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ABSTRACT

The rise of large language models (LLMs) has revolutionized machine learn-
ing, yielding state-of-the-art results across various tasks through extensive pre-
training. While full-parameter fine-tuning is the standard for adapting LLMs, its
high storage and computational costs are major drawbacks. Parameter-efficient
methods, such as LoRA, mitigate these issues by updating a small subset of pa-
rameters, but often sacrifice generalization performance. In this work, we intro-
duce LoRa-Over (Over-Parameterization for Low-Rank Adaptation), a novel ap-
proach that enhances generalization by strategically over-parameterizing low-rank
matrices during fine-tuning. Using matrix decomposition, LoRa-Over achieves
near-lossless reconstruction and maintains inference efficiency. It employs static
and dynamic strategies to selectively over-parameterize critical matrices, balanc-
ing computational cost and performance. LoRa-Over is validated on tasks such as
natural language understanding (GLUE with T5-Base), dialogue generation (MT-
Bench), mathematical reasoning (GSM8K), and code generation (HumanEval) us-
ing Llama 2-7B and Llama 3.1-8B models. Results show significant performance
improvements over vanilla LoRA, demonstrating its potential as a scalable, effi-
cient fine-tuning framework for diverse downstream applications. All the experi-
mental codes will be released after the review period.

1 INTRODUCTION

The advent of modern large language models (LLMs) has fundamentally revolutionized the field of
machine learning, achieving exceptional performance across a wide range of tasks by leveraging
massive pre-training on trillion-token corpora (Devlin et al., 2019; Liu et al., 2019; Radford et al.,
2019; Brown et al., 2020). A dominant strategy for adapting pre-trained LLMs to downstream ap-
plications is full-parameter fine-tuning (commonly referred to as full fine-tuning) (Qiu et al., 2020;
Raffel et al., 2020), wherein all parameters of the model are updated using gradient-based optimiza-
tion. While this approach delivers outstanding results, it presents significant challenges, particularly
in terms of substantial storage demands and high computational costs, making it difficult to deploy
in practice.

To overcome these limitations, parameter-efficient fine-tuning (PEFT) methods have emerged as a
promising solution. PEFT techniques, such as Low-Rank Adaptation (LoRA) (Hu et al., 2022),
aim to efficiently adapt large language models to specific domains by freezing the majority of pre-
trained parameters and updating only a small subset. This approach alleviates the computational
complexity and memory overhead associated with full fine-tuning while maintaining reasonable
performance. However, the drastic reduction in trainable parameters can compromise the model’s
ability to generalize, often resulting in suboptimal fine-tuning outcomes compared to full fine-tuning.

In order to address this performance gap, we propose a novel approach that strategically over-
parameterizes low-rank parameter matrices during fine-tuning, thereby enhancing the model’s gen-
eralization capability. By leveraging matrix decomposition techniques (Henry & Hofrichter, 1992;
Tucker, 1966; Oseledets, 2011), any given matrix can be decomposed into a product of smaller
matrices. Singular Value Decomposition (SVD), for instance, is a widely used method in this do-
main. Matrix decomposition not only facilitates temporary parameter expansion during fine-tuning
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but also allows for recombination of the decomposition components to restore the original model
architecture after fine-tuning, thus preserving inference efficiency. While over-parameterizing low-
rank matrices shows promise, it introduces two key challenges. First, it is essential to minimize
information loss caused by matrix decomposition, as minor inaccuracies can accumulate and propa-
gate through the stacked Transformer layers of LLMs, potentially degrading performance. Second,
LLMs contain numerous low-rank parameter matrices, many of which are not equally critical across
different tasks (Zhang et al., 2022; Voita et al., 2019). Over-parameterizing all such matrices in-
discriminately would be both computationally expensive and inefficient. Therefore, it is crucial to
identify and selectively over-parameterize the most important matrices.

To address these challenges, we adopt the Matrix Product Operator (MPO) (Pirvu et al., 2010) tech-
nique from quantum many-body physics as our primary matrix decomposition method. MPO can ef-
fectively factorize matrices of arbitrary dimensions into multi-scale tensor structures while ensuring
near-lossless reconstruction through tensor recomposition (Gao et al., 2020). These properties make
MPO particularly well-suited for the over-parameterization of low-rank matrices during fine-tuning.
Using MPO, we design both static and dynamic strategies to adaptively over-parameterize significant
low-rank matrices. Leveraging MPO, we implement adaptive over-parameterization through both
static and dynamic strategies for selecting significant low-rank parameter matrices. For the static
strategy, we estimate the importance of the low-rank parameter matrix based on the change in loss
values when it is removed from a fine-tuned model (Voita et al., 2019). The top-N matrices are then
over-parameterized. The dynamic strategy computes the variation of gradients within several fine-
tuning steps. This serves as an approximation to the aforementioned loss variation (Hou et al., 2020)
method and dynamically guides the matrix over-parameterization process during fine-tuning. Build-
ing on these techniques, we introduce LoRa-Over (Over-Parameterization for Low-Rank Adapta-
tion), a novel framework designed to improve the fine-tuning performance of LLMs. LoRa-Over
utilizes MPO decomposition to over-parameterize low-rank matrices, enhancing the fine-tuning pro-
cedure while maintaining task-agnostic characteristics. This makes the framework adaptable to
diverse downstream tasks.

