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Abstract

The remarkable success of Transformer architectures in Large
Language Models (LLMs) has revolutionized natural language
processing, yet the transition to quantum computing for next-
generation language models remains an open challenge. While
quantum computing promises exponential advantages, a funda-
mental gap exists between classical deep learning and quantum
computing paradigms, particularly given the severe constraints
of Noisy Intermediate-Scale Quantum (NISQ) devices, includ-
ing barren plateaus, limited qubit coherence, and circuit depth
restrictions. We present Adaptive Quantum-Classical Fusion
(AQCF), the first framework to bridge classical and quantum
computing for language models by reimagining Transformer
architectures through quantum-classical co-design. Our key
insight is that effective bridging requires dynamic adapta-
tion rather than static translation: the framework analyzes
input complexity in real-time to orchestrate seamless transi-
tions between classical and quantum processing. AQCF intro-
duces entropy-driven adaptive circuits that circumvent barren
plateaus, quantum memory banks that unify classical attention
with quantum state-based similarity retrieval, and intelligent
fusion controllers that ensure each computational paradigm
handles tasks where it naturally excels. This bridging archi-
tecture maintains full compatibility with existing classical
Transformers while progressively incorporating quantum ad-
vantages as they become accessible. Experiments on sentiment
analysis demonstrate that AQCF achieves competitive perfor-
mance while significantly improving quantum resource effi-
ciency, operating successfully within typical NISQ constraints.
By establishing a seamless integration pathway from today’s
classical LLMs to tomorrow’s quantum-enhanced models, our
framework provides both immediate practical value on cur-
rent quantum hardware and a clear evolution path toward full
Quantum LLMs as technology matures.

Introduction
The transformative success of Transformer architec-
tures (Vaswani et al. 2017) has fundamentally reshaped nat-
ural language processing, culminating in Large Language
Models (LLMs) that demonstrate unprecedented capabilities
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in understanding and generating human language (Brown
et al. 2020; Touvron et al. 2023). This architectural revolu-
tion, built on the self-attention mechanisms that capture long-
range dependencies and parallel processing of sequential data,
has established a powerful computational paradigm that now
faces a critical juncture: how to bridge toward quantum com-
puting for next-generation language models. The prospect
of seamlessly integrating quantum advantages into existing
classical frameworks, rather than replacing them entirely, rep-
resents a pragmatic path toward Quantum Large Language
Models (QLLMs) that could leverage quantum superposition
and entanglement while maintaining the proven strengths of
classical Transformers. This bridging challenge is not merely
technical but conceptual—requiring us to reimagine how clas-
sical deep learning principles can coexist with and benefit
from quantum mechanical phenomena, creating a unified
computational framework that transcends the limitations of
either paradigm alone.

The current Noisy Intermediate-Scale Quantum (NISQ)
era presents both the necessity and opportunity for the
abovementioned bridging approaches. Quantum computing
promises exponential speedups for specific computational
tasks, with natural language processing emerging as a par-
ticularly compelling application due to the inherent high-
dimensional nature of linguistic data and the potential for
quantum systems to naturally represent complex semantic
relationships through superposition states (Chen et al. 2023;
Bharti et al. 2022; Silver et al. 2024). Modern NISQ devices
with 50-100 qubits are becoming accessible through plat-
forms like IBM Quantum and Google’s Sycamore, yet they
suffer from severe limitations: coherence times of approxi-
mately 100 µs, gate error rates of 0.1% to 1%, and maximum
circuit depths typically limited to 20-100 layers (Preskill
2018). These constraints create a fundamental gap between
classical and quantum computing paradigms—classical sys-
tems offer stability and scalability but face computational
bottlenecks, while quantum systems promise exponential ad-
vantages but lack the robustness for standalone deployment.
Bridging this gap requires novel frameworks that can seam-
lessly orchestrate both computational paradigms, leveraging
their respective strengths while mitigating their limitations.

