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Input: Structural Connectivity (SC) from Diffusion-Weighted Imaging (DWI) —— Dynamic Mean Field (DMF) Neural Simulation ——»

Synthetic Blood-Oxygen-Level-Dependent (BOLD) Signal — Functional Connectivity (FC) —— Minimizing FC error

-]

fF&HESH S

Anatomical wiring
from diffusion MRI (DWI)
— not a time series —

SC—> FC: Honey et al. (2009);

.
DMF Model

400 brain regions
140 free parameters
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Coupled

excitatory-inhibitory
neural masses per region

Evulutmnary search
optimizes parameters
to minimize FC error
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DMF model: Deco et al. (2013), Wong
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Empirical BOLD Signal
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1 Fitness: Pearson r between the FCs

Simulated BOLD Signal
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Large-scale brain dynamics:

il FC Matrix
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Key Points

INPUT:

Anatomical wiring (SC)
from diffusion MRI — ot
time series

MODEL
OUTPUT:
Synthetic BOLD signals
‘whose statistics should
match real fMRI

FITNESS:

Pearson correlation
between simulated and
empirical FC

NOT:

‘Time-series prediction.
Statistical structure must
match, not exact

way

RESULT:
Good-fit parameters.
encode the subject’s
unique brain activity
signature
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Breakspear (2017)




The Challenge: High-Dimensional DMF Model Fitting

The Goal: Biological Realism

Large-scale Dynamic Mean Field (DMF) models require hundreds of
interacting parameters to accurately simulate complex resting-state network
interactions and reproduce empirical fMRI data.
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The Problem: The Curse of Dimensionality

High non-convexity leads to degeneracy.
Models fit to highly idiosyncratic solutions.
Models fail to predict cognitive behavior.

Brittle

Overftting
Idiosyncratic Peaks
Local Optima \

Solutions

Data-Poor
Regions

Configurations

Evolutionary Computation (EC) scales effectively to
high dimensions, but without a structural inductive
bias, it finds brittle, uninformative local optima.
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Degeneracy: Good Fits, Brittle Solutions

The Paradox of Whole-Brain Modeling

Good In-Sample fits for individual subjects Cross-Subject Generalization
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di * These solutions are brittle

* Fail to generalize cross subject

* Have no prediction power for human behavior
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Insight: The Brain is Hierarchically Organized

Guiding Evolutionary Search
with Biological Logic

Somatomotor | HI——

-4 -2 0 2 4 6
Gradient 1
The Macroscale Gradient The Biological Hypothesis
The human cortex is organized along a principal If the brain is structured hierarchically, optimization
hierarchical gradient, ranging from foundational should be too. Parameters governing foundational
sensory-motor processing to higher-order global states must be locked in before tuning
associative cognition. higher-order associative systems.



HICO: Hierarchy-Informed Curriculum Optimization

Hierarchy-Informed Curriculum Optimization (HICO)

A domain-derived temporal decomposition: we restrict when parameters can vary without
changing model size.

Phase I: Global Parameters ()

Phase II: Transmodal Network (jskes)
‘ﬂé Phase Ill: Frontoparietal Network (Optimizing)

l/

Key Insight: Instead of exploring all 140 parameters
simultaneously, HICO builds dynamic stability sequentially.

Phase IV: Attention Network (Pending)
Phase V: Visual Network (Pending)

Phase VI: Somatomotor
Network (Pending)



HICO Architecture: Biologically Informed Design

Five distinct evolutionary strategies were tested
to isolate the impact of curriculum

Strategy Parameters Optimization Style Biological Grounding
Homogeneous Flat optimization.
(Baseline) 20 shared Assumes uniform brain dynamics. X None

Flat optimization. Maximizes
search dimensionality immediately. X None

Phased transmodal-to-unimodal. Qs/ Biologically
Prevents interference. informed

Phased unimodal-to-transmodal 2;1\/ Biologically
optimization. Tests directionality. informed

Heterogeneous 140 total

HICO 140 total

Reverse-Phased 140 total

Randomly phased optimization. % Random

i L Tests structure without alignment.

Note: All strategies were given an identical computational budget (120 generations, population of 100) using an elitist genetic algorithm.




High Dimensionality Helps, But Bad Structure Wastes It

High Dimensionality Helps, But Bad Structure Wastes It
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Dil ionality Helps
Moving from 20 shared
parameters (Homogeneous)
to 140 parameters yields
highly significant
improvements (p = 107**) in
matching fMRI data.

Fitness (score)

15

- Mean
— Median

Multiple Paths Fit Well
Heterogeneous, HICO,
and Reverse-Phased
models reach similarly
high fitness.

025

Homogeneous

Heterogeneous HICO

Reverse

Shuffle

The Trap

Shuffled curricula waste the dimensional advantage.
Random Order Breaks Search (Order matters).




Curriculum Learning Prevents Dynamical Collapse

The Generalization Collapse Under Flat Search

The Leave-One-Out (LOO) Test:
Averaging fitted parameters across a cohort and testing on a new, unseen subject.
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Homogeneous  Heterogeneous HICO Reverse Shuffle
\ \ )
The Collapse Zone The Stability Zone
Flat search collapses into unstable  Curriculum-guided search
regimes where the Lyapunov preserves solvable, coherent,
equation is unsolvable. high-fitness dynamics.




What Do We Expect From a Good Model?

A truly generalizable model must encode
meaningful differences in human cognition

Fluid Reasoning
Cognitive ability via
Penn Matrix Test

Internalization

Affective and somatic
psychopathology symptoms

Externalization

Outwardly directed
behavioral tendencies




Statistical Validation of HICO Models

Behavioral Signal Survives 10,000 Permutations, FDR-Corrected

PMAT24_A_CR (Fluid R ing) Null Di

The Methodology:

Empirical nulls from 10;000
label permutations.

[l

L The Proof:

HICO’s R? lies in the extreme
permutation tail with FDR-
corrected significance.

Biological Localization:
Predictive power localizes to
-, biologically relevant cortical
~ networks.
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Some Fits Are More Equal Than Others

Fitness Alone Doesn't Tell the Whole Story

PMAT24_A_CR (Fluid R ing) Null Di

~

* The Good o

High-fitness solutions that
demonstrate strong
behavioral prediction power.

«The Bad | ®™

Low-fitness solutions that
provide no meaningful
behavioral prediction power.

O The Ugly @ salventAttn

High-fitness solutions that
appear promising during
optimization but lack
behavioral prediction power. @vis

@ Defaul

Limbig

@ somMot




What Comes Next?

Future Works: Scaling HICO Toward Clinical Impact

Pathway 1: Scale to More Parameters
Combine HICO with distributed
attention-based evolution, such as
BLADE, to optimize finer-grained brain
models without losing stability.

HICO Turns models

into predictive
tools.

Pathway 2: Scale to More Subjects
Expand HICO across larger and more
diverse cohorts to learn robust
From better brain-model fitting to parameter manifolds that generalize
predictive tools for individualized across individuals and populations.
intervention and treatment planning.
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