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Abstract

Modern enterprise Al systems face a critical trade-off: the speed of approximate nearest
neighbor (ANN) search versus the mathematical guarantees required for regulatory com-
pliance (e.g., EU AI Act, LGPD). This whitepaper details the architectural integration of
Madhava-Sec into the Winnex AT orchestration stack. We provide a rigorous proof sketch
of our Cauchy-Schwarz upper bound, explicitly detailing the worst-case versus average-case
tightness of our int8 quantization margin. Furthermore, we present comprehensive empirical
validations against modern high-recall baselines (FAISS IVF-PQ with aggressive refinement,
HNSW high-recall modes), demonstrating that Madhava-Sec achieves exact recall (1.0000)
and 0% bound violations while maintaining a sub-linear memory footprint. The Winnex
stack is explicitly architected for surgical precision in structured data, prioritizing
verifiable accuracy over doubtful, high-speed approximations.
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1 Introduction

The deployment of Retrieval-Augmented Generation (RAG) in regulated sectors is hindered
by the "black box" nature of standard vector databases. Graph-based indexes (e.g., HNSW)
optimize for speed but offer no deterministic guarantee that a relevant document was not pre-
maturely discarded.

The Winnex ATl stack solves this by prioritizing auditability and mathematical certainty.
At the core of this guarantee is Madhava-Sec, which enforces strict upper bounds on vector
similarity. This document provides the rigorous mathematical foundations of this guarantee
(including quantization error bounds), its empirical tightness, and comprehensive benchmarking
against state-of-the-art high-recall methods.


https://github.com/winnex-ai/winnex-audit-cpp
https://mariadb.com/bsl11/

2 Mathematical Foundations of Madhava-Sec

To guarantee zero false negatives (100% recall), Madhava-Sec computes a strict upper bound
on the inner product (equivalent to cosine similarity for normalized vectors).

2.1 Orthogonal Decomposition and Non-Isometry

Let x € RP be a corpus vector and q € R be a query vector. We apply an orthogonal projection
matrix P € R¥P (where d < D), constructed via Modified Gram-Schmidt (MGS) to ensure
PP7 ~ 1;. Any vector is decomposed into its projected component and its orthogonal residual:
x = PTPx +r,. By the Pythagorean theorem, |x|> = ||Px||? + ||rz|>. The residual norm ||r,||
is precomputed and cached.

2.2 Rigorous Proof Sketch of the Strict Upper Bound

Expanding the true inner product and applying the Cauchy-Schwarz inequality to the resid-
ual term yields:
(x,q) = (Px,Pq) + (rs,rg) < (Px,Pq) + [[rg|[[[rq] (1)

2.3 Int8 Quantization Margin: Worst-Case vs. Average-Case Tightness

To maximize cache efficiency, the projected vectors are quantized to int8. Let %, be the quantized
vector and s; be the scaling factor for dimension j. The quantized value is &, ; = round(zp;/s;).
The quantization error per dimension is 6; = =, ; — ,;5;. By the properties of rounding, the
worst-case error is strictly bounded: |§;| < 3.

Therefore, the error introduced to the dot product by quantization is bounded by:
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This is the worst-case margin, explicitly implemented in the C++ engine as + 0.5f * scale[j]
* fabs(pql[jl).

The Tightness Paradox Resolution: While Equation (2) represents a conservative worst-
case bound, the average-case behavior is significantly tighter. Because quantization errors ¢;
are effectively zero-mean and independent across dimensions, they exhibit statistical cancellation
(Central Limit Theorem). Empirically, this means the actual error is orders of magnitude smaller
than the worst-case bound. This allows Madhava-Sec to use the safe, deterministic worst-case
bound for zero false negatives, while still achieving aggressive, highly effective pruning in
practice (as the bound remains surprisingly tight on average).

2.4 The Final Strict Upper Bound

Combining the projected quantized dot product, the worst-case quantization margin, the Pythagorean
residual bound, and a floating-point safeguard (es, = 107?), we derive the final strict upper
bound U(x, q):
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Quantized Projected TP ‘j:1 , Pythagorean Residual Bound

Worst-Case Quantization Margin

If U(x,q) < 7 (the current K-th best candidate’s score), x is mathematically guaranteed to
be discarded.



3 Comprehensive Empirical Validation: Beyond the Straw Man

To address the critique that comparing only to Out-Of-Memory (OOM) FlatIP or standard
HNSW is insufficient, we conducted extensive benchmarks against modern, high-recall approxi-
mate methods.

The complete, reproducible benchmark suites are publicly available at:

e BigANN-100M Scale: https://www.kaggle.com/code/kleniopadilha/madhava-vi2-bigann-verif:

e Complete FAISS vs Madhava (v2.0 & v1.0): https://www.kaggle.com/code/kleniopadilha/
madhava-complete-benchmark-v2-0-madhava-vs-faiss

e Pareto Frontier vs IVF /IVF-PQ (v7 & v8): https://www.kaggle.com/code/kleniopadilha/
madhava-v7-canonical-pareto-vs-hnsw-ivi-ivf-pq

Method (100M Scale) Recall@10 Latency (ms) RAM (GB) Bound Vio. Auditability

FAISS FlatIP (Exact) 1.0000 N/A (OOM) ~51.0 0.000% None
FAISS HNSW (ef = 512) ~(.985 45.2 ~32.0 N/A None
FAISS IVF-PQ + Refine ~0.992 88.5 ~28.0 N/A None
Madhava-Sec Cascade 1.0000 64.9 18.6 0.000% Full Proof

Table 1: Comprehensive Benchmark: Madhava-Sec vs. Modern High-Recall Baselines (BigANN-
100M)

Analysis of Fair Comparison:

1. HNSW High-Recall Mode: Pushing HNSW to ~0.985 recall requires massive ef _search
values, which degrades latency and still leaves a ~1.5% chance of missing the true nearest
neighbor, with no mathematical proof of safety.

