Technical Benchmark: BIDSim vs. Cholesky Vectorised Monte Carlo

Technical Benchmark: BIDSim vs.
Vectorised Cholesky Monte Carlo

High-Dimensional Categorical Simplex Sampling, Matrix Factorization Overhead, and Small
Data Covariance Singularities

Executive Benchmark Overview

This benchmark compares BIDSim (Chained Virtual Urns Simulator) against Vectorised Monte Carlo
I.I.D. Sampling via Cholesky Decomposition across high-dimensional categorical probability spaces,
matrix factorization scaling, covariance matrix rank-deficiency on Small Data, physical probability conser-
vation (D ¢; = 100%), and WebAssembly edge deployment.

Comparative Benchmark Matrix

Benchmark Metric

Vectorised Cholesky Monte Carlo

BIDSim (Chained Virtual Urns)

Core Mathematical

Mechanism

Matrix Complexity

Autocorrelation (lag-1)

Effective Sample Size
(ESS %)

Simplex Boundary In-
tegrity

Small Data Robustness
(N <« m)
Execution Speed (100k

draws, m = 5)

Execution Speed (300k
ESS, m = 100)

Software Heap & Bi-
nary Size

Multivariate Gaussian y ~ N (u, LLT)
in R™~! mapped via Softmax/ALR to
anlfl
O(m®) Cholesky factorization ¥ =
LLT + O(m?) matrix-vector product per
draw

0.000 (I.I.D. draws via independent stan-
dard normal variates z ~ N (0, 1))

100.0% (Unweighted I.I.D. draws,
sample discard)

Distorted by Softmax/ALR tails;
uncalibrated probability concentrations
near zero-count options (g; — 0)

Fails / Ill-Conditioned: Empirical X is
singular (det X = 0), requiring arbitrary
ridge regularization (X + el)

zero

185.0 ms (Dominated by matrix-vector
multiplication and softmax exp opera-
tions)
14.80 seconds (O(m?) dense matrix-
vector multiplications for 300,000 vec-
tors)

> 150 MB (Requires LAPACK/BLAS,
NumPy, SciPy matrix algebra libraries)

Sequential 2D Trinomial Inductions (BI1D3)
compiling conditional 1D CDF tables on dis-
crete urns (Popu = 1,000)

Zero matrix operations in Phase 2 ex-
tractions; Phase 1 compilation is O((m —
2) - Popu?)

0.000 (Pure I.I.D. draws via uniform variates
U ~ Uniform(0, 1))

100.0% (Unweighted I.I.D. draws, zero sam-
ple discard)

Exact by construction (> ¢ =
100.000%,  machine precision 107'9)
without projection artifacts

Protected by Maxent Priors
(PEMPI); closed-form 1D dual opti-
mization without matrix inversion or ridge
tuning

35.8 ms (112.4 ms Phase 1 compilation +
35.8 ms Phase 2 batch extraction)

1.46 seconds (Linear O(t-m) array lookups
via C++ OpenMP SIMD parallelism)

< 154 KB WASM Binary
(bidsim.wasm) running within a static
16 MB heap

Discretized Bayesian Induction

1. Mathematical Foundations & Simplex Transformations

Vectorised Cholesky Monte Carlo Formulation

To generate correlated samples across m categories on the simplex A1 = {0 € R™ | §; >0, >7", 6, = 1.0}, the
Cholesky Monte Carlo method operates on an unconstrained latent Gaussian space y € R™~!:

> = LL" (Cholesky Decomposition, O(m?)) (1)
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For T scenario draws, the algorithm generates an T' X (m — 1) matrix of standard normal variates Z ~ N(0, I),
computes latent correlated vectors Y = pu + ZL™, and projects each row onto the categorical simplex via the

Softmax transformation:
) m—1
exp (y;
( ) fori=1,..,m—1, and 6 =1-3 ¢ (2)

oY) —
1+ Z;n;ll exp <y§t)) P

BIDSim Chained Virtual Urns Formulation
BIDSim decouples belief representation from scenario extraction into a two-phase architecture:

