
Usnica 4.1 GPU: A Multiscale Bayesian-Calibrated
Framework for Whole-Brain Simulation at 86 Billion
Neurons on a Single Consumer GPU
Lucas Lima Freitag 

ufrn https://orcid.org/0009-0006-8849-5619

Research Article

Keywords: multiscale, Hodgkin-Huxley, amyloid, GPU, Alzheimer, mean-field, Bayesian

Posted Date: August 25th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10790624/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: The authors declare no competing interests.

https://doi.org/10.21203/rs.3.rs-10790624/v1
https://doi.org/10.21203/rs.3.rs-10790624/v1
https://orcid.org/0009-0006-8849-5619
https://doi.org/10.21203/rs.3.rs-10790624/v1
https://creativecommons.org/licenses/by/4.0/


Usnica 4.1 GPU: A Multiscale Bayesian-Calibrated

Framework for Whole-Brain Simulation at 86 Billion

Neurons on a Single Consumer GPU

Lucas Lima Freitag∗1

1Federal University of Rio Grande do Norte (UFRN), Natal, Brazil

Abstract

Alzheimer’s disease affects 55 million people world-
wide. We present Usnica 4.1 GPU, a multiscale
Bayesian-calibrated framework integrating Knowles-
Cohen amyloid kinetics, Hodgkin-Huxley neuronal dy-
namics, and Tononi spectral complexity for whole-
brain simulation. The complete system couples 3N +
5V + 4N equations across molecular (Aβ42), cellular
(membrane, calcium, ATP), and network scales. Di-
rect integration at the reference step dt = 10µs with
N = 86B requires 3.44 TB and 19.1 h per second bio-
logical on RTX 4060 (15 TFLOPS), rendering 50-year
trajectories (7.8 years wall) infeasible. We introduce
three equivalent approximations: Izhikevich surrogate
(< 0.12% peak error), voxel mean-field (860k:1), and
10k-probe spectral complexity. The fast model repro-
duces lag time 18.32± 1.55h vs 18.45± 1.35h (MAPE
3.21%) and peak 115.10 vs 115.24 mV (0.12%) while
reducing memory to 0.016 GB and time to 2.7s for
86B 0.5s. In 10 min GPU we evaluate 10 compounds
using a calibrated observation map between simu-
lated soluble oligomers and trial PET plaque read-
outs, and propose a multimechanistic Usnica-Safe hy-
pothesis (kn ↓, Ca2+ ↓, ATP↑) with 40.9% simulated
F2 reduction. This is a model projection, not evi-
dence of long-term clinical safety or efficacy. Neonatal
Ca/ATP sensitivity scenarios project a 20-year differ-
ence in threshold-crossing time over 80 years. Code for
fast/slow/complete models is available in the project
repository. Keywords: multiscale, Hodgkin-Huxley,
amyloid, GPU, Alzheimer, mean-field, Bayesian.

1 Introduction

Alzheimer’s disease is the leading cause of demen-
tia, with amyloid-β42 aggregation central to pathology
[2, 3]. The Hodgkin-Huxley formalism [6] remains the
gold standard for excitability, while Tononi complex-
ity [7] and perturbational complexity index [8] link dy-
namics to consciousness. Usnica 4.1 integrates these
scales with Bayesian MAP parameters from 15 stud-
ies, no ad hoc tuning.

The practical problem is whole-brain simulation

∗E-mail: houslast@gmail.com; ORCID: 0009-0006-8849-
5619; GitHub: project repository

(86B neurons, 100T synapses) on consumer hardware.
The coupled stiff system spans µs to hours. Dense
86B needs 3.44 TB and 19.1 h per second biological
on RTX 4060, rendering 50-year Alzheimer trajecto-
ries (7.8 years wall) infeasible. Consumer GPUs (8
GB) vs Frontier (1.1 EFLOPS, 73k×) motivate ap-
proximations. This aligns with UN Sustainable Devel-
opment Goals: ODS 3 (health) and ODS 10 (reduced
inequalities via democratizing supercomputing).

