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Abstract

Verification systems are very important for making sure that computer processes are
correct and reliable in many areas, such as hacking, software validation, and data quality
checks. This study shows a new system that combines machine learning (ML) methods
with discrete mathematical models to make testing more accurate and faster. The suggested
system uses ideas from vector measure spaces and orthogonal sequences to describe difficult
proof tasks on a solid mathematical base. Adding vectorial convergence qualities to the
system lets it improve testing results over and over, which cuts down on the false positives
and raises the rate of detection.

Subject Classification: 31A10, 33E30.

Keywords: Discrete mathematical modeling, Vector metric space, Orthogonal sequence, Verification
framework performance.

1. Introduction

Software correctness validation, cybersecurity, and data integrity guarantee
are just a few of the many computer applications that depend on verification
systems. Modern systems are getting more complicated, so we need testing
methods that are not only correct, but also quick, and able to handle large
systems. Most of the time, thorough checking methods or heuristic-based
techniques are used in traditional verification methods [1]. These can be hard to
run on computers and don't always promise formal truth. In this situation,
machine learning (ML) has become a hopeful model because it provides flexible
and data-driven verification methods that can handle big and complicated
verification jobs [2], [3]. However, ML models usually work as "black boxes,"
which raises questions about how well they can be understood, how reliable they
are, and whether they come with written promises [4], [5], [6]. These are all very
important in very important areas like security and safety-critical systems.
Adding discrete mathematical models to machine learning-based proof systems
has become more popular as a way to deal with these problems [7]. Discrete
mathematics is a strong base for formal reasoning. It models and analyses
verification issues in depth using vector measure spaces and orthogonal
sequences. Discrete mathematical models provide a formal and precise
framework for representing and analyzing verification problems. By leveraging

* E-mail: samir.ajani@gmail.com



VERIFICATION SYSTEMS USING DISCRETE MATHEMATICAL MODELS 973

structures such as vector metric spaces and orthogonal sequences, these models
enable rigorous reasoning, support stable convergence, and minimize
redundancy in verification processes. Machine learning is flexible and discrete
mathematics is precise. Machine learning and discrete mathematical models are
used in a novel testing method [8]. To provide reliable test results, the system
uses machine learning and mathematics. Figure 1 shows ML-based testing
system architecture. To prove its point, it combines flexible learning with rigid
mathematical reasoning.

Data Input

1

Feature
Extraction

Discrete
Mathematics
Engine

Figure 1
System Architecture of the ML-Based Verification Framework

Vectorial convergence in metric spaces and the properties of orthogonal
sets are two ways that the system can improve proof over and over again. It
works faster and less likely to make mistakes this way [9]. The discrete
mathematical design also makes it easier to formalize proof states. This makes
them simpler to understand and suggests that the system should be stable in
theory.

2. Method Work
2.1. System architecture

The design of the system uses both machine learning models and discrete
mathematical units to build a strong proof structure. Layers for adding data [10],
getting features, machine learning-based classifiers, and a discrete mathematics
engine that uses vector measure spaces and orthogonal sequences to explain
proof states are all part of it. Because of how it's made, we can keep adding data,
which improves the proof. Because it is built in modules, the system is easier to
understand, more reliable, and can have more modules added to it [11].

Metric Definition

d:V x V - R*, suchthatVx,y,z € V,
i) dx,y)=0e x =y,
(i) d(xy) = d(y,x),
(iil)) d(x,z) < d(x,y) + d(y,z) (Triangle Inequality).
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This space contains the outputs of the ML classifier, and the idea of
vectorial convergence is used for repeated refinement:

- Equation 2: Vectorial Convergence

A sequence {x n} in V converges to x € V if:

lim_{n - o}d(x_n,x) = 0.

Definition (Orthogonal Set): A set S = {v_1,v_2,...,v_n} in V is orthogonal if
for any distinct v;, v; € S,

(vov) = 0,

where (-,') denotes the inner product.

Theorem (Stability of Verification States): The system gets to a stable
verification result if the verification states are in a Cauchy sequence in a full
measure space (V, d).

Proof: Since V is complete, all Cauchy sequences {x n} converge to x € V. Thus,
iterative ML outputs and discrete modeling enable stable convergence.

2.2. Design and modeling using discrete mathematics

Discrete mathematics is used in design and modeling to formalize proof
jobs. Vector metric spaces are the math behind measuring how closes two or
more verification states are to being the same and orthogonal sets make sure that
verification sequences are independent and have as little overlap as possible
[12]. The framework represents verification problems as separate structures,
which lets for accurate analysis and steady convergence.

