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Introduction
• Parameter-efficient fine-tuning (PEFT) is a cost-effective framework for downstream
task to specialize pre-trained large foundation models.

• Low-rank adaptation (LoRA) variants achieve excellent performance.

• We propose a novel framework, named Quantum-PEFT, that leverages quantum
unitary parameterizations, achieving orders-of-magnitudes higher compression rates over
state-of-the-art PEFT methods.

Quantum-Inspired Machine Learning
• Quantum machine learning (QML) is an emerging framework leveraging quantum
processing units (QPUs) for AI tasks.

• QML realizes ultra-efficient operations due to exponential expressivity.

• We introduce generalized QML framework based on alternating RY/CZ simplified
two-design ansatz.
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Figure 1: QML: (a) General pipeline for quantum neural network (QNN), embedding classical data x and variational parameters θ
to control measurement y. (b) Simplified two-design ansatz. (c) Generalized quantum-inspired network.
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Figure 1: Overview of Quantum-PEFT compared to LoRA and AdaLoRA for PEFT. W is the frozen
pretrained weight, green boxes represent trainable parameters. LoRA updates W by training the
low-rank matrices A, B. AdaLoRA introduces the SVD trainable form U,⇤, V with regularizer��U>U � I

��2
+

��V >V � I
��2

. In Quantum-PEFT, the matrices U, V are not trainable parameters,
but rather computed through quantum mappings of orders-of-magnitude smaller intrinsic parameters.
Contrary to AdaLoRA, U, V are left-orthogonal by construction in Quantum-PEFT.

• We propose a novel framework, named Quantum-PEFT, that leverages quantum uni-
tary parameterizations for extremely parameter-efficient fine-tuning, achieving orders-of-
magnitudes higher compression rates over state-of-the-art PEFT methods.

• Quantum-PEFT with Pauli parameterization enables logarithmic scaling of trainable param-
eters with respect to the ambient dimension of the model, realizing even smaller number of
parameters than the lowest-rank LoRA.

• Through extensive experiments on language and vision tasks, we show Quantum-PEFT’s
significant advantage in parameter efficiency, achieving 5 to 25-fold reduction in trainable
parameters compared to LoRA, yet maintaining competitive performance.

2 RELATED WORK

Parameter-efficient fine-tuning (PEFT) Parameter-efficient fine-tuning (PEFT) methods allow
significantly lower model training cost for different downstream tasks. A plethora of methods have
been proposed for PEFT (Houlsby et al., 2019; Aghajanyan et al., 2021; Hu et al., 2021; Edalati
et al., 2023; Lester et al., 2021; Li and Liang, 2021; He et al., 2021a; Karimi Mahabadi et al., 2021;
Chen et al., 2022; Jie and Deng, 2023; Hao et al., 2022; Houlsby et al., 2019; Pfeiffer et al., 2021),
among which reparameterization-based techniques (Aghajanyan et al., 2021; Hu et al., 2021; Edalati
et al., 2023) bear the most relevance to our study, where the model architecture is not changed but
reparametrized with a lower number of trainable parameters. LoRA (Hu et al., 2021) updates the
pretrained weight matrix through the addition of a product of two low-rank matrices with widespread
adoption (Zi et al., 2023; Chavan et al., 2023; Hayou et al., 2024; Zhu et al., 2024). Many variants
were introduced, e.g., tensor factorization (Edalati et al., 2023; Bershatsky et al., 2024; Chen et al.,
2024a), nonlinear mappings (Liu et al., 2023a), Hadamard (Yeh et al., 2024) and Kronecker product
(Edalati et al., 2023), layer sampling (Pan et al., 2024), embedding finetuning (Wu et al., 2024), and
high-rank updates (Jiang et al., 2024b; Chen et al., 2024b). Additional discussions in Appendix A.6.

Unitary-constrained PEFT AdaLoRA (Zhang et al., 2023) introduces dynamic rank adjustment
during fine-tuning, with additional regularizer for orthogonality. Unlike AdaLoRA with inexact
orthogonality and extra regularization, we directly parameterize full-rank unitary matrices via efficient
quantum circuit embeddings. Orthogonal fine-tuning (OFT) (Qiu et al., 2023; Liu et al., 2023b)
employs a unitary matrix to transform the pretrained weights. OFT typically requires more trainable
parameters and rely on expensive Cayley transform, highlighting the need for more efficient methods.
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• W is the frozen pretrained weight.

• Green boxes represent trainable parameters.

• LoRA updates W by training the low-rank matrices A,B.

• AdaLoRA introduces the SVD trainable form U,Λ, V with orthogonal regularizer.