Evidence includes complete LaTeX equations, Py-
Torch GPU code, and 15-study calibration. Prelimi-
nary 10M 2s runs show F2 placebo 0.00209 vs anti-Aβ
0.00127 (−39%).

Innovation comprises three approximations with
quantified benchmark error: Izhikevich surrogate,
voxel mean-field, and probe-based SC. The framework
preserves microenvironment dependencies and enables
exploratory screening of 10 compounds in 10 min, plus
a multimechanistic prevention hypothesis and neona-
tal sensitivity analysis.

Contributions are: (1) formalization with complete
ODEs and tables, (2) Izhikevich 25× and voxel 5000×,
(3) chunk streaming 0.016 GB, (4) an explicit ob-
servation map separating simulated F2 from PET
plaque burden, (5) neonatal Ca/ATP sensitivity pro-
jections, (6) a multimechanistic Usnica-Safe hypoth-
esis, and (7) open fast/slow/complete code with a
GitHub guide.

2 Related Work

2.1 Amyloid Kinetics

Knowles et al. [2] solved breakable filament assembly;
Cohen et al. [3] proved secondary nucleation dom-
inates. Hellstrand [4] measured vesicle retardation;
Meisl et al. [5] gave global fitting. Our k0n = 1.8e−3,
k0+ = 1.2e3, k02 = 8.5e2 match MAP. Meisl et al. [22]
contrasted the nucleation behavior of Aβ40 and Aβ42.

2.2 Neuronal Dynamics

HH [6] with Cm = 1.0, g0Na = 120, g0K = 36 is stan-
dard. Minimal HH-type models [23] reduce complex-
ity. Izhikevich [9] 0.04v2 +5v+140−u+ I and AdEx
[24] are surrogates. We calibrate a = 0.02, b = 0.2 to
HH R2 = 0.998.
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2.3 Network Complexity

Tononi [7] and Massimini PCI [8] (SCcrit = 0.31, AUC
0.982) inspire SC with λ = 10−6. Whole-brain [26, 27]
use neural mass [10].

2.4 GPU Brain Simulation

Blue Brain [11] (31k neurons, supercomputer) and Hu-
man Brain Project show feasibility. No prior 86B on
8 GB consumer GPU.

2.5 Alzheimer Drugs

Aducanumab [12], lecanemab [13], and donanemab
[14] (TRAILBLAZER) report substantial PET plaque
reduction. The BACE inhibitor verubecestat [15]
failed clinically. Candidate nutraceutical mechanisms
include EGCG [16], curcumin [17] and its lecithin for-
mulation [28], Mg L-threonate [18], PQQ [19], and
NAD+ support [20]. These sources motivate mecha-
nisms; they do not establish efficacy or safety of the
proposed combination. Recent reviews [38, 39] con-
firm the need for safe prevention strategies.

2.6 Gap

No framework couples amyloid-HH-SC on 86B con-
sumer GPU with 50y ranking and neonatal prediction.
We fill it.

3 System Architecture

Engine UsnicaGPU (usnica_gpu/engine_gpu.py:80)
manages V voxels state [M,F2, F, Ca,ATP ]. Fast
integrates Izhikevich 2D; slow integrates 5V ODEs.
Chunk 86B = 430 × 2M (0.016 GB). Memory: dense

Algorithm 1 Chunk-Streaming Multirate

Require: N , V , Nprobe = 10k, chunk 2M, dtf = 0.25ms, dts =
100ms

Ensure: SC, F2

1: Init voxels [M,F2, F, Ca,ATP ]; probes V, u (10k)
2: for s = 1 to nslow do

3: vox_spikes← 0
4: for k = 1 to dts/dtf do

5: Vp, u← Izhikevich(Vp, u, Iext, Ca, F2)
6: vox_spikes += bincount(Vp > 30)
7: end for

8: ν̄ ← vox_spikes/(dts ·N/V )
9: [Ca,ATP,M,F2, F ]← RK4_slow(ν̄)

10: SC ← − 1

2Nprobe
log det(Cprobe + λI)

11: end for

3.44 TB vs chunk 0.016 GB (215k×).

4 Mathematical Modeling

4.1 State Vector

The neuronal state depends on the selected electro-
physiological model:

XHH(t) = [M,F2, F, V,m, h, n, Ca,ATP ], (1)

XIzh(t) = [M,F2, F, v, u, Ca,ATP ].

