceBuilder(config=config)

tvb_spikeNet_model_builder.tvb_cosimulator = simulator
tvb_spikeNet_model_builder.spiking_network = annarchy_network

tvb_spikeNet_model_builder.model = "RATE"

tvb_spikeNet_model_builder.input_flag =

tvb_spikeNet_model_builder.output_flag =

tvb_spikeNet_model_builder.default_coupling_mode = INTERFACE_COUPLING_MODE

tvb_spikeNet_model_builder.proxy_inds = np.array(spiking_nodes_ids)
tvb_spikeNet_model_builder.N_E = ann_model_builder.population_order
tvb_spikeNet_model_builder.GPe_proxy_inds = np.array(ann_model_builder.lgpe_nodes_ids)
tvb_spikeNet_model_builder.GPi_proxy_inds = np.array(ann_model_builder.Igpi_nodes_ids)
tvb_spikeNet_model_builder.STN_proxy_inds = np.array(ann_model_builder.Estn_nodes_ids)
tvb_spikeNet_model_builder.Striatum_proxy_inds = np.array(ann_model_builder.Istr_nodes_ids)
tvb_spikeNet_model_builder.Thal_proxy_inds = np.array(ann_model_builder.Eth_nodes_ids)

tvb_spikeNet_model_builder.exclusive_nodes =

tvb_spikeNet_model_builder.output_interfaces = []
tvb_spikeNet_model_builder.input_interfaces = []

from tvb_multiscale.core.interfaces.transformers.models.models import Transformers
from tvb_multiscale.core.interfaces.transformers.builders import \
DefaultTVBtoSpikeNetTransformers, DefaultSpikeNetToTVBTransformers, \
TVBtoSpikeNetTransformers, SpikeNetToTVBTransformers
from tvb_multiscale.tvb_annarchy.interfaces.builders import \
TVBtoANNarchyModels, ANNarchylnputProxyModels, \
DefaultTVBtoANNarchyProxyModels, \
ANNarchyToTVBModels, ANNarchyOutputProxyModels, \
DefaultANNarchytoTVBProxyModels
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Figure 8: TVB to ANNarchy rate interface with spiking network large-scale coupling. This
interface is similar to the TVB to NEST one of Figure 4. The source activity used is already a rate
state variable R(t) and needs only to be scaled accordingly in the transformer. An ANNarchy
device that can generate trains of spikes correlated in time is used as a “TVB proxy”, which
connects to the target spiking populations with weights and time delays informed from TVB
connectivity
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Figure 9: ANNarchy to TVB interface. The interface is similar to the NEST to TVB interface of
Figure 6. However, the Transformer is dynamic, because it integrates instantaneous rate
(derived from counts of spikeS recorded in ANNarchy) for the TVB couping state variable S(t) to
result.

Then, the TVB to ANNarchy interfaces are configured, i.e., the output ones with TVB as the reference
(see Figure 8):
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proxy_inds = np.unique(np.concatenate([CTXtoSTNinds, CTXtoSNinds]))

(object):

__init__(self, scaling):
self.scaling = float(scaling)

__call__(self, source_node, target_node, tvb_weights):
return (scale_tvb_weight(source_node, target_node, tvb_weights, scale=self.scaling))

tvb_spikeNet_model_builder.output_interfaces = []

for trg_pop, target_nodes, conn_scaling, this_conn_spec, scale_factor in \
Zip([”E", ”ldSN", "IiSN”],

[tvb_spikeNet_model_builder.STN_proxy_inds,
tvb_spikeNet_model_builder.Striatum_proxy_inds,
tvb_spikeNet_model_builder.Striatum_proxy_inds],

[wCtxSTN, wCtxdSN, wCtxiSN],

[conn_spec_fixed_prob(prob=pCtxSTN),
conn_spec_fixed_prob(prob=pCtxdSN),
conn_spec_fixed_prob(prob=pCtxiSN)],

[STN_factor/wTVBSTN, dSN_factor/wTVBSN, iSN_factor/wTVBSN]):
tvb_spikeNet_model_builder.output_interfaces.append(
{"voi": np.array(["R"]),
"populations": np.array([trg_pop]),
"model": "RATE",

