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Quantum computing promises exponential speedups for problems in
optimization, cryptography, and machine learning, yet its adoption remains
limited due to the complexity of translating classical problems into quantum
representations. Traditional quantum programming frameworks, such as Qiskit
and Cirg, require users to manually design quantum circuits, define gate
operations, and optimize interference patterns—demanding deep expertise in
guantum mechanics. This paper introduces the Quantum Truth Table Compiler
(QTTC), a universal compiler for quantum computing that automates the
translation of classical computational problems into quantum circuits. By
leveraging quantum superposition, interference, and unitary transformations,
QTTC eliminates the need for explicit classical matrix storage and iteration,
allowing classical problems to be directly mapped into quantum representations.
Unlike existing quantum toolkits, QTTC detects problem structures—such as
search, Fourier transforms, and constraint optimization—and automatically
applies the corresponding quantum algorithms, such as Grover’s search or the
Quantum Fourier Transform. This enables broader accessibility, making quantum
computing practical for scientists, engineers, and businesses without requiring
specialized quantum expertise. By bridging the gap between classical problem
formulation and quantum execution, QTTC represents a fundamental step toward
scalable, real-world quantum computing applications.
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1. Introduction

« The challenge of translating classical computational problems into quantum
algorithms.

« Limitations of existing quantum programming frameworks.

o Introduction of the Quantum Truth Table Compiler (QTTC) as a new
approach.

2. The Conventional Approach: Classical Matrix Representation of Computation

« Classical computation relies on explicit matrix representations for search,
optimization, and transformations.

o Examples:
o Search problems encoded in classical matrices.
o Fourier transforms represented as large transformation matrices.
o Constraint satisfaction problems requiring exponential storage.
o The computational cost of handling these matrices grows exponentially.
3. The Quantum Alternative: Encoding Computation in Quantum State Evolution

« Instead of storing matrices explicitly, quantum computation encodes them
implicitly in quantum superposition and interference.

« Key transformation principle: QM) = Uo¥

« Examples of this principle in action:

o Grover’s Algorithm: Replacing a classical search matrix with a single
guantum state.

o Quantum Fourier Transform (QFT): Replacing an NxNN \times NNxN
Fourier matrix with a quantum gate sequence.

o Quantum Ramsey Algorithm: Using interference to enforce
combinatorial constraints.



4. The Role of Quantum Interference in Eliminating Classical Iteration

Classical computation relies on iterating through matrix elements.

Quantum computation allows simultaneous processing via phase
cancellation and amplitude amplification.

Example: Quantum Phase Estimation extracts eigenvalues without iterating
over a matrix’s rows.

5. The Quantum Truth Table Compiler (QTTC) as a Universal Quantum Mapping
Framework

Definition: A compiler that transforms classical matrix problems into
guantum circuits.

Step-by-step translation process:
1. Input a classical matrix representation of a problem.

2. ldentify the quantum transformation matrix Uq that encodes it
implicitly.

3. Output a quantum circuit that processes the problem through
superposition and interference.

Advantages:
o Eliminates explicit storage of exponentially large matrices.

o Allows classical problems to be directly compiled into quantum
representations.

o Makes quantum computing more accessible by automating circuit
synthesis.

6. How QTTC Differs from Qiskit

Qiskit requires manual quantum circuit design, whereas QTTC automatically
generates quantum circuits from classical problem descriptions.

Handling of Classical Problems:



o Qiskit: Users must manually define quantum search or optimization
logic.

o QTTC: Detects when a problem requires quantum search and applies
Grover’s algorithm automatically.

e Circuit Construction:
o Qiskit: Users explicitly define gates and interference patterns.

o QTTC: Transforms classical matrices into quantum unitary
transformations that replace explicit storage.

o Optimization and Interference:
o Qiskit: Users must manually implement phase oracles.

o QTTC: Applies phase cancellation and amplitude amplification
implicitly to eliminate invalid solutions.

e Summary:
o Qiskit is a quantum programming framework for experts.

o QTTCis a bridge between classical and quantum computing, allowing
classical programmers to leverage quantum power without needing
deep quantum expertise.

7. Potential Applications of QTTC

o Quantum Machine Learning: Automatically transforming classical datasets
into quantum feature maps.

o Quantum Cryptanalysis: Directly compiling classical number-theoretic
problems into quantum form.

o Quantum Optimization: Mapping large combinatorial constraint problems
into interference-based solutions.

8. Epilogue: From Heisenberg to Computation—Reversing the Role of Matrices in
Quantum Systems

« In Heisenberg’s Matrix Mechanics (1925), matrices were introduced to
explicitly describe quantum reality.



The QTTC takes the opposite approach—using quantum mechanics to
remove the need for explicit matrices.

« Key philosophical shift:
o Heisenberg used matrices to understand quantum mechanics.

o QTTC removes classical matrices to let quantum mechanics compute
for us.

o This suggests a computational duality:

o Instead of representing quantum systems with matrices, we now
represent classical problems with quantum states.



1. Introduction

Quantum computing promises exponential speedups for certain classes of
problems, yet the translation of classical computational problems into quantum
algorithms remains a significant challenge. While theoretical quantum algorithms
such as Shor’s factoring algorithm and Grover’s search algorithm have
demonstrated the potential of quantum speedups, practical applications require a
systematic way to transform classical problems into quantum representations.
The Quantum Truth Table Compiler (QTTC) provides a new paradigm for this
transformation, offering an automated approach that removes the need for
extensive manual quantum circuit design.

The Challenge of Translating Classical Computational Problems into Quantum
Algorithms

Classical computational problems are often represented in terms of explicit
matrices, truth tables, or iterative search structures. In classical computing,
matrices provide a fundamental way to describe linear transformations, graph
structures, and combinatorial relationships. However, in quantum computing,
information is not processed row by row but instead exists in superposition and
evolves via interference.

A major obstacle in quantum computing is that classical problems must be
reformulated into quantum-friendly structures, which requires:

1. Encoding classical data into quantum states using unitary transformations.

2. Replacing classical iteration with quantum amplitude amplification or phase
estimation techniques.

3. Designing quantum circuits that leverage interference to enforce
constraints rather than explicitly checking all possible cases.

Manually translating classical matrix-based algorithms into quantum form is
highly complex. It requires knowledge of quantum gates, reversible computing
constraints, and entanglement-based state manipulations—an expertise that few
classical programmers possess. As a result, the adoption of quantum computing is
bottlenecked by the difficulty of transitioning classical problems into quantum-
native representations.



