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Abstract

Low-Rank Adaptation (LoRA) has achieved
remarkable progress in improving the fine-
tuning efficiency and downstream performance
of large language models (LLMs). Although
prior work has recognized that different weight
update matrices AW exhibit varying impor-
tance and therefore should be allocated dif-
ferent ranks, parameters within the same up-
date matrix are still typically constrained to
a uniform rank configuration, neglecting fine-
grained parameter-level heterogeneity. To ad-
dress this limitation, we propose G-LoRA
(Global-Local Decoupled LoRA), which de-
composes each update matrix into global and
local adapters. The key idea is to reorganize the
rows and columns of the update matrix using a
first-order Taylor approximation of parameter
importance, such that highly influential param-
eters are clustered into a local sub-block of
AW. During training, the local adapter then
focuses on this high-importance sub-region and
is allocated a higher rank, whereas the global
adapter captures the residual updates for the
entire update matrix with relatively lower rank.
By allocating higher representational capacity
to more critical parameters, G-LoRA enables
more efficient utilization of model resources.
Extensive evaluations on benchmarks spanning
commonsense reasoning, mathematical reason-
ing, and code generation demonstrate that G-
LoRA achieves up to 2.7% absolute accuracy
improvement over LoRA and its variants, vali-
dating its effectiveness for LLM fine-tuning.

1 Introduction

As large language models (LLMs) continue to ex-
pand in real-world applications, adapting them to
specialized downstream tasks via fine-tuning has
increasingly become the mainstream approach in
industrial practice (Achiam et al., 2023; Grattafiori
et al., 2024; Yang et al., 2025). However, full-
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Figure 1: An illustration of G-LoRA compared with
LoRA. G-LoRA progressively narrows the trainable
region of local adapters during training, enabling them
to focus on locally critical sub-regions.

parameter fine-tuning requires substantial compu-
tational resources, making parameter-efficient fine-
tuning (PEFT) methods (Xu et al., 2023) a promis-
ing alternative. Among them, low-rank adaptation
approaches are particularly representative, with
LoRA (Hu et al., 2021) being a prime example.
These methods are based on the modeling assump-
tion that weight update matrices possess low in-
trinsic rank and can therefore be approximated by
the product of two low-rank matrices, significantly
reducing the number of trainable parameters.

Building on LoRA, recent works have explored
dynamic parameter allocation strategies to fur-
ther improve both fine-tuning efficiency and down-
stream task performance. Adaptive LoRA meth-
ods (Zhang et al., 2023) recognize that different
weight update matrices AW contribute unequally
to downstream performance, and therefore allocate
different rank budgets r across matrices. Simi-
larly, sparse fine-tuning methods (Ding et al., 2023)
reduce overall computational cost by selectively
updating subsets of matrix weights that are most
important to the target task. However, these meth-
ods could still be limited in catering to more fine-
grained parameter capacity allocation. For exam-
ple, adaptive LoRA methods focusing on differ-
ences across update matrices may not explicitly
model the heterogeneity of parameter importance

20125

Findings of the Association for Computational Linguistics: ACL 2026, pages 20125-20141
July 2-7, 2026 ©2026 Association for Computational Linguistics


mailto:xiongjiahao@stu.ecnu.edu.cn
mailto:kzhang@cs.ecnu.edu.cn

within a single update matrix. Sparse fine-tuning
methods, on the other hand, can capture importance
differences within a single update matrix but rely
on an additional warm-up phase to obtain gradient-
based importance estimates, leading to peak mem-
ory consumption comparable to full-parameter fine-
tuning. This naturally raises the following question:
Is it possible to allocate rank budgets differentially
within a single update matrix while avoiding exces-
sive computational overhead?

To address this limitation, we investigate
whether the update matrix can be reorganized to
highlight a high-importance local sub-region, while
still maintaining a global adaptation over the en-
tire matrix. Specifically, we propose G-LoRA, a
global-local decoupled low-rank adaptation frame-
work that enables heterogeneous rank allocation
within a single update matrix. G-LoRA dynami-
cally identifies a locally critical sub-region during
training and assigns it a higher-rank configuration,
implemented as the local adapter (L-Adapter). In
parallel, the global adapter (G-Adapter) performs
low-rank updates over the entire matrix, capturing
overall parameter interactions. Under a fixed pa-
rameter budget, this design enhances the represen-
tational capacity of LoRA by giving more resources
to critical parameter sub-blocks while preserving
global coverage.

We have derived both the upper and lower
bounds of the rank attainable by G-LoRA. Our
analysis shows that decoupling global and local
low-rank adaptations allows the L-Adapter to con-
centrate its parameters in a local region, substan-
tially enhancing the expressive power of the update
matrix AW. For instance, when the G-Adapter
is applied to the entire weight matrix and the L-
Adapter is restricted to a local region covering one-
sixteenth of the weight matrix, G-LoRA achieves
an effective rank approximately 1.5—2.5x higher
than standard LoRA under the same parameter
budget. Notably, this gain increases further as
the L-Adapter’s local region shrinks. Extensive
experiments on commonsense reasoning, mathe-
matical reasoning, and code generation show that
G-LoRA consistently outperforms LoRA and its
variants, achieving average accuracy gains of up to
2.7%. Moreover, these advantages remain consis-
tent across diverse tasks and model scales, demon-
strating that G-LoRA effectively strengthens task
performance without compromising the parameter
efficiency of standard LoRA.

Our main contributions are summarized below:

* We propose G-LoRA, which introduces a
global-local decoupled low-rank adaptation.
By dynamically focusing capacity on a locally
critical region under a fixed parameter budget,
G-LoRA enables more expressive adaptation
while preserving parameter efficiency.

* We derive theoretical bounds on the effec-
tive rank of G-LoRA, demonstrating that its
global-local decoupled structure admits a
higher effective rank than LoRA under the
same parameter budget, thereby improving
overall parameter efficiency.

* We validate the effectiveness and generaliza-
tion of G-LoRA across diverse NLP bench-
marks and model scales, and it consistently
outperforms LoRA and its variants on com-
monsense reasoning, mathematical reasoning,
and code generation tasks.

2 Related Work
2.1 LoRA and Its Variants

With the rapid advancement of large language mod-
els (LLMs), parameter-efficient fine-tuning (PEFT)
techniques (Huang et al., 2025b; Zou et al., 2025;
Zhang et al., 2025; Li et al., 2025b) have attracted
increasing attention. LoRA (Hu et al., 2021) de-
composes the weight update matrix AW into two
low-rank matrices, A and B. Moreover, LoRA en-
ables merging the low-rank updates back into the
original weight matrix W during inference, intro-
ducing no additional inference latency. Owing to
its efficiency and flexibility, an increasing number
of studies have been devoted to enhancing LoRA’s
update capability and representation power.
Specifically, AdaLoRA (Zhang et al., 2023)
parameterizes incremental updates in a singular-
value form and prunes unimportant singular val-
ues to adaptively manage parameter budgets.
PiSSA (Meng et al., 2024) applies singular value
decomposition to the original weights and initial-
izes A and B with the top-r singular vectors, lead-
ing to improved training stability and performance.
DoRA (Liu et al., 2024a) decomposes the update
into two independent components: magnitude and
direction, where the direction part retains the LoRA
structure while the magnitude is modeled using
a 1-dimensional vector. To relax the constraint
of a fixed rank, RaSA (He et al., 2025) intro-
duces a shared rank pool with layer-wise dynamic
rank allocation, enabling flexible rank distribution
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across layers. To address structural bottlenecks
and gradient entanglement in high-rank settings,
GralLoRA (Jung et al., 2025) adopts a fine-grained
block decomposition to increase expressiveness.
Beyond additive update enhancements, sev-
eral methods explore alternative update mecha-
nisms. HiRA (Huang et al., 2025a) leverages the
Hadamard product to realize high-rank updates
with very few additional parameters, achieving
stronger expressive capacity. RoSA (Hameed et al.,
2024) periodically reinitializes and merges weight
updates to adapt subspaces of arbitrarily large
dimension, better approximating full-finetuning.
TopLoRA (Li et al., 2025a) introduces lightweight
token-wise projections, allowing different tokens to
obtain independent input—output mappings, thereby
enhancing semantic discrimination and flexibility.

