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Technical Benchmark: BIDSim vs. Variational Inference
Automatic Differentiation Variational Inference (ADVI) & Mean-Field

Approximations

Author: Discretized Bayesian Induction (BID) Research Group |

Executive Summary & Paradigm Comparison

This technical benchmark evaluates the BIDSim (Chained Virtual Urns Simulator) against Varia-
tional Inference (VI / ADVI), specifically Mean-Field and Full-Rank Automatic Differentiation Varia-
tional Inference. While VI reformulates Bayesian integration into an optimization problem by minimizing
the reverse Kullback-Leibler divergence Dky,(q || p), it suffers from severe variance underestimation
(under-dispersion), stochastic gradient noise, and softmax Jacobian boundary distortions. BID-
Sim provides a 100% exact, glass-box, non-parametric alternative operating on discrete barycentric
virtual urns (Popu = 1,000).

Framework: Paper 4 (p4 BIDSim.pdf)

1. Executive Metrological Comparison Matrix

Diagnostic Dimension

BIDSim (Chained Virtual Urns)

Variational Inference (ADVI / Mean-

Field)

Foundational Paradigm

Mathematical
tive

Objec-
Posterior Dispersion

Autocorrelation (lag-1)

Effective Sample Size
(ESS %)
Simplex

(> g = 100%)
Small Data & Zero-Cell
Robustness

Latency (m = 100, 300k
ESS)

Binary & Footprint

Boundary

Discretized Virtual Urns (Popu = 1,000) &
Jaynesian Maxent Prior Engine

Exact discrete compilation of conditional
CDFS: CDFk(qk | qi1,... ,qk_l)
Exact Dispersion
(VarBIDSim = VarExact)

0.000 (Pure I.I.D. scenario draws)

100.0% (Zero sample discard; T draws = T’
ESS)

Exact by construction
100.000%, machine prec. 1076)
100% Stable via PEMPI objective Maxent
priors

1.46 seconds (Native C++ / OpenMP)

Preserved

Ca =

< 154 KB WASM binary; 16 MB —

228 MB static heap

Optimization of Variational Distribution
g¢(0) via ELBO Maximization

argmax, ELBO(¢) = Eq,[logp(y,0)] —
Eq, [log 44 (6)]

Severe Under-Dispersion (Var,(6;) <
Vary(0;) due to Dkw(q || p))

0.000 (Independent draws from fitted go)
100.0% (Draws are I.I.D., but drawn from
biased q4)

Requires Softmax transform; Jacobian
distorts boundary tails

Gradient Drift / Stalling on flat likeli-
hoods or v; = 0 counts

18.50 — 35.00 seconds (ELBO stochastic
optimization)

> 150 MB (PyTorch / JAX / AutoDiff
compiler stack)

2. The Reverse KL Divergence Asymmetry & Variance Collapse

Variational Inference approximates the true posterior p(6 | y) by selecting a distribution ¢3() from a family Q
that minimizes the reverse Kullback-Leibler (KL) divergence:

Dict.(45(0) || p(6 | ) = /A

46(6) log (

q(0)
N y>> 10 o

Because g4(0) appears in the denominator inside the logarithm, whenever p(6 | y) — 0, ¢4(8) is forced rapidly
to zero to avoid an infinite penalty. Consequently, reverse KL optimization is inherently mode-seeking rather

than mass-covering.
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Variational Inference (ADVI / Mean-Field) ~

¢ Under-Dispersion Hazard: Mean-Field VI assumes independence among latent variables: ¢4(6) =[]/, ¢:(0:).

e Posterior Variance Collapse: It systematically underestimates posterior variance (Vary(6;) < Var,(6;)), gen-
erating overconfident, artificially narrow 95% credibility intervals.

e Tail Risk Blindness: In medical trials and polling, VI severely underestimates the probability of rare events or
runoff qualification thresholds.

(&
BIDSim (Chained Virtual Urns) N

e Full Dispersion Preservation: BIDSim pre-compiles exact barycentric probability vectors over finite urn grids
(Popu = 1, 000).

e Zero Distribution Distortion: Phase 1 compiles full non-parametric belief states without imposing Gaussian
or mean-field factorization assumptions.

e Calibrated 95% Coverage: Achieves 95.089% actual physical coverage under the Closest-Tail quantile calibra-
tion method.

