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SUMMARY 
This proposal introduces a paradigm shift for EBRAINS through a Hybrid Modeling Strategy designed to create a 
Mechanistic Foundation Model of the Human Brain and Mind. For enabling new medical applications, we need to merge 
mechanistic models of the brain with the computational power of AI, and to optimize these hybrid brain models for 
behavioral performance and alignment with neural data. Ultimately, this will transform neuroscience towards a predictive, 
engineering-grade science, providing powerful in-silico tools for basic research and translations to clinical interventions.  
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1.​ A mechanistic foundation model of the human brain and mind 

Historically, brain modeling has been divided into data-driven "bottom-up" approaches maximizing 
biological realism, and task-driven "top-down" approaches maximizing functional performance. This 
proposal introduces a paradigm shift for EBRAINS through a hybrid modeling strategy designed to 
create a Mechanistic Human Brain Foundation Model. By merging biophysical models of the brain 
with computational paradigms of AI, and optimizing these hybrid brain models for behavioral 
performance and alignment with neural data, we aim to bridge the gap between biophysics and 
behavior. This framework leverages EBRAINS' infrastructures with brain simulation environments 
and anatomy atlases to constrain predictive AI models to the real biology. It also links to the US 
BRAIN Initiative aiming to advance AI-based neurotechnologies to capture brain activity at the level 
of interacting cells and circuits. While unprecedented progress has been made with modern AI in 
predicting and influencing brain activity and behavioural outcomes, the alignment to brain data seems 
to have saturated and these models lack biophysical detail. On the other hand, mechanistic brain 
models lack the predictive power of AI models in reproducing large-scale brain activity, cognition and 
behaviour. Casting the computational principles of predictive AI in the form of mechanistic brain 
models is a promising avenue for further progress in understanding and treating the brain. The 
suggested roadmap lays out how to construct such mechanistic foundation models of the brain and 
mind, and proposes to apply these models to study the brain and mind in function and dysfunction. 

2.​ Grand challenge: merging predictive AI with mechanistic brain 
models 

The grand challenge addressed is the historical dichotomy in brain modeling, which has prevented a 
holistic understanding of human intelligence. 

●​ Data-driven, bottom-up approaches (such as The Virtual Brain) offer high biological fidelity 
but face significant scaling challenges and the risk of overfitting to microscopic details. In 
fact, beside the cognitive computation our brains implement, major parts of the biophysical 
processes are in place to sustain the functionality of the tissue and keep it alive. These 
biophysical processes introduce correlations across various spatial and temporal scales that 
makes the bottom-up extraction of the underlying computational principle a nearly unsolvable 
endeavor. ​
 

●​ Conversely, task-driven, top-down approaches (such as Artificial Neural Networks of 
predictive AI) excel at complex behavioral tasks and neural population activity (see e.g. 
Brain-Score), but they often lack biological realism. In fact, current AI models are 
structurally under-determined to explain known computational principles in the brain, and 
hence might miss crucial mechanisms necessary to explain brain diseases.​
 

●​ This proposal seeks to resolve this grand challenge by creating human brain models that are 
both biophysically grounded and functionally competent, starting from a pragmatic middle 
ground between biophysical realism and functional abstraction. 

●​ The key new ingredient is that “middle ground hybrid models”, capturing both cortical 
structures and AI computational principles, are for the first time able to solve cognitive tasks 
(such as human language processing), and can be extended in both directions, towards more 
biophysical details and other behavioural tasks (e.g.  Granier & Senn, 2025).  ​
​
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Figure 2: Top-down models of predictive AI do not further improve the neuronal alignment when providing 
more data samples (left; adapted from Gokce & Schrimpf, ICML 2025; brain data from Brain-Score). By 
training these AI models on specific neuronal data the alignment further improves (right). 

3.​ Why EBRAINS? – EBRAINS offers a unique infrastructure of 
mechanistic brain models 

EBRAINS' infrastructure and computational capabilities and the substantial prior EU investments in 
data acquisition are essential components of this hybrid modeling strategy. 

●​ The existing "bottom-up" data repositories on EBRAINS—such as detailed atlases, 
connectomes, and electrophysiological recordings—can serve as the vital ground-truth 
constraints for these mechanistic foundation models.​
 

●​ This approach aims to provide functional and behavioral context to EBRAINS' rich existing 
data repositories, bringing them “to life.”​
 

●​ High-performance infrastructure, such as EBRAINS’ JUPITER, are essential for scaling the 
envisioned hybrid models.​
 

●​ Furthermore, validating these computational models requires rigorous benchmarking to 
evaluate representational similarity and neural alignment, which will build directly on the 
infrastructure and data archives already established by EBRAINS. 
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Figure 3: Bottom-up models of 
EBRAINS infrastructure, like The 
Virtual Brain (TVB) based on 
whole-brain neural mass models  
(image adapted from Goldman et 
al, 2023), outperform classical 
models to estimate the 
epileptogenic zone (Wang et al., 
2025). Yet, as compared to 
predictive AI models, they align less 
well to neuronal and behavioral 
data involving cognitive tasks (such 
as language production, Fig. 2).   
 