"spiking_proxy_inds": target_nodes,

"proxy_model": ANNarchylnputProxyModels.RATE_TO_CORRELATED_SPIKES,
"proxy_params": {"geometry": 600, "record": dict({"from": ["spike"],
"period": 1.0}),
"n_step": default_synchronization_n_step,
"corr": 0.3, "tau": 10.0,
b
‘conn_spec": this_conn_spec,
'coupling_mode": tvb_spikeNet_model_builder.default_coupling_mode
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tvb_spikeNet_model_builder.output_interfaces[-1]["proxy_inds"] = proxy_inds

tvb_spikeNet_model_builder.output_interfaces[-1]["weights"] = TVBWeightFunlInterface(conn_scaling)

tvb_spikeNet_model_builder.output_interfaces[-1]["transformer_params"] =\
{"scale_factor": scale_factor * tvb_spikeNet_model_builder.global_coupling_scaling}

In this case, “HomogeneousCorrelatedSpikeTrains” ANNarchy input devices (see
https://annarchy.github.io/reference/HomogeneousCorrelatedSpikeTrains.htmI#ANNarchy.inputs.Sp
ikeTrains.HomogeneousCorrelatedSpikeTrains) are used as “TVB proxies” inside the spiking network,
converting instantanteous rate TVB intermediate state variables R into trains of spikes correlated in

time, and connecting to the target neuronal populations. Large scale coupling is implemented via the
connections among the spiking populations in ANNarchy, implying that it is the source activity of all
TVB nodes that needs to be sent to ANNarchy, requiring one “TVB proxy” per source TVB region node.

Similarly, ANNarchy to TVB interfaces, i.e., input ones with TVB as a reference, are configured (see
Figure 9):

from tvb_multiscale.core.interfaces.transformers.models.red_wong_wang import \
ElephantSpikesRateRedWongWangExc

tvb_spikeNet_model_builder.input_interfaces = []

for src_pop, nodes, in zip(
[np.array(["I']), np.array(["E"]), np.array(["IdSN", "liSN"])],
[tvb_spikeNet_model_builder.l_proxy_inds,

tvb_spikeNet_model_builder.E_proxy_inds,
tvb_spikeNet_model_builder.Striatum_proxy_inds]):

tvb_spikeNet_model_builder.input_interfaces.append(
{"voi": np.array(["S", "R"),
"populations": src_pop,

"transformer": ElephantSpikesRateRedWongWangExc,
"transformer_params":

{"scale_factor": \
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np.array([1.0]) / tvb_spikeNet_model_builder.N_E / len(src_pop),

"integrator": CONFIGURED.DEFAULT_TRANSFORMER_INTEGRATOR_MODEL(
dt=simulator.integrator.dt),
"state": np.zeros((2, len(nodes))),

"tau_s": simulator.model.tau_s,

"tau_r": np.array([10.0]),

"gamma": simulator.model.gamma},
"proxy_inds": np.array(nodes)})

Notice that similarly to the previous NetPyNE example, a dynamic transformer is used acting as a low
pass filter for the update of TVB couping variable S from the instantaneous rate derived from NetPyNE
spike counts.

Finally, the builder is configured, and the interfaces generated and added to the simulator:

tvb_spikeNet_model_builder.configure()

simulator = tvb_spikeNet_model_builder.build()

[.]

Step 5. Co-simulation preparation and execution:

simulator.simulate_spiking_simulator = annarchy_network.Run
simulation_length = 1500.0

annarchy_network.configure()

simulator.configure()

]

results = simulator.run(simulation_length=simulation_length)

[.]

Figure 10 and Figure 11 show characteristic results from such a TVB-ANNarchy co-simulation taken
from Meier et al. 2022.
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Figure 10: Spike rasters from TVB-ANNarchy co-simulation. Spike trains of all populations for
patient data and four different instances of co-simulaiton (panels A-D, restng state and three
different stimuli tested) are shown. Figure and caption adapted from Figure 8 of Meier et al.
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Figure 11: TVB source activity from TVB-ANNarchy co-simulation. Differences between average
firing rate activity per region between control and patient data for the same four cases of co-
simulation as before (panels A-D) are shown. Figure and caption adapted from Figure 9 of Meier
etal.
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6.2 TVBO: trained recurrent nodes on a mean-field macro

The demonstrator places a trained recurrent network at the finer scale: a fixed, high-dimensional
recurrent system with fading memory, read out by a trained linear layer (Jaeger 2001; Lukosevicius
and Jaeger 2009), the construction connectome-based reservoir computing applies to brain networks
(Sudrez et al. 2024). Every region of a whole-brain mean-field network carries a subnetwork of M
recurrent units, and the downward edge names the mass variable that drives them, the Jansen-Rit
pyramidal signal ¢ = y; — y, or the Reduced Wong-Wang excitatory rate. This is the coupling T6.2
describes: a mass-model state variable entering the state variables of a small network inside a selected
region.