Limitations of Existing Quantum Programming Frameworks

Quantum programming frameworks such as Qiskit (IBM), Cirq (Google), and
PennylLane (Xanadu) provide low-level access to quantum circuits but assume the
user already knows how to formulate the problem in quantum terms. These
frameworks offer tools for:

o Constructing circuits with quantum gates such as Hadamard, CNOT, and
controlled-phase gates.

o Simulating and running quantum algorithms on actual quantum hardware.

o Implementing standard quantum algorithms, including Grover’s search and
guantum Fourier transforms.

However, these frameworks do not solve the fundamental issue of translating a
classical problem into its optimal quantum counterpart. Instead, users must:

1. Manually construct quantum circuits, choosing appropriate quantum gate
sequences.

2. Determine when to use quantum subroutines like Grover’s or QPE without
automated guidance.

3. Perform problem-specific quantum error handling and optimization.

This places a significant barrier to entry for classical programmers who want to
take advantage of quantum computing without having to become quantum
computing experts.

Introduction of the Quantum Truth Table Compiler (QTTC) as a New Approach

The Quantum Truth Table Compiler (QTTC) provides a systematic solution to
automate the translation of classical problems into quantum circuits. Instead of
requiring users to manually construct quantum gate sequences, QTTC:

1. Takes a classical matrix, truth table, or problem description as input.

2. ldentifies the underlying structure and determines the corresponding
guantum transformation.

3. Generates a quantum circuit that efficiently encodes and solves the
problem.



By leveraging quantum superposition, amplitude amplification, and interference-
based computation, QTTC eliminates the need for explicit matrix storage and
iterative searching, replacing them with quantum-native representations.

This approach offers several advantages:

o Automated Circuit Synthesis: Users do not need to design quantum gates
manually.

« Direct Classical-to-Quantum Compilation: Classical problems are mapped
into gquantum state evolutions without requiring deep knowledge of
guantum mechanics.

« Scalability: By encoding problem constraints into quantum phase oracles
and using interference-based elimination, QTTC can scale to problems that
are infeasible for classical computation.

QTTC represents a fundamental shift in how classical problems are transitioned
into quantum computing, providing an accessible, automated, and scalable
framework that bridges the gap between traditional computational theory and
practical quantum implementation.

2. The Conventional Approach: Classical Matrix Representation of Computation

Classical computation relies heavily on explicit matrix representations to encode
and solve problems in fields such as search, optimization, signal processing, and
constraint satisfaction. Matrices provide a structured way to represent data,
transformations, and relationships between elements, but their computational
cost grows rapidly with problem size. As the number of elements in a system
increases, the storage and processing requirements for these matrices scale
exponentially, making many problems intractable for classical computation.

While matrices offer a powerful framework for describing computational
processes, they are fundamentally limited by their explicit nature—every element
must be stored, retrieved, and processed sequentially or in parallel using large
computational resources. In contrast, quantum computation offers an alternative
where problems are encoded implicitly in quantum states, reducing storage and
computational overhead through superposition and interference.



Classical Examples of Matrix-Based Computation
1. Search Problems Encoded in Classical Matrices

In classical computing, search problems are often represented using large
matrices where each row corresponds to a possible state, and each column
represents a property or constraint. Consider an unsorted search problem, where
we are given a dataset of NNN items and need to determine whether a particular
value exists. The brute-force approach stores these elements explicitly and
iterates through them one by one, checking for a match.

A classical search matrix might look like this for a system with four possible states:
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Each row corresponds to a possible search target, and checking for a match
requires iterating through all rows. If there are N possible elements to search
through, this approach scales as O(N) in classical computing.

For large datasets—such as searching cryptographic keyspaces, genomic data, or
massive databases—this approach becomes prohibitively slow.

2. Fourier Transforms Represented as Large Transformation Matrices

Signal processing, physics, and engineering rely on Fourier transforms to analyze
frequency components of signals. The Discrete Fourier Transform (DFT) is a
mathematical operation that converts a function in the time domain into the
frequency domain.

Classically, this transformation is represented by a large NxN matrix Morr, where
each entry is given by:

Ju-D]E“T(j,J| k:) — e 27-"ijkff\-'

For a system of size NNN, the computational cost of performing a DFT using
matrix multiplication scales as O(N”2), requiring explicit evaluation of every term.



For modern applications such as real-time image processing, financial modeling,
and large-scale physics simulations, this quadratic complexity can be prohibitive.

The Fast Fourier Transform (FFT) reduces this to O(NlogN) by exploiting
symmetries in the matrix, but qguantum computation has the potential to perform
Fourier transforms exponentially faster, removing the need for explicit matrix
storage entirely.

3. Constraint Satisfaction Problems Requiring Exponential Storage

Many optimization problems in operations research, artificial intelligence, and
cryptography involve satisfying multiple constraints simultaneously. These
problems are commonly represented as constraint matrices, where each row
defines a valid state, and each column represents a constraint that must be
satisfied.

For example, consider the Boolean satisfiability problem (SAT), where we need to
determine if there exists an assignment of variables that satisfies a given set of
logical conditions. A constraint matrix for a simple SAT problem with three
variables might look like:

Each row represents a valid assignment of Boolean values that satisfies a subset
of constraints. However, for a problem with n variables, the number of possible
assignments grows as 2*n, meaning that the constraint matrix scales
exponentially.

For real-world applications such as logistics, scheduling, and machine learning
model optimization, this rapid growth makes classical methods infeasible for large
systems. Techniques like backtracking, branch-and-bound, and linear
programming attempt to mitigate the cost but still struggle with scaling.
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The Computational Cost of Handling These Matrices Grows Exponentially

While classical computing has developed efficient methods for processing large
matrices (such as sparse matrix representations, parallel computing, and
approximation algorithms), these techniques still fundamentally rely on explicit
storage and iteration.

For many practical applications:

« Classical search problems scale linearly O(N), which is prohibitive for large
keyspaces.

« Fourier transforms require O(N”2) complexity, limiting real-time data
processing.

« Constraint satisfaction problems scale exponentially O(2”n), making large
instances intractable.

Quantum computation provides an alternative paradigm where:
1. Superposition encodes all possible solutions simultaneously.
2. Quantum interference eliminates incorrect solutions efficiently.
3. Unitary transformations replace explicit matrix operations.

This shift enables exponential speedups in specific cases, removing the need for
explicit matrix storage and sequential iteration. The Quantum Truth Table
Compiler (QTTC) leverages these properties by automating the conversion of
classical matrix-based problems into quantum-native representations, enabling
direct execution on quantum hardware without requiring users to manually
reformulate problems in terms of quantum circuits.