 

4.​ Key methods: morphing predictive AI to a mechanistic brain 
model 

The core approach is a hybrid modeling strategy that integrates both bottom-up and top-down 
philosophies. 

●​ Models will be simultaneously optimized for behavioral performance and alignment with 
neural data at multiple scales. 

●​ Recent work demonstrates that models jointly trained on ecological tasks and neural 
recordings generalize better (Fig. 2).​
 

●​ The top-down objective will act as a functional regularizer, restricting the solution space to 
mechanisms that are behaviorally effective.​
 

●​ The bottom-up objective will act as a biological regularizer, restricting the solution space to 
mechanisms that are biologically feasible.​
 

●​ A major activity involves enabling high-throughput "in-silico" experimentation to perform 
neural hypothesis searches over thousands of possibilities. 
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Figure 4: Merging bottom-up mechanistic models from EBRAINS (left) with top-down predictive AI models 
(right) to form a mechanistic foundational model of the human brain and mind (middle, example from Granier 
& Senn, 2025). Such hybrid models promise highest alignment to brain data and best predictive power to cure 
brain diseases. 

5.​ Expected Impact – Personalized brain model to cure diseases 

Crucially, the integration of AI in this roadmap extends far beyond using artificial neural networks as 
mere classifiers. Instead, we aim to build stimulus-computable digital twins. While current NeuroAI 
models may not yet capture the macroscopic biophysical detail of platforms like The Virtual Brain, 
they uniquely process the exact same sensory inputs as the biological brain to predict the responses of 
individual neurons across large populations. This stimulus-computability bridges the gap between 
sensory input, neural representation, and behavioral output, enabling unprecedented interventional 
applications. 

Model Building and Validation​
To construct these brain models, our approach relies on several proven scaling and validation 
principles: 

●​ Task-Optimization & Alignment: Task-optimization inherently drives brain alignment. By 
training models on ecological tasks across multiple modalities—including vision (images and 
videos), language, and audio—internal representations naturally converge with biological 
brain processing (Yamins et al. 2014; Khaligh-Razavi et al. 2014; Kell et al. 2018; Schrimpf et 
al., 2018, 2021; Caucheteux et al. 2022; Vargas et al. 2024; Tang et al., 2025).​
 

●​ Large-Scale Benchmarking: Validating these computational proxies requires rigorous, 
large-scale benchmarking to advance NeuroAI models, leveraging established community 
platforms like Brain-Score, Algonauts, or Sensorium, to systematically test neural and 
behavioral alignment against ground-truth data (Schrimpf et al., 2020; Cichy et al., 2019; 
Willeke et al. 2022).​
 

●​ Scaling Laws and Neural Data: While task optimization alone eventually plateaus in its 
ability to align with brain data, recent scaling laws for human fMRI and primate data 
demonstrate that directly training on more neural data log-linearly improves model predictions 
(Antonello et al. 2023; Gokce & Schrimpf, 2025).​
 

●​ Generalization: We build upon strong foundational evidence that large-scale foundation 
models trained on extensive animal data (e.g., mouse visual cortex and behavioral data) 
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generalize remarkably well to new subjects and task domains, providing a technical blueprint 
for scaling up to human brain foundation models (Wang et al., 2025; Ye et al., 2024). 

●​ Gradient-based biological learning rules: To connect to cortical circuits with realistic 
plasticity rules, that at the same time ensure gradient-descent learning on behavioural loss 
functions, the mechanistic AI brain models will explore biologically plausible learning rules 
(e.g., Haider et al., 2021, Senn et al., 2024, Ellenberger et al., 2025, Granier & Senn, 2025).  

Towards Clinical Applications and Behavioral Impact​
The expected impact spans basic science discovery and direct clinical translation, leveraging the 
predictive power of digital twins across distinct input-output pathways: 

●​ Image  Neurons (Sensory Stimulation): Digital twins enable the neural control of ⟶
electrodes in primate inferotemporal (IT) cortex via model-synthesized images, demonstrating 
that computationally generated visual stimuli can predictably push targeted neural populations 
into desired states (Bashivan et al., 2019; Walker et al. 2019; Guo et al. 2022; Wang et al., 
2026).​
 

●​ Text  Neurons (Sensory Modulation of Cognitive Areas): In higher-level cognition, large ⟶
language models can identify the specific sentences that drive or suppress the human language 
system, offering a powerful, non-invasive tool to map and modulate functional networks in 
individuals (Tuckute et al., 2024).​
 

