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Abstract

Low-Rank Adaptation (LoRA) is widely used
for parameter-efficient fine-tuning, yet merging
multiple task-specific LoORA updates without
additional training remains challenging. Most
existing LoRA merging methods rely on SVD-
based alignment, which emphasizes globally
shared structure across tasks. In this work,
we show that LoORA merging performance can
be further improved by combining SVD with
CUR decomposition. Through a representation-
level analysis, we find that SVD-based decom-
positions primarily model shared components
across tasks, while CUR-based decompositions
better preserve task-specific and localized up-
dates. These two perspectives are geometri-
cally misaligned and exhibit complementary
advantages, revealing an inherent trade-off be-
tween capturing shared structure and preserv-
ing task-specific information in LoRA model
merging. Guided by this analysis, we propose a
training-free merging procedure that explicitly
combines the shared structure captured by SVD
with the task-specific components preserved by
CUR. Experiments on both vision and language
benchmarks demonstrate consistent improve-
ments over existing gradient-free LORA merg-
ing methods. Our code is available at https:
//github.com/lcytoronto/knots_cur.

1 Introduction

Low-Rank Adaptation (LoRA; Hu et al., 2023)
has become a widely adopted parameter-efficient
fine-tuning (Han et al., 2024) paradigm for adapt-
ing large pre-trained models across both lan-
guage (Dubey et al., 2024) and vision (Radford
et al., 2021) domains. In practice, models are often
fine-tuned independently for multiple downstream
tasks. Supporting multi-task inference, continual
learning, or modular deployment therefore requires
the ability to merge multiple task-specific LoORA
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updates into a single model without performing
additional fine-tunings.

Most existing LoRA model merging methods (I1-
harco et al., 2023a; Yadav et al., 2023) share a
common design principle: task-specific updates
are first aligned into a shared representation space,
the merging operation is then performed. Under
this paradigm, KnOTS (Stoica et al., 2025) fur-
ther formalizes the alignment process as a matrix
decomposition problem, constructing a shared low-
dimensional representation basis for LoORA updates
via singular value decomposition (SVD). In this
representation, updates from different tasks are pro-
jected onto the same set of basis vectors, thereby
achieving consistent alignment across tasks. This
class of approaches implicitly assumes that a sin-
gle global representation basis is sufficient to cap-
ture the structure shared across tasks, serving as
a unified space for model merging. In other train-
ing, transport-based fine-grained matching has also
been shown to alleviate the limitations of coarse
global alignment (Zhang et al., 2025¢; Wu et al.,
2025).

In this work, we revisit LORA model merging
from a representation geometry perspective. Rather
than immediately proposing a new merging algo-
rithm, we focus on examining the representation
bases and geometric structures induced by exist-
ing alignment and decomposition strategies, with
the goal of understanding the assumptions they
make about LoRA updates. Through a systematic
analysis of LoRA-induced weight updates, we un-
cover three key empirical observations. First, the
representation bases induced by SVD and column-
selection-based CUR decompositions are systemat-
ically misaligned at the subspace level, indicating
that they capture different directions in parameter
space. Second, the two decompositions exhibit
complementary advantages, with SVD emphasiz-
ing globally shared structure and CUR better pre-
serving localized, task-specific components. Fi-
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nally, we show that these observations admit a sim-
ple theoretical interpretation based on separating
shared and task-specific structures in LoRA up-
dates, motivating a closer examination of the rep-
resentation assumptions underlying existing LoRA
merging paradigms.

To address the representation-level limitations
identified above, we take an analysis-driven ap-
proach to LoRA model merging that reconsiders
how task-specific updates should be aligned and
combined. Rather than assuming a single shared
representation basis, our work explicitly examines
the geometric and energetic structure of LoRA-
induced weight updates and its implications for
model merging. Our main contributions are:

1. We present a systematic representation-level
analysis, showing that commonly used align-
ment strategies rely on a strong single-
subspace assumption that is not supported
by the geometry of LoRA updates. Through
subspace overlap and energy decomposition
analyses, we demonstrate that different de-
composition strategies prioritize either glob-
ally shared representations or task-specific,
distinctive components, revealing an inherent
trade-off between sharedness and specificity.

2. Guided by these insights, we propose a merg-
ing procedure that explicitly separates and re-
combines globally shared and task-specific
structures in LoRA updates. Our method re-
mains fully training-free.

3. We conduct extensive experiments on both vi-
sion and language benchmarks, covering a di-
verse set of datasets and model architectures.
The results show that our approach consis-
tently improves merging performance over ex-
isting baselines, validating the practical bene-
fits of revisiting representation assumptions.