Current quantum NLP (QNLP) approaches, while pioneer-
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ing, have difficulties in establishing effective bridges between
classical and quantum computing for language models. Exist-
ing methods can be broadly categorized into three paradigms,
each creating rather than closing the classical-quantum di-
vide. First, fully quantum models that encode entire linguistic
structures into quantum circuits, such as DisCoCat-based
approaches (Meichanetzidis et al. 2020; Lorenz et al. 2023)
and quantum grammar parsers (Bausch, Subramanian, and
Piddock 2021; Meichanetzidis et al. 2023), abandon classical
architectures entirely, losing the self-attention mechanisms
central to Transformers and requiring circuit depths that scale
poorly with sequence length. Second, variational quantum
algorithms (VQAs) for NLP, including preliminary attempts
at quantum BERT (Yang et al. 2022; Li et al. 2023) and
quantum kernel methods (Thanasilp et al. 2024; Shirai et al.
2024), employ fixed architectures that cannot dynamically
bridge between classical and quantum processing based on
task requirements. These VQA approaches also suffer from
barren plateau phenomena where gradient magnitudes vanish
exponentially with circuit depth, rendering training infeasi-
ble beyond 6-10 layers (McClean et al. 2018). Third, hybrid
quantum-classical models (Smaldone et al. 2025; Zhao, Shi,
and Li 2024) employ static partitioning strategies that treat
classical and quantum components as separate entities rather
than unified parts of an integrated system. None of these
existing methods successfully bridges the fundamental archi-
tectural principles of classical Transformers with quantum
computing capabilities, leaving a critical gap in the path to-
ward next-generation language models.

To establish this crucial bridge between classical and
quantum computing for language models, we introduce
Adaptive Quantum-Classical Fusion (AQCF), a novel frame-
work that creates seamless integration pathways between
these two computational paradigms. Our key insight is that
effective bridging requires not translation but transforma-
tion—developing adaptive mechanisms that can dynamically
determine when and how to leverage quantum resources
while maintaining full compatibility with classical architec-
tures. AQCF realizes this vision through entropy-driven dy-
namic adaptation that creates a continuum between classical
and quantum processing: rather than treating them as dis-
crete alternatives, our framework analyzes the complexity
characteristics of input data to orchestrate smooth transitions
between classical and quantum computing paradigms. When
processing simple linguistic patterns with low entropy, the
framework operates primarily in classical mode with minimal
quantum enhancement. For complex semantic relationships
exhibiting high entropy, where classical Transformers face
computational bottlenecks, AQCF progressively incorporates
quantum resources through carefully calibrated entanglement
patterns. This bridging mechanism is realized through three
interconnected, carefully co-designed components: quantum
memory banks that create a unified representation space ac-
cessible to both classical and quantum processors, entropy-
driven circuit configurators that ensure smooth transitions be-
tween paradigms, and intelligent fusion controllers that main-
tain computational coherence across the classical-quantum
boundary. By establishing these bridging mechanisms, AQCF
demonstrates that practical integration of classical and quan-

tum computing is achievable on current hardware, providing
both immediate value and a clear evolution path toward future
Quantum LLMs as quantum technology advances.

Our primary contributions can be summarized as follows:

• We propose an entropy-driven adaptive quantum circuit
architecture that bridges classical and quantum atten-
tion mechanisms through variable-depth quantum circuits,
demonstrating how seamless integration can be achieved
within NISQ constraints.

• We introduce quantum memory banks that unify classical
key-value attention with quantum state-based similarity
retrieval, creating a shared representational framework
that both paradigms can access and manipulate.

• We develop intelligent quantum-classical fusion mech-
anisms that establish bidirectional information flow be-
tween classical and quantum processors, achieving com-
petitive performance while pioneering the architectural
patterns necessary for next-generation language models.

Preliminaries
Quantum States and Circuits
A quantum state of n qubits can be represented as a normal-
ized vector in a 2n-dimensional Hilbert space H = (C2)⊗n.
The general state is expressed as |ψ⟩ =

∑2n−1
i=0 αi|i⟩, where

αi ∈ C (the field of complex numbers) are amplitudes satis-
fying

∑
i |αi|2 = 1. Quantum circuits manipulate these states

through unitary operations U ∈ SU(2n), typically decom-
posed into single-qubit rotations and two-qubit entangling
gates (Nielsen and Chuang 2010).

Variational Quantum Circuits for NLP
Variational Quantum Circuits (VQCs) form the backbone of
quantum machine learning on NISQ devices. The variational
quantum circuit with depth L as a unitary transformation
U(θ) defined by:

U(θ) =

L∏
l=1

(
Wl ·

n∏
i=1

R
(l)
i (θ

(l)
i )

)
, (1)

where R(l)
i (θ

(l)
i ) represents parameterized single-qubit rota-

tions (e.g., RY , RZ ) on qubit i at layer l, and Wl denotes the
entangling layer. For NLP tasks, classical text embeddings
x ∈ Rd are encoded into quantum states through angle encod-
ing: |ψ(x)⟩ =

⊗n
i=1RY (arctan(xi))|0⟩, compressing the

input to the range [−π/2, π/2] suitable for rotation angles.
Figure 1 illustrates the fundamental quantum gates em-

ployed in our architecture. The rotation gates RY (θ) and
RZ(ϕ) enable parameterized single-qubit operations, while
CNOT gates create entanglement between qubits, forming
the basis for quantum advantage in representing complex
linguistic relationships.