Each scale supplies what the other lacks (Figure 12). The macro reproduces empirical resting functional
connectivity (FC, the correlation between regions’ slow spontaneous activity) at r = 0.47. That is not
merely close to the mean-field model’s own figure but bit-identical to it: with open-loop coupling the
reservoirs read the macro without altering it, so the finer scale costs the coarser one nothing and,
equally, can contribute nothing. That open-loop macro sits below a ceiling set by linear diffusion on
the real connectome, whose stationary covariance can be solved exactly instead of simulated (r =
0.57; shuffling the weights collapses it to r = 0.06). The linear model only reaches that ceiling within
one part in a thousand of its own stability boundary, and its fit falls away on either side.

The fit is not an artefact of the group-average target it was tuned on: evaluated against each of 1096
individual subjects of the Human Connectome Project (HCP) it holds at r = 0.42 (95% confidence
interval, Cl, [0.42,0.43]), well above the connectome alone (r = 0.31, paired d, = 1.43). Refitting the
global coupling to each subject does not improve this (Ar = 0.0001, and 1025 of the 1096 share the
group optimum), which places the remaining headroom in the shared group connectome, not in the
coupling parameter. A network of purely recurrent nodes coupled through the same connectome, with
no mean-field core, generates almost no FC even at its own best coupling (r = 0.02, 95% Cl
[0.019,0.020]): it computes, but it is not a brain model. The asymmetry reverses on the computation
side. The mean-field state carries no memory of an arbitrary input (linear memory capacity 0, the
number of past input samples a linear readout can reconstruct); the node reservoirs reach = 17.
Closing the cross-layer exchange exercises the engine’s differentiable path from specification to
gradient. Adding the upward edge is an edit to the specification, not to the machinery, and the per-
region gains and readouts on both edges (1848 parameters) then train through the macro with
tvboptim’s own optimiser. Initialised at the open-loop model, which it reproduces bit-for-bit, the fit
raises resting FC agreement from r = 0.446 + 0.009 to r = 0.592 + 0.006 on noise realisations
excluded from the objective. The fitted model scores r = 0.547 (95% Cl [0.542,0.552]) against 1096
individual subjects who never entered it, above the linear structure-to-function ceiling of 0.509. Linear
memory capacity is unchanged at 13.9, and mean excitatory gating stays at the working point its
feedback-inhibition tuning established (0.258 — 0.267 against a target of 0.25). The gain is not
confined to the correlation. The open-loop macro is saturated, with every edge crowded into a narrow
band (edge FC 0.85 + 0.05, 11.6% of edges above 0.9); closing the loop widens that distribution almost
threefold (0.65 + 0.13, no edge above 0.9) and moves it toward the empirical one (Wasserstein
distance 0.61 — 0.41). Rank correlation moves with the linear one (Spearman 0.50 — 0.65). No model
reproduces the empirical FC level itself (0.23 + 0.16), which is why each comparison here is of pattern.
Two controls make that gain interpretable. A single global feedback gain achieves nothing that survives
the seed-to-seed noise floor: a reservoir that tracks the macro closely returns a near-copy of it and
only rescales the global coupling, which is already at its optimum. The gain requires region-specific
feedback. Penalising the correlation between the returned signal and the mass-model state improves
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the fit, so what the finer scale supplies is information the coarser scale does not already carry, not a

richer copy of it. The two scales inform each other.
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Figure 12: Multi-scale reservoir nodes on a mean-field macro. (a—d) Each matrix is split: empirical resting functional
connectivity below the diagonal, a model above it. All four panels and both triangles share one colour scale, so level is
comparable and not only pattern; each panel also prints its own mean edge FC. A linear network model on the real
connectome reproduces the empirical pattern (a) and the same model on shuffled wiring does not (b; one draw, across
20 draws r = 0.06 + 0.08). The open-loop multi-scale macro reproduces the pattern but is saturated, every edge
crowded into a narrow high band (c). Closing the cross-layer exchange sharpens the pattern and widens the distribution
back toward the empirical one (d). (e) Each model scored two ways: against the group-average connectivity it was fitted
to (hatched) and against each individual subject’s (solid, mean with 95% confidence interval; HCP Young Adult cohort,
n = 1096). Every model gives back a little from the group fit to the individual, the expected generalisation gap, and the
ordering is unchanged. Brackets carry Holm-corrected paired Wilcoxon signed-rank tests on the per-subject sample
(*** denotes p < 0.001); effect sizes are d, = 2.78 for closed-loop over open-loop, 1.43 for open-loop over the
connectome alone and 8.89 for the connectome alone over the reservoir-only network. Each stochastic model is the
mean over ten noise realisations, since a single draw is an estimate with a spread (the mean-field’s own realisations
span +0.009); the two dashed lines are the deterministic linear model, scored the same two ways. No test is drawn
between the open-loop multi-scale model (C) and the mean-field: without a return edge they are numerically identical.
The linear model enters as a ceiling, not a competitor. Closing and training the exchange (C+) clears both, on noise
realisations excluded from the objective and on subjects that never entered the fit. The reservoir-only network is shown
at its own best coupling, swept the same way. (f) The multi-scale node: a mean-field core that generates FC and a
reservoir that computes. (g) Model against empirical FC for both couplings, in raw units against the identity line. The
open loop is a narrow band near 0.85 whatever the empirical value, so it assigns almost the same correlation to every
pair; the closed loop acquires a real slope and spreads back toward the identity, though both remain above it. (h) On
the two axes, generation and computation, only the multi-scale model reaches both; open-loop it lands just short of the
generation ceiling the linear model sets (dashed), and closing the exchange moves it past that ceiling at unchanged
memory capacity.