3. The Quantum Alternative: Encoding Computation in Quantum State Evolution

Classical computation requires storing and manipulating explicit matrices, which
grow exponentially with problem size. Quantum computation offers a radically
different approach by encoding information implicitly within quantum states,
leveraging superposition, entanglement, and interference to process
exponentially large amounts of information simultaneously. Instead of iterating
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over matrix elements, quantum computation lets the system evolve naturally,
amplifying correct solutions and eliminating incorrect ones via interference.

The Quantum Truth Table Compiler (QTTC) operates on this principle,
transforming classical computational problems into quantum formulations that
do not require explicit matrix storage. This process can be mathematically
represented as:

Q(M) = Uo¥
where:
o M is the classical matrix representation of a problem.
e Uy is a quantum unitary transformation that replaces explicit computation.
o W is the quantum state that encodes the problem implicitly.

This framework enables quantum computation to solve problems that are
infeasible for classical methods, as demonstrated in the following examples.

Grover’s Algorithm: Replacing a Classical Search Matrix with a Single Quantum
State

In classical computing, searching for a specific element in an unsorted list requires

scanning through N entries, resulting in O(N) complexity. The classical search
matrix Msearch €xplicitly stores all elements:

1 0 O 0
0 1 O 0
Msca:fch: 0 01 0
0 0 0 1

Each row corresponds to a possible solution, requiring explicit evaluation.

12



Quantum Alternative: Superposition and Interference

Grover's Algorithm eliminates the need for explicit matrix storage by encoding all possible solutions in

a single quantum superposition:

)T [Packid 1
T =H""|0)"" = TNZIM

Instead of checking each row one by one, Grover's amplifies the correct solution using the oracle-

based phase inversion and the diffusion operator:

Us = 2|) (| — 1

After O(+/N) iterations, measuring the system collapses it into the correct answer with high

probability. This represents a quadratic speedup over classical search, reducing complexity from O(N)

to O(vV'N).
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Quantum Fourier Transform (QFT): Replacing an NxNN \times NNxN Fourier
Matrix with a Quantum Gate Sequence

In classical computing, the Fourier Transform is crucial for signal processing, machine learning, and

physics simulations. The Discrete Fourier Transform (DFT) is represented as an N x N matrix:
Mppr(j, k) = e /N

Computing the DFT using matrix multiplication requires O(N2) operations, which becomes infeasible
for large V. Even with the Fast Fourier Transform (FFT), which reduces complexity to O(N log V),

explicit computation is still required.

Quantum Alternative: Unitary Evolution

Instead of storing and computing an N x N matrix explicitly, quantum computers use the Quantum

Fourier Transform (QFT), which applies a unitary operation Uqpt that acts on a quantum register:

1
Ugrr|z) = \/—F Z e2mizk/N | oy

k=0
By leveraging quantum parallelism, QFT reduces complexity from O(Nz) to O(log N)—an
exponential improvement over classical approaches.

Instead of iterating through matrix elements, QFT lets the system evolve into its Fourier-transformed

state naturally, using entanglement and phase relationships.
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Quantum Ramsey Algorithm: Using Interference to Enforce Combinatorial
Constraints

Classical constraint satisfaction problems (such as graph coloring, SAT, and Ramsey Theory) are
notoriously difficult because they require checking an exponentially growing number of possible

solutions. Classically, these problems rely on an explicit constraint matrix, such as:

Valid Invalid Invalid
Invalid Valid Invalid
Mgamsey = |Invalid Invalid Valid

Checking for valid solutions requires iterating through rows, making the problem intractable for large

graphs.

Quantum Alternative: Phase Kickback and Interference

Quantum computing eliminates explicit matrix storage by encoding all possible solutions in

superposition:
¥ — H"|0)""
Instead of checking constraints explicitly, the system applies quantum phase kickback:
Po =1 2[8)(S|
where S represents an invalid subgraph. Then, quantum interference eliminates invalid solutions:
Do =2[¢) (¢ — I

The valid solutions emerge as the only remaining high-probability states after measurement. This

transforms an exponentially large combinatorial problem into a tractable quantum evolution process.

Key Takeaways: The Power of Quantum State Evolution

Unlike classical computing, which requires explicitly iterating over matrix

elements, quantum computing lets computation emerge through state evolution.

The Quantum Truth Table Compiler (QTTC) takes advantage of this by:

1. Encoding large classical matrices implicitly into quantum states rather than

explicitly storing them.

2. Using unitary transformations to replace explicit classical computations.
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3. Leveraging interference to enforce constraints rather than checking them
one by one.

This framework fundamentally shifts computation from an explicit, iterative
process to an implicit, emergent one, enabling quantum algorithms to outperform
their classical counterparts in problems such as search, signal processing, and
combinatorial optimization.

4. The Role of Quantum Interference in Eliminating Classical Iteration

Classical computing relies heavily on iterative processing when solving
computational problems, particularly those involving search, optimization, and
matrix-based calculations. Given a large dataset or a computational matrix,
classical algorithms must iterate through its elements, applying comparisons,
calculations, or updates row by row or element by element. This sequential or
parallel iteration inherently limits computational efficiency, leading to exponential
or polynomial complexity growth in many problem domains.

Quantum computing, however, eliminates explicit iteration by leveraging
superposition, quantum phase interference, and amplitude amplification. Instead
of processing data one row at a time, a quantum system encodes all possible
solutions simultaneously and constructively or destructively interferes with
solutions to reinforce correct answers and cancel out incorrect ones. This enables
a fundamentally different computational approach, where solutions emerge
naturally through quantum evolution rather than being explicitly computed step-
by-step.
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How Classical Computation Relies on Iteration

In classical computation, problems such as searching, eigenvalue extraction, and
optimization require iterating over matrix elements or solution spaces explicitly.
Consider the following classical cases:

1. Search Algorithms

o Classical search algorithms like linear search require stepping
through each element until the target is found (O(N) complexity).

o Grover’s Algorithm replaces this iteration with quantum amplitude
amplification, reducing the complexity to O(N”0.5).

2. Matrix Diagonalization and Eigenvalue Problems

o Extracting eigenvalues from an NxN matrix classically involves
iterative methods such as power iteration, QR decomposition, or
Lanczos algorithms, each of which operates row by row.

o Quantum Phase Estimation (QPE) extracts eigenvalues without
needing to iterate over the matrix’s rows.

3. Constraint Satisfaction and Optimization

o Classical constraint satisfaction problems, such as Boolean
satisfiability (SAT) or graph coloring, require iterating through all
possible configurations.

o Quantum interference naturally eliminates invalid solutions,
preventing the need to check each one explicitly.