These gates form the universal gate set for quantum com-
putation. The parameterized rotations enable gradient-based
optimization, while entangling gates allow quantum states to
capture correlations impossible in classical systems.
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|0⟩ Ry(θ) Rz(ϕ)

(a) Rotation gates (b) CNOT gate

Figure 1: Basic quantum gates employed in our quantum
transformer architecture.

Entropy-Based Complexity Measures
Given an input embedding x, we define linguistic com-
plexity through statistical measures. The Shannon entropy
H(x) = −

∑
i pi log pi (where pi are normalized compo-

nents) captures information content. Higher-order statistics
including variance σ2(x) and kurtosis κ(x) provide addi-
tional complexity indicators. The mean µ(x) reflects the
average activation level of the input. These measures inform
our adaptive circuit configuration:

C(x) = µ(x), σ2(x), H(x), κ(x), (2)

where C(x) represents the complexity feature vector used for
dynamic adaptation.

Barren Plateau Phenomenon
The barren plateau problem manifests when gradients of
quantum circuit parameters vanish exponentially with circuit
size. For a cost function L(θ), the variance of its gradient
components scales as:

Var
[
∂L
∂θk

]
∈ O

(
b−n

)
, (3)

where b > 1, the gradient variance decays rate constant, de-
pends on the circuit architecture and the nature of the cost
function, and n is the number of qubits. This exponential sup-
pression renders deep quantum circuits untrainable, necessi-
tating adaptive depth control to maintain gradient magnitudes
above trainable thresholds (McClean et al. 2018).

Method
Overview
AQCF consists of three synergistic components that collec-
tively enable efficient quantum computation for NLP on
NISQ devices: (1) entropy-driven adaptive quantum circuits
that dynamically configure their depth and gate selection
based on input complexity, (2) quantum memory banks that
leverage quantum state similarity for enhanced pattern match-
ing, and (3) hybrid fusion mechanisms that intelligently route
computations between quantum and classical processors. Fig-
ure 2 illustrates the overall architecture, showcasing how clas-
sical and quantum components seamlessly integrate through
our adaptive fusion mechanism.

The input text is first encoded into classical embeddings,
which undergo complexity analysis to extract statistical mea-
sures. These measures drive three parallel adaptation pro-
cesses: circuit depth prediction determines the number of
quantum layers (2-20), gate selection chooses appropriate
quantum operations, and fusion weight prediction allocates

computations between quantum and classical pathways. The
quantum pathway processes information through adaptive cir-
cuits and memory banks, while the classical pathway employs
standard attention mechanisms. The outputs are dynamically
fused based on predicted computational advantage.

Entropy-Driven Adaptive Quantum Circuits
The core innovation of AQCF lies in its ability to dynami-
cally configure quantum circuits based on input complexity,
addressing the fundamental tension between expressivity and
trainability in NISQ devices. Unlike traditional VQCs with
fixed architectures, our adaptive circuits analyze input char-
acteristics in real-time to determine optimal configurations.
Complexity-Based Depth Prediction. We define Ladaptive
as the dynamically predicted circuit depth tailored to input
complexity. For each input embedding x ∈ Rd, we project
it to quantum dimension through a learned transformation
xq = Wpx ∈ Rnq , where nq is the number of qubits (typi-
cally 4-16). The depth predictor network extracts statistical
features including mean, standard deviation, and range of the
quantum-projected input, which are processed to predict the
optimal circuit depth:

Ladaptive = 1 + ⌊fdepth(s(xq)) · (Lmax − 1)⌋, (4)

where fdepth : R4 → [0, 1] is a neural network, Lmax is the
maximum allowed depth (typically 20 for NISQ constraints),
and s(xq) extracts statistical features from the quantum-
projected vector. This mechanism ensures shallow circuits
for simple inputs and deeper circuits only when complexity
warrants additional quantum processing.

This adaptive mechanism is visualized in Figure 3, where
the depth predictor and gate selector networks analyze input
characteristics to configure the quantum circuit dynamically.

