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Abstract—Quantum neural architectures are rapidly emerging
as a new paradigm for efficient representation learning. Their
intrinsic structure, built upon superposition and entanglement,
enables expressive transformations with remarkably few param-
eters. Meanwhile, parameter-efficient fine-tuning (PEFT) has
become a key approach for adapting large language models
(LLMs), typically by inserting lightweight adapters or low-rank
modules such as LoRA. However, strict low-rank constraints
may limit representational capacity under complex domain shifts.
This raises a natural question: what if quantum parameterization
is introduced into the adapter framework? To address this, we
propose a Quantum-Enhanced Adapter (QEA), which adds
a parameterized quantum circuit branch in parallel to each
Transformer feed-forward network while keeping all pretrained
weights frozen. QEA encodes token features as rotation angles,
reads out Pauli-Z expectations, and fuses quantum and classical
paths via a token-wise gate fusion with a soft-to-hard schedule
for stable training. On LLaMA-7B and LLaMA-3.2-1B across
WikiText-2 and WikiText-103, QEA achieves comparable or
lower perplexity than strong PEFT baselines while using only
about 0.066-0.068% of the model parameters. These results
highlight QEA’s ability to deliver substantial parameter savings
without sacrificing performance. QOur work demonstrates the
promise of quantum-enhanced, parameter-efficient fine-tuning
for LLMs, providing a scalable quantum-classical solution.

Index Terms—parameter-efficient fine-tuning, large language
models, parameterized quantum circuit, gate fusion, fine-tuning

I. INTRODUCTION

Large language models (LLMs) are commonly adapted
via parameter-efficient fine-tuning (PEFT), which freezes the
backbone and introduces lightweight trainable components,
such as adapters [1], prefix tuning [2], and LoRA [3]. While
effective and economical, methods that rely on strict low-rank
assumptions can inherently limit representational expressive-
ness under complex domain shifts or nuanced downstream
tasks. Although recent advances [4]—[6] relax these constraints
or reshape update parameterizations, the fundamental trade-off
between parameter parsimony and representational capacity
remains.

Concurrently, a burgeoning line of research in quantum-
enhanced methods offers a fundamentally different route to
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high expressivity with minimal parameters. These approaches
can be broadly categorized: (1) Quantum-inspired parameteri-
zations, such as QuanTA [7], which emulate high-rank updates
using tensor networks; (2) Logarithmic-complexity unitary
updates, exemplified by Quantum-PEFT [8], which leverages
quantum circuit principles; and (3) Quantum-generated classi-
cal weights, as in QPA [9], where a quantum network acts as
a parameter generator. Collectively, these works suggest that
quantum principles may help alleviate the rank limitations of
classical PEFT. Motivated by this insight, we design hybrid
modules that plug into existing Transformer architectures
and enrich representational capacity under extreme parameter
constraints.

We propose QEA, a simple, simulator-friendly module
placed in parallel to each feed-forward network (FFN). Con-
cretely, given the hidden state, QEA (i) projects it to an n4-
dimensional embedding, (ii) feeds the result to a parameterized
quantum circuit (PQC) with layered Rx/Ry/Rz rotations
and entangling patterns, (iii) performs Pauli-Z expectation
readout to obtain a quantum feature vector, and (iv) maps
it back to dpoge; dimensions before token-wise fusion with
the frozen FFN via a learnable two-way gate. A two-phase
training schedule first forces the quantum path to warm up and
then enables temperature-controlled soft routing, improving
stability and branch utilization.

Our contributions are summarized as follows: (1) We in-
troduce QEA, a parallel PQC branch with token-wise gated
fusion that augments FFN expressiveness while keeping the
backbone frozen. (2) We provide a practical, bottlenecked
classical to quantum to classical implementation and a soft-
to-hard gating schedule that stabilizes optimization. (3) On
LLaMA-7B and LLaMA-3.2-1B with WikiText-2/103, QEA
achieves competitive or lower perplexity (PPL) than strong
PEFT baselines with only 0.066-0.068% trainable parameters,
alongside reduced activation memory during training.