While classical computers rely on sequential or parallel iteration, quantum
computers transform problem spaces into quantum states and process them
collectively through quantum evolution.
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How Quantum Computation Eliminates Iteration Through Interference

Quantum interference is the fundamental principle that allows computation to
proceed without step-by-step iteration. By encoding all possible solutions in
superposition, quantum algorithms apply transformations that interfere with
incorrect solutions destructively while reinforcing correct ones constructively.

This is achieved through two core quantum techniques:
1. Phase Cancellation (Destructive Interference)

o When a quantum system is evolved under an oracle constraint,
incorrect states accumulate phase shifts that cancel them out upon
measurement.

o This eliminates the need to explicitly evaluate and reject each invalid
solution.

2. Amplitude Amplification (Constructive Interference)

o Instead of iterating through rows of a matrix, quantum
transformations increase the probability of measuring correct
solutions.

o Grover’s search uses this technique to amplify the target state
without scanning the list sequentially.

These principles allow quantum computers to perform global transformations on
the entire state space, rather than requiring row-by-row processing as in classical
methods.
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Example: Quantum Phase Estimation (QPE) Extracts Eigenvalues Without
Iteration

Classical Approach: Iterative Eigenvalue Computation

In classical linear algebra, extracting the eigenvalues of an IV X [N matrix requires solving:
Av =X

where:
e A is the matrix,
® v is the eigenvector,

e \is the eigenvalue.

Solving this system typically requires:
e QR decomposition (O(N?) complexity) for full diagonalization.
e Power iteration (O(N?) complexity per iteration) to approximate dominant eigenvalues.
¢ Lanczos methods (O(N2) complexity) for sparse matrices.

Each of these classical methods requires iterating row-by-row through the matrix, refining

approximations over multiple steps.
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Quantum Alternative: Eigenvalue Extraction Without Iteration

Quantum Phase Estimation (QPE) eliminates the need for iterative row-by-row diagonalization by

encoding the eigenvalue as a phase factor in a quantum state.
The algorithm proceeds as follows:

1. Prepare a quantum state in superposition:

) = Z cilvi)

i
where |v;) are the eigenvectors of matrix A.

2. Apply controlled unitary operations:

* Instead of scanning through matrix rows, the quantum system evolves under the

transformation U = e, which encodes eigenvalues in phase rotations.

3. Extract eigenvalues via inverse Quantum Fourier Transform (QFT):

¢ The phase information is recovered via QFT, without needing direct matrix row evaluation.

This allows eigenvalues to be determined exponentially faster than classical iterative methods,

replacing an O(NS) process with an efficient quantum evolution.

Summary: The Power of Quantum Interference
By leveraging quantum interference:
« Phase cancellation removes incorrect solutions automatically.

o Amplitude amplification reinforces correct answers, increasing
measurement probability.

« Quantum transformations process entire problem spaces at once, removing
the need for sequential iteration.
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Comparison of Classical vs. Quantum Computation in Matrix-Based Problems

Classical Approach (Iterative Row Quantum Alternative (Interference-Based
Problem Processing) Evolution)
Search Problems Sequential checking of IV elements ( Grover's Algorithm amplifies the solution (
O(I)). O(VN).
Eigenvalue Iterative QR decomposition or power Quantum Phase Estimation (QPE) extracts
Computation method (O(N?)). eigenvalues in parallel.
Constraint Evaluates all configurations explicitly ( Quantum oracles enforce constraints via phase
Satisfaction o(2m)). flips, avoiding iteration.

Unlike classical computing, where each problem requires explicit row-by-row
iteration, quantum computing processes information globally, allowing solutions
to emerge naturally through interference.

The Quantum Truth Table Compiler (QTTC) takes advantage of this by eliminating
explicit matrix iteration and replacing it with unitary transformations that allow
interference to enforce computation constraints efficiently. This shift in paradigm
is key to realizing the true potential of quantum computing.

5. The Quantum Truth Table Compiler (QTTC) as a Universal Quantum Mapping
Framework

Quantum computing holds immense potential, but its practical implementation is
currently hindered by the difficulty of translating classical problem structures into
guantum circuits. The Quantum Truth Table Compiler (QTTC) provides a
systematic framework that automates this translation, eliminating the need for
manual circuit design while preserving quantum speedup capabilities.

The QTTC functions as a compiler that transforms classical computational
problems—encoded in matrices, truth tables, or other explicit representations—
into their guantum-native equivalents. This process enables direct execution on
guantum hardware while removing the need for explicit storage of large matrices
and classical iteration.
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Definition: A Compiler for Classical-to-Quantum Transformation

A conventional compiler translates high-level programming languages into
machine code for execution on classical hardware. The QTTC operates on a similar
principle but translates classical matrix representations into quantum circuits,
allowing quantum computers to process problems efficiently using superposition,
interference, and entanglement.

The QTTC achieves this by:

1. Replacing classical matrix operations with unitary quantum
transformations.

2. Encoding constraints, search problems, and transformations into quantum
state evolution.

3. Generating quantum circuits automatically, eliminating the need for
manual circuit design.

Mathematically, this transformation is defined as:
Q(M) = Ug¥®

where:

o M is a classical problem matrix (e.g., a search matrix, a constraint matrix, or a Fourier transform

matrix).
e Uy is the quantum unitary operator that replaces explicit matrix storage.

¢ W js the quantum state representation of the problem, which evolves naturally to yield a solution.

The QTTC automates this transformation, allowing direct execution on quantum
computers without requiring users to manually define gate sequences.
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Step-by-Step Translation Process

The QTTC converts classical computational problems into quantum
representations through the following steps:

Step 1: Input a Classical Matrix Representation of a Problem

o Classical computational problems are often represented as search matrices,
constraint matrices, adjacency matrices, or transformation matrices.

o Example inputs:
o A search matrix representing an unsorted database.
o A Fourier transform matrix for signal processing.
o A constraint matrix for a Boolean satisfiability (SAT) problem.
Step 2: Identify the Corresponding Quantum Transformation Matrix Uq

o The QTTC determines which quantum unitary transformation can encode
the classical problem efficiently.

o Examples of quantum mappings:
o Search matrices - Grover’s operator Ue.
o Fourier transform matrices - Quantum Fourier Transform (QFT).

o Constraint satisfaction matrices - Phase oracles and amplitude
amplification circuits.

Instead of explicitly storing problem matrices, the quantum transformation allows
the entire problem structure to be encoded into quantum superposition.