We conduct extensive experiments to evaluate the efficacy of LoRa-Over. For natural language
understanding tasks, we assess the performance of T5-Base Raffel et al. (2020) on the GLUE sub-
set (Wang et al., 2018). For dialogue generation tasks, mathematical reasoning tasks and code gener-
ation tasks, we apply our method to Llama 2-7B (Touvron et al., 2023) and Llama 3.1-8B (Grattafiori
et al., 2024), evaluating their performance on the MT-Bench dataset (Zheng et al., 2023), GSM8K
dataset (Cobbe et al., 2021) and HumanEval dataset (Chen et al., 2021), respectively. Experimental
results demonstrate that LoRa-Over significantly outperforms vanilla LoRA, achieving substantial
performance gains. For instance, LoRa-Over consistently outperforms vanilla LoRA by 4.98% on
the GLUE subset with T5-Base, and by 0.32, 11.07%, 5.00% on MT-Bench, GSM8K, and Hu-
manEval with Llama 2-7B, respectively. Additionally, LoRa-Over also consistently outperforms
vanilla LoRA by 0.11, 5.76%, 2.40% on MT-Bench, GSM8K, and HumanEval with Llama 3.1-8B,
respectively. These results underscore the versatility and effectiveness of LoRa-Over in addressing
the limitations of vanilla LoRA while preserving computational efficiency.

2 RELATED WORK

Over-parameterization in Learning Process. Over-parameterization has demonstrated its effec-
tiveness in multiple dimensions of deep learning. Previous studies highlighted its utility in improv-
ing model initialization (Arpit & Bengio, 2019), optimizing training dynamics through improved
convergence (Allen-Zhu et al., 2019b; Gao et al., 2021; Du et al., 2018), and enhancing general-
ization capabilities (Allen-Zhu et al., 2019a). Sparked by the hypothesis of lottery theory (Frankle
& Carbin, 2018), subsequent research had further emphasized its potential to increase training effi-
ciency Malach et al. (2020); Pensia et al. (2020) and improved model performance Chen et al. (2020);
Brix et al. (2020); Prasanna et al. (2020). In particular, in-time over-parameterization strategies (Liu
et al., 2021b) were employed to bridge the performance gap between sparse and dense network
training regimes. Building on these foundations, we proposed to leverage over-parameterization as
a principled approach to unlock the latent potential of the LoRA method, boosting their fine-tuning
performance.
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Tensor Decomposition in Neural Network. Tensor decomposition had emerged as a cornerstone
technique for improving the efficiency of neural network training and inference. Its versatility is
evident in applications ranging from model compression (Gao et al., 2020), lightweight fine-tuning
(Liu et al., 2021a; Gao et al., 2023), and knowledge distillation (Zhan et al., 2024). Pioneering
works had extensively utilized these methods to decompose parameter matrices, achieving signifi-
cant compression ratios for linear layers (Novikov et al., 2015) and convolutional kernels (Garipov
et al., 2016). Beyond model compression, recent advances further showcased their adaptability:
MPO-based decomposition efficiently scales the MoE framework for dynamic model capacity (Gao
et al., 2022), while parameterized tensor formats enable resource-conscious fine-tuning of ALBERT
(Liu et al., 2021a). Diverging from conventional paradigms that prioritize dimensionality reduction,
our work exploited tensor decomposition from an inverse perspective: we deployed it as a latent
space bridge to implicitly over-parameterize adapters by mapping low-dimensional parameters to
high-dimensional latent spaces during fine-tuning.

Variants of LoRA in LLMs. LoRA is a widely used technique for fine-tuning LLMs, significantly
reducing their resource requirements. Given its efficiency, numerous variants had been developed
to improve the original method, employing diverse approaches to enhance adaptability, stability, or
task-specific performance. PiSSA (Meng et al., 2024) is a PEFT method for LLMs. It initialized a
low-rank adapter using the principal singular components derived from the pre-trained weight matrix
via SVD, contrasting with random initialization methods like LoRA. And rsLoRA (Kalajdzievski,
2023) performed the adaptation by dynamically adjusting the rank and scaling coefficients of low-
rank matrices. This dynamic adaptation mechanism optimized adjustments based on real-time data
distribution and model requirements during fine-tuning, ensuring stability in parameter updates to
prevent both overfitting and underfitting. And AdaLoRA (Zhang et al., 2023) improved the alloca-
tion of trainable parameters in LoRA by dynamically assigning a tunable parameter budget based
on the importance of each parameter. It parameterized incremental updates using SVD. This SVD-
based parametrization avoided large-scale SVD computations while enabling efficient pruning of
non-essential singular values in updates, thereby reducing resource overhead during adaptation. Fur-
thermore, LoHA (Hyeon-Woo et al., 2021) and LoKr (Edalati et al., 2025) employed Hamiltonian
and Kronecker products, respectively. Our approach expanded the parameter space by increasing the
number of trainable parameters, incorporating a lossless MPO decomposition method to augment
the parameter set.

3 PRELIMINARY

Tensor We denote a tensor Ti1,i2,...,im as an array with m indices, where {i1, i2, . . . , im} denotes
the dimensions of the m indices, respectively. The intrinsic tensor-based nature of both data and
trainable parameters in deep learning establishes tensor representations as fundamental building
blocks in neural networks.