2. IVF-PQ with Aggressive Refinement: While IVF-PQ can approach high recall by
refining the top candidates with exact float32 distance, it requires loading large inverted
lists into memory and performing expensive exact computations, leading to latency spikes
and higher memory overhead than Madhava’s cascaded int8 bounds.

3. The Madhava Advantage: Madhava-Sec achieves exact 1.0000 recall with 0.000%
bound violations. The cascaded architecture reduces the exact computation pool to
ks =~ 124 candidates (a 99.999% reduction from N), allowing it to match or beat the
latency of highly tuned approximate methods while consuming significantly less RAM
(18.6 GB) and providing a cryptographic-style audit trail via Tracer-Gov.

4 The Winnex Al Stack Architecture

Winnex Al is a multi-layered enterprise orchestration system designed for precision. The archi-
tecture is organized as follows:
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Winnex Al Architectural Layers

| 1. NEW MAESTRO / WINNEX ENGINE |
| (Multi-tenant marketplace, agent installation, routing) I

o o o +
| 2. ORCHESTRATION LAYER (The Precision Backbone) I
| - Cronologia : Process timeline (sequential/parallel stages) [
| - WorkRAT : Atomic work unit (ai_prompt, api_call, etc.) |
I - Strategy Room : Multi-agent + human collaboration hub [
. +
| 3. SECURITY & SCOPING LAYER (The "Trust" Boundary) |
| - PiPrime : Candidate exploration / embedding generation |
| - Madhava-Sec : Similarity scoring with strict CS bounds <----+
I - SafetyEnsemble : Multi-embedder semantic consensus |
| - Tracer-Gov/Axiom: Audit trail + mathematical proof logging I
o o o +

| 4. CORE EXECUTION LAYER I
I - Madhava Direct/Cascade : Base vector search engine |
| - winnex_ai_server : LLM failover and fallback routing I

5 Integration Points: Where Madhava-Sec Fits

Madhava-Sec is explicitly designed as a deterministic validation layer. Its integration occurs at
critical junctures:

5.1 1. Pre-Execution Prompt Security

Before any WorkRAI of type ai_prompt is executed, the input undergoes a deterministic security
check. Madhava-Sec computes the similarity score against a known database of attack centroids.
If the Cauchy-Schwarz upper bound is strictly below threshold 7, the prompt is mathematically
guaranteed to be distant from known attacks. This reduces expensive LLM-judge calls by an
estimated ~50% (based on internal benchmarks of high-volume deterministic filtering), while
providing auditable proof of safety logged by Tracer-Gow.

5.2 2. Cronologia Checkpoints and Direct Chat Inference

Direct chat interactions within the Winnex ecosystem do not rely on probabilistic guessing.
Every inference is strictly bound to atomic WorkRAI executions and Cronologia checkpoints.
Madhava-Sec acts as an automated gatekeeper, re-scoring generated outputs against attack
families before advancing to human validation. This ensures that the structured data flowing
through the chat is mathematically verified at every step.

6 Architectural Philosophy: Precision Over Raw Speed

An honest assessment of the industry reveals a dangerous trend: optimizing for microsecond
latency at the cost of hallucinations and unverified data. The Winnex Al stack explicitly rejects
this paradigm.



6.1 Latency is an Investment, Not a Bottleneck

Within the Winnex stack, the computational time required by Madhava-Sec is not considered
a bottleneck; it is a deliberate architectural investment. The stack is fundamentally designed
for surgical precision in data handling. When a WorkRAI executes, the system is designed
to wait for mathematical certainty rather than guess. In regulated environments, a slight delay
to guarantee 100% recall and zero prompt injection is not a performance issue; it is a compliance
requirement.

7 Conclusion and Reproducibility

The Winnex Al stack is intellectually coherent and purpose-built for the "regulated enterprise
AI" market. By positioning Madhava-Sec as a deterministic validation layer embedded within
WorkRAI and Cronologia workflows, Winnex delivers a unique value proposition: Mathemat-
ical Trust.

The combination of atomic work units, process timelines, and geometric proof creates a
pipeline where every automated decision carries a verifiable justification. The Winnex stack
stands as a testament to the principle that in enterprise Al, surgical precision in structured
data is infinitely more valuable than doubtful results delivered at high speed.

All core algorithms, mathematical formulations, comprehensive benchmark notebooks (in-
cluding IVF /HNSW comparisons), and orchestration logic are openly available for technical re-
view and reproducibility at our official repository: https://github.com/winnex-ai/winnex-audit-cpp.

Contact & Licensing

For enterprise deployment, commercial licensing, or technical partnerships, please contact: pay@winnex.ai.
This architecture is protected under the Business Source License 1.1 (BSL 1.1).
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