Quantum-Classical Hybrid Language Model Documentation

1. Introduction

This document describes a quantum-classical hybrid language model designed to leverage
quantum phenomena (such as superposition and potentially entanglement) alongside classical
neural network layers. The overarching goal is to achieve a highly efficient method of encoding
information within qubits, thereby reducing model size and improving scalability—while remaining
consistent with fundamental principles of quantum mechanics (e.g., the Holevo theorem).

Key Features

1. Quantum-State-Based Encoding: A method to embed more data per qubit compared to
classical bits.

2. Selective Retrieval: Ensures that only a limited amount of classical information is
extracted at any given time, adhering to the Holevo theorem.

3. Quantum Algorithms (e.g., Grover’s Algorithm): Used to speed up search/retrieval from
qubits, offering a theoretical quadratic speedup for unstructured searches.

4. Classical-Quantum Integration: Incorporates standard neural network features (attention,
feed-forward layers, etc.) with quantum circuits, enabling synergy between classical and
quantum computing paradigms.

2. Background and Motivation
2.1 Quantum vs. Classical Information

e Inclassical computing, a bit can represent 0 or 1; capacity grows linearly with the number of
bits.

e In quantum computing, a qubit can be in a superposition of |0> and |1>:
|W>=al0>+B|1>,where|al2+|B|2=1. P> = a|0> + B|1>, where |a|* + |B> = 1. While
superposition allows a qubit to encode multiple amplitudes, the Holevo theorem restricts
the extractable classical information to at most 1 bit per qubit upon measurement (per
measurement basis).

2.2 Holevo Theorem and Its Implications
The Holevo theorem states that no more than n bits of classical information can be reliably
extracted from n qubits. Formally, for an ensemble {pi, pi}:

X=S(2ipipi)=2ipiS(pi), X = S(Zi pi pi) = 2i pi S(pi),

and x £ n, where S(p) is the von Neumann entropy. This theorem ensures quantum systems cannot
surpass classical information capacity upon measurement.

2.3 Motivation for a Quantum-Classical Hybrid LLM



¢ Reducing Parameter Footprint: Traditional large language models rely on massive
parameter counts. By encoding parameters in fewer qubits (only extracting bits when
needed), memory usage can potentially decrease.

e Quantum Speedups: Quantum algorithms (e.g., Grover’s) can accelerate certain search-
like tasks within language modeling.

o Dense Information Encoding: A single qubit can represent a high-dimensional amplitude
distribution, but the act of measurement remains limited to 1 classical bit (respecting the
Holevo limit).

3. Overview of the Architecture
3.1 High-Level Design

1. Tokenization and Embedding: Tokens (subwords/words) are mapped to a vector. Instead of
storing these vectors purely classically, qubits are initialized to represent these
embeddings.

2. Quantum Encoding Layer:

o Each token embedding x is normalized and then sets the amplitude of a qubit:
> =al0>+B|1>,
with a, B derived from x.

3. Quantum Transformation / Grover-Like Phase:

o Grover’s algorithm or other circuits can amplify certain states, effectively searching
for relevant tokens.

4. Quantum Measurement (Selective Retrieval):
o Only 1 bitis extracted from each qubit at any time (aligning with Holevo’s bound).
5. Classical Layers:

o Results from quantum measurement feed into classical layers (e.g., attention, feed-
forward), allowing synergy between the quantum and classical domains.

3.2 Parameter Store and Encodings
A quantum parameter store keeps gate angles (e.g., 0 for Ry, Rz, etc.). This helps reduce memory by
reusing or sharing parameters (similar to classical weight-sharing in neural nets).

3.3 Scalability Benefits

e Small Physical Footprint: Fewer qubits can, in theory, store high-dimensional states if only
1 bitis measured at atime.

e No Holevo Violation: Only 1 bit emerges per measurement.



e Parallel Query: Multiple qubits can be measured in parallel to handle multi-token
inference.

4. Mathematical Foundations
4.1 Qubit Initialization
1. Letx € Rdbe a token embedding, with r =||x||,.

2. Define a function f(x) mapping x to [0,1], e.g.:
f(x) =r*/ (1 +r).

3. Construct the qubit:
a=+(f(x)), B=e"(id) V(1 - f(x),
yielding |y> = a|0> + B|1>.

4.2 Unitary Transformations & Gates

 Rotation Gates Ry(8), RZ(0): Basic single-qubit gates that rotate the state around specific
axes.