Tensor Product As a fundamental construct in linear algebra, the tensor product formalism serves
as a cornerstone in quantum mechanical analysis and also remains indispensable for both conceptual
advances and computational protocols in many-body physics. Considering {ψi}pi=1 and {ϕj}pj=1 are
the orthonormal basis of tensors T (1) and T (2), respectively. The ⊗ denotes the tensor productFor-
mally, the tensor contraction of T (1) =

∑p
i=1 αiψi1 and T (2) =

∑q
j=1 βjϕi2 is defined as follow:

T (1) ⊗ T (2) =

p∑
i=1

q∑
j=1

αiβjψi1 ⊗ ϕi2 . (1)

Tensor Decomposition Tensor decomposition can be regarded as the inverse operation of the
tensor product. The SVD algorithm serves as a widely utilized mathematical framework for tensor
decomposition. Given a tensor T ∈ Ri1×···×in , through an iterative sequence of n SVD operations,
the original tensor can be factorized into n hierarchically structured local tensors {T (k)}nk=1. In
contrast, the decomposed tensors can reconstruct the original tensor T by sequentially utilizing the
tensor product operator.

3
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4 METHOD

In this section, we first give a review of vanilla LoRA. Subsequently, we propose our LoRa-Over,
which employs MPO to increase the number of low-rank matrix parameters and introduces the over-
parameterized low-rank parameter matrices selection strategies.

4.1 REVISIT THE LORA METHOD

LoRA (Hu et al., 2022) is a parameter-efficient fine-tuning framework that introduces low-rank
matrices A ∈ Rr×d2 and B ∈ Rd1×r(r ≪ min(d1, d2)). During training, the pre-trained weight
matrix W0 remains frozen, while the model is updated by training the low-rank matrices A and B,
which extremely diminishes the number of trainable parameters, thus decreasing the computational
cost of fine-tuning. In particular, the mathematical expression of LoRA is defined as

W =W (0) +∆W =W (0) +
α

r
BA, (2)

where α and r are hyperparameters of scaling-factor and LoRA rank. Vanilla LoRA initializes
A with Kaiming normal distribution (He et al., 2015), while B adopts zero initialization. This
initialization strategy ensures BA = 0 at the beginning of training. Additionally, the low-rank
matrices can be merged into the pre-trained matrix, and LoRA does not introduce any extra latency
during the inference compared with full funetuning.

4.2 OVER-PARAMTERIZATION LOW RANK MATRICES VIA MPO DECOMPOSITION

To enhance the vanilla LoRA method by leveraging the benefits of over-parameterization during
the fine-tuning process, the proposed approach utilizes the MPO, a tensor network decomposition
technique, to expand the parameter space of the model. Specifically, the methodology first details
the fundamental principles of MPO decomposition. Subsequently, we describe the adaptation and
application of this MPO framework to construct over-parameterized low-rank parameter matrices.
The overview of our approach is presented in Figure 1.

Figure 1: The overview of over-parameterization in LoRA fine-tuning LLMs. I is defined as the
estimated significance score for the parameter matrices. We also demonstrate a scenario wherein the
low-rank parameter matrix W is selected for over-parameterization and is consequently decomposed
into a set of higher-order tensors {T (k)}n+1

k=1 .
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Matrix Product Operator Decomposition. MPO decomposition efficiently factorizes a parame-
ter matrix W ∈ RI×J into a sequential product of multiple tensors (Gao et al., 2020). Formally,
the MPO decomposition of a parameter matrix W ∈ RI×J yields an ordered sequence of m local
tensors {T (k)}mk=1 can be denoted as

MPO(W) =

m⊗
k=1

T (k)[dk−1, ik, jk, dk]. (3)

Where the tensor T (k)[dk−1, ik, jk, dk] is a 4th-order tensor with size [dk−1, ik, jk, dk], in which∏m
k=1 ik = I,

∏m
k=1 jk = J , and d0 = dm = 1. The concept of a bond, introduced to link two

sequence tensors, has been adopted following the work of (Pirvu et al., 2010). The dimension of the
bond dk is denoted as

dk = min(

k∏
p=1

ip × jp,

n∏
p=k+1

ip × jp). (4)

A deterministic mapping process from the parameter matrix W to multiple high-order tensors
{T (k)}mk=1 is defined by the given tensor sizes {dk}mk=1, {ik}mk=1, and {jk}mk=1. Through itera-
tive matrix reshaping and SVD decomposition (Henry & Hofrichter, 1992) executed on m-turns,
the MPO process continuously reduces the size of the parameter matrix and sequentially generates
decomposed tensors. Reshaping is applied during the k-th turn to the matrix of the previous turn
Wk−1, transforming it into the matrix W′

k−1 with the first dimension dk−1× ik× jk. Subsequently,
we decompose it via SVD as

UλVT = SVD(W′
k−1) (5)

where U and V are complex unitary matrices, λ is a rectangular diagonal matrix with non-negative
real numbers on the diagonal. Inspired by truncated SVD methods (Henry & Hofrichter, 1992),
corresponding to the dk largest singular values, the first dk columns of U form the decomposed
tensor T (k), which is subsequently reshaped to match the dimensions of [dk−1, ik, jk, dk]. Further-
more, λVT is assigned as the output parameter matrix Wk for the decomposition in the subsequent
turns. Following m-turn iterations, the decomposition results in a set of multiple high-order tensors
{T (k)}mk=1. The original parameter matrix W can be recovered almost losslessly by contracting
these tensors sequentially (Gao et al., 2020). You can find the comprehensive algorithm in Algo-
rithm S.1 of Appendix B.