2.2 Other PEFT methods

Beyond LoRA-based approaches, other PEFT
methods also demonstrate strong effectiveness.
Adapter-based methods (Houlsby et al., 2019;
Dong et al., 2025) insert lightweight trainable
modules into transformer layers, allowing efficient
knowledge injection without modifying the orig-
inal weights. Prompt-based (Lester et al., 2021;
Liu et al., 2024b; Li and Liang, 2021) methods
optimize a small set of task-dependent prompts,
enabling parameter-efficient steering of model be-
havior. Selection-based methods (Ben-Zaken et al.,
2022; Pan et al., 2024; Lai et al., 2025) identify
and update only the most influential weights, while
sparsity-based methods (Lingam et al., 2024; Liu
et al., 2025; Miao et al., 2025) impose structural
constraints to reduce parameter usage and training
cost. These diverse strategies collectively provide
complementary avenues for efficient adaptation of
LLMs under different deployment constraints.

3 Methodology

We begin by reviewing the preliminaries of low-
rank adaptation to provide context for an overview
of G-LoRA. We then provide detailed descriptions
of both global and local adapters of G-LoRA.

3.1 Preliminaries of Low-Rank Adaptation

LoRA (Hu et al., 2021) is a widely adopted PEFT
method for LLMs, motivated by the observation
that fine-tuning updates lie in a low-rank subspace.
Accordingly, LoRA parameterizes the update as
AW = AB, where A € R™*" and B € R"™*",

and 7 < min(m, n) controls the number of train-
able parameters. The forward computation is then:

y = xWy + xAB, )
where Wy, is frozen and only A, B are trainable.
To maintain the behavior of the pre-trained model,
LoRA initializes A using Kaiming-uniform (He
et al., 2015) values and sets B to zero.

3.2 G-LoRA

To more effectively allocate the limited parameter
budget, G-LoRA decomposes the update matrix
into two complementary components, namely the
global adapter (G-Adapter) and the local adapter
(L-Adapter), and expresses the output as

Yy = XWis + xGaGB
~—
Global Adapter

T
+ 57 (ko LA TE) ()Y P

1=0

Local Adapter

Here, W is the frozen residual weight matrix
obtained by subtracting the initialized portions of
the G-Adapter and L-Adapter from Wy. The G-
Adapter is parameterized by two trainable low-rank
factors Go € R™*(1-9)" gpnd Gg € RE-a)rxn,
whose dimensions remain fixed throughout traini_ng.
Then, the L-Adapter uses factors L, € Rz X% er
and LL € R¥ ™37 focusing on increasingly
smaller sub-regions at each iteration 7. The row
and column permutations 7’ and 7’, obtained
via importance-based reordering, identify these re-
gions, while (7r,) ™! restores the original ordering.

In G-LoRA, the G-Adapter contributes a global
low-rank update over the entire weight matrix,
while the L-Adapter progressively shrinks its target
region while increasing the rank allocated to that re-
gion, focusing its expressive capacity on the most
important parameters during training. Together,
these components enable G-LoRA to preserve sig-
nificant parameter efficiency while notably enhanc-
ing its ability to model both global structures and
localized patterns.

3.2.1 Global Adapter Component

In G-LoRA, the G-Adapter is designed to provide a
global low-rank update across the entire weight ma-
trix. Accordingly, it is parameterized in a standard
low-rank form as

AW giopa = GAGB. 3)
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Figure 2: G-LoRA consists of two complementary components: the G-Adapter provides a global update over the
weight space, while the L-Adapter concentrates on locally critical regions and allocates higher rank to these regions.

Because the G-Adapter operates on the full pa-
rameter space, an unconstrained initialization may
interfere with the dominant spectral components of
the pretrained weight matrix Wy. To explicitly dis-
tinguish between high- and low-energy knowledge
directions, we perform singular value decomposi-
tion (SVD) on Wyy:

W,=UxXV'. )

The G-Adapter is initialized using the trailing
singular components indexed by Zgjopa1 = {k —
rg+1,...,k}, and W, is defined as:

_ 1/2
GA - U[:»Zglobal] E[Iglobal]’
_wl/2 T
GB o z)[l-global]‘\I[Igloba],:]7 (5)

Wres = WO - GAGB,

where k& = min(m,n) and 7y = (1 — a)r is the
rank allocated to the global adapter.

By initializing the G-Adapter with trailing sin-
gular components corresponding to low-energy di-
rections, this design mitigates interference with
high-energy spectral components while preserving
a global update throughout training.

3.2.2 Local Adapter Component

The L-Adapter allocates its parameter budget to
critical sub-regions (sub-blocks) of the update ma-
trix. To identify such regions, we estimate param-
eter importance using a first-order Taylor expan-
sion (Molchanov et al., 2019) of the loss function:

LW + W) ~ L(W) + (VwL,0W). (6)

For an individual parameter Wy, its importance
is approximated by the change in loss incurred
when the parameter is removed (i.e., set to zero).
This operation can be modeled as a virtual perturba-
tion W j;, = —W j;.. Under the first-order Taylor
approximation, the change in loss is given by

A[’jk o _ijk[’ . ij. (7)

Accordingly, the parameter importance based on
the first-order Taylor approximation is defined as

Itaylor(j7 k) = |VW]k£ : ij’| (8)

This importance formulation can be interpreted
as jointly capturing two complementary aspects:
(1) the gradient term reflects the sensitivity of the
loss to infinitesimal changes in the parameter. (2)
the weight magnitude reflects the scale of the pa-
rameter’s contribution to the model output. Taken
together, these properties make Eq. 8 well suited
for identifying important parameters in the model.

In practice, we do not have direct access to the
explicit gradient of the full update matrix, i.e., the
Vw,; L term in Eq. 8, which can be computation-
ally too expensive. Therefore, we provide an ap-
proximate estimate of the importance of the low-
rank factors Lg (row-wise) and L"B (column-wise)
as follows. Here, 7 denotes the iteration index,
where the size of the influential sub-block is pro-
gressively reduced by a factor of 2 at each step.

First, we perform the entry-wise product of the
low-rank factors and their gradients, as
©)

i =Ly ©@ghl, Ih=|Lsogkl
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where ng and gf3 denote the gradients of Lk and
LY, respectively. A

Then we use the /2 norms of the rows of I'y and
the columns of IiB as an indicator of their respec-
tive importance, and sort them according to their
magnitudes. This procedure yields the row and
column importance—based permutation indices for
the (i + 1)-th iteration:

7wt = argsort <HIfAH27mw) ,
7wt = argsort <HIiBH27c01> .

After determining the row and column orderings
for the next iteration based on the current update,
the update matrix AW} produced by the local
adapter factors Li; and L§3 is merged back into
the frozen residual weight matrix Wy. To en-
sure structural consistency with the original weight
structure, AW% is reordered according to the in-
verse permutation indices of the current iteration,
namely (7%)~! and (7%)~!:

AWy, = (LyLy)[(m)) " L () 71,

z- Z- an
Wmerge =W, + AWL.