●​ Neurons Behavior (Restorative Prosthetics): By mapping how neural activity translates ⟶
to perception, model-guided microstimulation can induce complex visual percepts and steer 
primate behavior (Mehrer et al., 2025; Moure et al., 2025). This establishes the critical 
"software" for next-generation cortical prosthetics to bypass damaged sensory organs.​
 

●​ Image  Behavior (Accelerating Learning): Foundation models can also optimize ⟶
behavioral training directly; utilizing a model-informed curriculum improves human visual 
category learning and could accelerate cognitive rehabilitation (Talbot et al., 2025).​
 

●​ Computational Psychiatry & Aging: Because they are stimulus-computable, these models 
allow researchers to simulate circuit disruptions in-silico. This provides mechanistic targets for 
conditions like Schizophrenia, personalized targeting for Deep Brain Stimulation in depression 
(e.g. Scangos et al., 2021), and the ability to predict cognitive decline trajectories by 
artificially "aging" network parameters (Honarmand et al., 2026). 

●​ Resting state activity as early diagnostic marker. Capturing the computational properties of 
generative AI in a mechanistic brain model might also allow us to model mind wandering, and 
relate this to resting state or dream activity in the absence of external stimuli (e.g. Deperrois et 
al., 2022). Recreating resting state activity with a direct semantic interpretation likely 
improves diagnostic markers, e.g. for schizophrenia and psychosis (Wolff & Northoff, 2024). 

6.​ Synergies – Links to (i)EEG, fMRI, BCI and NeuroAI initiatives 

The MechAIBrain proposal establishes direct synergies with various other proposals and initiatives:  
 

●​ It supports The Virtual Brain (TVB) in approaching e.g. schizophrenia (Viktor Jirsa) and 
connects to the EBRAINS Virtual Brain Twin for Personalised Treatment of Psychiatric 
Disorders. It supports the interpretation of intracranial EEG data from EBRAINS 
Switzerland (Philippe Ryvlin, the Human Intracerebral EEG Platform, HIP), and from 
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EBRAINS Italy (Maurizio Corbetta, the Platform for Human Imaging, PHI). ​
 

●​ The mechanistic AI-Brain models will help to interpret the next-generation (14 Tesla) human 
fMRI data at (Nijmegen / Maastricht, Rainer Goebel), as well as large scale intracranial EEG 
(>100 participants, Maastricht, Christian Herff). MechAIBrains will be fed by the  clinical data 
provided from EBRAINS Lithuania (Ausra Saudargiene), and will contribute to the 
Functional Whole-Brain Models (Mario Senden) and AI benchmarking initiatives (LITMUS, 
Fabian Sinz).  
 

●​ The MechAIBrain models also integrate with predictive AI validation platforms in our 
community, such as Brain-Score (Martin Schrimpf, EBRAINS Switzerland) with its tight 
links to AI-boosted neurotechnology and Brain Computer Interfaces (BCIs) developed by 
the US BRAIN Initiative, the BIM4BMI consortium, and EBRAINS-Neurotech. 

 

7.​ Implementation Outlook – Milestones, timeframe, resources 

To realize the Mechanistic Foundation Model within the 2026–2036 timeframe, we propose the 
following phased approach and resource allocation: 

Milestones & Timeframe: 

●​ Phase 1: Integration & Benchmarking (Years 1–3): Merge EBRAINS' bottom-up data 
repositories (e.g., The Virtual Brain, Julich Brain Atlas) with top-down predictive AI 
frameworks. 

o​ Deliverable: A unified, EBRAINS-hosted benchmarking infrastructure (e.g., building 
on Brain-Score) to rigorously evaluate both biophysical feasibility, and neural & 
behavioral alignment.​
 

●​ Phase 2: Scaling & High-Throughput In-Silico Trials (Years 4–6): Scale hybrid models to 
perform rapid, high-throughput "in-silico" hypothesis testing, establishing the virtuous cycle of 
computational prediction and in-vivo verification. 

o​ Deliverable: Validated mechanistic targets for function and dysfunction (e.g., circuit 
disruption in Schizophrenia) and early-stage identification of personalized 
neuromodulation protocols.​
 

●​ Phase 3: Clinical Translation & Personalization (Years 7–10): Deploy patient-specific 
Foundation Models into clinical environments. 

o​ Deliverable: Direct clinical application of "Virtual Brain Twins" for neuroprosthetics 
(universal decoders) and personalized Deep Brain Stimulation (DBS) targeting 
conditions like treatment-resistant depression. 

We believe that such a MechAIBrain roadmap would deserve a specific ERC call, comparable to the 
second round of the US BRAIN Initiative. 
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