Step 3: Output a Quantum Circuit That Processes the Problem via Superposition
and Interference

o Once the guantum transformation matrix is identified, the QTTC
automatically constructs the required quantum circuit.

« The output quantum circuit is composed of:

1. Superposition Initialization: Preparing the quantum register in an
equal superposition over all possible solutions.
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2. Quantum Transformation Application: Applying Uq, which encodes
the problem constraints and transformations.

3. Measurement and Result Extraction: Measuring the final quantum
state to obtain the correct solution.

Instead of iterating through matrix elements, quantum evolution naturally guides
the system toward the correct solution.

Advantages of QTTC

By replacing explicit classical matrix storage and iteration with quantum
transformations, QTTC provides several advantages:

1. Eliminates Explicit Storage of Exponentially Large Matrices

« Classical problems that require explicit matrices growing as O(2n) can now
be encoded in quantum states.

o Example:

o A Boolean satisfiability problem (SAT) that classically requires storing
an exponentially large truth table can be mapped into a quantum
phase oracle that enforces constraints without needing explicit
storage.

2. Direct Compilation of Classical Problems into Quantum Representations

« Users no longer need to manually rewrite classical problems as quantum
circuits.

o QTTC automatically identifies the correct quantum transformation based
on the input problem structure.

o Example:

o A search problem automatically maps to Grover’s algorithm without
requiring explicit implementation.
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3. Makes Quantum Computing More Accessible by Automating Circuit Synthesis

o Current quantum programming requires deep expertise in quantum gates,
entanglement, and interference.

o QTTC allows classical programmers to use quantum computing without
needing to understand quantum circuit design.

o Example:

o A Fourier analysis problem can be expressed in classical matrix
notation, and QTTC will automatically generate a quantum circuit to
compute the Quantum Fourier Transform (QFT).

Comparison: Classical Computation vs. QTTC-Based Quantum Computation

Feature Classical Computation QTTC-Based Quantum Computation

Storage Large explicit matrices required. Implicit encoding via quantum states.

Requirement
Computation Type Iterative, sequential processing. Parallel quantum state evolution.

Problem Requires explicit row-by-row evaluation. Solutions emerge naturally via interference.

Representation

Algorithm Design Users must manually define search and Quantum transformations are automatically
optimization processes. selected and compiled.
Scalability Exponential growth in problem size. Quantum superposition scales exponentially

more efficiently.

The QTTC bridges the gap between classical and quantum computing by allowing
problems to be expressed using familiar classical representations while taking full
advantage of quantum computational power.

Conclusion: The Significance of QTTC as a Universal Quantum Compiler

The Quantum Truth Table Compiler (QTTC) represents a fundamental shift in how
classical problems are mapped onto quantum hardware. Rather than requiring
users to manually construct quantum circuits, QTTC enables a fully automated
transformation that:
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1. Eliminates explicit matrix representation and replaces it with unitary
quantum transformations.

2. Encodes problems implicitly in quantum states, removing the need for
sequential processing.

3. Constructs quantum circuits automatically, making quantum computing
accessible to non-experts.

By providing a universal mapping framework, QTTC lays the groundwork for next-
generation quantum programming, where classical and quantum computation
can be seamlessly integrated.

This paradigm shift removes a major barrier to quantum adoption, accelerating
the transition from classical computation to quantum-enhanced problem-solving
across multiple domains.

6. How QTTC Differs from Qiskit

While Qiskit is one of the most widely used quantum programming frameworks, it
primarily serves as a manual tool for constructing quantum circuits, requiring
significant expertise in quantum mechanics and gate-based programming. In
contrast, the Quantum Truth Table Compiler (QTTC) provides a higher level of
abstraction, automatically transforming classical problem descriptions into
quantum circuits.

QTTC is not merely a quantum programming library; it is a quantum compiler that
takes classical matrices, truth tables, or problem definitions and automatically
generates optimized quantum circuits. This fundamental difference makes QTTC a
bridge between classical and quantum computing, enabling broader accessibility
for non-expert users while preserving the computational advantages of quantum
processing.
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Qiskit Requires Manual Quantum Circuit Design, While QTTC Automates
Quantum Compilation

Qiskit Approach
« Qiskit provides a low-level interface for quantum circuit construction.
« Users must manually specify every gate, register, and interference pattern.
o Designing a quantum algorithm requires:
1. Understanding quantum gates and their matrix representations.
2. Programming circuits in terms of Hadamard, CNOT, and phase gates.

3. Manually implementing known quantum subroutines such as
Grover’s search or Quantum Fourier Transform (QFT).

QTTC Approach

o QTTC eliminates manual circuit design by automatically detecting and
applying quantum transformations.

o The user does not need to define individual guantum gates—instead, QTTC:
1. Analyzes the classical problem structure.
2. ldentifies the optimal quantum encoding and transformation.
3. Generates an optimized quantum circuit for execution.

This compiler-based approach significantly lowers the barrier to entry for
quantum computing.

Handling of Classical Problems
Qiskit: Users Must Manually Define Quantum Search or Optimization Logic
o If a user wants to implement Grover’s Algorithm for search, they must:
1. Define a quantum oracle that marks the correct solution.
2. Implement a diffusion operator to amplify the correct state.
3. Manually choose the number of Grover iterations to apply.

27



« Similarly, for optimization problems:

o Users must formulate constraints manually using custom cost
functions.

o They must explicitly convert these constraints into quantum phase
operations.

QTTC: Automatically Detects Search and Optimization Problems
« QTTCrecognizes when a problem requires a quantum search algorithm.

« Instead of requiring manual construction of Grover’s diffusion operator,
QTTC:

1. Identifies the classical search problem structure.
2. Applies the quantum search transformation automatically.
3. Determines the optimal number of iterations dynamically.

This means that users can define search and optimization problems in classical
terms, and QTTC will automatically compile them into their quantum equivalents.

Circuit Construction: Manual Design vs. Automatic Quantum Encoding
Qiskit: Users Explicitly Define Gates and Interference Patterns

o Quantum circuits in Qiskit must be explicitly programmed using quantum
registers, unitary gates, and measurements.

« Example: Constructing a Quantum Fourier Transform (QFT) circuit in Qiskit
requires:

1. Defining quantum registers.
2. Applying a sequence of Hadamard and controlled-phase gates.
3. Reversing qubit order to match classical expectations.

This requires a deep understanding of qguantum mechanics and circuit theory.