One further result constrains how the macro must be built. In a working-memory decoding task on

HCP magnetoencephalography (MEG) source-reconstructed to the 68-region cortical parcellation (n =

77

subjects), instantaneous long-range coupling drops decoding to chance (d, = —1.70 against a

direct baseline): same-time coupling homogenises the regional signals. Giving the macro its tract-

length conduction delays restores the multi-scale model to the top tier (d, = 2.50 over instantaneous

coupling, better in 76 of 77 subjects) while it still reproduces functional connectivity. Long-range

coupling in a multi-scale whole-brain model therefore has to carry physiological conduction delays.

The demonstrator uses openly available HCP structural, resting-state functional magnetic resonance

imaging (fMRI) and task-MEG data, and no personal or identifiable data were processed.
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7. Conclusion, next steps

7.1 TVB-Multiscale: status and next steps

TVB-multiscale allows for the user-friendly generation and co-simulation of multiscale models that
include a whole brain modelled in TVB and spiking networks, implemented in one of NEST, ANNarchy
and NetPyNE spiking simulators and placed at specific regions’ nodes of the TVB brain connectivity.
The present demonstration showed that the toolbox facilitates the configuration of multiscale models
for users without an expert knowledge of the above spiking simulators, thanks to spiking network
builder classes that abstract from the specificities of each simulator. Similarly, interfaces for the
transformation and exchange of data between TVB and the spiking networks can be configured in an
almost identical manner, no matter the spiking simulator used.

TVB-multiscale has been used in two research studies (Meier et al. 2022, Geminiani, Meieir, Perdikis
et al. 2026) and is made available in EBRAINS lab. At the same time, it is under ongoing development
towards adding more models and use cases, increasing test coverage and improving documentation.
Future work will mainly focus on integrating the tool with TVBO, so that multiscale network
representations can be directly converted to TVB-multicale co-simulations. At the same time, an
alternative implementation of multiscale models in jax (see https://docs.jax.dev/en/latest/index.html)

will allow for a large number of parameters of multiscale models to be optimized against multiscale
neuroimaging data, from LFP to EEG or BOLD, using standard gradient descent optimization algorithms
thanks to automatic differentiation, following previous work on a TVB jax-based backend and model
inversion (see Pille et al. 2025 and https://virtual-twin.github.io/tvboptim/).

7.1 TVBO: status and next steps

The declarative multi-scale specification runs end to end on the trainable-node pairing, and the HPC
workflow layer carries it to a cluster unchanged.

A mean-field-plus-spiking specification loads today but does not yet generate executable code, so that
pairing can be authored and reviewed but not run; it is a prerequisite for the medial temporal lobe
models T6.2 targets. Bidirectional coupling runs under a mean-field macro as well as on the trainable-
node path, with its return edge trained through the macro (section 6.2). Two limits of that fit are worth
stating: the collinearity weight was selected on the same noise realisations used to report the result,
soitis not yet chosen on a held-out split, and the optimiser stops at a fixed budget while still improving,
so the quoted gain is a lower bound. A backend for biophysically detailed neurons (Jaxley (Deistler et
al. 2024)) is planned and would carry the same specification down to single-cell morphologies.
Registering the multi-scale models in the EBRAINS Knowledge Graph is the remaining integration step
and the handover to D6.4; a release archived under a persistent digital object identifier (DOI)
accompanies the public deliverable.
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