The adaptive nature of our circuits addresses the funda-
mental trade-off between expressivity and trainability: deeper
circuits offer greater computational power but suffer from
barren plateaus, while our dynamic approach maintains gra-
dient flow by adjusting depth based on actual computational
requirements.
Learnable Gate Selection. Beyond depth adaptation, AQCF
learns to select appropriate quantum gates for each qubit
based on input characteristics. The gate selector network out-
puts probabilities for three rotation types (RX , RY , and RZ )
per qubit. During training, gates are sampled stochastically to
encourage exploration, while inference uses deterministic se-
lection via argmax. This adaptive selection allows the circuit
to specialize different qubits for different computational as-
pects—for instance, using RY gates for amplitude encoding
and RZ gates for phase information.
Quantum Dropout for Regularization. To prevent over-
fitting and improve gradient flow, we introduce quantum
dropout that probabilistically skips quantum gates during
training with dropout probability pdropout = 0.1. This creates
an ensemble of shallower circuits during training, which is
particularly crucial for preventing barren plateaus by main-
taining gradient paths through various circuit depths.
Adaptive Entanglement Patterns. The entanglement struc-
ture adapts based on learned parameters, with CNOT gates
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Figure 2: Overview of AQCF architecture. Quantum attention mechanisms (green) process token relationships, while adaptive
circuits dynamically adjust depth. The fusion controller (orange) intelligently routes computations between quantum and classical
(blue) pathways based on input complexity.
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Linear
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CNOT
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Layer 2
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· · ·
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L Gates
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p: dropout rate
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Figure 3: Adaptive quantum circuit architecture with dynamic configuration. Input x is projected to quantum dimension, then
processed through L adaptive layers. The depth predictor uses input statistics to determine L, while the gate selector chooses
rotation types (RX /RY /RZ ) for each qubit. Each layer includes parameterized rotations, adaptive entanglement (CNOT in red),
and quantum dropout during training.

applied between adjacent qubits based on learned probabil-
ities. This creates adaptive connectivity ranging from fully
disentangled product states to maximally entangled configu-
rations based on task requirements.

The complete adaptive circuit transforms an input quantum
state |ψin⟩ into an output state |ψout⟩ through dynamically
configured layers:

|ψout⟩ =
Ladaptive∏
l=1

(
El ·

nq∏
i=1

ml,i ·G(l)
gi (θl,i)

)
|ψin⟩, (5)

where G(l)
gi represents the selected parameterized gate, El is

the adaptive entanglement layer, and ml,i implements quan-
tum dropout. This formulation ensures operations remain
within NISQ coherence limits while maximizing expressivity
for complex inputs.

Quantum Memory Banks
The second core component of AQCF introduces quantum
memory banks that leverage quantum state similarity for
enhanced pattern matching and long-range dependency mod-
eling. Unlike classical memory mechanisms that rely on dot-
product attention, our quantum memory exploits interference
effects and superposition for more nuanced similarity com-
putation.

Quantum State Encoding and Similarity. The quantum
memory consists ofM memory slots, each storing a quantum
key km ∈ Rnq and a classical value vm ∈ Rd. For an input
query, we encode both query and key into quantum states us-
ing parameterized rotations and entangling operations to cre-
ate interference patterns dependent on both representations.
The similarity score is obtained by measuring the expectation
value:

s(q, k) = ⟨ψentangled|Z1|ψentangled⟩, (6)

which captures not just magnitude alignment but also phase
relationships between query and key representations.
Memory Retrieval and Update. For memory retrieval, we
compute attention weights using quantum similarities nor-
malized by √

nq to prevent gradient explosion:

αm =
exp
(
s(q,km)/

√
nq
)∑M

j=1 exp
(
s(q,kj)/

√
nq
) , r =

M∑
m=1

αmvm,

(7)
where r denotes the retrieved memory vector as the weighted
sum of memory values vm based on attention scores αm.
The memory update mechanism employs a soft update rule
with rate γ = 0.1, gradually incorporating new patterns
while preserving historical information. When processing
new information, we identify the most similar memory slot
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and update both key and value components.
Multi-Head Quantum Attention. For multi-head quantum
attention, we maintain nh independent memory banks with re-
duced dimensionality d/nh each, where nh is the number of
attention heads. A gating mechanism computes the gate vec-
tor g ∈ [0, 1]d to control the integration of memory-retrieved
information with the original input:

g = σ(Wg[x;o]), y = g ⊙ o+ (1− g)⊙ x, (8)
where o denotes the output from the quantum memory mod-
ule, allowing adaptive blending of quantum memory retrieval
with direct input processing based on context relevance.

This quantum memory design enables AQCF to capture
complex semantic relationships through quantum interfer-
ence while maintaining computational efficiency with shal-
low circuits (3-5 layers) suitable for NISQ devices.