QTTC: Transforms Classical Matrices into Quantum Unitary Transformations
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« Instead of manually defining quantum circuits, QTTC:

1. Identifies when a problem corresponds to a known quantum
transformation.

2. Automatically generates the corresponding unitary matrix.

3. Constructs the quantum circuit dynamically, without user
intervention.

For example, if a user provides a classical Fourier matrix, QTTC detects the
structure and replaces it with the Quantum Fourier Transform (QFT) operator
automatically.

Optimization and Interference: Manual vs. Automated Implementation
Qiskit: Users Must Manually Implement Phase Oracles

« In Qiskit, if a problem requires phase-based constraint enforcement (e.g.,
Quantum Phase Estimation, amplitude amplification), the user must:

1. Define phase shift gates manually.
2. Determine interference conditions explicitly.
3. Optimize phase encoding by trial and error.

« For constraint satisfaction problems (such as Boolean satisfiability or graph
coloring), users must:

o Construct custom oracles that apply phase shifts to invalid states.

o Design custom amplitude amplification functions to amplify valid
solutions.

This process requires significant expertise and is prone to inefficiencies if not
manually optimized correctly.

QTTC: Applies Phase Cancellation and Amplitude Amplification Implicitly
« QTTC automatically enforces phase-based constraints using:

1. Predefined phase interference operators.
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2. Adaptive quantum diffusion matrices that eliminate invalid solutions
naturally.

3. Superposition-based optimization techniques that amplify correct
answers.

« Instead of requiring the user to manually fine-tune phase parameters, QTTC
automatically optimizes interference patterns.

This means that users can define problems without needing to manually engineer
phase oracles, as QTTC determines the necessary interference transformations
automatically.

Summary: Key Differences Between Qiskit and QTTC

Qiskit (Manual Quantum

Feature Programming) QTTC (Automated Quantum Compilation)

Problem Input Requires users to define circuits Accepts classical matrices, truth tables, or
manually. problem descriptions.

Circuit Construction Users must define quantum gates Automatically generates circuits based on
explicitly. problem structure.

Handling of Search Users must program Grover's Detects search problems and applies Grover's

Problems Algorithm manually. Algorithm automatically.

Fourier Requires manual construction of Detects Fourier-like problems and applies QFT

Transformations QFT circuits. implicitly.

Constraint Users must design phase oracles Applies interference-based constraint

Optimization for constraints. enforcement automatically.

Barrier to Entry High—requires quantum Low—enables classical programmers to use
programming expertise. quantum computing.

Qiskit is a powerful quantum programming toolkit, but it assumes users have
prior quantum expertise. It is best suited for researchers, physicists, and quantum
engineers who need full control over their quantum circuits.

QTTC, on the other hand, is a higher-level quantum compiler designed to enable
classical programmers to access quantum computing without requiring deep
guantum knowledge. It allows users to define problems using classical
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representations, and automatically maps them into quantum circuits optimized
for execution.

Conclusion: QTTC as the Missing Link Between Classical and Quantum
Computing

While Qiskit provides an excellent manual quantum programming interface, QTTC
fills a critical gap in quantum adoption by:

« Automatically translating classical computational problems into quantum
circuits.

» Detecting problem structures and applying the appropriate quantum
transformations.

« Eliminating the need for manual gate design, phase optimization, and
circuit construction.

This positions QTTC as a crucial tool for bridging the classical and quantum
computing worlds, making quantum power accessible to a much wider range of
users. By removing the complexity of quantum gate design, QTTC allows
scientists, engineers, and businesses to leverage quantum computing without
requiring quantum expertise, accelerating real-world applications and the broader
adoption of quantum technologies.

7. Potential Applications of QTTC

The Quantum Truth Table Compiler (QTTC) has the potential to revolutionize
multiple fields by automating the conversion of classical problems into quantum-
native formulations. This enables the use of quantum computing in machine
learning, cryptanalysis, and combinatorial optimization—domains that are
currently limited by the computational bottlenecks of classical algorithms.

Unlike traditional quantum programming frameworks that require manual
guantum circuit design, QTTC allows users to define problems in classical terms
and automatically maps them into quantum circuits optimized for execution. This
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paradigm shift could significantly accelerate the adoption of quantum computing
in both research and industry.

1. Quantum Machine Learning: Automatically Transforming Classical Datasets
into Quantum Feature Maps

The Classical Bottleneck

Classical machine learning models rely on high-dimensional vector spaces
for feature representation.

As the number of features increases, classical computational resources
scale poorly, making complex models computationally expensive.

Many real-world datasets contain complex correlations that are difficult to
capture using classical representations.

How QTTC Enables Quantum Machine Learning

Quantum computing naturally represents high-dimensional data through
superposition and entanglement.

Quantum machine learning (QML) techniques, such as Quantum Support
Vector Machines (QSVMs) and Variational Quantum Classifiers (VQCs),
require encoding classical data into quantum feature maps.

QTTC automatically identifies feature maps from classical datasets and
compiles them into quantum circuits, avoiding the need for manual
guantum data encoding.

Example Application: Quantum Kernel Methods

Classical machine learning relies on kernel functions to map data into
higher-dimensional spaces.

Quantum computing allows for exponentially richer feature spaces, but
defining these mappings manually is challenging.

QTTC automates this process by analyzing the dataset and applying the
appropriate quantum transformation, replacing explicit matrix storage with
implicit quantum evolution.
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Advantages of QTTC in QML

v/ Automates classical-to-quantum data transformations.
v Eliminates the need for manual feature engineering.
v Encodes exponentially large feature spaces in a compact quantum state.

By compiling classical datasets directly into quantum circuits, QTTC removes a key
barrier to real-world adoption of quantum-enhanced machine learning.

2. Quantum Cryptanalysis: Directly Compiling Classical Number-Theoretic
Problems into Quantum Form

The Classical Bottleneck

« Classical cryptography is based on hard number-theoretic problems, such
as:

o Prime factorization (RSA encryption).
o Discrete logarithms (Diffie-Hellman key exchange).
o Elliptic curve cryptography (ECC).

« Breaking these encryption schemes with classical computers would take
exponential time, making them secure for modern communication.

How QTTC Enables Quantum Cryptanalysis

o Quantum computers can solve certain number-theoretic problems
exponentially faster than classical algorithms.

o Shor’s Algorithm, for example, can factor large integers in polynomial time,
breaking RSA encryption.

o QTTC automates the compilation of number-theoretic problems into
guantum circuits, making it possible to use quantum algorithms without
requiring manual quantum programming.
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Example Application: Breaking RSA Encryption

« Classically, factoring a 2048-bit RSA key would take millions of years with
the best classical algorithms.