Subsequently, the merged weight matrix is re-
ordered according to the row and column permuta-
tions obtained for the (¢ + 1)-th iteration, 7r;+1 and
il producing Wﬁtl in which the locally critical
sub-region is concentrated in the upper-left region:

i1 . . .
Wfr—lil_t = W:nerge[ﬂ.ZrJrla :] [:7 TFZJrl]'

(12)

For the locally critical sub-region, we extract
its dominant directions by applying SVD to the
corresponding sub-matrix of Wi’;irtl. As training
progresses, this local region is progressively nar-
rowed, allowing the L-Adapter to concentrate its

capacity on critical parameter subspaces:

i+l _m_ .
Winit [ 2i+1y -

A =UxV'. (13

To initialize the low-rank factors of the next local
adapter, we retain only the high-energy directions
associated with the leading singular values.

Specifically, we define the index set of high-
energy directions as Z,,;t, = {1,...,7)"'}, where
i1 = 27+ lar denotes the rank allocated to the

L-Adapter. Thus, the L-Adapter is initialized as

L' =U 5

tocal ] (Zigha)’
i 1/2 T
Lift=%2"7° VI .., (14)
B Tota) [ Tiocal’
i+1 i+1 i+1y 141
Wfrozen - Winit - LA LB )

This initialization aligns the update direction of
the L-Adapter with the leading singular vectors of
the locally critical sub-region, thereby constraining
the update to its dominant spectral directions. After
initializing Lf:l and Lgl, we apply the inverse
permutations to restore the original row and column
orders of W g prior to reordering:

i+1\—1 i+1y—1
(7w D7l (e )71, (as)

T

W, = Witl

frozen

where W denotes the frozen residual weight ma-
trix for the next iteration, used in Eq. 2 and Eq. 11.

During the initial training stage, the L-Adapter
treats the entire weight matrix as its trainable re-
gion. Subsequently, it employs the gradient—weight
product derived from the first-order Taylor approx-
imation to dynamically estimate the importance
of each parameter. Guided by this distribution,
the L-Adapter then concentrates iteratively on the
most important parameters, reducing the trainable
region to a quarter of its original size at each
stage. Once the number of parameters required to
update the selected region equals or exceeds the
number required for full fine-tuning of the region,
the L-Adapter switches to full fine-tuning and stops
shrinking the region any further. During training,
the L-Adapter progressively focuses its trainable
parameters on critical sub-regions, enabling effi-
cient updates within a limited parameter budget.

Since L-Adapter requires repeatedly construct-
ing low-rank bases over dynamically changing re-
gions, exact SVD can be computationally expen-
sive. To reduce the overhead of constructing local
low-rank bases further, G-LoRA also provides a
randomized SVD variant (Halko et al., 2011),
which approximates the principal directions via
randomized projections and achieves substantially
faster re-initialization while maintaining compara-
ble fine-tuning quality.

3.3 Analysis of Rank Upper/Lower Bounds

Proposition 1 (Rank bounds for the sum of a global
low-rank matrix and a zero-padded local high-rank
sub-matrix). Assume that the global update ma-
trix G € R™*™ satisfies rank(G) = r. Sim-
ilarly, let the local update matrix L € RT*%
satisfy rank(L) = 4r, which requires "} > 4r
and % > 4r, ie, m,n > 16r. To make the
two matrices compatible for addition, L is zero-
padded to match the dimensions of G, yielding

L., = [L . Since zero-padding does not al-

0 0
ter matrix rank, we have rank(Ly,,,) = 4r. The re-
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Base Models | Methods | Params | BoolQ PIQA SIQA ARC-C ARC-E OBQA  HellaSwag  Winogrande | Avg

LoRA 8.39M 68.7% 80.0% 74.6% 74.5% 85.1% 79.2% 88.1% 72.4% 77.8%

DoRA 8.91M 69.4% 79.6% 74.2% 73.0% 84.7% 80.8% 87.5% 70.6% 77.5%

PiSSA 8.39M 68.6% 81.2% 75.4% 74.0% 86.5% 81.0% 88.0% 74.8% 78.7%

RoSA 8.39M 69.2% 81.3% 74.9% 74.1% 87.2% 80.8% 88.6% 72.8% 78.6%

LLaMA?2 RaSA 8.39M 68.4% 80.9% 74.3% 72.4% 85.4% 80.4% 86.5% 69.9% 77.3%
(7B) GraLoRA 8.39M 68.5% 81.3% 76.0% 73.2% 85.9% 79.8% 88.1% 73.4% 78.3%
MiLoRA 8.39M 69.4% 80.7% 74.4% 73.6% 85.4% 78.8% 87.4% 71.8% 77.7%

DenseLoRA 4.16M 69.7% 81.0% 75.1% 73.3% 85.9% 78.8% 87.9% 75.1% 78.4%

G-LoRAy, 8.39M 71.0% 81.5% 75.8% 73.5% 87.1% 83.4% 90.0% 74.6% 79.6%

G-LoRA undomsvd 8.39M 69.8% 81.9% 76.7% 74.1% 86.7% 81.6% 89.3% 75.5% 79.5%

LoRA 13.11M 71.4% 83.3% 77.1% 78.8% 89.1% 81.8% 90.0% 76.8% 81.0%

DoRA 13.93M 71.2% 83.4% 77.9% 79.2% 89.3% 82.2% 90.3% 76.6% 81.2%

PiSSA 13.11IM 72.8% 82.4% 77.2% 78.0% 89.6% 82.6% 90.5% 78.5% 81.5%

RoSA 13.11IM 70.5% 83.9% 76.7% 78.8% 89.4% 83.0% 91.1% 78.2% 81.4%

LLaMA?2 RaSA 13.11M 70.8% 82.6% 76.6% 78.1% 89.3% 82.6% 89.2% 77.4% 80.8%
(13B) GraLoRA 13.11M 71.0% 84.1% 77.7% 79.3% 89.6% 83.4% 90.7% 79.2% 81.8%
MiLoRA 13.11M 71.5% 83.7% 76.8% 79.2% 89.2% 83.4% 91.1% 77.7% 81.6%

DenseLoRA 521M 72.1% 83.5% 77.4% 78.7% 89.0% 83.0% 89.1% 78.3% 81.4%

G-LoRAy,, 13.11M 72.8% 84.5% 78.8% 80.7% 90.8% 83.6% 92.0% 78.8% 82.7%
G-LoRAsndomsvd 13.11M 71.3% 84.2% 78.7% 79.8% 89.6% 84.0% 91.8% 79.2% 82.3%

LoRA 6.82M 71.9% 86.9% 76.2% 81.5% 92.1% 84.8% 91.2% 80.6% 83.1%

DoRA 7.14M 71.8% 86.9% 76.4% 81.1% 91.4% 85.2% 91.5% 80.5% 83.1%

PiSSA 6.82M 71.1% 86.0% 76.7% 80.6% 92.4% 84.4% 91.1% 70.0% 82.7%

RoSA 6.82M 72.0% 86.5% 76.5% 81.5% 91.6% 84.4% 91.4% 79.7% 82.9%

LLaMA3 RaSA 6.82M 71.5% 87.2% 76.4% 81.4% 91.5% 86.2% 90.9% 77.8% 82.9%
(8B) GraLoRA 6.82M 72.7% 86.2% 77.0% 81.3% 92.4% 85.0% 91.4% 80.4% 83.3%
MiLoRA 6.82M 72.6% 87.2% 76.0% 82.1% 91.4% 85.8% 91.2% 80.2% 83.3%

DenseLoRA 4.19M 72.9% 87.2% 77.9% 81.5% 92.2% 84.8% 91.6% 80.8% 83.6%

G-LoRA,4 6.82M 72.7% 86.6% 77.9% 82.8% 93.3% 87.8% 92.7% 81.8% 84.4%

G-LoRA undomsvd 6.82M 73.7% 88.2% 78.4% 83.1% 93.3% 85.6% 92.8% 81.8% 84.6%

Table 1: Accuracy comparison of different PEFT methods across eight commonsense reasoning tasks.

sulting update matrix is given by AW = G+L,,,,
whose rank satisfies 3r < rank(AW) < 5r.