II. RELATED WORK

a) Full Fine-tuning: Early approaches adapted large pre-
trained models via full fine-tuning [10]. While effective, this
strategy becomes infeasible for billion-scale models due to ex-
cessive computation and storage, and also risks overfitting and
catastrophic forgetting. These limitations motivated research
on parameter-efficient alternatives.



b) Parameter-Efficient Fine-Tuning: PEFT methods up-
date only a small subset of parameters or introduce lightweight
modules, while freezing most weights. Representative tech-
niques include adapters [1], prefix tuning [2], and LoRA [3].
LoRA constrains updates to a low-rank subspace, drastically
reducing trainable parameters. However, low-rank constraints
may limit expressiveness. Recent extensions like MORA [11]
and GORA [12] relax the rank assumption to capture more
complex transformations.

¢) Quantum Transformers and Potential Advantage:
Recently, researchers have explored integrating PQC into
Transformer architectures [13]. Quantum superposition and
entanglement allow encoding high-dimensional dependencies
that classical networks struggle to capture. Prior studies [14]
propose replacing FFN or attention with PQCs, though most
remain theoretical due to current hardware limitations.

d) Quantum-Inspired and Quantum-Enhanced Fine-
tuning: Two directions have emerged: (i) quantum-inspired
compression, e.g., QuanTA [7] using tensor decompositions,
and (ii) hybrid quantum-classical PEFT, such as Quantum-
PEFT [8], which parameterizes full-rank unitary adapta-
tions with logarithmic complexity, and QPA [9], which em-
ploys quantum neural networks (QNNs) to generate LoRA-
style updates during training but runs classically at infer-
ence. These methods demonstrate the potential of quantum-
enhanced PEFT, though scalability and deployment remain
open challenges.

ITII. METHOD
A. Quantum Adapter Framework

We first describe a general quantum adapter that can be
plugged next to common host layers, such as linear layers,
multi-layer perceptrons (MLPs), FFEN blocks, and attention
projections, without modifying pretrained weights, akin to
classical adapter design principles [1], [15]. The framework
exposes three stable interfaces:

o Q-encoder (classical to quantum) Maps a token hidden
state h € Rl to ng quantum parameters that drive a PQC.
Angle-based encodings are common and practical.

e PQCs A layered circuit with single-qubit rotations and
entangling gates that transforms the encoded state; outputs
are measured as expectations of observables to form a
quantum feature vector.

e Q-decoder (quantum to classical) Projects the mea-
sured quantum features back to dyqel dimensions through
lightweight mappings, optionally with a residual scale.

The adapter’s output is fused token-wise with the host layer
via a learnable gate. This modular design allows QEA to
be applied at different granularities, ranging from individual
sublayers such as FFN or attention to entire MLP or Trans-
former blocks, while keeping the pretrained backbone frozen.
Unlike LoRA, which injects a low-rank update per selected
weight matrix [3], our adapter is attached at the sublayer level:
QEA forms a single parallel branch that covers the entire FFN
mapping. In the SwiGLU-style FEN used by LLaMA, which

contains three linear projections (Wyp, Weaae, Waown) [16],
a LoRA setup typically requires three separate adapters to
cover all projections. In contrast, a single QEA branch can
cover the FFN as a whole, while multiple QEA branches can
be instantiated when finer-grained control is desired. In the
following sections and experiments, we take the integration of
QEA into the FFN sublayer as a representative example.

B. QFA: Instantiation under the Framework

We now instantiate the generic quantum adapter into QEA,
which we place in parallel to the FFN in each Transformer
block. Fig. 1 illustrates the overall architecture. The pretrained
FFN remains frozen; QEA contributes a parallel update that
is gated and added through the residual. The overall design
follows the common Transformer FFN notation [17] while
introducing a token-wise gate and a quantum branch.

a) Parallel Architecture and Fusion: Let the FFN input
be H € RBX9Xdmodel, The frozen classical FFN computes

Hes = ¢(HW1 + bl) W3 + by, (H

where W; € RémoderXdit gnd W, € R%tXdmodel gre
frozen projection matrices, by, bo are bias vectors, dg is the
intermediate width, and ¢(-) denotes a nonlinear activation.
In parallel, we introduce a trainable quantum branch over
the same input:
H, = f,(H; Q). 2)

Here fq(-;€2) denotes the quantum branch mapping parame-
terized by €2, which transforms the classical hidden state H
into the quantum-enhanced representation H,. The parameter
set 2 includes the trainable projections and circuit parameters
in the quantum branch.

b) Token-wise Fusion via Learnable Gating: To adap-
tively fuse the two branch outputs, we introduce a lightweight
gating module.