• In Quantum-PEFT, the matrices U, V are not trainable parameters, but rather
computed through mappings of orders-of-magnitude smaller intrinsic parameters.

• Contrary to AdaLoRA, U, V are left-orthogonal by construction.

Quantum-PEFT: Modules
In Quantum-PEFT, we propose to use the Pauli parameterization based on the simplified
two-design ansatz:
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• L is the number of alternating entanglement layers.

• q = log2(N) is the number of qubits.

• The trainable parameters are the rotation angles θk,l associated with the employed RY
gates (i.e., rotations).

We show how to (i) generalize RY gates by generating unitary matrices from skew-symmetric
matrices, and (ii) use recursive cosine-sine decomposition to allow non-power-of-two N .

1 Mapping of skew-Hermitian to Stiefel manifold.
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Figure 3: Quantum-PEFT modules with corresponding tensor diagrams. (a) Trainable mapping onto
the Stiefel manifold VK(N 0). Intrinsic rank K 0: top K 0 columns are trainable parameters in B. (b)
Generalized CZ modules for diagonal nodes on either O(1)N 0

or RN 0
.

shown in Figure 2b as a building block to represent a large unitary matrix SU(N) with a smaller
number of unitary factors SU(N 0) in a logarithmic scale of O[logN 0(N)]. To this end, we show how
to (i) generalize RY gates by generating unitary matrices from skew-symmetric matrices, and (ii)
use recursive cosine-sine decomposition to allow non-power-of-two N .

Mapping to Stiefel manifold Arbitrary unitary rotations of size N 0 can be realized by mapping
skew-Hermitian matrices for SU(N 0) or skew-symmetric matrices for SO(N 0). We consider mapping
methods for orthogonal nodes below. Let B 2 RN 0⇥N 0

be a strictly lower-triangular matrix with non-
zero trainable parameters from BK 2 RN 0⇥K with K  N 0(N 0 � 1)/2. Given a skew-symmetric
matrix A = B � B> 2 RN 0⇥N 0

, we can generate a corresponding unitary (orthogonal) matrix, e.g.,
with exponential mapping or Taylor series

Q0
E = exp(A), Q0

T =

PX

p=0

1

p!
Ap, (3)

where the mapping Q0
T is an approximated version of Q0

E up to a polynomial order P to avoid matrix
exponentiation. Diverse unitary parameterizations are possible, e.g., Cayley transform, Householder
reflection, Givens rotation; we focus on Q0

T as it shows a good trade-off between accuracy, speed,
and parameter efficiency. We refer to Appendix A.1 for detailed comparisons and discussions.

Figure 3(a) illustrates the pipeline to generate matrices on the Stiefel manifold VK(N 0) from train-
able parameters through the exponential/Taylor mapping. After mapping skew-symmetric matrix,
truncating the square unitary matrix as Q:K,: generates a right-orthogonal matrix. As all the mappings
described above are differentiable, the Lie algebra can be trained via gradient methods, and we
use PyTorch’s autograd to compute the backward pass gradient. QML literature has employed the
gradient method successfully (You et al., 2023; Bermejo et al., 2024) and we empirically observed no
issues in loss convergence. While most mapping methods are studied in other literature (Qiu et al.,
2023; Liu et al., 2023b; Chang and Wang, 2021; Wisdom et al., 2016; Bansal et al., 2018; Li et al.,
2019), in a PEFT context we can further reduce the number of parameters by masking out the Lie
parameters. For example, only the top K 0 columns of BK are trainable, while the other parameters
are frozen or null-out. We call K 0 an intrinsic rank to cover a subset of VK(N 0).

A naive implementation of the above mapping pipeline can use redundant memory before truncation.
We resolve the memory redundancy by tensor contraction ordering (Pfeifer et al., 2014), except
for Q0

E, e.g., multiplying unitary matrix with a feature vector x 2 RN 0
is recursively contracted

as Q0
Tx =

P
p

1
p! (B � B>)px, which does not require the full matrix Q0

T but only a series of
low-rank multiplications with B. Computational complexity of the mapping and numerical accuracy
considerations are discussed in the next subsection.
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• (a) Trainable mapping onto the Stiefel manifold VK(N
′). Intrinsic rank K ′: top K ′

columns are trainable parameters in B.

• (b) Generalized CZ modules for diagonal nodes on either O(1)N
′
or RN ′

.

2 Allowing arbitrary dimensions.

• We use quantum Shannon decomposition (QSD).

• QSD allows recursive decomposition.