Proof. Proof can be found in the Appendix A. [

Remark 1. The above bounds hold without assum-
ing any orthogonality between the global update
matrix G and the local update matrix L. Orthog-
onality is sufficient for achieving the upper bound
of br; in contrast, the lower bound of 3r follows
from standard rank inequalities and holds in the
absence of additional structural assumptions.

Compared with standard LoRA, whose update
matrix has rank at most 2 under the same param-
eter budget, the decoupled global-local design of
G-LoRA admits a larger effective rank 3r—5r. This
analysis suggests that G-LoRA can allocate rep-
resentational capacity more flexibly across global
and local updates, thereby improving expressive-
ness while maintaining parameter efficiency. The
algorithmic procedure is provided in Appendix B.

4 Experiments

Following LLM-Adapters (Hu et al., 2023), we fine-
tuned LLaMA2-7B/13B and LLaMA3-8B on Com-
monsense 15K and Math10K, and evaluated their
performance across 15 sub-tasks. For the code gen-
eration task, we fine-tuned LLaMA3-8B-Instruct

and Qwen2.5-7B on the CodeAlpaca-20K (Chaud-
hary, 2023) dataset and reported results on the
MBPP (Austin et al., 2021) and HumanEval (Chen
et al., 2021) benchmarks.

4.1 Experiments Setting

We compare G-LoRA with eight low-rank adap-
tation baselines, namely LoRA (Hu et al., 2021),
DoRA (Liu et al., 2024a), PiSSA (Meng et al.,
2024), RoSA (Hameed et al., 2024), RaSA (He
et al.,, 2025), GraLoRA (Jung et al., 2025),
MiLoRA (Wang et al., 2025), and DenseLoRA (Mu
et al., 2025). Other PEFT methods discussed in
Section 2.2 belong to adaptation paradigms that
are fundamentally different from the LoRA fam-
ily. Since these methods do not rely on low-rank
parameter updates, they are not included in our ex-
perimental comparison. To maintain consistency in
memory usage across all evaluated methods, we set
the rank (r = 8), use a batch size of 4, and fine-tune
only the Q, K, V, and O weight matrices for 10
epochs. More detailed hyperparameter configura-
tions are provided in Appendix C.

4.2 Commonsense Reasoning

Table 1 presents the performance of G-LoRA on
LLaMA2-7B/13B and LLaMA3-8B compared to
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Base Models | Methods | Params | MultiArith GSM8K AddSub AQuA  SingleEq SVAMP MAWPS | Avg

LoRA 8.39M 97.3% 40.8% 90.0% 26.0% 93.3% 55.0% 87.0% 70.0%

DoRA 8.91M 97.3% 42.2% 89.9% 28.3% 92.3% 56.5% 87.0% 70.5%

PiSSA 8.39M 96.3% 41.3% 90.0% 26.0% 92.1% 58.9% 86.6% 70.2%

RoSA 8.39M 95.3% 44.4% 90.0% 25.6% 91.5% 58.1% 87.8% 70.5%

LLaMA?2 RaSA 8.39M 96.5% 41.5% 89.9% 25.6% 89.0% 58.2% 85.3% 69.4%
(7B) GraLoRA 8.39M 96.8% 42.5% 88.9% 29.9% 90.0% 56.1% 85.7% 70.0%
MiLoRA 8.39M 96.3% 41.8% 87.3% 23.2% 91.7% 56.9% 85.3% 68.9%

DenseLoRA 4.16M 98.2% 43.1% 89.1% 26.0% 94.7% 56.5% 88.7% 70.9%

G-LoRA,4 8.39M 97.5% 44.8% 90.1% 24.0% 91.7% 59.7% 88.2% 70.9%

G-LoRA andomsva 8.39M 98.2% 45.6% 90.4% 28.0% 92.3% 61.1% 87.0% 71.8%

LoRA 13.11M 96.3% 53.8% 91.4% 23.6% 95.1% 64.4% 87.0% 73.1%

DoRA 13.93M 96.7% 54.2% 89.9% 27.6% 95.1% 65.8% 87.0% 73.7%

PiSSA 13.11M 97.3% 53.8% 91.4% 26.8% 94.7% 66.4% 87.4% 73.9%

RoSA 13.11M 97.5% 52.2% 88.6% 27.6% 94.9% 61.8% 86.1% 72.7%

LLaMA?2 RaSA 13.11M 97.7% 54.4% 91.1% 29.5% 93.7% 67.1% 89.1% 74.6%
(13B) GraLoRA 13.11M 98.8% 53.4% 90.6% 25.2% 93.5% 66.7% 86.6% 73.6%
MiLoRA 13.11M 97.7% 52.5% 91.1% 25.2% 94.1% 65.7% 87.0% 73.3%

DenseLoRA 521IM 97.2% 52.5% 91.4% 26.8% 93.5% 66.4% 86.1% 73.4%

G-LoRA,4 13.11M 99.2% 56.9% 91.6% 25.6% 94.5% 69.9% 89.5% 75.3%

G-LoRA  sndomsvd 13.11M 99.3% 56.7% 91.9% 24.0% 94.9% 68.7% 88.7% 74.9%

LoRA 6.82M 98.2% 65.6% 91.6% 30.3% 95.9% 73.2% 89.5% 77.8%

DoRA 7.14M 97.8% 65.4% 92.2% 32.3% 97.2% 70.8% 89.9% 78.0%

PiSSA 6.82M 98.2% 66.1% 93.4% 29.9% 96.5% 75.2% 91.2% 78.6%

RoSA 6.82M 97.3% 65.8% 93.4% 30.3% 96.3% 76.1% 87.4% 78.1%

LLaMA3 RaSA 6.82M 97.5% 67.5% 90.1% 29.5% 96.7% 76.0% 89.9% 78.2%
(8B) GraLoRA 6.82M 98.7% 66.8% 92.4% 29.5% 97.2% 76.8% 89.9% 78.7%
MiLoRA 6.82M 98.0% 65.9% 91.4% 29.5% 95.9% 72.9% 89.5% 77.6%

DenseLoRA 4.19M 98.2% 68.3% 93.7% 27.8% 96.3% 76.2% 90.3% 78.7%

G-LoRA,; 6.82M 97.5% 68.3% 93.9% 31.1% 96.5% 79.2% 92.0% 79.8%

G-LoRA andomsva 6.82M 98.7% 67.5% 94.9% 31.5% 96.9% 74.9% 92.0% 79.5%

Table 2: Accuracy of PEFT methods on seven mathematical reasoning tasks.

several baseline methods. Under the same parame-
ter budget, G-LoRA achieves superior or competi-
tive results, indicating robust performance across
varying model capacities and task settings. On
LLaMAZ2-7B, G-LoRA attains an average accuracy
of 79.6% with SVD initialization and 79.5% with
randomized SVD initialization, representing an im-
provement of approximately 1.8% over LoRA. It
achieves the best performance on BoolQ, OBQA,
and HellaSwag. As the model scale increases
to LLaMA2-13B, G-LoRA exhibits a more pro-
nounced advantage, achieving an average accuracy
of 82.7% and outperforming LoRA (81.0%). A
similar trend is observed on LLaMA3-8B, where
G-LoRA,4nd40msva achieves the highest average ac-
curacy of 84.6%, improving upon LoRA by 1.5%
and attaining the best performance on six tasks.