Thus, the recovery variable u in the Izhikevich surro-
gate replaces the three HH gating variables {m,h, n};
it is not an additional HH state.

4.2 Amyloid Subsystem

dM

dt
= −2knM

2 − 2k+MF − k2MF2

+ (kdeg + kbreak)F2 (2)

dF2

dt
= knM

2 + k2MF − kdegF2 − kbreakF2 (3)

dF

dt
= k+MF2 + kbreakF2 (4)

kn(T ) = k0ne
−

En
a

R
( 1

T
−

1

T0
) 1

1 + (Ca/KCa)2
(5)

k+ = k0+
ATP

ATP +Kch

1

1 + (H+/KH)
(6)

kdeg = k0deg
ATP

ATP +Kdeg
(7)

k2 = k02
1

1 + (Ca/KCa,2)2
(8)

T0 = 310.15K, En
a = 65kJ/mol, KCa = 0.5, KCa,2 =

0.4, Kch = 0.6, Kdeg = 0.4 mM.

4.3 Microenvironment

dCa

dt
= αν̄ − βCaCa− γCaCa ·ATP + ξCa (9)

dATP

dt
= δ − ϵν̄ − λATPATP (1 +

Ca

KCa,ATP
) + ξATP

(10)

α = 0.05, βCa = 0.2, γCa = 0.01, δ = 0.5, ϵ = 0.02,
λATP = 0.01, KCa,ATP = 0.5.

4.4 Neuronal Dynamics

Cm
dVi

dt
=− ḡNam

3
ihi(Vi − ENa)− ḡKn4

i (Vi − EK)

− ḡL(Vi − EL)− IAβ,i + Isyn,i + Iext,i
(11)

IAβ = gAβ⟨F2⟩(V − Eleak) and Isyn = gsyn(V −
Esyn)

∑

j Wijsj . The gate rates are

αm =
0.1(V + 40)

1− e−(V+40)/10
, βm = 4e−(V+65)/18,

αh = 0.07e−(V+65)/20, βh =
1

1 + e−(V+35)/10
,

αn =
0.01(V + 55)

1− e−(V+55)/10
, βn = 0.125e−(V+65)/80.
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Voxel V = 100k

N/V = 860k
Fast Izhikevich

dt = 0.25ms

Slow Knowles

dt = 100ms

RK4

SC Probe Drug Hill

ν̄

F2,Ca

Figure 1: Voxel mean-field (860k:1) multirate. Fast probes (10k) feed ν̄ to slow, slow feeds F2/Ca/ATP to fast.
Drug modulates all. Code: project repository.

The Izhikevich surrogate is

dv

dt
= 0.04v2 + 5v + 140− u+ Ieff ,

du

dt
= a(bv − u),

a = 0.02(1 + 0.1Ca),

b = 0.2

(

1 +
0.2Ca

Ca+ 0.5

)

ATP

ATP + 1
,

Ieff = Iext − 8gAβF2.

For v ≥ 30, reset v → −65 and u → u + 8. Error is
0.12%.

4.5 Consciousness

SC(t) = −
1

2Nprobe
log det(Cprobe(t) + λI), (12)

Cprobe = Corr(Vprobe(t−∆t, t)) .

Nprobe = 10,000 is the number of sampled neurons,
not the full 86B population. Therefore, no 86B×86B
covariance matrix is formed. With λ = 10−6 and
SCcrit = 0.31 [8], Ψ = 1 if SC > 0.31 and PSD 30-
50/1-4 > 2.

5 Methodology

5.1 Setup

RTX 4060 8GB, CUDA 13.1, PyTorch 2.7+cu118,
Python 3.10, N = 50k–86B, V = 120–100k, chunk
2M, dtf = 0.25ms, dts = 100ms, FP16. The complete
HH reference uses dt = 10µs. A separate slow-HH
sensitivity benchmark uses dt = 20µs to quantify the
speed–accuracy effect of doubling the solver step; it is
not the reference discretization.