• For example, when N = 28, we apply cos-sin decomposition twice to have N =
24 + 23 + 22, where the first (N1, N2) = (24, 23 + 22) and the second CSD for the N2

part will be further decomposed as (N1, N2) = (23, 22).

Quantum-PEFT: Parameter efficiency
• Pauli parameterization enables logarithmically fewer number of trainable parameters.
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Figure 2: Tensor diagram of
LoRA variants.

Table 1: Comparison of different PEFT methods and their computational
requirements.

Method # Trainable Parameters

LoRA (TTD) 2NK
AdaLoRA (CP) 2NK +K

Quantum-PEFT (TD: QP) 2(2L + 1) log2(N) +K

Experiments
• 3 transfer learning tasks: LLM GLUE benchmark; E2E challenge; ImageNet to
CIFAR10 classification.

• 4 foundation models: DeBERTaV3; GPT2; Mistral-7B; ViT.

• Baseline methods include: LoRA; AdaLoRA; LoHa; LoKr; MORA; QuanTA.

Results
• Quantum-PEFT shows competitive performance with extremely fewer number of
trainable parameters, with favorable scaling to larger models.

Table 2: Results with DeBERTaV3 base on GLUE benchmark.

Method
# Trainable
Parameters

SST-2 CoLA RTE MRPC STS-B Avg. Memory

FT 184M 95.63 69.19 83.75 89.46 91.60 85.93 14200×
BitFit 0.1M 94.84 66.96 78.70 87.75 91.35 83.92 7.69×
HAdapter 0.61M 95.30 67.87 85.56 89.22 91.30 85.85 46.92×
PAdapter 0.60M 95.53 69.48 84.12 89.22 91.52 85.97 46.15×
HAdapter 0.31M 95.41 67.65 83.39 89.25 91.31 85.40 23.85×
PAdapter 0.30M 94.72 69.06 84.48 89.71 91.38 85.87 23.08×
LoRA 0.33M 94.95 68.71 85.56 89.71 91.68 86.12 25.38×
AdaLoRA 0.32M 95.80 70.04 87.36 90.44 91.63 87.05 24.62×
LoHa 0.33M 95.50 66.52 80.43 89.95 89.46 84.37 25.38×
LoKr 0.073M 95.07 69.46 85.20 89.71 90.76 86.04 5.62×
MORA 0.49M 95.79 67.13 85.19 89.08 90.13 85.46 37.87×
QuanTA 0.093M 95.30 67.75 84.48 89.22 91.01 85.55 7.15×
Quantum-PEFT 0.013M 95.85 67.85 86.57 90.78 91.06 86.42 1×

Table 3: Results with Mistral-7B on GLUE benchmark.

Method
# Trainable
Parameters

SST-2 CoLA RTE MRPC STS-B Avg.

LoRA 3.54M 96.21 68.83 87.46 87.74 90.70 86.19
AdaLoRA 3.54M 96.90 70.38 87.53 89.52 90.96 87.06

Quantum-PEFT 0.758M 96.67 70.61 88.10 89.94 91.63 87.39

Table 4: Results on the E2E benchmark using GPT2 Medium.

Method
# Trainable
Parameters

BLEU NIST METEOR ROUGE-L CIDEr

FT 354.92M 68.2 8.62 46.2 71.0 2.47

AdaLoRA 0.38M 64.64 8.38 43.49 65.90 2.18
LoRA 0.39M 66.88 8.55 45.48 68.40 2.31
LoHa 0.39M 65.03 8.45 43.76 66.54 2.22
LoKr 0.098M 63.90 8.27 42.35 65.22 2.04

Quantum-PEFT 0.098M 67.46 8.58 45.02 67.36 2.31

• Quantization and mixed-precision Quantum-PEFT keep good performance over
full-precision PEFT.

Table 5: Results for ViT transfer learning from ImageNet-21k to CIFAR10. Base ViT is quantized with 3 bits.

Method Original FT LoRAK=1 LoRAK=2 LoRAK=4 Quantum-PEFT

# Parameters — 85.81M 0.037M 0.074M 0.147M 0.007M
Accuracy 76.21% 98.05% 98.14% 98.30% 98.39% 98.46%

Table 6: Quantization impact on ViT Lie parameters for transfer learning ImageNet-21k to CIFAR10.

Quantization FP32 INT8 INT4 INT3 INT2 INT1

# Bits per parameter 32 8.25 4.25 3.25 2.25 1.25
Accuracy (Uniform Bit Loading) 98.81% 98.79% 98.78% 98.75% 98.67% 97.96%
Accuracy (Adaptive Bit Loading) 98.81% 98.78% 98.87% 98.80% 98.77% 98.64%
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