4.3 Mathematical Reasoning

Table 2 shows the performance of G-LoRA on
LLaMA2-7B/13B and LLaMA3-8B across seven
mathematical reasoning tasks, compared with sev-
eral PEFT methods. G-LoRA demonstrates consis-
tent improvements on most datasets and maintains
stable performance across different model scales.
On LLaMAZ2-7B, G-LoRA achieves average accu-
racies of 70.9% with SVD initialization and 71.8%

with randomized SVD initialization, yielding a gain
of 1.8% over LoRA (70.0%). The performance ad-
vantages of G-LoRA are particularly pronounced
on MultiArith, GSM8K, and SVAMP. When scal-
ing to LLaMA2-13B, G-LoRA continues to benefit
from increased model capacity, reaching an average
accuracy of 75.3%. A similar trend is observed for
LLaMA3-8B, where G-LoRA,, attains an average
accuracy of 79.8%, surpassing LoRA by 2.0%, and
further demonstrating the robustness of G-LoRA
across different base models.

4.4 Code Generation

Table 3 reports the performance of G-LoRA
on the MBPP and HumanEval benchmarks us-
ing LLaMA3-8B-Instruct and Qwen2.5-7B. On
LLaMA3-8B-Instruct, G-LoRA achieves an aver-
age accuracy of 62.2%, outperforming LoRA and
PiSSA by 2.7% and 1.4%, respectively. When
switching to Qwen2.5-7B, G-LoRA maintains
consistent performance on both MBPP and Hu-
manEval, with average accuracies of 74.1% for
G-LoRA,; and 74.5% for G-LoRA ,4ndomsvd-
These results suggest that, by explicitly model-
ing locally critical sub-regions, G-LoRA achieves a
more effective utilization of the limited adaptation
capacity without introducing additional parameters.
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Base Models | Methods | MBPP  HumanEval | Avg

LoRA 62.3% 56.7% 59.5%

DoRA 61.9% 57.3% 59.6%

PiSSA 63.0% 58.5% 60.8%

RoSA 63.0% 54.9% 59.0%

LLaMA3 RaSA 63.0% 55.5% 59.3%
(8B) GraLoRA 60.3% 59.1% 59.7%
Instruct MiLoRA 61.9% 59.1% 60.5%
DenseLoRA 60.3% 50.6% 55.5%

G-LoRA,; 64.6% 59.8% 62.2%

G-LoRA ongomsrd | 642% 59.1% 61.7%

LoRA 72.0% 71.3% 71.7%

DoRA 72.4% 72.6% 72.3%

PiSSA 71.2% 76.2% 73.7%

RoSA 71.2% 69.5% 70.4%

Qwen2.5 RaSA 72.0% 75.0% 73.5%
(7B) GraLoRA 72.8% 75.0% 73.9%
MiLoRA 72.8% 75.0% 73.9%

DenseLoRA 71.2% 76.2% 73.7%

G-LoRAy,4 73.2% 75.0% 74.1%

G-LoRA undomsvd 72.8% 76.2% 74.5%

Table 3: Pass@1 accuracy of PEFT methods on MBPP
and HumanEval benchmarks.

Importance Evaluation Strategy | Avg

Gradient-averaged 70.8%
Fisher Information-based 71.6%
First-order Taylor Approximation-based | 71.8%

Table 4: Ablation study comparing different importance
evaluation strategies under identical model settings.

4.5 Ablation study

We performed all ablation studies by fine-tuning
LLaMAZ2-7B on the Math10K and evaluating per-
formance on eight mathematical reasoning tasks.

4.5.1 Effect of Different Importance
Evaluation Strategies

To analyze the impact of different importance eval-
uation strategies on model performance, we com-
pare three representative strategies under identi-
cal model settings: gradient-averaged, Fisher in-
formation—based, and first-order Taylor approxi-
mation-based. Table 4 shows that the gradient-
averaged strategy yields the lowest performance,
although it still surpasses the LoRA baseline (70%).
The Fisher information—based strategy, which in-
corporates gradient statistics, achieves higher accu-
racy. The first-order Taylor approximation—based
strategy attains the best performance, indicating
that leveraging the local sensitivity of the loss to
parameter perturbations more effectively identifies
critical regions that influence model performance.

4.5.2 Influence of Ranks

Table 5 shows the performance of different low-
rank adaptation methods under varying rank bud-

Method | Rank-8 Rank-16 Rank-32
LoRA 70.0% 70.1% 71.9%
PiSSA 69.6% 70.8% 71.1%
RoSA 70.5% 70.2% 71.5%
G-LoRA;,s 70.9% 71.5% 72.5%
G-LoRA sndomsva 71.8% 71.7% 72.7%

Table 5: Accuracy of LoRA, PiSSA, RoSA, and G-
LoRA across varying rank configurations.

G-Adapter Init | L-Adapter Init | Avg

Top Top 70.4%
Bottom Bottom 71.6%
Top Bottom 70.9%
Bottom Top 71.8%

Table 6: Ablation results analyzing different initializa-
tion strategies for the G-Adapter and L-Adapter.

gets. Both variants of G-LoRA outperform the
baseline methods under the same rank settings.
This advantage is already evident at a low rank
setting (rank 8), where G-LoRA,; achieves a 0.9%
improvement over LoRA, while G-LoRA ,4,40msvd
further increases the accuracy to 71.8%. As the
rank increases, this performance gap remains sta-
ble and slightly widens, indicating that G-LoRA is
able to exploit additional rank capacity more effec-
tively than existing methods. Overall, these results
demonstrate that G-LoRA leverages a global-local
decoupled structure to allocate ranks differentially
within the update matrix, achieving more effective
parameter utilization under the same rank budget.
In addition, by restricting re-initialization to pro-
gressively shrinking local critical regions and lever-
aging randomized SVD, G-LoRA incurs only a
modest ~ 8% increase in training time compared
to LoRA, as analyzed in Appendix E.

4.5.3 Impact of Initialization Strategies on
G-Adapter and L-Adapter

We explore the effect of initialization strategies
on the global (G-Adapter) and local (L-Adapter)
adapters, as shown in Table 6. Initializing G-
Adapter with smaller singular values and L-Adapter
with larger singular values (Bottom—Top) achieves
the best average performance of 71.8%, while us-
ing small singular values for both adapters (Bot-
tom-Bottom) yields a comparable performance of
71.7%. These results indicate that small singular
value initialization for the G-Adapter helps pre-
serve global stability, whereas large singular value
initialization for the L-Adapter better aligns up-
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Re-init freq | 2 3 4 5 None Method Type EBER
G-LoRA;,4 709 713 712 705 703 LoRA Standard LoRA 5.57
G-LoRA sugomsva | 71.8 709 712 71.1 70.4 DoRA Direction-Magnitude Decoupling 5.54
PiSSA SVD Initialization 7.78
Table 7: Performance under different values of Re- RaSA Shared Adapter 18.22
itializati hich d h ber of h RoSA Epoch-wise Merge 43.25
initialization freq, w 1.c enlot.e.s t. € n.um er O fapoc S GraLoRA  Block Decomposition 13.14
between two consecutive re-initialization operations. -
G-LoRA  Global-Local Decoupling 137.23

dates with task-relevant directions, enabling more
effective adaptation to critical sub-regions.

4.5.4 Effect of the Re-initialization Schedule

In G-LoRA, the trainable region of the local
adapters is progressively refined during training
through periodic re-initialization. To better under-
stand the impact of this design choice, we evalu-
ate several variants with different re-initialization
frequencies. From Table 7, we observe that rel-
atively frequent re-initialization tends to provide
slightly better performance. In particular, settings
with a re-initialization frequency of 2—4 epochs
generally achieve stronger results, suggesting that
periodically refining the trainable region can im-
prove adaptation effectiveness. Notably, even when
re-initialization is completely disabled, G-LoRA
still achieves 70.4%, outperforming LoRA (70.0%).
This confirms that the global-local decoupling ar-
chitecture itself is effective, while periodic re-
initialization provides further improvements.