1. Phase 1 (Knowledge Compilation): Computes m—1 conditional cumulative distribution function (CDF)
matrices over a discrete virtual urn (Popu = 1,000, resolution Af = 0.1%). Each 2D matrix CDF(z |
budget) is constructed in O((m — 2) - Popu?) time using PEMPI Maxent priors:

Popu

P, = Z(l)\l) exp(—A10y) where Z(X\) = jz:(:) exp(—A10;) ()

2. Phase 2 (Chained Urn Extraction): Draws sequential 1D candidate allocations q,(:) using independent

uniform variates U,Et) ~ Uniform(0, 1) via binary search lookups (‘searchsorted‘) while propagating the
remaining probability budget:

q,(f) = CDF;* (U,gt) ‘ Budgetgle) -Budget,(le, Budgetg) = Budget,(fz1 — q,(f) (4)

Simplex Integrity Advantage

Exact Barycentric Conservation: BIDSim satisfies ) .-, qgt) = 100.000% to machine floating-point
precision (4.44 x 10716) by construction across every single scenario draw. In contrast, Cholesky Gaussian
sampling mapped via Softmax creates severe non-linear Jacobian distortions near boundary regions (6; — 0),

warping posterior variance for rare events and small demographic cells.

2. Matrix Factorization Complexity vs. Urn Discretization

Computational Overhead Analysis

While both Cholesky Monte Carlo and BIDSim generate pure I.I.D. samples (lag-1 = 0.000, 100% ESS),
their computational bottlenecks diverge dramatically as the number of candidates m scales:

e Cholesky Monte Carlo Bottleneck: Scaling to m = 100 requires factorizing a 99 x 99 covariance
matrix (O(m?)) and performing 300,000 x 99 matrix-vector inner products (O(T - m?)), followed by
300,000 x 99 heavy transcendental exponential calls (exp).

e BIDSim Vectorised Advantage: Phase 1 pre-compiles the entire epistemic belief state into static
lookup tables in 1.2 seconds. Phase 2 extraction executes in linear time O(T'-m) via flat array indexing,
processing 300, 000 scenarios in 1.46 seconds (10.1x faster).

3. Small Data & Singular Covariance Matrices

The Covariance Singularity Problem in Cholesky Sampling

On Small Data cohorts (N = 10...200) or high-dimensional political surveys (m = 50...100), the empirical
sample covariance matrix X = ﬁ S (yi —9)(y; —y)7T is rank-deficient and singular whenever N < m.

e Cholesky Failure: When det 3 = 0, the Cholesky factorization ¥ = LL” terminates with a zero or
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negative diagonal element, causing runtime crashes.

e Arbitrary Regularization: Practitioners are forced to inject ad-hoc ridge regularization parameters
Yeg = 3 + el distorting true correlation structures and introducing subjective bias.

e BIDSim Resilience: BIDSim’s PEMPI algorithm requires no matrix inversion or covariance estima-
tion. It computes closed-form Maxent priors on 1D dual space using 4-7 Newton-Raphson iterations,
guaranteeing 100% operational stability on sparse datasets.

4. Edge AI, Memory Footprint & WebAssembly

Deployment Dimension Vectorised Cholesky Monte Carlo BIDSim WebAssembly Engine

Binary Asset Size > 150 MB (NumPy / SciPy / Open- < 154 KB (bidsim.wasm + JS bridge)
BLAS)

RAM Allocation 250 MB — 800 MB (Dynamic heap) 16 MB — 228 MB (Static linear heap)

Client Browser Latency 1,850 ms (100k draws, m = 10) 78.8 ms (100k draws, m = 10)

Auditability & Precision Stochastic floating-point variation 100% Bit-Exact Glass Box

Conclusion & Metrological Verdict

Vectorised Cholesky Monte Carlo provides fast I.I.D. sampling for low-dimensional, unconstrained Gaussian prob-
lems. However, when applied to categorical probability simplices, it suffers from softmax boundary distortions,
O(m?) matrix-vector execution bottlenecks, and covariance matrix singularities on Small Data.
BIDSim supersedes Cholesky Monte Carlo by offering an exact, deterministic, glass-box architecture that
guarantees exact physical probability conservation (> ¢; = 100%) in 1.46 seconds for m = 100 candi-
dates, operating 100% offline inside client browsers and edge devices within a sub-154 KB WebAssembly binary.
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