Hybrid Quantum-Classical Fusion
The third component of AQCF introduces an intelligent fu-
sion mechanism that dynamically allocates computational
resources between quantum and classical processors based
on task complexity. This adaptive approach ensures quantum
resources are utilized only when they provide genuine com-
putational advantage, addressing the inefficiency of static
quantum-classical partitioning in existing methods.
Complexity Analysis for Resource Allocation. The fusion
mechanism analyzes input complexity characteristics to deter-
mine optimal resource allocation. For input x ∈ Rd, a learned
analyzer network extracts three key complexity indicators:
semantic complexity (diversity of meaning representations),
syntactic complexity (structural patterns), and length com-
plexity (sequence dependencies). These scores are processed
by a neural network ffusion that maps the complexity vector to
λ ∈ [0, 1], determining the quantum-classical mixing weight:

λ = ffusion(c(x)) ∈ [0, 1], (9)
where λ = 0 indicates pure classical processing and λ = 1
indicates full quantum computation.
Parallel Quantum-Classical Processing. The framework
processes inputs through parallel pathways. The classical
pathway employs standard multi-head attention with query-
key-value projections, while the quantum pathway utilizes
the adaptive quantum circuits and memory banks described
previously. Both pathways operate independently, produc-
ing outputs Aclassical and Aquantum respectively, allowing the
fusion mechanism to select or blend their outputs based on
computational advantage.
Adaptive Gating Mechanism. Beyond simple weighted av-
eraging, AQCF employs learnable gates that modulate each
pathway’s contribution based on context. For the quantum
and classical features, gating functions gquantum and gclassical
are computed through learned projections with sigmoid acti-
vations. These gates enable fine-grained control over infor-
mation flow, allowing the model to selectively emphasize
quantum or classical features based on local context rather
than global complexity alone.
Dynamic Fusion and Output Integration. The final fusion
combines gated outputs with complexity-based weighting:
y = λ(gquantum ⊙Aquantum) + (1− λ)(gclassical ⊙Aclassical),

(10)

where ⊙ denotes element-wise multiplication. The fused rep-
resentation undergoes final projection with layer normaliza-
tion and residual connection to preserve gradient flow while
incorporating both quantum and classical computations.

This adaptive fusion mechanism enables AQCF to leverage
quantum advantages selectively—using quantum processing
for complex semantic relationships while routing simpler
computations through efficient classical pathways. Empirical
analysis shows that typically 30-40% of computations benefit
from quantum processing, with higher utilization for semanti-
cally ambiguous or syntactically complex inputs. The learned
routing patterns reveal that quantum pathways excel at cap-
turing non-local dependencies and ambiguous relationships,
while classical pathways efficiently handle regular patterns
and local context.

Training Strategy and Loss Functions
Training AQCF effectively requires a carefully designed strat-
egy to handle the challenges of quantum-classical hybrid op-
timization on NISQ devices, focusing on adaptive learning
and gradient stabilization.
Multi-Objective Loss Function. AQCF utilizes a multi-
objective loss that combines the primary task performance
with quantum-specific regularizations to address vanishing
gradients and maintain efficient quantum resource usage:

Ltotal = Ltask + λregLquantum + λfusionLfusion. (11)

Here, Ltask is the cross-entropy loss for NLP classification
tasks. The quantum regularization term Lquantum mitigates
barren plateaus by penalizing low gradient magnitudes. The
fusion loss Lfusion ensures judicious quantum resource alloca-
tion by balancing the entropy of fusion weights and limiting
excessive quantum usage.
Adaptive Learning Rates and Gradient Clipping. To pre-
vent gradient vanishing or explosion typically found in deep
quantum circuits, we employ adaptive learning rates com-
bined with gradient clipping. The learning rate ηt is dynami-
cally adjusted based on the gradient’s norm, ensuring stable
updates even in regions of low gradient activity:

θt = θt−1 − ηt · clip
(

mt√
vt + ϵ

, gmax

)
, (12)

where mt and vt denote the first and second moment esti-
mates of gradients, ϵ is a small constant added for numeri-
cal stability, and clip(·, gmax) bounds the update magnitude
within [−gmax, gmax].
Staged Training Protocol. The training is conducted in three
strategic stages to facilitate effective learning:
1. Classical Pretraining: Initial epochs focus on stabilizing

classical pathway weights while quantum components
remain inactive. This phase builds foundational represen-
tations.

2. Quantum Warm-up: Quantum circuits are incrementally
engaged with progressive depth increases, aiding in grad-
ual adaptation to quantum noise and coherence con-
straints.

3. Joint Fine-tuning: Full integration of quantum and classi-
cal pathways with adaptive circuit and fusion mechanisms

385



activated, optimizing final performance through unified
training.

Noise-Aware Training. Given the inherent noise |ψnoisy⟩ in
NISQ hardware, training incorporates simulated noise models
Nϵ, a depolarizing noise channel acting onto ϵ, to improve
robustness:

|ψnoisy⟩ = Nϵ(|ψ⟩) = (1− ϵ)|ψ⟩⟨ψ|+ ϵI/2nq , (13)
where ϵ accounts for depolarizing noise, complemented by
stochastic gate error injection; I/2nq represents a maximally
mixed fallback state, modeling the effect of uniform noise
across all basis states. This emphasizes learning represen-
tations resilient to hardware imperfections, essential for de-
ployment on NISQ devices.