4.5.5 Efficiency and Scalability

We analyze the computational overhead of G-
LoRA, and provide detailed results in Appendix E.
Overall, G-LoRA introduces only a modest addi-
tional cost compared to standard LoRA. It adds
approximately one minute of training time per
epoch in our single-GPU setting, mainly due to
lightweight reordering operations, and remains a
relatively small fraction of the overall training time.
In addition, we further examine the scalability of G-
LoRA and analyze its implications for distributed
training, as detailed in Appendix J.

4.5.6 Effective Rank Analysis

To evaluate how different parameter-efficient fine-
tuning methods utilize the available subspace,
we compute the Entropy-Based Effective Rank
(EBER) (Roy and Vetterli, 2007) of the weight up-
dates on LLaMA2-7B with rank 8. Appendix F
provides a detailed definition of EBER.

As shown in Table 8, G-LoRA significantly in-
creases the effective rank of the update matrix, in-
dicating that the energy of the weight updates is

Table 8: Entropy-Based Effective Rank (EBER) of up-
date matrices under rank 8 on LLaMA2-7B.

distributed across a significantly larger number of
singular directions. In contrast, conventional low-
rank methods tend to concentrate the update energy
in a limited set of dominant components. These
results empirically supports our theoretical analy-
sis that the global-local decoupled design enhances
subspace expressivity. By enabling more diverse
directional updates, G-LoRA can better capture
complex task-specific variations while maintaining
parameter efficiency.

5 Conclusions

In this paper, we propose G-LoRA, which intro-
duces a global-local decoupling structure into low-
rank adaptation to better focus adaptation capacity
on critical sub-regions. We theoretically derive up-
per and lower bounds on the rank attainable by the
decoupled updates, providing insights into the ex-
pressive advantages of this design. Experimental
results show that G-LoRA consistently outperforms
LoRA and its variants across a series of NLP bench-
marks. As future work, we plan to further inves-
tigate the benefits of the global-local decoupling
structure for mitigating catastrophic forgetting.

6 Limitations

The experimental evaluation in this work is limited
to a single language (English) and a single modality
(text). As a result, the applicability of G-LoRA to
multilingual settings or to other modalities is not
directly assessed and remains to be explored. In ad-
dition, the allocation ratio between the G-Adapter
and the L-Adapter is determined empirically in
our experiments, rather than being optimized or
adapted automatically across tasks.
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A Proof of Proposition 1

Proposition 1. Assume that the global update
matrix G € R"™*" satisfies rank(G) = r. Sim-
ilarly, let the local update matrix L € RT*%
satisfy rank(L) = 4r, which requires "} > 4r
and % > 4r, ie, m,n > 16r. To make the
two matrices compatible for addition, L is zero-
padded to match the dimensions of G, yielding
L = E')' g] Since zero-padding does not al-
ter matrix rank, we have rank(Ly.,,) = 4r. The re-
sulting update matrix is given by AW = G+L,,,,
whose rank satisfies 3r < rank(AW) < 5r.

Proof. We first observe that zero-padding does not
change the rank of L, and therefore rank(Lyey ) =
rank(L) = 4r.

Upper bound. For any two matrices A and B of
the same size, the subadditivity of rank implies that
rank(A + B) < rank(A) + rank(B).

Applying this to A = G and B = L,y yields
rank(AW) = rank(G + Lyew) < 7 + 4r = 5r,
which proves the desired upper bound.

Lower bound. A standard inequality for ma-
trix ranks also gives |rank(A) — rank(B)| <
rank(A + B). Substituting A = G and B =
Lyew yields rank(AW) = rank(G + Lpew) >
| r — 4r | = 3r, establishing the lower bound.

Tightness of the bounds. We demonstrate that
both the upper and lower bounds are achievable.

(i) Achievability of the upper bound 5r. If the
nonzero components of G lie in a block disjoint
from the support of Ly, and if the row and col-
umn spaces of the two matrices are chosen to be
independent, then their ranks add:

rank(G+ Lypey ) = rank(G) +rank(Lyey) = 57

(ii) Achievability of the lower bound 3r. Within
the upper-left % x 7 sub-matrix (the support of
L), one may choose a basis in which L has 4r
independent directions. Construct G such that its
row and column spaces are contained within 7-
dimensional subspace of those of L, and choose G
to cancel r linearly independent directions within
this shared subspace.

rank(G + Lyew) = 4r —r = 3r
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Conclusion. Combining the above results yields
the tight rank bounds 3r < rank(AW) < 5r,
completing the proof. O

B Algorithm of G-LoRA Training

To facilitate reproducibility, we provide the training
procedure of G-LoRA in Algorithm 1, including
the optimization of the global adapter (G-Adapter)
and local adapter (L-Adapter) and the iterative re-
initialization of the L-Adapter to focus on locally
critical sub-regions.

Algorithm 1 G-LoRA Training
Input: pretrained weight matrix Wy € R™*",
global rank r4, local rank r;, epochs T, re-
initialization frequency f.
Output: residual weight matrix W s, G-Adapter
low-rank update G 5, Gp, L-Adapter low-rank up-
date LY, L%

1: Compute SVD of Wy = UXV '

2: Initialize global factors:

Ga ¢+ U, =/

[—rg:,—Tg1]

Gp 2[113“ L—rgi [=rgi]
3: Update Residual weight matrix:

Wies = WO - GrAC‘}B
4: Set initial permutations:

w0 (0,...,m—1), w0« (0,...,n—1)
5: for epoch¢ =0to T do
6: if i mod fre = O then
7: if ¢ # 0 then
g:
9

Merge local updates into W
Compute importance scores (Eq. 9)

10: Derive row/col reordering (7., %)
11 Reorder W5 + Wos[ml (][, 7]
12: m <+ |m/2|,n < |n/2]
13: end if
14: Compute SVD of WLZZ”} =UxV’
15: Initialize local factors:

LA ¢ Uy

Ly B0y Vi
16:  endif
17:  for each batch (x,y) do
18: Reorder input features: x’ = x|[:, 7]
19: Compute output according to Eq. 2
20: Restore output order: y = y'[:, (7w%) ™!
21 Compute loss L(y,y)
22: Update G 4, G, LYy, LY
23:  end for
24: end for

25: l‘etlll‘n Wres, GA7 G37 LE’ Lg

Base Model

Initialization

| LLaMA2-7B/13B |

LLaMA3-8B

| SVD  RandomSVD (4x) SVD

RandomSVD (4x)

Tg T
LR

LR Scheduler
Epochs

Rank

Optimizer

Batch size

‘Warmup steps
Dropout rate
Re-initialization freq

3:1
le-4
Linear
10
8
AdamW
4
500
0.05
2

Table 9: Hyperparameter configurations of G-LoRA
on LLaMA2-7B, LLaMA2-13B and LLaMA3-8B on
commonsense reasoning tasks.

Base Model

Initialization

| LLaMA2-7B/13B | LLaMA3-8B
‘ SVD RandomSVD (4x) SVD RandomSVD (4x)

Tg T
LR

LR Scheduler
Epochs

Rank

Optimizer

Batch size

‘Warmup steps
Dropout rate
Re-initialization freq

1:3 1:3 3:1
3e-4
Linear
10
8
AdamW
4
500
0.05

2

3:1

Table 10: Hyperparameter configurations of G-LoRA
on LLaMA2-7B, LLaMA2-13B and LLaMA3-8B on
mathematical reasoning tasks.