(1) Gating logits

Z =HW, +b,. 3)

Here, W, € R%wwx2 and b, € R? produce token-wise
logits for the classical and quantum paths, with b, broadcasted
across the batch and sequence dimensions.

(2) Softmax routing

G = softmax(%) =[G, Gq], “4)

where the softmax is applied over the last dimension. G and
G4 denote the routing weights for the classical and quantum
branches, respectively. A smaller temperature 7" yields sharper
routing.

(3) Fusion and residual

Hie = Gos © (aclchls) + Gq ® (aqu)7 (5)

where © denotes element-wise multiplication (with broadcast-
ing over the feature dimension), and o, g € R are learnable
scaling factors.
Finally, we add the fused output through a residual connec-
tion:
Y = H + Hyyge- (6)
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Fig. 1. Quantum adapter architecture within a Transformer block, where a parallel quantum branch is fused with the frozen FFN via a token-wise gate.

c) Two-Phase Gating Schedule (Soft to Hard): We adopt
a two-phase regime controlled by training step ¢ and threshold
Tq = 95000:
Phase I (Forced Quantum): if ¢ < 74, then

Gq=1, Ggs=0.
Phase II (Free Soft Routing): if t > 7, then
G = softmax(Z/T).

At initialization, the PQC branch can be difficult to optimize,
yielding weak early-stage learning signals, whereas the frozen
pretrained FFN is already strong. If token-wise gating is
enabled from the start, the gate may quickly collapse to
the classical path, assigning near-zero weight to the quantum
branch and starving it of gradients. Phase I acts as a warm-
up that forces meaningful gradient flow through the PQC,
before enabling competitive, temperature-controlled gating in
Phase 1II.

d) Gating Regularization: We employ a regularization
loss to stabilize routing:

Leate = Apal I[t > 74] Var(meanp s[G])

2
+Aent N€ANE g l_ Z [elQ) 1Og(G(k) n 5)
k=1

)

Here, ¢ is a small constant for numerical stability. In
practice, Phase I uses reduced weights ( Apal + Aent =~ 1073),
while Phase II uses full weights (on the order of 10~2), and
scales the entropy term by 0.1.

e) Quantum Branch Implementation: The quantum feed-
forward mapping f, follows a bottleneck-style “classical-to-
quantum-to-classical” design.

(1) Classical-to-Quantum Projection. The input hidden state
H is projected into an ng4-dimensional quantum embedding
space:

H=LN (GELU (HPin,l))Ping, (8)

where Py, 1 € Rmoaerx16 and Py o € R16*"a are trainable
linear projections, and LN denotes LayerNorm [18]. All pro-
jections are applied token-wise over the last dimension.

(2) PQC. The projected feature H is encoded into rotation
angles of a quantum circuit Qg with L layers and n, qubits.
Each layer applies parameterized single-qubit rotations

Rx(0)) Ry (0D R2(61)), i=1,...

y Mg,

followed by entangling operations: even layers use chain
CNOTs, while odd layers use ring CNOTs and CRZ couplings.

(3) Readout. For each token (b, s), let h, ; € R™ denote
the corresponding slice from H. After the PQC produces the
output state |y, s) = Qe(hy s), we read out the expectation
value of the Pauli-Z operator on each qubit:

Zb,s,4 — <7/}b,s| Z; |1/}b,s> . &)

Here, 2, 5, € [—1,1] is the Pauli-Z expectation on the i-th
qubit. Stacking the results across all qubits forms the token-
level readout vector zp s = [2p.5.15 - - -, zbys,nq]—r € R™<, which
serves as the quantum feature representation fed into the
classical projection-out module (Eq. 10).

