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Driving technology (neurostimulation)
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Vagus neurostimulator

Spinal cord
stimulator (cervical)

...needs to be engineered to learn how to drive!



- Brain as a fractional spatiotemporal network

1 Molecular
(hm-pm)

2 Cellular
(um~-100 pm)

3 Local circuits
(100 pm-mm)

4 Brain regions
(mm-cm)

5 Whole brain
(cm-dm)

——

- SELECTED FOUNDATIONS .

Frontiers in Human Neuroscience 2013

Neuronal Spike Timing Adaptation Described
with a Fractional Leaky Integrate-and-Fire Model

Wondimu Teka, Toma M. Marinov, Fidel Santamaria

Nature Neuroscience 2008

Fractional differentiation by
neocortical pyramidal neurons

Brian N. Lundstrom, Matthew H. Higgs, William J. Spain,
Adrienne L. Fairhall

Nature 2009
Early-warning signals for critical transitions

Marten Scheffer, Jordi Bascompte, William A. Brock, Victor Brovkin,
Stephen R. Carpenter, Vasilis Dakos, Hermann Held, Egbert H. van Nes,
Max Rietkerk, George Sugihara

Fractional models connect memory, adaptation, and critical transitions across brain scales.



Discrete-time linear fractional order
systems

Process Simulation
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Capturing Long-Term Memory

@ Autoregressive Model
rlk] = apzxlk — 1] + a1x|k - 2] + -+ + a4_12]|0]

@ Fractional-Order Derivative
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The Memory Disruption

Memoryless: State evolution depends
only on the immediate previous step.

Classical
LTI

DTLFON

-3 2

| Fractional Difference Operator: A"[k+1] ] | /\

I I i s v i 5, 51

The Memory Profile: Fractlonal exponents o; encode a unique multi-scale history |
for real-world biological phenomena, actmg as a fading echo of the past. |
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Fractional-order dynamical process A%x[k]
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Discrete-time linear fractional order networks
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The Anatomy of Fractional Memory

—

Independent Fractional
Differentiation:

A%z;[k + 1] depends only
on the history of z;.

Memory weights are captured in a strictly diagonal matrix:
DJ, = diag($(a1,j +1),...,%(n, 5 +1)).
There can be no cross-state memory coupling.




Unigueness of representation?



The Kalman Lock:
Why Arbitra I'y Tl'a nSformationS Fail After: Coupled Memory & Destruction

Before: Independent Memory
(Do« is strictly diagonal)

{ The Result

ne Cross-state memory coupling is introduced.
Ll The fundamental biological structure of the
fractional-order network is destroyed.

-
Mixing states via arbitrary mathematical linear combinations introduces

false memory cross-talk, destroying biological reality.




The Generalized Permutation Keyhole
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A diagonal matrix that turns the ‘volume’
of individual states up or down.
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Reorder (I1)
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A permutation matrix that swaps the
physical seats of the states.

The Rule: You can rescale and shuffle the states, but you can never blend them.
Linear combinations are mathematically forbidden.

A NotebookLM



The Structural Taxonomy of Dynamical Networks

Non-Commensurate

|

LTI Commensurate
(a =0) (a; = a) (a; # ;)
Fractional . Yes
Memory i ves (uniform) (state-dependent)
Permitted Generalized

Transformations

Any non-singular T

Any non-singular T

permutation T only

Kalman : : @)

Decomposition Available Available Blocked (¢

State Realization Inﬁmtg / Inﬁnutg/ Unique*
Non-unique Non-unique

*Unique up to state reordering and scaling.

A NotebookLM



So what?



Constraint as a Feature: The Gift of Uniqueness

Trading mathematical flexibility for absolute physical certainty.

1. If two non-commensurate systems
produce identical input-output
behavior, they are the exact same
physical system.

2. The network parameters (a, A, B, C)
are essentially unique.

3. Fractional exponents are intrinsic
properties, not coordinate-dependent
artifacts.

A NotebookLM
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Unknown Stimulation V// \\V// \V/ Known EEG
Input (ulk]) Measurement (x[k])

Given only the sequence of noisy EEG measurements, can we reverse-eng-
ineer the black box to accurately reconstruct the exact injected stimulus?




The Two-Stroke Engine:
Minimization-Minimization (MM)

B

——

Stroke 2: Lock Input Coupling (B).
Solve for the unknown Input Sequence (1:).

Stroke 1: Lock Input Sequence ().
Solve for Input Coupling Matrix (B).

Unlike traditional expectation-maximization, the MM framework sequentially solves two coupled
minimization problems, providing guaranteed convergence even when both parameters are unknown.