Base Model

Initialization

‘ LLaMA3-8B-Instruct ‘ Qwen2.5-7B
‘SVD RandomSVD (8x) SVD RandomSVD (8x)

Tg Ty
LR

LR Scheduler
Epochs

Rank
Optimizer
Batch size
‘Warmup steps
Dropout rate

1:3 1:3 3:1 3:1
2e-5 le-5 le-5 le-5
Linear
10
8
AdamW
4
500
0.05

Re-initialization freq 2

Table 11: Hyperparameter configurations of G-LoRA
on LLaMA3-8B-Instruct and Qwen2.5-7B on code gen-
eration tasks.

C Experiments Setting

All experiments were conducted on a single
NVIDIA A6000 GPU (48GB). For each config-
uration, we report results from a single run with a
fixed random seed of 42, following common prac-
tice in Natural Language Processing. We summa-
rize the hyperparameter configurations of G-LoRA
across different tasks and base models in Tables 9,
10, and 11. These tables report the training and
structural choices adopted for G-LoRA in our ex-
periments. The hyperparameter configurations for
the compared methods are summarized in Table 12,
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Task ‘ Commonsense ‘

Mathematical ‘

Code

Base Model | LLaMA2-7B/13B/LLaMA3-8B | LLaMA2-7B/ 13B /LLaMA3-8B | LLaMA3-8B-Instruct / Qwen2.5-7B

Method ‘ PiSSA, RoSA, GraLoRA  Other All MiLoRA DenseLoRA Other
LR 2e-4 le-4 3e-4 3e-5 le-5 5e-5
LR Scheduler Linear

Epochs 10

Rank 8

Optimizer AdamW

Batch size 4

Warmup steps 500

Dropout rate 0.05

Table 12: Hyperparameter configurations for all methods across different tasks and base models.

which follow prior studies or correspond to the best
results obtained through hyperparameter tuning.

For model selection, we construct a validation
set by randomly sampling 1200 instances from the
official training split of each benchmark task. The
validation set is used solely for hyperparameter
verification and checkpoint selection, and is not
included in the training set. This protocol follows
a similar practice adopted in prior work (Hu et al.,
2023), which typically uses smaller validation sub-
sets (e.g., 120 instances).

Across all experiments, the total low-rank adap-
tation budget is fixed to » = 8. AdamW is used as
the optimizer with linear learning rate decay and
500 warmup steps, and training is performed for 10
epochs. The batch size is set to 4 (as experiments
are conducted on a single GPU without gradient
accumulation, this is also the effective batch size
for parameter updates). To improve training sta-
bility, dropout rate is set to 0.05. In addition, the
local adapter is periodically re-initialized every 2
epochs to refresh local low-rank subspaces during
optimization.

Regarding the internal structure of G-LoRA, the
relative rank allocation between the global adapter
and the local adapter (7, : 1) is adjusted in a task-
dependent manner. For commonsense reasoning
tasks, a global-dominant configuration is adopted
to encourage more global low-rank adaptation over
the parameter space. In contrast, for mathemati-
cal reasoning and code generation tasks, either a
local-dominant or a model-dependent allocation is
employed, reflecting the stronger reliance of these
tasks on localized representations.

Finally, we consider two strategies for initial-
izing low-rank bases. Besides SVD-based initial-
ization, a randomized SVD variant is used, which
accelerates basis construction via an oversampling

factor (denoted as k£x) and is well suited to the
periodic re-initialization mechanism in G-LoRA.

D Dataset Statistics

We describe the datasets used for fine-tuning and
evaluation across three tasks. All datasets and re-
lated scientific artifacts used in this paper comply
with the licenses stated in the original papers or
websites and are used solely for research purposes.

D.1 Commonsense Reasoning

Commonsensel5K (Hu et al., 2023) is a reduced-
scale subset of Commonsensel70K provided by
the original benchmark, comprising 15K train-
ing instances. Commonsensel70K is constructed
by formatting the training sets of multiple bench-
marks—including BoolQ, PIQA, SIQA, Hel-
laSwag, WinoGrande, ARC-e, ARC-c, and Open-
BookQA—into unified instruction-style templates.

Dataset | #Examples | Answer Type

BoolQ (Clark et al., 2019) 3270 Yes/No
PIQA (Bisk et al., 2020) 1830 Option
Social IQA (Sap et al., 2019) 1954 Option
ARC-C (Clark et al., 2018) 1172 Option
ARC-E (Clark et al., 2018) 2376 Option
OpenbookQA (Mihaylov et al., 2018) 500 Option
HellaSwag (Zellers et al., 2019) 10042 Option
Winogrande (Sakaguchi et al., 2021) 1267 Option

Table 13: Statistics of evaluation datasets for common-
sense reasoning tasks.

D.2 Mathematical Reasoning

For mathematical reasoning, we use Math10K (Hu
et al., 2023), which includes 10K mathemati-
cal training instances collected from GSMSK,
MAWPS, and MAWPS-single, as well as 1,000 ex-
amples from AQuA. As the original datasets primar-
ily provide equations with final answers, Math10K
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augments these sources with step-by-step reason-
ing annotations generated via zero-shot chain-of-
thought prompting with ChatGPT.

Dataset | #Examples | Answer Type

MultiArith (Roy and Roth, 2016) 600 Number
GSMBK (Cobbe et al., 2021) 1319 Number
AddSub (Hosseini et al., 2014) 395 Number
AQuA (Ling et al., 2017) 254 Option
SingleEq (Koncel-Kedziorski et al., 2015) 508 Number
SVAMP (Patel et al., 2021) 1000 Number
MAWPS (Koncel-Kedziorski et al., 2016) 238 Number

Table 14: Evaluation benchmarks and data statistics for
mathematical reasoning tasks.

D.3 Code Generation

We further incorporate CodeAlpaca-20K (Chaud-
hary, 2023) for code generation tasks. This dataset
consists of approximately 20K synthetically gen-
erated instruction—response pairs, covering a wide
range of programming scenarios and providing su-
pervision for instruction tuning in the code domain.

Dataset ‘ #Examples ‘ Answer Type

MBPP (Austin et al., 2021) 257 Code
HumanEval (Chen et al., 2021) 164 Code

Table 15: Dataset statistics for code generation tasks.

E Computational Cost Analysis

Based on Table 16, we provide a stage-wise analy-
sis of the computational cost of different low-rank
adaptation methods, focusing on initialization, re-
initialization, and standard training.

G-LoRA, PiSSA, and RoSA all rely on singular
value decomposition of the pretrained weights to
construct their initial low-rank subspaces, which
leads to comparable initialization costs across these
methods. Since this operation is performed only
once at the beginning of training, its contribution to
the overall training time remains limited. The main
differences arise during re-initialization. LoRA and
PiSSA do not perform re-initialization and there-
fore incur no additional cost at this stage. In con-
trast, ROSA repeatedly applies singular value de-
composition to full or near-full matrices across mul-
tiple training phases, causing the re-initialization
cost to accumulate with training iterations. G-
LoRA differs in that re-initialization is conducted
only on progressively shrinking local subspaces.
As training proceeds, the size of the matrices in-
volved in the decomposition is gradually reduced,
which substantially lowers the computational cost

of each re-initialization step compared to RoSA.
When the randomized SVD variant is adopted, the
re-initialization overhead can be further reduced to
an almost negligible level. In addition, G-LoRA
introduces a modest additional cost during train-
ing due to the reordering operations applied to the
inputs and outputs. This results in an overhead
of approximately one extra minute over the entire
training process. From an overall cost perspective,
this additional overhead remains minor and does
not introduce a noticeable computational burden
compared to the dominant training cost.

Opverall, the global-local decoupling in G-LoRA
improves model performance while keeping the
computational cost largely unchanged. By sepa-
rating global and local adaptations, the method en-
ables more effective use of model capacity without
introducing substantial additional overhead.