This training paradigm empowers AQCF to seamlessly in-
tegrate quantum computations, ensuring stable convergence
and efficient resource management, ultimately bridging quan-
tum capabilities with practical NLP applications.

Experiments
We evaluate AQCF on sentiment analysis tasks to demon-
strate its ability to bridge classical and quantum computing
for practical NLP applications. Our experiments are designed
to answer three key questions: (1) Can AQCF effectively
leverage quantum resources within NISQ constraints? (2)
How does each architectural component contribute to overall
performance? (3) What are the trade-offs between quantum
advantages and computational costs?

Experimental Setup
Datasets. We conduct experiments on two widely-used senti-
ment analysis benchmarks. The Stanford Sentiment Treebank
(SST-2) (Socher et al. 2013) contains 6,920 training and 872
test samples with binary sentiment labels, featuring shorter
sequences (average 19 tokens) that allow us to validate fun-
damental quantum-classical bridging capabilities. The IMDB
Movie Review dataset (Maas et al. 2011) comprises 25,000
training and 25,000 test reviews with longer sequences (aver-
age 294 tokens), testing the scalability of our approach for
complex linguistic structures.

Implementation Details. We implement AQCF using Py-
Torch for classical components and TorchQuantum (Wang
et al. 2022) for quantum circuit simulation. Our architec-
ture employs dmodel = 128, nheads = 4, and nlayers = 2 for
the Transformer backbone. Quantum components utilize 20
qubits with adaptive circuit depths ranging from 2 to 10 lay-
ers, respecting typical NISQ constraints. We train all models
using AdamW optimizer with learning rate 10−4 and cosine
annealing schedule for 10 epochs, with batch size 32 for SST-
2 and 16 for IMDB. During inference, we employ greedy
decoding for classification.

Baselines. We compare AQCF against three categories of
methods: (1) Quantum-only models including VQC Classi-
fier, Quantum LSTM, and DisCoCirC (Lorenz et al. 2023)
that encode entire computations in quantum circuits; (2) Hy-
brid quantum-classical models comprising Hybrid Quantum
LSTM, Hybrid Quantum CNN, and standard Quantum Trans-
former that use static quantum-classical partitioning; (3) Clas-
sical baseline using an identical Transformer architecture

without quantum components. All models are evaluated un-
der identical conditions with results averaged over 5 random
seeds.

Main Results
Table 1 presents our main findings across both datasets. On
SST-2, AQCF achieves 81.88% accuracy, outperforming the
classical Transformer baseline by 2.52 percentage points and
the standard Quantum Transformer by 2.29 percentage points.
This improvement demonstrates that our adaptive bridging
mechanism successfully leverages quantum advantages even
for relatively simple linguistic tasks. Notably, pure quantum
models fail catastrophically on this task, with most achiev-
ing near-random performance (52-53%), highlighting the
necessity of quantum-classical integration rather than pure
quantum approaches.

The performance gap widens on the more challenging
IMDB dataset, where AQCF attains 86.30% accuracy—a
4.12 percentage point improvement over the classical base-
line. This larger margin suggests that quantum-enhanced
attention mechanisms provide greater benefits for complex se-
quences requiring long-range dependency modeling. The con-
sistent improvements across both datasets validate our core
hypothesis that bridging classical and quantum paradigms,
rather than replacing one with the other, represents the most
practical path toward quantum-enhanced language models.

Model Variations
To rigorously evaluate the contribution of each component in
AQCF and understand their scaling behavior across different
task complexities, we conduct comprehensive ablation exper-
iments on both SST-2 and IMDB datasets shown in Table 2.
These experiments reveal critical insights about the pathway
from classical to quantum language models.

Adaptive Circuits: Task-Dependent Quantum Advantage
The most striking finding emerges from the contrasting behav-
ior of adaptive circuits across datasets. On SST-2, removing
adaptivity decreases accuracy by 1.38%, validating our hy-
pothesis that dynamic depth adjustment optimizes quantum
resource utilization for shorter sequences. Remarkably, on
IMDB, the non-adaptive variant achieves marginally higher
accuracy (+0.36%), revealing a crucial insight: for complex,
long-sequence tasks where quantum processing provides con-
sistent advantage, adaptive mechanisms may introduce un-
necessary overhead.

This dataset-dependent behavior confirms that the path to
QLLM requires intelligent, context-aware quantum resource
allocation. The adaptive circuit’s true value manifests not
in universal performance gains but in its ability to optimize
the classical-quantum boundary dynamically—essential for
seamless integration on NISQ devices where every quantum
operation carries significant cost.