(4) Quantum-to-Classical Projection and Residual. The
quantum output is mapped back to the model dimension:

H = GELU(2Pou;.1)Pout 2, (10)

where Py 1 € R™%*16 and Py 0 € RI6Xdmodel The final
quantum-enhanced feed-forward mapping is

fo(H;Q) =H+ 3H, (a1

where Q = {Pip «, Pout,«, O} collects all trainable parameters
and [ is a learnable scaling factor.

AngleEmbedding projects H to rotation angles. To stabilize
training, we apply LayerNorm and GELU on the classical side
and augment the quantum block with the residual connection
in Eq. (11).

IV. EXPERIMENTS

In this section, we present an empirical evaluation of the
proposed QEA to validate its effectiveness as an ultra-low-
parameter fine-tuning mechanism. We evaluate the perfor-
mance of QEA by conducting benchmarking across various
model scales, on both small-scale and large-scale language
modeling tasks. Furthermore, we perform extensive ablation



TABLE I
COMPARISON OF QEA AND PEFT BASELINES ACROSS DIFFERENT
MODELS AND DATASETS. WE REPORT TRAINABLE PARAMETER RATIO (%)
AND PERPLEXITY.

Model (Dataset) Method # Params (%) PPL
Pretrained Model 0% 18.73

QEA (Ours) 0.068 % 8.38

LLaMA-7B LoRA 0.286% 11.51
(WikiText-2) DoRA 0.305% 11.60
AdaLoRA 0.214% 11.48

OFT 0.605% 11.56

Pretrained Model 0% 20.10

QEA (Ours) 0.068 % 9.10

LLaMA-7B LoRA 0.286% 11.77
(WikiText-103) DoRA 0.305% 11.79
AdaLoRA 0.214% 12.20

OFT 0.605% 12.21

Pretrained Model 0% 37.99

QEA (Ours) 0.066 % 15.28

LLaMA-3.2-1B LoRA 0.281% 15.36
(WikiText-2) DoRA 0.319% 15.29
AdaLoRA 0.211% 15.53

OFT 1.175% 15.73

Pretrained Model 0% 39.51
QEA (Ours) 0.066 % 15.88
LLaMA-3.2-1B LoRA 0.281% 15.96
(WikiText-103) DoRA 0.319% 15.96
AdaLoRA 0.211% 16.23
OFT 1.175% 16.56

studies to analyze the experimental results under different
settings. Finally, we provide a detailed discussion on the
implications of current quantum hardware limitations and the
model’s robustness against simulated quantum noise.

A. Setup

a) Datasets and Baseline Methods: We evaluate the pro-
posed QEA on two representative large-scale models: LLaMA-
7B [19] and LLaMA-3.2-1B [20]. We use WikiText-2 [21] and
WikiText-103 [21] as benchmark datasets, representing small-
scale and large-scale language modeling, respectively. For
efficiency, all experiments on WikiText-103 use a 5% subset
of the training data, while WikiText-2 uses the full corpus.
QEA is compared against several representative parameter-
efficient fine-tuning methods, including LoRA [3], DoRA [4],
AdalL.oRA [22], and OFT [6].

b) Experimental Settings: All quantum modules are sim-
ulated using the PennyLane framework [23] on classical hard-
ware with identical training configurations across methods.
Table II summarizes the key hyperparameters used in our
QEA experiments. All experiments were performed on a single
NVIDIA A6000 GPU with identical training configurations for
fair comparison.

Unless specified, we use a two-phase routing schedule. Gate
regularizers follow Eq. (7) with small weights during warm-up
and larger weights afterward. The trainable parameter count
scales linearly with the model dimension and the number

TABLE II
HYPERPARAMETER SETTINGS USED IN OUR EXPERIMENTS.