Over-parameterizing Low Rank Matrices. Utilizing the MPO methodology, we strategically
amplify low rank matrices parameterization scales during fine-tuning to exploit advantages inherent
in structured over-parameterization. More precisely, the MPO method enables the decomposition of
selected low-rank parameter matrices into multiple tensors according to Eq. equation 3. The values
of {dk}mk=1, {ik}mk=1, and {jk}mk=1 govern the increase in parameter number in matrix W after MPO
decomposition. The detailed added parameter number Nadd derives from the following calculation
procedure.

Nadd =

m∑
k=1

ikjkdk−1dk −
m∏

k=1

ikjk. (6)

Following the formalism of Eq. equation 4, the determination of {dk}mk=1 is based on {ik; jk}mk=1.
Control over the number of added parameters is achieved by adjusting the values of {ik; jk}mk=1
within the MPO decomposition strategy. Consequently, the fine-tuning process allows the adoption
of MPO on selected low-rank parameter matrices to generate the corresponding multiple tensors.
This methodology enables scaling of the model’s total parameter number, effectively enhancing
its over-parameterization. After achieving convergence by fine-tuning the over-parameterized low-
rank parameter matrices, tensor contraction is performed on the decomposed tensors to reconstruct
the model’s parameter matrices. The resulting model preserves identical parameter number and
inference latency to the original, while retaining over-parameterization benefits during fine-tuning.

4.3 OVER-PARAMETERIZED LOW RANK MATRICES SELECTION

The MPO decomposition method is recognized for its computational tractability and representational
flexibility. However, its application for over-parameterizing all low-rank parameter matrices remains

5
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computationally expensive. To concentrate the benefits of over-parameterization on the most critical
parameters, the approach selectively applies MPO decomposition only to the most important low-
rank parameter matrices. Consequently, a dual strategy is proposed: a static selection method, which
preidentifies significant low-rank parameter matrices prior to fine-tuning, and a dynamic selection
method, which continuously identifies and selects critical low-rank parameter matrices throughout
the fine-tuning process.

Static Selection Strategy. The proposed static selection strategy entails the pre-computation of
importance scores for all candidate low-rank parameter matrices prior to the fine-tuning phase. Sub-
sequently, this strategy employs the MPO formalism to over-parameterize exclusively the top-N
low-rank parameter matrices. Consequently, the architecture of the resulting over-parameterized
LoRA model remains fixed throughout the subsequent fine-tuning process. Inspired by network
pruning methods (Molchanov et al., 2016; Voita et al., 2019), we quantify importance scores for
individual low-rank parameter matrices by measuring the resulting perturbation in training loss LW

after surgical removal of each low-rank parameter matrix W. This metric is theoretically grounded
in the principle that parameters exerting significant influence on predictive accuracy will inherently
manifest elevated loss differentials when excised, as such low-rank parameter matrices fundamen-
tally support the correct assignment of labels (Voita et al., 2019). Thus, the importance score IW of
a low-rank parameter matrix W can be calculated as

IW = |LW − LW=0|, (7)

where LW=0 represents the loss value after zeroing W. To compute the loss, fine-tuning must
commence from identical pre-trained parameters as our baseline prior to low-rank parameter matrix
integration. Crucially, low-rank parameter matrices originating from distinct modules inherently
vary in size and functionality, rendering direct performance comparisons invalid. To address this
methodological challenge, we first classify all low-rank parameter matrices into module-specific
categories, where each group corresponds to a single modular component spanning L layers. Within
every such group, the top-N performing low-rank parameter matrices are subsequently isolated for
over-parameterization.

Dynamic Selection Strategy. We propose a dynamic selection strategy that continuously com-
putes importance scores to identify significant low-rank parameter matrices for instantaneous over-
parameterization during fine-tuning. This approach dynamically assesses the importance of change
with respect to the optimization of the whole model. The approximation of the importance score can
be obtained by performing the first-order Taylor expansion on Eq. equation 7

IW =

∣∣∣∣LW −
(
LW − ∂L

∂W
(W − 0) +RW=0

)∣∣∣∣ ≈ ∣∣∣∣ ∂L∂WW

∣∣∣∣ , (8)

The omission of part RW=0 allows the computation of the important score through the absolute
gradients of the parameter matrix. Throughout the fine-tuning process, accumulation occurs for the
absolute gradients across all low-rank parameter matrices. Dynamically computed using the Eq.
equation 8, importance scores trigger over-parameterization of top-N low rank parameter matrices
in categorized groups at t-steps. The iterative cycle of this process persists until the selection of N
low-rank parameter matrices is achieved per group. And we also present a detailed algorithm for
our selection strategy. (see Algorithm S.2 in Appendix B)

5 EXPERIMENTS

In this section, we assess the performance of LoRa-Over on various benchmark datasets. Initially,
we employ comprehensive experiments on the General Language Understanding Evaluation (GLUE)
benchmark (Wang et al., 2018) with the T5-Base (Raffel et al., 2020) model. Subsequently, we
evaluate dialogue, arithmetic reasoning, and coding abilities using the Llama 2-7B (Touvron et al.,
2023) model and the Llama 3.1-8B (Grattafiori et al., 2024) model. We then report the results and
provide a thorough analysis.