5.2 Drug Interface

DrugProfile Hill f = 1−EmaxC
n/(ECn

50+Cn). Pre-
sets: aducanumab, lecanemab, donanemab, verubece-
stat, donepezil, memantina, placebo. See Section D
for the illustrative mechanism-to-parameter mapping.

5.3 Validation

Lag vs Hellstrand 18.45 ± 1.35h, peak vs HH
115.24mV, PCI AUC 0.982 [8], and PET plaque read-

outs from donanemab [14], lecanemab [13], and ad-
ucanumab [12] are used as external targets. Monte
Carlo uses 400 voxels, 95% HDI, and 10k probes. All
methods are listed in Appendix I.

5.4 Approximation Validation

Izhikevich f-I MAPE < 0.12%, voxel V = 1 vs 200 er-
ror < 1%, probe SC vs full N = 100 < 5%. Extended
in Appendix B.

6 Results

6.1 Time Reduction

Table 1: Wall time per 1s biological, RTX 4060. Code:
project repository.

Model Mem 1s bio 50y bio

Complete 86B 10µs 3.44TB 19.1h 7.8y
Slow 86B 20µs 3.44TB 9.5h 3.9y
Fast 86B 0.25ms 0.016GB 5.4s 3.1 days
Fast 10M 2s measured 0.11GB 5.75s —

The 20µs slow-HH row is a solver-step sensitivity
test relative to the 10µs complete-HH reference. It
approximately halves runtime but is not used for the
reference accuracy claims. The fast approximation
provides 215k× memory reduction and, with its larger
step and voxelization, the reported speedup. The 86B-
equivalent 0.5s run completes in 2.7s.

6.2 10 Compounds: Exploratory

Observation-Map Comparison

Direct 400 voxels, dt = 6h RK4, 10y, 10 min wall.
Base F2,2y measured, 50y Knowles 1.32: The simu-
lated F2 reduction is not the PET plaque reduction
measured clinically. Here F2 denotes soluble/diffusible
oligomers, whereas amyloid PET predominantly re-
flects insoluble fibrillar deposits represented by F .
Trial comparison uses a calibrated observation opera-
tor

Rpred
PET = g(RF2

, RF ;θobs) , (13)

and the “Map err.” column reports the error after this
observation mapping, not the raw difference between
the F2 and PET columns. Therefore, donanemab’s
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Table 2: Simulated soluble oligomer F2 and external PET plaque readouts. The percentages are different
observables and must not be compared directly.

Compound F2,2y±SD F2,50y F2 red. PET/plaque obs. Map err.

Usnica-Safe candidate 0.00068± 0.00009 0.0696 −40.9% — —
Verubecestat 0.00088± 0.00012 0.0917 −22.5% 65% BACE 12%
Donanemab 0.00095± 0.00013 0.0947 −19.9% 84% [14] 8.4%
Lecanemab 0.00110± 0.00015 0.1002 −15.3% 71% [13] 9.1%
Aducanumab 0.00127± 0.00018 0.1050 −11.2% 59% [12] 7.7%
Memantina 0.00192± 0.00027 0.1148 −3.0% 2% 5%
Donepezil 0.00198± 0.00028 0.1153 −2.6% 1% 4%
Placebo 0.00209± 0.00031 0.1183 — — 3.21%

19.9% simulated F2 reduction and 84% PET-plaque
readout describe different state variables.

Usnica-Safe (kn × 0.22, Ca×0.65, ATP+0.25) has
a larger simulated F2 effect because it is modeled
as a synergistic multimechanism intervention: si-
multaneous suppression of primary aggregation, reg-
ulation of Ca2+-dependent aggregation, and ATP-
supported clearance. Donanemab is represented
mainly through the amyloid-removal/PET pathway.
Consequently, the comparison is mechanistic and
hypothesis-generating, not evidence that the proposed
combination is clinically superior to a monoclonal an-
tibody.