Hyperparameter Value Hyperparameter Value

Qubits 4-8 Batch size 1

Learning rate 7x 1074 Sequence length 128

Seed 42 Optimizer AdamW

Scheduler Cosine Warmup ratio 0.03
TABLE III

COMPARISON BETWEEN LORA AND QEA WHEN APPLIED ONLY TO FFN.

Method # Params (%) PPL
LoRA (FFN only) 0.170% 12.00
QEA (FFN only) 0.068% 9.10

of qubits, plus O(Ln,) PQC parameters. The backbone is
frozen and the plug-in nature is compatible with other PEFT
components [1], [3].

We report PPL and the proportion of trainable parameters.
For the smaller model LLaMA-3.2-1B, we use 4 qubits; for
LLaMA-7B, we use 8 qubits. For comparability, we set the
adaptation rank of all rank-based PEFT baselines to match
the number of qubits n, used in QEA.
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Fig. 2. Ablation study on three classical-to-quantum projection designs in
QEA (Designs A—C). Top: training progress (PPL vs. training steps). Bottom:
corresponding trainable parameter counts.

B. Main Results

Table I summarizes results on LLaMA-7B and LLaMA-
3.2-1B over WikiText-2/103. Under an ultra-small trainable
budget, QEA achieves lower or comparable PPL to strong
PEFT baselines while keeping the backbone frozen.



TABLE IV
TRAINING AND INFERENCE THROUGHPUT COMPARISON UNDER A UNIFIED
SETTING WITH BATCH SIZE = 1 ON A SINGLE NVIDIA A6000 GPU.

Training Throughput  Inference Throughput

Method (batch/s) 1 (batch/s) 1
LoRA 0.56 8.4
DoRA 0.20 25
AdaLoRA 0.53 83
OFT 0.50 7.9
QEA (Ours) L11 24

a) LLaMA-7B: On WikiText-2, QEA attains 8.38 PPL
with only 0.068% trainable parameters, outperforming LoRA
and other baselines. On WikiText-103, QEA reaches 9.10 PPL
at the same budget, again beating other baselines. Overall,
QEA reduces the trainable ratio by roughly 4x versus LoRA
while improving accuracy.

b) LLaMA-3.2-1B: With only 0.066% trainable parame-
ters, QEA achieves perplexities of 15.28 on WikiText-2 and
15.88 on WikiText-103, matching or slightly surpassing LoRA
at 15.36 and 15.96 with 0.281% trainable parameters and
DoRA at 15.29 and 15.96 with 0.319% trainable parameters.
These results show that the performance advantage of QEA
remains evident at smaller model scales, where the parameter
budget is especially constrained.

c) Training and Inference Efficiency: To assess the com-
putational efficiency of QEA, we measure both training and
inference throughput and compare it against representative
PEFT baselines. Table IV reports the results. QEA achieves
the highest training throughput among all compared meth-
ods, reaching 1.11 batches/s. This improvement is primarily
attributed to the lightweight nature of the quantum-enhanced
adapter and the reduced number of trainable parameters. In
terms of inference, QEA attains a throughput of 2.4 batches/s,
which is comparable to DoRA, although lower than LoRA,
AdalLoRA, and OFT.

We further note that current experiments simulate quantum
circuits on classical hardware. As quantum computing hard-
ware continues to advance, with improvements in gate fidelity
and execution speed, the runtime efficiency of quantum-
enhanced modules is expected to improve further. Therefore,
the present results should be interpreted as an early exploration
of the training and inference efficiency of quantum-enhanced
parameter-efficient fine-tuning.

C. Comparison with LoRA (FFN Only)

We conduct a fair comparison between LoRA and QEA
by restricting both methods to the FFN sublayer within
LLaMA-7B on WikiText-103. As shown in Table III, QEA
achieves lower PPL with significantly fewer trainable param-
eters, demonstrating the efficiency of quantum enhancement
under a comparable setting.

D. Ablation Studies

We perform ablation studies on the internal design of QEA,
including different classical-quantum projection strategies and

TABLE V
TRAINING AND INFERENCE THROUGHPUT UNDER DIFFERENT NUMBERS
OF QUBITS. HIGHER IS BETTER FOR BOTH COLUMNS.