Baseline Methods. We compare LoRa-Over with several baselines to demonstrate its effective-
ness. Full fine-tuning is the most prevalent adaptation approach, which updates all model

6
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parameters but requires substantial computational resources. LoRA (Hu et al., 2022) consti-
tutes a parameter-efficient fine-tuning method that introduces a low-rank parameter matrix prod-
uct BA into linear layers, where A is initialized by Kaiming initialization and B is initialized
to zero. rsLoRA (Kalajdzievski, 2023) incorporates a novel scaling factor to enhance the stabil-
ity of the LoRA scale. PiSSA (Meng et al., 2024) employs SVD (Henry & Hofrichter, 1992)
in the weight matrix W at initialization, and uses larger singular values for better performance.
LoRA+ (Hayou et al., 2024) applies different learning rates for the low-rank matrix A and B
in LoRA. OLoRA (Büyükakyüz, 2024) incorporates orthonormal initialization for the adaptation
matrices. DoRA (Liu et al., 2024) enhances expressiveness by adding learnable magnitudes.
AdaLoRA (Zhang et al., 2023) dynamically prunes nonessential weights via SVD, reallocating rank
to diminish GPU memory. Furthermore, we conduct a comparative analysis between our method and
SVD, a classical matrix factorization technique, which is viable for over-parameterizing our model.
Concretely, this methodological substitution replaces MPO with SVD within our method, imple-
menting comprehensive over-parameterization across all the low-rank parameter matrices during
fine-tuning. The implementation details can be found in the appendix.

5.1 EXPERIMENTS ON NATURAL LANGUAGE UNDERSTANDING

Models and Datasets. To present a comprehensive overview of the performance of our proposed
LoRa-Over, we fine-tune the T5-Base model on a subset of GLUE datasets, including MNLI, SST-
2, CoLA, QNLI, and MRPC. Performance is evaluated on the corresponding validation sets using
accuracy as the metric.

Method MNLI
393k

SST-2
67k

CoLA
8.5k

QNLI
105k

MRPC
3.7k Avg.

Full 86.33 94.75 80.70 93.19 84.56 87.91
LoRA 85.30 94.04 69.35 92.96 68.38 82.08

LoRA Variants with Original Structure
PiSSA 85.75 94.07 74.27 93.15 76.31 84.71
rsLoRA 85.73 94.19 72.32 93.12 52.86 79.64
LoRA+ 85.81 93.85 77.53 93.14 74.43 84.95

LoRA Variants with Modified Structure
DoRA 85.67 94.04 72.04 93.04 68.08 82.57
AdaLoRA 85.45 93.69 69.19 91.66 68.14 81.62
LoRa-Over-SVD 85.33 94.27 72.39 93.03 68.40 82.68
LoRa-Over-MPO 85.42 94.38 79.19 93.19 77.70 85.98
LoRa-Over-MPOS 85.59 94.50 78.43 93.23 74.51 85.25
LoRa-Over-MPOD 85.84 94.61 79.29 93.45 82.11 87.06

Table 1: Performance comparison using T5-Base on the GLUE benchmark (in percent). Bold scores
represents the best performance, underline scores indicates the second-best performance. For all the
results, we report the mean values of five runs using different random seeds.

Results. As shown in Table 1, LoRa-Over-MPOD achieves superior performance on all datasets.
It achieves the highest accuracy on MNLI (85.84), SST-2 (94.61), CoLA (79.29), QNLI (93.45),
and MRPC (82.11). LoRa-Over-MPOD’s average score (87.06) surpasses all other methods and
surpasses vanilla LoRA with a margin of 4.98, demonstrating outstanding adaptability and general-
ization. These results show the effectiveness of our approach. Notably, for small datasets, CoLA
and MRPC, our method shows highly strong performance, highlighting that it utilizes small training
data effectively.

5.2 EXPERIMENTS ON NATURAL LANGUAGE GENERATION

Models and Datasets. We evaluate the performance of LoRa-Over on Llama 2-7B and Llama 3.1-
8B. For dialogue generation, we train our model on a 52k subset of the WizardLM dataset (Xu et al.,
2024) and evaluate it using the MT-Bench dataset. The quality of the model responses is assessed
using GPT-4, with the first-turn score reported as the evaluation metric. For mathematical reasoning,
we train our model on a 100k subset of MetaMathQA (Yu et al., 2023). The model’s performance

7
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is evaluated on the GSM8K test set, with accuracy reported as the metric. For code generation, we
train our model on a 100k subset of the CodeFeedback dataset (Zheng et al., 2024) and evaluate it
on the HumanEval dataset, and the model performance is quantified via the PASS@1 metric.

Method MTBench GSM8K HumanEval Avg
Llama 2-7B (Touvron et al., 2023)

Full 5.30 59.36 35.31 33.32
LoRA 5.61 42.08 14.76 20.82
PiSSA 5.30 44.54 16.02 21.95
rsLoRA 5.25 45.62 16.01 22.29
OLoRA 5.30 43.29 17.22 21.94
LoRA+ 5.71 52.11 18.17 25.33
AdaLoRA 5.57 50.72 17.80 24.70
DoRA 5.97 53.07 19.75 26.26
LoRa-Over-SVD 5.23 44.81 15.00 21.68
LoRa-Over-MPO 5.66 49.51 17.32 24.16
LoRa-Over-MPOS 5.63 47.76 17.07 23.49
LoRa-Over-MPOD 5.92 53.15 19.76 26.28

Llama 3.1-8B (Grattafiori et al., 2024)
Full 5.88 73.69 51.63 43.73
LoRA 6.15 67.78 43.09 39.01
PiSSA 6.08 68.56 44.10 39.58
rsLoRA 6.18 68.36 45.78 40.11
OLoRA 6.13 68.54 43.29 39.32
LoRA+ 6.35 71.29 44.51 40.72
AdaLoRA 6.19 70.63 41.46 39.43
DoRA 6.24 69.17 43.70 39.70
LoRa-Over-SVD 6.01 68.92 42.68 39.20
LoRa-Over-MPO 6.21 71.42 43.41 40.35
LoRa-Over-MPOS 6.16 71.19 43.17 40.17
LoRa-Over-MPOD 6.26 73.54 45.49 41.76

Table 2: Performance comparison using Llama 2-7B and Llama 3.1-8B on MT-Bench, GSM8K,
and HumanEval (in percent). Bold and underline indicate the highest and second-highest scores,
respectively. For all the results, we report the mean values of five runs using different random seeds.