« Shor’s Algorithm reduces this complexity exponentially, but requires
precise quantum modular exponentiation circuits.

o QTTC automates the translation of RSA factorization into quantum circuits,
allowing cryptographers to:

o Convert an RSA encryption problem into a quantum computation.
o Optimize the circuit for execution on real quantum hardware.

o Leverage quantum speedups without needing to manually
implement Shor’s Algorithm.

Advantages of QTTC in Quantum Cryptanalysis

v Automates the process of applying quantum algorithms to cryptographic
problems.

v Removes the need for manually constructing modular exponentiation circuits.

v Enables real-world quantum security testing without requiring deep quantum
expertise.

As quantum computers become more powerful, post-quantum cryptography
research will rely on QTTC to evaluate security risks and develop quantum-
resistant encryption schemes.

3. Quantum Optimization: Mapping Large Combinatorial Constraint Problems
into Interference-Based Solutions

The Classical Bottleneck

o Many real-world problems involve combinatorial optimization, where the
solution space grows exponentially with problem size.

« Classical methods such as simulated annealing, branch-and-bound, and
linear programming become computationally infeasible for large problems.
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o Example applications include:
o Supply chain logistics (optimizing delivery routes, minimizing costs).
o Financial portfolio optimization (maximizing returns, minimizing risk).

o Protein folding in drug discovery (finding the lowest-energy
configuration).

How QTTC Enables Quantum Optimization

o Quantum computing provides a natural framework for solving optimization
problems using:

1. Quantum Annealing (e.g., D-Wave) for finding global minima.

2. Quantum Approximate Optimization Algorithm (QAOA) for
combinatorial problems.

3. Amplitude amplification (Grover’s-like speedup) to identify optimal
solutions.

o QTTC detects optimization structures in classical problems and applies the
appropriate quantum encoding automatically.

Example Application: Solving the Traveling Salesman Problem (TSP)

« The Traveling Salesman Problem (TSP) requires finding the shortest route
that visits all cities exactly once.

« Classical brute-force approaches scale as O(n!), making large instances
infeasible.

« Quantum optimization techniques, such as QAOA, reduce the
computational cost dramatically.

« QTTC automatically transforms TSP instances into quantum optimization
circuits, allowing quantum solvers to find solutions without requiring
manual circuit design.
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Advantages of QTTC in Quantum Optimization

v Automatically detects optimization problems in classical problem descriptions.
v Compiles combinatorial constraints into quantum interference-based solutions.
v Accelerates optimization in logistics, finance, and scientific research.

By removing the need for explicit combinatorial enumeration, QTTC makes
guantum optimization accessible to industries that rely on large-scale problem
solving.

Conclusion: QTTC as a Game-Changer for Quantum Applications

The Quantum Truth Table Compiler (QTTC) offers a universal framework for
applying quantum computing without requiring users to manually design circuits.
By detecting problem structures and compiling them into quantum circuits
automatically, QTTC enables:

1. Quantum Machine Learning

o Seamless transformation of classical datasets into quantum-
enhanced feature spaces.

2. Quantum Cryptanalysis

o Direct compilation of classical cryptographic problems into quantum
attack simulations.

3. Quantum Optimization

o Efficient mapping of large combinatorial constraint problems into
guantum interference-based solutions.

QTTC bridges the gap between classical problem formulation and quantum
execution, enabling real-world applications that were previously inaccessible due
to the complexity of quantum programming.

As quantum hardware continues to evolve, QTTC will serve as a critical tool for
unlocking the full power of quantum computing across multiple domains,
accelerating innovation in fields ranging from artificial intelligence to
cybersecurity to global logistics.
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8. Epilogue: From Heisenberg to Computation—Reversing the Role of Matrices
in Quantum Systems

In 1925, Werner Heisenberg, Max Born, and Pascual Jordan introduced matrix
mechanics, one of the first formulations of quantum theory. This approach
fundamentally changed our understanding of physics by replacing classical,
deterministic equations with non-commutative matrices that governed quantum
systems. Instead of describing particles with familiar Newtonian trajectories,
guantum mechanics became a theory of operators acting on abstract Hilbert
spaces.

Now, nearly a century later, we see a reversal of this approach in quantum
computing. The Quantum Truth Table Compiler (QTTC) represents a shift from
explicitly stored classical matrices to implicitly encoded quantum states. In a
sense, QTTC reverses Heisenberg’s use of matrices in physics, showing that rather
than being tools to describe quantum systems, matrices can themselves be
eliminated in favor of direct quantum computation.

Heisenberg’s Matrix Mechanics: Explicitly Describing Quantum Reality

Before Heisenberg, classical physics viewed motion and measurement as
deterministic processes governed by continuous differential equations.
Heisenberg, however, argued that the physical observables of a quantum

system—such as position (X) and momentum (P ) —should be represented as
matrices, which obey the famous uncertainty relation:

XP_PX =ih

These matrices, when multiplied, did not commute, meaning that measuring one
observable affected the other. This realization led to a fundamental shift in
physics: quantum mechanics could no longer be described by a simple trajectory

through space-time but required a matrix-based formalism that captured inherent
uncertainties.
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In Heisenberg’s formulation, matrices became an explicit and necessary part of
guantum mechanics. Quantum states evolved according to matrix multiplication
with physical measurements emerging from the eigenvalues of these operators.

QTTC: Removing the Need for Explicit Matrices in Quantum Computation

In quantum computing, we no longer use matrices to describe quantum
mechanics—we use quantum mechanics to eliminate explicit matrices from
classical computation. Instead of manually storing and manipulating large
matrices in classical memory, QTTC translates classical matrix-based problems
into quantum states that evolve dynamically.

This shift has profound implications:

« In Heisenberg’s matrix mechanics, quantum states were explicitly defined
using matrices to describe the evolution of physical systems.

« In QTTC, quantum states replace classical matrices as computational
objects, allowing problems that traditionally required explicit classical
iteration to be solved implicitly through quantum interference.

Instead of viewing matrices as the fundamental objects of computation, QTTC
sees them as intermediaries that can be removed in favor of direct quantum
evolution.

’
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Key Philosophical Shift: From Understanding to Computation

The transition from Heisenberg’s matrix mechanics to QTTC-based quantum
computation represents a philosophical shift in how we use quantum mechanics

Heisenberg's Approach (1925) QTTC's Approach (Today)

Used matrices to describe quantum reality. Removes matrices from classical computation by encoding

problems as quantum states.

Explicitly stored and manipulated infinite- Replaces large classical matrices with implicit quantum
dimensional matrices. evolution.
Focused on measurement and uncertainty in Focuses on computation and removing classical iteration.

physical systems.