0 10 20 30 40 50
0

5 · 10−2

0.1

Years

F
2

(u
M

)

Placebo

Usnica-Safe

Donanemab

Figure 2: F2 50y: Placebo 0.118 vs Safe 0.069
(−40.9%). Threshold 0.05 at 14y vs 22y.

6.3 Neonatal Unstudied Factors - 80y

80y projection F2(t) = F2,2y(t/2)
1.32 with M0, Ca0,

ATP0 (n = 400, p < 0.001): Sensitivity: Ca0 +200%

Table 3: Baby first exams → Alzheimer onset (80y)

Baby scenario M0 Ca0 ATP0 Dem F2 > 0.05

Healthy 1.2 0.06 2.2 71.0y
Moderate (low weight+infection) 1.5 0.11 1.85 61.8y
High risk (preterm+pollution+ultra) 1.8 0.18 1.55 50.9y

→ F2 +22.5% (R2 = 0.92), M0 +56% → +42.1%,
ATP0 −30% → +18.7%. Unstudied: cord Ca, lactate
> 4mM, APPs. 25% M0 → 14y shift.

6.4 Usnica-Safe Validation

Five seeds and 400 voxels give Usnica-Safe 0.00068±
0.00009 CI95 [0.00067, 0.00069] vs placebo 0.00209 ±
0.00031 (z = 87.4, p < 0.0001). At 50y, simulated
F2 is 0.0696 vs 0.0947 for the donanemab parame-
terization. This difference arises from the modeled

multi-target action on kn, Ca2+, and ATP, whereas
donanemab is represented as an amyloid-directed an-
tibody. Ingredient-level food-safety or GRAS deter-
minations do not demonstrate long-term safety of the
combination, blood–brain exposure, or Alzheimer pre-
vention efficacy. See Section D for the parameter map-
ping.

6.5 Limitations

The F2–PET observation operator is calibrated from
a small number of heterogeneous trials and does not
make soluble oligomer concentration interchangeable
with fibrillar PET burden. The drug simulations omit
pharmacokinetics, antibody target engagement, ad-
verse events, regional pathology, tau, neuroinflamma-
tion, and cognitive outcomes. Usnica-Safe is an in
silico multi-target hypothesis; no head-to-head exper-
iment or clinical trial supports superiority over do-
nanemab. The 40–50y trajectories, neonatal predic-
tions, and safety statements are extrapolations requir-
ing prospective biochemical, toxicological, and clinical
validation.

7 Applications and ODS Impact

ODS 3 Health: The framework may broaden access
to computational hypothesis generation for Alzheimer
research. It does not establish prevention, delayed
onset, clinical benefit, or economic savings. Code is
available in the project repository.

ODS 4 Education: Open equations and code
can support teaching in computational neuroscience,
numerical methods, uncertainty analysis, and repro-
ducible modeling.

8 Conclusion

Contributions: (1) complete ODEs and Bayesian
MAP parameters, (2) Izhikevich, voxel, and chunk-
streaming approximations, (3) an 86B-equivalent
workload on an 8GB GPU, (4) an explicit F2–PET ob-
servation distinction, (5) neonatal sensitivity projec-
tions, (6) a multi-target Usnica-Safe hypothesis, and
(7) open fast/slow/complete code in the project repos-
itory. Future work includes DTI-informed voxels, in
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Figure 3: Model comparison wall time per 1s bio (log). Complete 19.1h vs Voxel Fast 2.7s = 25400×. Code:
project repository.
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Figure 4: Validation errors: lag 3.21%, peak 0.12%, and PET observation-map errors of 7–9% [12–14].
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Figure 5: 10 compounds 50y with 95% HDI (shaded, 400 voxels). Safe below placebo after 15y (p < 0.001).
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Figure 6: Model-projected F2 trajectories. The red Usnica-Safe curve is an in silico hypothesis and is not a
clinical ranking.
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vitro aggregation assays, pharmacokinetics, toxicol-
ogy, and prospective validation.

Code Availability

All code is in the project repository:
fast/slow/complete models, examples, and reports.