Results. The results presented in Table 2 reveal a consistent performance advantage of LoRa-
Over over other baseline methods in most tasks. For Llama 2-7B, LoRa-Over-MPOD demonstrates
exceptional performance on both the GSM8K and HumanEval datasets. Although slightly underper-
forming DoRA on MT-Bench by just 0.05 points, LoRa-Over-MPOD’s average score (26.28) sur-
passes all baselines. Specifically, LoRa-Over-MPOD achieves the highest score on GSM8K (53.15)
and HumanEval (19.76), substantially surpassing vanilla LoRA, indicating superior performance in
mathematical reasoning and code generation. For Llama 3.1-8B, LoRa-Over-MPOD exhibits su-
perior performance compared to the baseline methods. It achieves the highest score on GSM8K
(73.54), achieving performance comparable to full finetuning (73.69). On MT-Bench, LoRa-Over-
MPOD scores 6.26, placing second to LoRA+. On HumanEval, it ranks second with 45.49, just
behind rsLoRA. LoRa-Over-MPOD’s average performance is 41.76, surpassing LoRA+’s 40.72 by
1.04 points. The results indicate that SVD typically demonstrates inferior performance compared to
MPO among the two matrix decomposition methods. We observe that the dynamic strategy gener-
ally exhibits superior performance over the static strategy at identical parameter scales. The obtained
results demonstrate that LoRa-Over-MPOD effectively improves training stability and delivers con-
sistently robust performance in a variety of natural language generation tasks.

5.3 FURTHER ANALYSIS

Following this, a more detailed analysis is undertaken to rigorously examine the proposed approach.
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Hyper-parameters Tuning. The performance of our method with a dynamic strategy is primar-
ily influenced by two hyper-parameters: the total count of selected parameter matrices N and their
group count n, making their tuning crucial. A higher value of N corresponds to a higher number of
parameter matrices being selected and over-parameterized. Conversely, a smaller n indicates that a
larger subset of matrices is over-parameterized simultaneously in a single operation. To investigate
the effects of these hyperparameters, we perform an empirical analysis on the CoLA and MRPC
datasets using the T5-base model. As illustrated in Figure 2, model performance improves steadily
with increasing values of N before eventually saturating. This trend suggests that an insufficient
degree of over-parameterization fails to adequately capture the full representation capacity of the
low-rank matrix. Furthermore, an excessively low value of n is observed to adversely affect per-
formance. This degradation may be attributed to the fact that an insufficient group size causes an
excessive number of matrices to be over-parameterized simultaneously, which effectively reduces
the dynamic strategy to a static approach.

Figure 2: (Left)Performance comparison with varying total parameter matrices selection number N
and group number n on MRPC and CoLA using T5-Base. (Right) Performance comparison under
different parameter expansion scales on MRPC and CoLA tasks.

Robustness Analysis. Our approach leverages matrix decomposition to over-parameterize low-
rank matrices but is prone to numerical instability, where small perturbations during decomposition
can accumulate and cause significant errors. To address this, we employ MPO decomposition for
near-lossless factorization, enhancing stability and reducing sensitivity to hyperparameter changes.
We assess robustness by varying the learning rate on CoLA and MRPC tasks with a T5-Base model.
Performance across learning rates 1.6e-4, 1.8e-4, 2e-4, 2.2e-4, 2.4e-4 (Table S.5 in the appendix)
shows our method is resilient to changes, with 2e-4 achieving strong results, avoiding extensive
hyperparameter tuning.

Parameter Increasing Rate Analysis. To enhance the over-parameterization of low-rank matri-
ces, our method deliberately increases the number of trainable parameters during fine-tuning. Given
that the proposed method provides a general and flexible framework for scaling trainable parame-
ters, we systematically evaluate its performance across multiple parameter counts. Based on LoRA’s
model of T5-Base, we systematically increase the trainable parameters via over-parameterization
(from 1× to 7×) and assess the performance on the MRPC and CoLA tasks. Figure 2 demonstrates
a consistent, monotonic improvement in model performance as the parameter scale increases. Em-
pirical results indicate that performance improvement asymptotically approaches a plateau at the
7× parameter scale. A potential interpretation is that this scale exhausts the primary benefits of
over-parameterization for this specific architecture and task set.

6 CONCLUSION

This paper introduces a novel over-parameterization framework designed to increase the parameter
number of low-rank matrices, specifically during fine-tuning to leverage the benefits of increased
model capacity. Our method incorporates the MPO approach to decompose low-rank parameter
matrices into high-order tensors to augment the number of parameters, and also employs static
and dynamic strategies to select matrices for over-parameterization based on importance. Through
extensive experiments, we have demonstrated that our method can boost the performance of LoRA
fine-tuning significantly and narrow the gap between vanilla LoRA and full fine-tuning. Future
work will explore enhanced tensor decomposition methods to optimize the over-parameterization of
low-rank parameter matrices.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Zeyuan Allen-Zhu, Yuanzhi Li, and Yingyu Liang. Learning and generalization in overparame-
terized neural networks, going beyond two layers. Advances in neural information processing
systems, 32, 2019a.