Quantum Attention: The Exponential Scaling Advan-
tage The catastrophic performance degradation when re-
placing quantum attention with classical mechanisms on
IMDB (15.62% accuracy drop) versus the manageable de-
cline on SST-2 (3.67%) reveals the exponential scaling
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SST-2 Dataset IMDB Dataset
Method Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score

(%) (%)

Quantum-Only Methods
DisCoCirC Classifier 53.44 0.536 0.536 0.534 50.00 0.750 0.500 0.333
VQC Classifier 52.29 0.262 0.500 0.343 54.36 0.544 0.544 0.543
Quantum LSTM 52.29 0.262 0.500 0.343 62.34 0.624 0.623 0.623

Hybrid Quantum-Classical Methods
Hybrid Quantum LSTM 65.60 0.655 0.654 0.654 64.98 0.650 0.650 0.650
Hybrid Quantum CNN 72.02 0.729 0.715 0.714 77.91 0.781 0.779 0.779
Quantum Transformer 79.59 0.796 0.797 0.796 82.30 0.829 0.823 0.822

Classical Baseline
Classical Transformer 79.36 0.800 0.797 0.793 82.18 0.822 0.822 0.822

Proposed Method
AQCF (Ours) 81.88 0.819 0.818 0.818 86.30 0.863 0.863 0.863

Table 1: Performance comparison on SST-2 and IMDB sentiment analysis benchmarks. All quantum experiments conducted on
20-qubit simulators.

SST-2 Dataset IMDB Dataset
Configuration Acc. F1 ∆ Acc. Time Acc. F1 ∆ Acc. Time

(%) (%) (s) (%) (%) (h)

Proposed Method
AQCF 81.88 0.8182 – 6,462 86.30 0.8630 – 8.40

Component Ablation
w/o Adaptive Circuit 80.50 0.8045 -1.38 6,627 86.66 0.8665 +0.36 8.73
w/o Fusion Layer 80.73 0.8063 -1.15 6,650 86.58 0.8657 +0.28 8.18
w/o Quantum Attention 78.21 0.7793 -3.67 112 70.68 0.7065 -15.62 0.21

Baseline Comparisons
Standard QT 79.59 0.7958 -2.29 9,726 82.30 0.8223 -4.00 11.71
Classical Transformer 79.36 0.7934 -2.52 149 82.18 0.8222 -4.12 0.25

Table 2: Comprehensive ablation study across SST-2 and IMDB datasets. ∆ shows relative change from the full AQCF model.

advantage of quantum processing for complex linguistic
tasks. This dramatic difference—over 4× larger impact on
IMDB—demonstrates that quantum superposition becomes
increasingly valuable as sequence length and semantic com-
plexity grow.

The 40× speedup achieved by classical attention (∼0.21h
vs. 8.40h on IMDB) quantifies the current computational
cost of quantum advantage. However, this trade-off will fun-
damentally shift with quantum hardware acceleration: what
currently requires hours of simulation will execute in mi-
croseconds on quantum processors, while the exponential
advantage for complex sequences remains.

Fusion Mechanisms: Bridging Without Barriers The
fusion layer’s modest but consistent contribution (SST-2:
-1.15%, IMDB: +0.28% when removed) initially appears
underwhelming. However, this stability reveals a critical ar-
chitectural success: AQCF maintains robust performance
even without explicit fusion, indicating that our quantum and

classical components are inherently compatible rather than
requiring complex translation layers. This seamless interop-
erability is essential for practical QLLM deployment where
rigid boundaries between quantum and classical processing
would create bottlenecks.

Why Adaptive Quantum-Classical Fusion
In this section we examine the fundamental advantages of
adaptive quantum-classical fusion over pure classical or
pure quantum approaches for language models. We consider
three critical aspects that determine the viability of quantum-
enhanced NLP: computational efficiency, gradient stability,
and scalability.

Computational Efficiency and Quantum Advantage
One key consideration is when quantum processing provides
genuine computational advantage. Our experiments reveal
that quantum advantage scales with task complexity: remov-
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ing quantum attention causes a 3.67% accuracy drop on SST-
2 but 15.62% on IMDB, a 4× larger effect. This scaling be-
havior indicates that quantum advantage grows exponentially
with linguistic complexity.

The adaptive routing mechanism ensures efficient resource
utilization, processing 47% of computations through quan-
tum circuits on SST-2 and 52% on IMDB. A classical Trans-
former requires O(n2d) operations for attention computa-
tion, while quantum attention achieves equivalent expressiv-
ity with O(λ · 2nq ) operations where λ < 1 due to selective
routing. For nq = 20 qubits with 50% utilization, this pro-
vides substantial effective parameter multiplication, enabling
our 4.3M parameter model to match much larger classical
models for complex linguistic tasks.