Quantum observables are eigenvalues of Classical computational problems become quantum states.

matrices.

This shift suggests that instead of using matrices to understand quantum
mechanics, we now use quantum mechanics to eliminate classical matrices.

Computational Duality: Classical vs. Quantum Representations

QTTC reveals a deep computational duality between classical and quantum
representations:

1. In classical computation, matrices explicitly encode operations, requiring
iteration to extract information.

2. In guantum computation, unitary transformations replace explicit matrix
storage, allowing solutions to emerge via interference.

3. Instead of storing an NxNN \times NNxN matrix explicitly, quantum
computation encodes transformations into a much smaller quantum state

In this sense, QTTC bridges the divide between classical and quantum paradigms
showing that matrices are not fundamental to quantum mechanics but rather a
classical construct that quantum computation can transcend.

’
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Final Thought: The Evolution of Computation

Heisenberg’s matrix mechanics represented a profound shift from classical
physics to guantum mechanics. QTTC represents an equally significant shift in
computation:

o From explicitly manipulating matrices to letting quantum interference
perform the computation.

o From step-by-step classical iteration to emergent solutions via quantum
evolution.

« From classical representations of quantum systems to quantum
representations of classical problems.

This suggests that quantum computation is not merely an extension of classical
computing—it is a fundamentally new way of processing information, one that
does not require matrices as an explicit intermediary. In this way, QTTC completes
a loop that began with Heisenberg, using the very principles of quantum
mechanics to remove the need for classical matrix-based representations entirely.

40



References

1. Foundational Quantum Computing and Quantum Algorithms

Nielsen, M. A., & Chuang, I. L. (2010). Quantum Computation and Quantum
Information. Cambridge University Press.

Shor, P. W. (1994). Algorithms for Quantum Computation: Discrete
Logarithms and Factoring. Proceedings of the 35th Annual Symposium on
Foundations of Computer Science (FOCS), IEEE.

Grover, L. K. (1996). A Fast Quantum Mechanical Algorithm for Database
Search. Proceedings of the 28th Annual ACM Symposium on Theory of
Computing (STOC).

Brassard, G., Hgyer, P., Mosca, M., & Tapp, A. (2002). Quantum Amplitude
Amplification and Estimation. arXiv:quant-ph/0005055.

2. Quantum Matrix Mechanics and Heisenberg’s Contributions

Heisenberg, W. (1925). Uber quantentheoretische Umdeutung
kinematischer und mechanischer Beziehungen. Zeitschrift fiir Physik, 33(1),
879-893.

Born, M., Heisenberg, W., & Jordan, P. (1926). Zur Quantenmechanik II.
Zeitschrift flir Physik, 35(8), 557-615.

Dirac, P. A. M. (1930). The Principles of Quantum Mechanics. Oxford
University Press.

3. Quantum Fourier Transform and Quantum Phase Estimation

Kitaev, A. (1995). Quantum Measurements and the Abelian Stabilizer
Problem. arXiv:quant-ph/9511026.

Coppersmith, D. (1994). An Approximate Fourier Transform Useful in
Quantum Factoring. IBM Research Report.

Cleve, R., Ekert, A., Macchiavello, C., & Mosca, M. (1998). Quantum
Algorithms Revisited. Proceedings of the Royal Society A: Mathematical,
Physical and Engineering Sciences.

41



4. Quantum Optimization and Constraint Satisfaction

Farhi, E., Goldstone, J., & Gutmann, S. (2014). A Quantum Approximate
Optimization Algorithm. arXiv:1411.4028.

Lucas, A. (2014). Ising Formulations of Many NP Problems. Frontiers in
Physics, 2, 5.

Montanaro, A. (2016). Quantum Algorithms: An Overview. npj Quantum
Information, 2(1), 15023.

5. Quantum Machine Learning and Quantum Cryptanalysis

Lloyd, S., Mohseni, M., & Rebentrost, P. (2013). Quantum Algorithms for
Supervised and Unsupervised Machine Learning. arXiv:1307.0411.

Biamonte, J., Wittek, P., Pancotti, N., Rebentrost, P., Wiebe, N., & Lloyd, S.

(2017). Quantum Machine Learning. Nature, 549, 195-202.

Bernstein, E., & Vazirani, U. (1997). Quantum Complexity Theory. SIAM
Journal on Computing, 26(5), 1411-1473.

Boneh, D., & Lipton, R. J. (1995). Quantum Cryptanalysis of Hidden Linear
Functions. Advances in Cryptology—CRYPTO ’95.

6. Quantum Compilers and Classical-to-Quantum Translation

Shi, Y. (2003). Both Toffoli and Controlled-NOT Need Little Help to Do
Universal Quantum Computation. Quantum Information & Computation,
3(1), 84-92.

Maslov, D., Dueck, G. W., & Miller, D. M. (2007). Techniques for the
Synthesis of Reversible Toffoli Networks. ACM Transactions on Design
Automation of Electronic Systems, 12(4), 1-28.

Zhou, L., Lukin, M. D., Waintal, X., & Blais, A. (2023). Quantum Compilation

with Synthesis Algorithms and Optimization Techniques. Nature Reviews
Physics, 5, 33-47.

42



7. Heisenberg’s Influence on Modern Quantum Computation

Feynman, R. P. (1982). Simulating Physics with Computers. International
Journal of Theoretical Physics, 21(6/7), 467-488.

Deutsch, D. (1985). Quantum Theory, the Church-Turing Principle, and the
Universal Quantum Computer. Proceedings of the Royal Society A:
Mathematical, Physical and Engineering Sciences, 400(1818), 97-117.

Preskill, J. (2018). Quantum Computing in the NISQ Era and Beyond.
Quantum, 2, 79.

8. Practical Implementations and Quantum Computing Frameworks

Cross, A. W., Bishop, L. S., Smolin, J. A., & Gambetta, J. M. (2017).
OpenQASM: A Quantum Assembly Language. arXiv:1707.03429.

Gidney, C., & Ekerd, M. (2021). How to Factor 2048-bit RSA Integers in 8
Hours Using 20 Million Noisy Qubits. arXiv:1905.09749.

Abramov, A., & Ziemann, V. (2021). Optimization of Quantum Circuits Using

Qiskit. Journal of Computational Science, 52, 101403.

43



Quantum Transformation of Classical Matrices
Q(M) = Ug¥

where:
e M is the classical problem matrix.
¢ Uy is the quantum transformation operator.

e W s the quantum state encoding the problem.
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