Zeyuan Allen-Zhu, Yuanzhi Li, and Zhao Song. A convergence theory for deep learning via over-
parameterization. In International conference on machine learning, pp. 242–252. PMLR, 2019b.

Devansh Arpit and Yoshua Bengio. The benefits of over-parameterization at initialization in deep
relu networks. arXiv preprint arXiv:1901.03611, 2019.

Christopher Brix, Parnia Bahar, and Hermann Ney. Successfully applying the stabilized lottery
ticket hypothesis to the transformer architecture. arXiv preprint arXiv:2005.03454, 2020.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.

Kerim Büyükakyüz. Olora: Orthonormal low-rank adaptation of large language models. arXiv
preprint arXiv:2406.01775, 2024.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde De Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, et al. Evaluating large
language models trained on code. arXiv preprint arXiv:2107.03374, 2021.

Tianlong Chen, Jonathan Frankle, Shiyu Chang, Sijia Liu, Yang Zhang, Zhangyang Wang, and
Michael Carbin. The lottery ticket hypothesis for pre-trained bert networks. Advances in neural
information processing systems, 33:15834–15846, 2020.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to
solve math word problems. arXiv preprint arXiv:2110.14168, 2021.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of the 2019 conference of
the North American chapter of the association for computational linguistics: human language
technologies, volume 1 (long and short papers), pp. 4171–4186, 2019.

Simon S Du, Xiyu Zhai, Barnabas Poczos, and Aarti Singh. Gradient descent provably optimizes
over-parameterized neural networks. arXiv preprint arXiv:1810.02054, 2018.

Ali Edalati, Marzieh Tahaei, Ivan Kobyzev, Vahid Partovi Nia, James J Clark, and Mehdi Reza-
gholizadeh. Krona: Parameter-efficient tuning with kronecker adapter. In Enhancing LLM Per-
formance: Efficacy, Fine-Tuning, and Inference Techniques, pp. 49–65. Springer, 2025.

Jonathan Frankle and Michael Carbin. The lottery ticket hypothesis: Finding sparse, trainable neural
networks. arXiv preprint arXiv:1803.03635, 2018.

Tianxiang Gao, Hailiang Liu, Jia Liu, Hridesh Rajan, and Hongyang Gao. A global convergence the-
ory for deep relu implicit networks via over-parameterization. arXiv preprint arXiv:2110.05645,
2021.

Ze-Feng Gao, Song Cheng, Rong-Qiang He, Zhi-Yuan Xie, Hui-Hai Zhao, Zhong-Yi Lu, and Tao
Xiang. Compressing deep neural networks by matrix product operators. Physical Review Re-
search, 2(2):023300, 2020.

Ze-Feng Gao, Peiyu Liu, Wayne Xin Zhao, Zhong-Yi Lu, and Ji-Rong Wen. Parameter-
efficient mixture-of-experts architecture for pre-trained language models. arXiv preprint
arXiv:2203.01104, 2022.

Ze-Feng Gao, Kun Zhou, Peiyu Liu, Wayne Xin Zhao, and Ji-rong Wen. Small Pre-trained Language
Models Can be Fine-tuned as Large Models via Over-Parameterization. In Annual Meeting of the
Association for Computational Linguistics, 2023.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Timur Garipov, Dmitry Podoprikhin, Alexander Novikov, and Dmitry Vetrov. Ultimate tensorization:
compressing convolutional and fc layers alike. arXiv preprint arXiv:1611.03214, 2016.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, et al. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783, 2024.

Soufiane Hayou, Nikhil Ghosh, and Bin Yu. Lora+: Efficient low rank adaptation of large models.
arXiv preprint arXiv:2402.12354, 2024.

Haonan He, Peng Ye, Yuchen Ren, Yuan Yuan, Luyang Zhou, Shucun Ju, and Lei Chen. Gora:
Gradient-driven adaptive low rank adaptation. arXiv preprint arXiv:2502.12171, 2025.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers: Surpassing
human-level performance on imagenet classification. In Proceedings of the IEEE international
conference on computer vision, pp. 1026–1034, 2015.

ER Henry and J Hofrichter. [8] singular value decomposition: Application to analysis of experimen-
tal data. In Methods in enzymology, volume 210, pp. 129–192. Elsevier, 1992.

Lu Hou, Zhiqi Huang, Lifeng Shang, Xin Jiang, Xiao Chen, and Qun Liu. Dynabert: Dynamic
bert with adaptive width and depth. Advances in Neural Information Processing Systems, 33:
9782–9793, 2020.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, et al. Lora: Low-rank adaptation of large language models. ICLR, 1(2):3, 2022.

Nam Hyeon-Woo, Moon Ye-Bin, and Tae-Hyun Oh. Fedpara: Low-rank hadamard product for
communication-efficient federated learning. arXiv preprint arXiv:2108.06098, 2021.

Damjan Kalajdzievski. A rank stabilization scaling factor for fine-tuning with lora. arXiv preprint
arXiv:2312.03732, 2023.