F Entropy-Based Effective Rank

To quantify how the update energy is distributed
across different singular directions, we adopt the
Entropy-Based Effective Rank (EBER) (Roy and
Vetterli, 2007) to evaluate the update matrix.
Given the singular values {o;} of the update
matrix AW, we define a normalized energy dis-

tribution based on squared singular values p; =
2
Za.ia2.' The entropy of this distribution is H =

J " J
— >, pilog p;, and the effective rank is defined as:

EBER(AW) = exp(H).

Intuitively, this metric measures how widely the
update energy is distributed across singular direc-
tions. A higher effective rank indicates that the
update utilizes more meaningful directions rather
than concentrating the energy in only a few domi-
nant components.

G Robustness under Unified
Hyperparameter Configuration

To examine whether the observed improvements
depend on task-specific tuning of internal parame-
ters, we conduct an additional experiment in which
the configuration of G-LoRA is fixed across all
tasks. Specifically, we adopt a unified setting with
a global-to-local ratio of g : [ = 3 : 1 for all
benchmarks and models, without any per-task ad-
justments. This experiment evaluates whether the
proposed architecture remains effective under a
fully shared configuration. As shown in Table 17,
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Method | Initialization | Re-initialization | Training | Total Time
LoRA Ts 0Os 27 min * 10 274 min
PiSSA 6 min 0Os 28 min * 10 283 min
RoSA 6 min 6 min * 4 28 min * 10 312 min
G-LoRA;,, 6 min 2 min * 4 29 min * 10 306 min
G-LoRA  undomsvd 6 min 1.2s *4 29 min * 10 297 min

Table 16: Ablation results for different initialization strategies of G-Adapter and L-Adapter.

even under this unified configuration, G-LoRA
consistently outperforms LoRA and PiSSA across
commonsense reasoning, mathematical reasoning,
and code generation tasks. These results suggest
that the performance improvements primarily stem
from the architectural design of G-LoRA rather
than from task-specific hyperparameter tuning.

Base Model Method Commonsense Math Code
LoRA 77.8 700 -
LL(‘%)AZ PiSSA 78.7 702 -
G-LoRA 78.3 715 -
LoRA 81.0 73.1 -
L%f‘é\g’)*z PiSSA 81.5 73.9 -
G-LoRA 82.7 748 -
LoRA 83.1 77.8 -
LL(agl\é[)M PiSSA 82.7 786 -
G-LoRA 84.6 798 -
LLaMA3 LoRA - - 595
(8B) PiSSA - - 608
Instruct G-LoRA - - 62.2
LoRA - - 717
Qv(vfgfj PiSSA - - 737
G-LoRA - - 746

Table 17: Performance under a unified hyperparameter
configuration (g : | = 3 : 1) without task-specific
hyperparameter tuning.

H Comparison with Sparse Fine-Tuning

Since the proposed method updates selected sub-
regions after reordering, it may appear structurally
similar to sparse fine-tuning methods that restrict
updates to a subset of weights. To provide a clearer
comparison, we compare G-LoRA with a represen-
tative sparse fine-tuning method, SpIEL (Ansell
et al., 2024), under a comparable trainable parame-
ter budget. We conduct the experiment on a math-
ematical reasoning task using LLaMA2-7B, and
report the results in Table 18.

Although restricting updates to reordered sub-
blocks may resemble structured sparsity, the un-
derlying parameterization differs fundamentally.
Sparse fine-tuning limits updates to a subset of pa-
rameters, whereas G-LoRA constrains updates to a

low-rank subspace through factorized matrices. In
G-LoRA, both global and local components are rep-
resented in a low-rank parameterization, enabling
dense yet subspace-structured updates within se-
lected regions. Under comparable parameter bud-
gets, this design yields a +2.2% accuracy improve-
ment over SpIEL on the evaluated task.

Method | Setting | Avg. Acc.
SpIEL-AG density =03% |  69.6
G-LoRA (ours) | =38 71.8

Table 18: Comparison with sparse fine-tuning under
comparable parameter budgets.

I Effect of Batch Size

To further examine whether batch size affects the
relative performance across methods, we increase
the effective global batch size to 16 via gradient ac-
cumulation while keeping all other training config-
urations unchanged. As shown in Table 19, increas-
ing the batch size leads to only minor performance
changes, while the relative ranking among methods
remains unchanged. In particular, G-LoRA con-
tinues to outperform both LoRA and PiSSA under
the larger effective batch size. These results sug-
gest that the performance gains of G-LoRA remain
stable across different batch size settings.

Batch Size = 16 \ LoRA PiSSA G-LoRA (ours)
Avg. Acc. | 69.6 69.1 70.9

Table 19: Performance comparison under a larger effec-
tive batch size.

J Scalability and Distributed Training
Considerations

We discuss the distributed training aspects of G-
LoRA, focusing on the periodic SVD operations
and weight reordering steps.
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J.1 Computation Overhead

All experiments reported in this work were con-
ducted on a single NVIDIA A6000 GPU. The
additional runtime overhead (approximately one
minute) is incurred in this single-device setting,
and detailed wall-clock statistics are provided in
Appendix E. Importantly, the periodic SVD and
reordering operations are applied only to the L-
Adapter, rather than the frozen backbone weights
or the G-Adapter. Although the formulation in the
main text presents reordering over the full weight
matrix for conceptual clarity, this is mathematically
equivalent to permuting only the low-rank factors
of the L-Adapter.

J.2 Distributed Training Feasibility

In a distributed setting with sharded backbone
weights, the method can be implemented without
modifying large-scale model parameters. A practi-
cal implementation strategy is as follows:

* The backbone weights remain frozen and fully
sharded across devices.

* The G-Adapter follows the same structure
as standard LoRA and introduces no addi-
tional communication overhead beyond stan-
dard LoRA.

* The SVD and permutation steps are applied
only to the L-Adapter parameters, which ac-
count for approximately 0.4% of the model
parameters.

Under this design, both computation and com-
munication costs scale with the adapter size rather
than the backbone size. Consequently, the method
does not require global SVD or permutation over
large-scale model weights, making it compatible
with large distributed training setups.

J.3 Optimization Stability

Another concern is that the dynamically updated lo-
cal region may introduce a non-stationary optimiza-
tion objective. In practice, the optimized region is
monotonically shrinking. At each reordering step,
the active local region forms a nested subset of the
previous one, i.e.,

Riv1 C Ry

Parameters outside the current region remain un-
changed. Therefore, the optimization process does

not repeatedly switch between unrelated parame-
ter subsets. Since the loss function itself remains
unchanged and the updates occur within progres-
sively refined subspaces, the overall optimization
landscape is not fundamentally altered.

J.4 Inference Compatibility

Although the algorithm description includes per-
mutation operations for clarity, these operations
are applied only to the L-Adapter parameters in
practice. During inference, the learned low-rank
updates can be merged into the backbone weights
in the same manner as standard LoRA:

W'=W + AB.

As a result, the final inference graph is identical
to that of LoRA, maintaining compatibility with
optimized inference engines such as the vLLM
engine.

K Sensitivity to Training Epochs

The number of training epochs can influence model
performance. While our main experiments fol-
low prior work and adopt 10 epochs (with a re-
initialization frequency of 2), we additionally ex-
amine a shorter training schedule of 3 epochs (with
a re-initialization frequency of 1), as commonly
used in standard fine-tuning.

As shown in Table 20, increasing the number of
training epochs is associated with slight improve-
ments in absolute performance across all methods.
More importantly, the relative ranking among meth-
ods remains consistent under both settings, with
G-LoRA consistently outperforming LoRA and
PiSSA. Notably, the performance gap becomes
more pronounced under the longer training sched-
ule, suggesting that additional training may allow
G-LoRA to better leverage its advantages.

Method 3 epochs 10 epochs
LoRA 69.9 70.0
PiSSA 68.9 70.2
G-LoRA 70.2 71.8

Table 20: Performance under different training epochs.
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