¢ Grover’s Operator G: Amplifies marked states in a superposition. In language modeling,
“marked states” can represent the correct next token.

e Measurement Scheme: Probability of outcome 0 is |a|?, outcome 1 is |B|> upon measuring

|p>.

4.3 Classical Information Extraction
No matter how complex the quantum operations, a single measurement of one qubit yields only
one classical bit. This is consistent with the Holevo limit.

5. Implementation Details
5.1 Pseudocode Workflow
procedure QuantumEncode(x):

r =normz2(x)

p=r*2/(1+r"2)

alpha = sqrt(p)

beta =sqrt(1-p)

qubit_state = alpha|0> + beta|1>

return qubit_state



procedure ApplyQuantumCircuit(qubit_state, params):
// Build circuit with parametric gates
circuit = BuildCircuit(qubit_state)
for gate in params.gates:
circuit.apply(gate)

return circuit

procedure MeasureQubit(circuit):
result = circuit.measure() //Yields 0 or 1
return result
5.2 Training Process
1. Forward Pass:
o Convert tokens to embeddings x.
o Encode each embedding into qubits.
o Apply gates (rotation, Grover steps).
o Measure and feed results to classical layers for final logits.
2. Loss Calculation:
o Compare predicted distribution with ground truth using cross-entropy.
3. Backpropagation:

o Quantum parameters can be updated using parameter-shift rules; classical
parameters updated via standard backprop.

4. Optimization:

o Adam, SGD, or advanced optimizers can handle both quantum (gate angles) and
classical weights.

5.3 Example: Grover-Enhanced Token Search
o Prepare superposition of candidate tokens.
e Define a “marked” target token.
e Grover’s iterations amplify the correct state.

o Measure to find the correct token with high probability.



6. Practical Considerations

6.1 Decoherence and Noise
Quantum states are susceptible to noise and decoherence. Error correction or short-depth circuits
may be necessary.

6.2 Simulation Overhead
Classical simulation grows exponentially with qubit count. Small-scale experiments are feasible,
but large-scale benefits require actual quantum hardware.

6.3 Parameter Efficiency
Parametric Quantum Circuits (PQC) enable reusing gate angles, akin to weight-sharing in classical
layers.

6.4 Model Interpretability
Interpreting amplitude distributions can be tricky. Quantum states do not map directly to classical
semantics, so interpretability remains challenging.

7. Theoretical Soundness and Holevo Compliance
1. Information Density: A qubit can embed multiple amplitude parameters.
2. Bounded Extraction: Each qubit measurementyields only 1 classical bit.
3. Bypassingvs. Violating:
o Bypasses classical memory constraints by storing amplitude data, but

o Does notviolate the Holevo theorem (1 bit extracted at a time).

8. Future Directions

1. Scaling Up: Moving to more qubits; investigating actual quantum hardware rather than
simulation.

2. Advanced Algorithms: Quantum variants of classical optimizers or specialized quantum
gates for language modeling.

3. Hybrid Data Re-Uploading: Repeatedly encode classical data at multiple circuit layers.
4. Error Correction: Possibly using surface codes or other robust strategies.

5. Deeper Formalism: Exploring quantum tokenization or quantum attention for a more
rigorous theoretical foundation.

9. Conclusions



9.1 Summary

e Quantum superposition provides a means to densely encode embeddings in fewer qubits.

e Each measurementyields one bit, respecting Holevo’s theorem.

e Grover’s or other quantum algorithms can provide speedups in retrieval/search steps.
9.2 Key Benefits

¢ Reduced Memory Footprint via amplitude-based encoding.

¢ Enhanced Scalability if implemented on quantum hardware.

o Upholds Theoretical Constraints by measuring only 1 bit from each qubit at a time.
9.3 Challenges

o Noise/Decoherence inreal devices.

¢ Simulation Complexity for many qubits.

¢ Integration Complexity of quantum and classical components.
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Appendix A: Example Mathematical Derivation of Token 2> Qubit

Let a token embedding x € Rd. Suppose
=1l
f(x)=r*/(1+r).

Then define
a(x) =V (f(x)),
B(X) =V (1 - f(x)).



1. Qubit State:
[Px> = a(x)[0> + B(x)[1>.

2. Applying Ry(0):

Ry(6)|Wx> =

(cos(8/2) =sin(6/2)) (a(x))
(sin(6/2) cos(8/2)) ( B(x) ).

Result=a'|0> + B'|1>.

3. Measurement Probability:
P(measure 0) = |a'|?,
P(measure 1) = |B'|°.