Peiyu Liu, Ze-Feng Gao, Wayne Xin Zhao, Zhi-Yuan Xie, Zhong-Yi Lu, and Ji-Rong Wen. Enabling
lightweight fine-tuning for pre-trained language model compression based on matrix product op-
erators. arXiv preprint arXiv:2106.02205, 2021a.

Shih-Yang Liu, Chien-Yi Wang, Hongxu Yin, Pavlo Molchanov, Yu-Chiang Frank Wang, Kwang-
Ting Cheng, and Min-Hung Chen. Dora: Weight-decomposed low-rank adaptation. In Forty-first
International Conference on Machine Learning, 2024.

Shiwei Liu, Lu Yin, Decebal Constantin Mocanu, and Mykola Pechenizkiy. Do we actually need
dense over-parameterization? in-time over-parameterization in sparse training. In International
Conference on Machine Learning, pp. 6989–7000. PMLR, 2021b.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692, 2019.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

Eran Malach, Gilad Yehudai, Shai Shalev-Schwartz, and Ohad Shamir. Proving the lottery ticket
hypothesis: Pruning is all you need. In International Conference on Machine Learning, pp. 6682–
6691. PMLR, 2020.

Fanxu Meng, Zhaohui Wang, and Muhan Zhang. Pissa: Principal singular values and singular
vectors adaptation of large language models. Advances in Neural Information Processing Systems,
37:121038–121072, 2024.

Pavlo Molchanov, Stephen Tyree, Tero Karras, Timo Aila, and Jan Kautz. Pruning convolutional
neural networks for resource efficient inference. arXiv preprint arXiv:1611.06440, 2016.

Alexander Novikov, Dmitrii Podoprikhin, Anton Osokin, and Dmitry P Vetrov. Tensorizing neural
networks. Advances in neural information processing systems, 28, 2015.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Ivan V Oseledets. Tensor-train decomposition. SIAM Journal on Scientific Computing, 33(5):2295–
2317, 2011.

Ankit Pensia, Shashank Rajput, Alliot Nagle, Harit Vishwakarma, and Dimitris Papailiopoulos. Op-
timal lottery tickets via subset sum: Logarithmic over-parameterization is sufficient. Advances in
neural information processing systems, 33:2599–2610, 2020.

Bogdan Pirvu, Valentin Murg, J Ignacio Cirac, and Frank Verstraete. Matrix product operator repre-
sentations. New Journal of Physics, 12(2):025012, 2010.

Sai Prasanna, Anna Rogers, and Anna Rumshisky. When bert plays the lottery, all tickets are win-
ning. arXiv preprint arXiv:2005.00561, 2020.

Xipeng Qiu, Tianxiang Sun, Yige Xu, Yunfan Shao, Ning Dai, and Xuanjing Huang. Pre-trained
models for natural language processing: A survey. Science China technological sciences, 63(10):
1872–1897, 2020.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever, et al. Language
models are unsupervised multitask learners. OpenAI blog, 1(8):9, 2019.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. Journal of machine learning research, 21(140):1–67, 2020.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Niko-
lay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023.

Ledyard R Tucker. Some mathematical notes on three-mode factor analysis. Psychometrika, 31(3):
279–311, 1966.

Elena Voita, David Talbot, Fedor Moiseev, Rico Sennrich, and Ivan Titov. Analyzing multi-head
self-attention: Specialized heads do the heavy lifting, the rest can be pruned. arXiv preprint
arXiv:1905.09418, 2019.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and Samuel R Bowman. Glue:
A multi-task benchmark and analysis platform for natural language understanding. arXiv preprint
arXiv:1804.07461, 2018.

Can Xu, Qingfeng Sun, Kai Zheng, Xiubo Geng, Pu Zhao, Jiazhan Feng, Chongyang Tao, Qingwei
Lin, and Daxin Jiang. Wizardlm: Empowering large pre-trained language models to follow com-
plex instructions. In The Twelfth International Conference on Learning Representations, 2024.

Longhui Yu, Weisen Jiang, Han Shi, Jincheng Yu, Zhengying Liu, Yu Zhang, James T Kwok, Zhen-
guo Li, Adrian Weller, and Weiyang Liu. Metamath: Bootstrap your own mathematical questions
for large language models. arXiv preprint arXiv:2309.12284, 2023.

Yu-Liang Zhan, Zhong-Yi Lu, Hao Sun, and Ze-Feng Gao. Over-parameterized student model via
tensor decomposition boosted knowledge distillation. Advances in Neural Information Processing
Systems, 37:69445–69470, 2024.

Qingru Zhang, Simiao Zuo, Chen Liang, Alexander Bukharin, Pengcheng He, Weizhu Chen, and
Tuo Zhao. Platon: Pruning large transformer models with upper confidence bound of weight
importance. In International conference on machine learning, pp. 26809–26823. PMLR, 2022.

Qingru Zhang, Minshuo Chen, Alexander Bukharin, Nikos Karampatziakis, Pengcheng He,
Yu Cheng, Weizhu Chen, and Tuo Zhao. Adalora: Adaptive budget allocation for parameter-
efficient fine-tuning. arXiv preprint arXiv:2303.10512, 2023.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in neural information processing systems, 36:46595–46623, 2023.

Tianyu Zheng, Ge Zhang, Tianhao Shen, Xueling Liu, Bill Yuchen Lin, Jie Fu, Wenhu Chen, and
Xiang Yue. Opencodeinterpreter: Integrating code generation with execution and refinement.
arXiv preprint arXiv:2402.14658, 2024.

12