3. Evidence Lower Bound (ELBO) Optimization vs. Phase 1 Compilation

ADVI maximizes the Evidence Lower Bound (ELBO) over unconstrained parameter space ¢ = softmaxfl(q) S
R™1:

ELBO(¢) = Eqy,(¢) [log p(y, ¢) —log ¢4(¢)] < log p(y) (2)
In practice, evaluating V4,ELBO(¢) requires Monte Carlo gradient estimation (e.g., pathwise estimators ¢ =
p+ Le with e ~ N(0,I)). Stochastic gradient noise forces ADVTI to run for 5,000 to 20,000 iterations to achieve
numerical convergence.
In contrast, BIDSim replaces iterative gradient optimization with Phase 1 Deterministic Knowledge Com-
pilation:

Phase 1 Tax: O ((m — 2) - Popu®) = Executes in 50 — 180 ms for m = 10 candidates (3)

Once Phase 1 compiles the static lookup matrices, Phase 2 draws scenarios in linear time O(T - m) via 1D
inverse CDF lookups:

k—1
= DR @) (1034 ). U~ Uniformo, 1) g
j=1

4. Small Data Cohorts, Zero-Cell Counts & Simplex Boundaries

On Small Data cohorts (N < 200) or sparse contingency tables (v; = 0 counts), Variational Inference exhibits
severe numerical instabilities:

1. Flat ELBO Plateaus: Small sample sizes produce weakly informative likelihoods. Stochastic gradient ascent
struggles on flat ELBO surfaces, causing learning rates to oscillate or collapse into sub-optimal local modes.

2. Softmax Jacobian Boundary Distortions: Mapping variational draws ¢ ~ N(u,X) to the categorical
simplex A™~! via g = softmax({) requires the Jacobian determinant:

det | =[] (5)
=1

As any proportion approaches zero (¢; — 0), |det J| — 0, creating severe numerical underflow and warping
posterior probability mass near the boundaries of the simplex.

3. BIDSim PEMPI Maxent Neutrality: BIDSim handles zero-count observations (v; = 0) using objective
Maximum Entropy priors generated by the PEMPT algorithm:

Popu

P, = exp(—A16x) where Z(\) = Z exp(—A16;) (6)
j=0

Z (M)

PEMPI requires no numerical optimization or gradient evaluation, guaranteeing 100% closed-form mathematical
stability regardless of cohort size or sparsity.
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5. Computational Speed & Scaling Across Candidates

Candidate Dimension (m) BIDSim Latency (C++ / WASM) ADVI Latency (PyTorch / JAX) BIDSim
m =5 Candidates (100k Draws) 35.8 ms 2,450.0 ms 68.4x |
m = 10 Candidates (100k Draws) 75.0 ms 5,120.0 ms 68.2x
m = 100 Candidates (300k ESS) 1.46 seconds 24.80 seconds 17.0x

6. Auditability & Edge AI Deployment

¢ Software Stack Footprint: Running ADVI requires an automatic differentiation framework (PyTorch, JAX,
or Stan) exceeding 150 MB to 1.2 GB in dependencies.

e BIDSim Standalone WASM Engine: BIDSim compiles directly to a < 154 KB WebAssembly binary
(bidsim.wasm) operating inside a static 16 MB heap.

e Deterministic Glass-Box Execution: Unlike ADVI, which depends on stochastic initializations, random
seeds, and optimizer hyperparameters (learning rates, momentum), BIDSim Phase 1 compilation is 100% bit-
exact and deterministic.

Conclusion & Metrological Verdict

While Variational Inference (ADVI) offers a faster alternative to MCMC for continuous high-dimensional
problems, it is fundamentally flawed for categorical Bayesian induction due to reverse KL variance
collapse, overconfident credibility bounds, and softmax boundary distortions. BIDSim provides an uncom-
promised, glass-box solution: exact probability conservation (3 ¢; = 100.000%), full variance preservation,
100% ESS efficiency, and microsecond execution on edge devices.
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