A NotebookLM



Normalized Input

Normalized Input

Sinusoidal Input Reconstruction

Input Reconstruction Performance Across Different Signal Types

Square Wave Input Reconstruction

\

2 m

s

= Original Inpu
g =0.08
g=0.16
g=032
g = 0,64

Time (ms)

10

n (LTI)

Bi-phasic Pulse Input Reconstructio
I

= Original Inpu
g=0.08 —
g=0.16
ag=0.32
g = .64

15 | | 1.5
m— Original Inpu
A 0=0.08
. 0=0.16
1 7 - - N 1 8
\ / "-(l 0=0.32
\, ' \‘. —0 = 0.64
|Il||I (| [ P
0.5 | fl \ g- 0.5
' =
i —
o { = or
| | =
E
1 | =
L |I | g
0.5 .' | 0.5
I IlI ., | i Ii} |I|
)\ /j‘ \ l _ \
aF 'h' ! VJ b v
‘ Y
-1.5 : : -1.5
0 5 10 15 0
Time (ms)
15 Bi-phasic Pulse Input Reconstruction (FON) 5
. T T
m— Original Inpu
0=0.08 al
1 g=0.16
0=0.32 N
= (0,64
0.5 - B
=
=
=
8
0 =
1]
E
=
2
0.5 .
_1 — —
1.5 : : -4
0 5 10 15 0

Time (ms)

Time (ms)

10

15



TABLE 1
SIMULATIONS - BI-PHASIC PULSE PERFORMANCE ANALYSIS

o Method Input Reconstruction | Parameter Estimation
DTW pCorr sCorr SNR NRMSE R~ NRMSE(A) NRMSE(B) NRMSE(«x)

0.08 FON 1.5 1.00 0.60 29.1 0.01 1.00 0.00 0.02 0.00

' LTI 28.9 0.59 0.55 -1.5 0.45 -0.41 0.75 0.76 -
0.16 FON 3.6 1.00 0.60 20.6 0.04 0.99 0.00 0.05 0.00

' LTI 25.3 0.53 0.54 -1.7 0.46 -0.48 0.74 0.87 -
032 FON 9.2 1.00 0.60 12.3 0.09 0.94 O.Ql 0.12 0.03

- LTI 30.9 0.34 0.49 2.3 0.49 -0.72 0.69 1.03 -
0.64 FON 1_7.2 0.98 0.60 7_.9 0.15 0.84 0.02 0.22 0.05

' LTI 64.4 0.06 0.18 -6.3 0.78 -3.30 0.56 1.12 -

Performance comparison between FON and LTI approaches showing both input reconstruction metrics and parameter estimation accuracy. For parameter
estimation, dash (-) indicates not applicable.



So what?



Clinical Reality Check:
Validating on Human Intracerebral Data

- - EEG (scalp)

Reading electrodes
(256-channel HD-EEG)

Intracerebral PBNG — \ &S 773 '
Stimulation [\S 7 /
Actuation electrodes (S
(deep brain) \ B9 i
;{ Dataset: 7 Epilepsy Patients | —Wv— Hardware: 256-channel HD-EEG | f Intensity Range: 0.1 mA to 5.0 mA

Validated against real anatomical chaos, varying tissue depths, and shifting electrode configurations.

{ @ The DT-FON method preserves high-fidelity shape and timing under severe noise.




Normalized Input

Normalized Input

Location: K13-14

Reconstructed Inputs Across Different Stimulation Locations and Intensities
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Model Predictive Control
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Model Predictive Control
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Fractional Order Systems - Model Predictive Control (FOS-MPC)

( "L
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P P=1
: T 2 2
(cost function) minimize E { E lek+j||Qk+j + E ”uk+j||Rk+j}
j=1 §=0

Uk,---,Uk4P—1

(constraints) subject to X, = observed or estimated current state
A%Rppjpr = Apg Xt + Brgjlps; + B;:HW’“H’
el S Pl
other linear constraints on xj41,..., Xx4p,

Ug,..., Ug4+P—1-

» MPC implemented on a p-augmented LTIl approximation
p=1 i [
Aaxk — 5=0 ('—].)‘7 (]) Xk—j'
@ Fewer parameters than standard nonlinear models.

@ Mathematically tractable.

o Computationally tractable.
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Epilepsy today

Seizures are due to brief disturbances in the electrical

functions of the brain




Electrical Neurostimulation for epilepsy
(NeuroPace RNS Neurostimulator)
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Electrical Neurostimulation for epilepsy

(NeuroPace RNS Neurostimulator)




Our approach for personalized neurostimulation
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Simulation results

Computational Simulation Results: Jansen-Rit Neural Mass Model
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B. H. Jansen and V. G. Rit. "Electroencephalogram and visual evoked potential generation in a
mathematical model of coupled cortical columns." Biological Cybernetics 73.4 (1995): 357-366.