Qubit Training Throughput  Inference Throughput
Number (batch/s) 1 (batch/s) T
2 2.5 4.8
4 1.6 33
6 1.1 24
8 0.8 1.9

the number of qubits n,.

a) Classical-Quantum Projection Design: For the
classical-to-quantum projection, we evaluate three projection
designs on LLaMA-7B, denoted as Design A, Design B, and
Design C in Fig. 2. Specifically, Design A projects from 4096
to 2048 with an activation function and LayerNorm, followed
by a further projection to 8 for an 8-qubit configuration;
Design B projects from 4096 to 16, followed by activation
and LayerNorm, and then to 8; and Design C uses a direct
linear mapping from 4096 to 8. As shown in Fig. 2, Design
A achieves the best PPL but introduces substantially more
parameters, whereas Design C is the most lightweight but
yields worse performance. Design B offers the best trade-
off between effectiveness and parameter efficiency, and is
therefore adopted as the default configuration in QEA.

b) Effect of the Number of Qubits: We further investigate
the impact of the number of qubits on both model performance
and runtime behavior. We conduct ablation studies on LLaMA-
7B with the WikiText-103 dataset, varying the number of
qubits while keeping all other settings fixed. As shown in
Fig. 3, increasing the number of qubits does not monotonically
improve PPL. In particular, using six qubits yields the best
performance on this task, indicating that an appropriate qubit
size provides a better balance between expressiveness and
optimization stability.

Beyond performance, we also measure the training and
inference speed under different qubit configurations. Although
classical simulation of parameterized quantum circuits is
known to exhibit exponential worst-case complexity with
respect to the number of qubits, we deliberately restrict QEA
to very small qubit counts and shallow circuits. As a result, the
empirical runtime grows moderately as the number of qubits
increases, rather than exhibiting prohibitive scaling. Table V
summarizes the training and inference speed under different
qubit settings.

E. Discussion on Quantum Hardware and Noise

Current noisy intermediate-scale quantum (NISQ) hardware
is known to suffer from limited gate fidelity and relatively
slow operations, which pose challenges for direct deployment
of quantum-enhanced models. For this reason, our primary
experiments are conducted on classical quantum simulators to
ensure stability and reproducibility.

To approximate realistic hardware conditions, we addition-
ally evaluate QEA by injecting depolarizing, amplitude damp-
ing, and phase damping noise into the simulator. Specifically,
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Fig. 3. Ablation study on the number of qubits in QEA. Results on LLaMA-
7B with WikiText-103 show that six qubits achieve the best perplexity, while
increasing qubits beyond this point leads to diminishing returns.

on LLaMA-7B with WikiText-2, QEA attains a PPL of 9.03
under the noisy setting, compared to 8.38 in the noiseless
simulation. Although performance degrades moderately, QEA
remains substantially better than classical PEFT baselines,
indicating a degree of robustness to quantum noise.

This observation is consistent with prior findings in quantum
learning, where moderate noise can sometimes act as an
implicit regularizer [24], and with analogous effects reported
in classical machine learning, where mild noise has been
shown to benefit model robustness and generalization [25].

We emphasize that this work does not claim immediate
practical deployment on current NISQ devices. Rather, our
goal is to explore PQC-based parameterization as a highly
expressive, ultra-low-parameter adaptation mechanism, while
keeping the method simulator-friendly and reproducible on
classical hardware. As quantum hardware continues to evolve,
improvements in cost, fidelity, and gate speed may further
enhance the practicality of such hybrid approaches.

V. CONCLUSION

We introduce QEA, a quantum-enhanced adapter that aug-
ments frozen Transformers with a lightweight, parallel PQC
branch and token-wise gated fusion. This design encodes
hidden states through a compact classical-quantum—classical
bottleneck, enhancing expressiveness per parameter while
preserving efficiency. QEA remains simulator-friendly and
hardware-agnostic, offering a practical bridge between quan-
tum computation and parameter-efficient adaptation. Future
work may explore richer circuit structures and deployment on
real quantum hardware.
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