Gradient Flow and Trainability
Pure quantum models suffer from barren plateaus where
gradients vanish exponentially with circuit depth, rendering
training infeasible beyond 6 to 10 layers. AQCF addresses
this through adaptive depth control, maintaining average cir-
cuit depth at 4.3 layers, well below the barren plateau thresh-
old. Unlike fixed-depth approaches that must choose between
expressivity and trainability, our adaptive mechanism dynam-
ically balances these requirements.

Parallel classical pathways preserve gradient flow even
when quantum gradients vanish. The fusion mechanism
learns to rely more heavily on classical processing in re-
gions of poor quantum gradient, ensuring stable convergence.
Our staged training protocol (classical pretraining, quantum
warm-up, and joint optimization) prevents the random initial-
ization trap where quantum circuits start in barren plateau
regions. These design choices enable consistent convergence
across all experimental configurations.

Scaling to Quantum Large Language Models
Current NISQ devices support 50 to 100 qubits with limited
coherence times, while fault-tolerant quantum computers re-
main distant. AQCF demonstrates that meaningful progress
toward Quantum LLMs is achievable with current technol-
ogy.

Our 20-qubit implementation achieves competitive per-
formance. Scaling to 100 qubits (available today) would en-
able 5× larger attention dimensions, while future 1000-qubit
systems could process entire paragraphs in quantum super-
position. AQCF’s adaptive architecture ensures hardware
improvements translate directly to capability enhancements
without architectural redesign.

Communication overhead and error rates remain chal-
lenges. Real quantum hardware introduces significant latency
per measurement, which AQCF mitigates through selective
quantum engagement (processing only 47 to 52% of compu-
tations quantumly). Current error rates (0.1 to 1% per gate)
are addressed through shallow adaptive circuits that minimize
error accumulation.

The Seamless Integration Paradigm
AQCF establishes that the transition from classical to quan-
tum language models will be gradual rather than discrete.

The framework operates effectively with partial quantum re-
sources, enabling organizations to begin with small quantum
processors and expand gradually as hardware improves. This
incremental adoption path reduces risk while enabling early
quantum advantage.

The success of adaptive quantum-classical fusion on cur-
rent NISQ devices demonstrates that meaningful quantum ad-
vantages are achievable today through intelligent integration.
Each improvement in quantum hardware directly enhances
AQCF’s capabilities, ensuring continuous progress toward
QLLMs. The framework thus provides both immediate practi-
cal value and a clear evolutionary path for quantum-enhanced
language understanding.

Limitations and Future Work
While AQCF demonstrates successful quantum-classical
bridging, several limitations guide future research:

Hardware Validation. Our experiments rely on quantum
simulation due to current hardware access limitations. Col-
laboration with quantum computing platforms for hardware
validation is a priority.

Scaling to LLMs. Scaling from 4.3M to billion-parameter
models requires innovations in quantum-classical communi-
cation efficiency.

Extending to Diverse NLP Tasks. Different NLP tasks
may benefit from customized quantum circuits. While our ex-
periments focus on sentiment analysis as a proof-of-concept,
we will extend AQCF to a comprehensive suite of NLP tasks.

Conclusion
In this work, we presented AQCF, the first framework to
bridge classical and quantum computing for language models
through adaptive quantum-classical fusion. By introducing
entropy-driven adaptive circuits, quantum memory banks,
and intelligent fusion mechanisms, AQCF enables seamless
integration between computational paradigms while respect-
ing NISQ constraints.

For sentiment analysis tasks, AQCF outperforms both clas-
sical Transformers and existing quantum models, achieving
81.88% accuracy on SST-2 and 86.30% on IMDB. These im-
provements of 2.52 and 4.12 percentage points over classical
baselines demonstrate that quantum advantages are achiev-
able within current hardware limitations. Our ablation studies
reveal that effective bridging requires synergistic co-design
of multiple architectural components, with quantum atten-
tion mechanisms providing the most significant contribution
while adaptive circuits ensure efficient resource utilization.

We are excited about the future of quantum-classical inte-
gration for NLP and plan to extend AQCF to other language
modeling tasks. We plan to explore alternative quantum atten-
tion mechanisms as hardware capabilities improve, investi-
gate the framework’s scalability to larger models approaching
LLM scale, and develop theoretical foundations for under-
standing when quantum advantages manifest in linguistic
tasks. Making the transition from classical to quantum com-
puting truly seamless remains our ultimate research goal,
paving the way toward practical QLLMs.
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