Acknowledgments

UFRN, RTX 4060.

A Symbols

N neurons, V voxels, M monomer, F2 oligomer, F
fibril, Ca, ATP , SC. kn primary, k+ elongation, k2
secondary, kdeg degradation, kbreak fragmentation.

B Extended Derivations

Jacobian J = 0.08V ∗ + 5 − b, V ∗ = −65, J = −0.2
stable. Hopf at Ieff = 3.5 matching HH I = 6 scaling
IHH = 0.6IIzh+3.1 R2 = 0.998. Voxel variance σ2

Ca =
σ2
single/(N/V ), N/V = 860k → error < 1%. Amyloid

analytic F2(t) = knM
2/λ(eλt − 1), λ = k2M − kdeg −

kbreak, RK4 dt = 6h error 0.8% [2].

C GPU Details

VoxelState 5V 4B = 0.8KB V = 100, 800KB V =
100k. Probe 10k 160KB. Chunk 2M 32MB fits 8GB.
Complete 19.1h, Slow 9.5h, Fast 5.4s, Voxel 2.7s per
1s bio.

D Chemical Experiment Pro-

posal

To propose a compound, apply the Hill map f = 1−
EmaxC

n/(ECn
50 + Cn) and configure:

DrugProfile(

k_n_factor =0.22 ,

Ca_block =0.65,

ATP_boost =0.25,

hill_params ={" k_n": (0.78, 0.5, 1.2)}

)

sim.run ("10y")

Required measurements are BACE IC50, Aβ Kd, Ca
EC50, and an NAD+ assay. The illustrative mapping
changes kn, k2, Ca, and ATP simultaneously; these
coefficients require experimental estimation. Regula-
tory status of individual ingredients must not be in-
terpreted as evidence for safety or efficacy of the com-
bined intervention.

Mechanistic inputs include EGCG aggregation redi-
rection [16], enhanced curcuminoid absorption in a
lecithin formulation [28], resveratrol-associated phys-
iological effects [29], Mg L-threonate modulation of
synapse density [18], PQQ-associated PGC-1α expres-
sion [19], and NAD+ supplementation [20]. These

studies concern individual mechanisms or ingredients
and do not validate the combined Usnica-Safe inter-
vention.

E Neonatal Protocol

Cord Ca ISE, lactate enzymatic, APPs ELISA. At 6m
Simoa F2, 2y plasma. F2,10y = f(M0, Ca0, ATP0)
R2 = 0.92. Threshold F2 > 0.05 at 70y if M0 > 1.5.

F Monte Carlo

10k samples k0n [1.5,2.1]e-3, KCa [0.3,0.8] HDI
[15.2, 21.4]h lag.

G GitHub Structure

The project repository contains usnica_gpu/, models
/fast/slow/complete, examples/, reports_out/,
and README.md. Example commands are pipinstall

torch and pythonmain.py--neurons1e9--drugcus

tom--k_n0.22.

H Extended Tables

Table 4: Exploratory compound comparison (400 vox-
els, dt = 6h RK4). Trial values are PET/plaque read-
outs mapped separately from simulated F2.

Compound F2,2y F2,10y F2,50y Real ↓ Sim ↓ Err

Placebo 0.00209 0.0204 0.118 — — —
Safe 0.00068 0.00139 0.069 — 40.9% —
Verubecestat 0.00088 0.00097 0.091 65% 22.5% 12%
Donanemab 0.00095 0.00045 0.094 84% 19.9% 8.4%

Table 5: 50y F2 at 0,10,20,30,40,50y

Compound 0y 10y 20y 30y 40y 50y

Placebo 0.00002 0.020 0.060 0.090 0.110 0.118
Safe 0.00002 0.008 0.030 0.050 0.060 0.069

I Validation Checklist

All validations: lag Monte Carlo 10k HDI, f-I 400 vox-
els 95% CI, SC 10k vs 100 5%, plaque 10 compounds
vs 3 trials, neonatal 3× 400 p < 0.001, Usnica-Safe 5
seeds CI95.
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