- Equation 1: Orthogonal Sequence Condition

A sequence {v_n} is orthogonal if:

vm # n, (U, ) =0 (1)

Definition (Vector Metric Space): A vector metric space (V, d) is a vector space
V equipped with a metric d that satisfies metric space axioms, enabling distance
measurement between vectors.

- Equation 2 : Distance Between Verification States

For two states x, y € V,

dC,y) = llx = yll = sqre(Zf_y(x — v)?) )

Theorem (Orthogonal Decomposition): Any vector v € V can be uniquely
decomposed into orthogonal components:

v = X{i_j;v;, where {v;}is an orthogonal basis.

Proof Sketch: Using the Gram-Schmidt process, the basis vectors {v i} are
orthogonal zed, and coefficients a_i are computed via inner products.

- Equation 3: Projection Formula
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The coefficient a_i is:

o = [CA) 3)

P =
llvll?

- Equation 4: Verification Error Bound
Given an orthogonal basis, the error E in approximating state v by partial
sum v_k is bounded as:

E=lv - vl?= 5 gyalivl? @)

3. Experimental Setup and Implementation
3.1. Implementation details and algorithms

Support vector machines, neural networks, and other guided machine
learning methods are used in the application, along with discrete mathematics
modules for state modeling. Vector measure space operations and orthogonal
sequences are used in algorithms to check for convergence and cut down on
repetition. The method improves proof results over time by letting ML outputs
and mathematical validation talk back and forth. Custom scripts take care of
discrete structure building, measure calculations, and sequence orthogonality
checks.

- Equation 1: Gradient Descent Update

O+1y = Ok — n VL(Oy) )
where 1 is learning rate.
- Equation 2: Decision Function for Classifier
f(x) = sign(Ef_ya:y:K(x;,x) + b) (6)
where K is kernel function.
- Equation 3: Kernel Function Property

K(x,y) = (@(x), (). @)
- Equation 4: Orthogonality Check
Two feature vectors ®(x), O(y) are orthogonal if:

(@), o) =0 ®)
- Equation 5: Verification State Update
Vit+1} = T(ve) + & )

where ¢_t is error term bounded by |le_t|| <.
- Equation 6: Error Bound in Update

+6 (10)

||v{t+1} - v < cllve— vl

for contraction constant ¢ < 1 and fixed point v_ *.

Definition (Classifier Stability): A classifier is stable if small perturbations in
input cause bounded output changes.
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Theorem (Algorithm Convergence): Under Lipschitz continuity and proper 1,
gradient descent converges to local minima.

Proof Sketch: Using descent lemma and smoothness of L, updates decrease loss
monotonically.

4. Result and Analysis

When compared to old methods, the ML-based testing system showed
better accuracy, precision, and memory. Adding separate mathematical models
together cut down on false results and made conclusions more stable.

Table 1
Comparative Evaluation against Baseline Methods
Accuracy Precision Recall F1-Score

Method (%) (%) (%) (%)
Traditional Verification 85.7 83.4 81.9 82.6
ML-Based Only 90.1 88.5 89.3 88.9

D

Proposed ML + Discrete 935 912 08 9
Model

Table 1 shows how the suggested method of using ML along with discrete
mathematical models stacks up against standard proof methods and methods that
only use ML. Figure 2 (a) displays evaluation metric performance heatmap
across different models.

The suggested framework gets the best accuracy (93.5%), precision
(91.2%), memory (92.8%), and Fl-score (92%), showing that it is better at
verifying. Figure 2 (b) compares key performance metrics across various
verification models.

This improvement shows that adding discrete mathematics to ML-based
proof systems can make them better by lowering mistakes and raising reliability.
Overall, the analysis shows that the suggested method is a strong and accurate
way to handle tricky proof jobs.

5. Conclusion

This study shows a new way to do verification that combines machine
learning methods with discrete mathematical modeling in a way that makes
verification more accurate and reliable. The method uses vector measure spaces
and orthogonal sequences to achieve stable convergence and formal guarantees.
This solves problems with readability and stability that are common in machine
learning-based proof. Experiments show that the new methods are much better
at finding things and using computers efficiently than the old ones. The
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framework's flexible design makes it easy to expand and change to fit different

testing jobs.
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Figure 2

(a) Performance Heatmap of Evaluation Metrics by Model (b) Comparison of
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