Fractional Order Systems - Model Predictive Control (FOS-MPC)
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v J=1 y
(constraints) subject to xyx = observed or estlmated current state
A®Xy4j41 = AryjXisj + BryjUesj + Biyj Wiy,
i =0, 1., P=1,
other linear constraints on Xx.i1,..., Xx+p,

Uk, -+, Ux4p-1,
» MPC implemented on a p-augmented LTI approximation

Xk—Z (1)]( )Xkl

» Epileptic seizure mitigation: minimize brain activity (energy) while promoting
milder electrical stimulation and imposing safety constraint
Qk+j = Ir Rk+j = pI, Iuk+j| < Umax;
with small p > 0.

Chatterjee, S., Romero, O., Ashourvan, A. and Pequito, S., 2020. Fractional-order model predictive control
as a framework for electrical neurostimulation in epilepsy. Journal of Neural Engineering, 17(6), p.066017.



Simulation results (Jansen-Rit neural mass model)

Seizure suppression using FOS-MPC
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Figure: FOS-MPC on an iEEG seizure simulated by the Jansen-Rit neural mass model.

= Chatterjee, S., Romero, O., Ashourvan, A. and Pequito, S., 2020. Fractional-order model predictive control
— as a framework for electrical neurostimulation in epilepsy. Journal of Neural Engineering, 17(6), p.066017.



Awesome, It works!J
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The Control Paradigm Shift

Moving from passive mapping to active parameter reconfiguration.

PASSIVE MAPPING ACTIVE PARAMETER RECONFIGURATION

./’l\

Time-Scales (a)

Spatial /
Wiring (A) /
L
Passive Mapping. Active parameter reconfiguration.
Navigation occurs strictly within fixed Simultaneously alter the system’s physical wiring (A) and its multi-
physical boundaries. scale memory (a) while driving it.

Control shifts from a single steering wheel to a full mixing console. We can simultaneously
alter the system’s physical wiring and its multi-scale memory while driving it.

A NotebooklM
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Joint Parameter and State Control

[F——————— ———]

Mechanism: By constructing an equivalent linear
representation that isolates the memory contribution as a
structured disturbance, we unlock explicit conditions for control. |

|

’/ \ QLAY

= e — - ]
Outcome: We compute the exact finite-step input sequence
required to simultaneously steer both network parameters
(A, ) and the physical state (x) to prescribed targets.
—

STRUCTURED LATTICE

A Notebos



The Ultimate Test: Steering the Epileptic Brain

Can we predict and control network dynamics with direct electrical stimulation?

1. Stable Baseline (Pre-ictal) 2. Seizure State (Ictal) 3. Steered Back (Post-stimulation)

Network N,y (@, A, B) — Stable memory and coupling. Network Ny (4, A4, B) — Pathological dynamics. Network N,y (e, A", B) — Returned to stable regime.

Steer back
with stimulation

Transition
to seizure

7
Seizure Dynamics (EEG) | Post-stimulation Dynamics (EEG)

10 10
> > >
-10 . . , -10 ! ’ : -10 |
6 8 10 |

0 2 4 6 8 10 0 2 4 0 2 4 6 8 10
Time (s)

| Time (s) ,. Time (s) )
AL / b 3 \_

@ The Therapeutic Goal: Systematically injecting precise inputs to steer the network parameters
away from the pathological seizure configuration and force a return to the stable baseline.
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How We Test the Ability to Steer the Epileptic Brain

1. Learn Baseline 2. Observe Seizure 3. Inject Known Stimulation 4. Reconstruct Input 5. Predict and Steer
(Pre-ictal) (No Stimulation) from EEG
Deliver defined stimulation Use the model to predict
Estimate network | Record EEG as the | inputs k] via implanted | Can we recover the future responses and
parameters from s network becomes 55 electrodes. E > injected inputs (k] )  optimize stimulation to
EEG before seizure. i pathological. from EEG alone? restore stability.
u[k] (known)
Ny (a, A, B) Ny (ag, Ag, B) u[k] (reconstructed)

Implanted
Electrodes

P'A “A A
A 1
1 w | 10T
e L
w m ° ARIRIN
Time Time Time Time

If we can accurately reconstruct the known stimulation and predict the response,
the model truly captures the brain’s input-output relationship and can be used to steer it.



Where Do We Go From Here?
(Master's Thesis Topics)