2 Related Work

Parameter-Efficient Fine-Tuning Parameter-
efficient fine-tuning (PEFT) aims to adapt large
pre-trained models to downstream tasks by updat-
ing only a small subset of parameters, thereby re-
ducing training and storage costs. A foundational
PEFT approach is Adapter Tuning (Houlsby et al.,
2019) that inserts lightweight task-specific layers
while keeping the backbone model frozen. Bit-
Fit (Ben Zaken et al., 2022) further demonstrates

that even updating only bias terms can yield com-
petitive performance, highlighting the redundancy
of full-parameter adaptation. Beyond weight-based
adaptations, prompt-based methods such as Prompt
Tuning (Lester et al., 2021; Liu et al., 2022; Xiao
et al., 2026b) and Prefix-Tuning (Li and Liang,
2021) adapt models by learning task-specific in-
puts rather than modifying model parameters. Sev-
eral approaches have been proposed to improve the
efficiency of Al systems, including layer-specific
tuning (Fan et al., 2025a,b), model pruning (Yu
et al., 2025), data efficiency (Zhao et al., 2026;
Zhou et al., 2024b,a), long-context modeling (Li
et al., 2025b,c; Shi et al., 2026), knowledge distil-
lation (Dong et al., 2026b) and optimizer (Guan
et al., 2025).

LoRA and its Variations Among PEFT meth-
ods, Low-Rank Adaptation (LoRA) (Hu et al.,
2022) has emerged as one of the most widely
adopted approaches due to its simplicity and ef-
fectiveness. Following its success, numerous exten-
sions of LoRA have been proposed to improve effi-
ciency, expressivity, or stability. AdaLoRA (Zhang
et al., 2023b) dynamically adjusts the rank during
fine-tuning based on parameter importance, while
DyLoRA (Valipour et al., 2023) and related meth-
ods (Liu et al., 2024; Wang et al., 2024) introduce
dynamic or sparse updates to the low-rank matrices.
LoRA+ (Hayou et al., 2024) shows that optimal
training requires asymmetric learning rates for the
two low-rank factors, with significantly smaller up-
dates for the projection matrix. LoORA-FA (Zhang
et al., 2023a) further explores this direction by
freezing the projection matrix and updating only
the expansion matrix. Other variants extend LoRA
along orthogonal dimensions, including integrat-
ing Mixture-of-Experts mechanisms (Luo et al.,
2024; Dou et al., 2024; Qing et al., 2024) and de-
composing adaptation matrices into finer-grained
blocks (Ren et al., 2024; Mao et al., 2024; Tian
et al.,2024). A broad spectrum of additional LoRA-
based methods has also been proposed (Li et al.,
2025a; Xiao et al., 2026a; Zhang et al., 2025d;
Zhao et al., 2025a; Zhong and Zhou, 2024, inter
alia).

Model Merging Model merging aims to com-
bine multiple task-specific models into a single
model without additional training. For fully fine-
tuned models, simple linear merging techniques
such as task arithmetic (Ilharco et al., 2023b; Dong
et al., 2026a) and its extensions (Yadav et al., 2023;
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Yu et al., 2024) have been shown to work surpris-
ingly well, a phenomenon often attributed to mode
connectivity (Garipov et al., 2018; Draxler et al.,
2018) and implicit weight disentanglement across
tasks (Ortiz-Jimenez et al., 2023). However, these
assumptions do not readily transfer to peft settings.
In particular, merging LoRA-adapted models is
substantially more challenging, as low-rank con-
straints induce task-specific subspaces that are of-
ten misaligned, leading to severe interference under
naive merging (Tang et al., 2025). Recent work
addresses this by explicitly modeling representa-
tion structure: KnOTS (Stoica et al., 2025) aligns
task updates via an SVD-constructed shared basis,
LoRA-LEGO (Zhao et al., 2025b) reduces inter-
ference through rank-wise decomposition and clus-
tering, and LoRI (Zhang et al., 2025a) enforces
approximate subspace orthogonality during train-
ing. Additional methods improve compositional-
ity (Yin and Wang, 2025) through sparsification or
structured merging (Yadav et al., 2023; Yu et al.,
2024; Miyano and Arase, 2025; Prabhakar et al.,
2025). Despite these advances, most approaches
treat the construction of the shared representation
basis as fixed or method-specific, focusing primar-
ily on how task-specific components are combined.

3 Motivation and Background

3.1 Problem Statement

LoRA-based Parameter-Efficient Fine-Tuning
LoRA (Hu et al., 2022) has become one of the most
widely adopted PEFT techniques due to its simplic-
ity, efficiency, and strong empirical performance.

Instead of updating all parameters of a pre-
trained model, LoRA injects a small number of
trainable parameters by constraining task-specific
updates to be low-rank. Concretely, consider a
pre-trained weight matrix WP?* € R4* in a neu-
ral network layer. LoRA models its task-specific
update as a low-rank decomposition:

AW = BA, (D

where B € R™"™ and A € R"** are trainable
matrices with rank r < min(d, k). We use un-
derlines to denote trainable parameters introduced
by LoRA. The adapted model parameters are then
given by

W =WPL+ AW = WP+ BA,  (2)

where the original pre-trained weights W7 remain
frozen during fine-tuning.

LoRA Model Merging Consider a pre-trained
model with [ layers, parameters are denoted by

ot = (W, WL WY )

Suppose the model is fine-tuned using LoRA on
n different downstream tasks, producing n task-
specific models. For the i-th task, LoRA induces a
set of weight updates

LAWY

Wamy, @

@0 = {AWl(i), .

where AWJ-(i) € R¥* denotes the low-rank update
applied to the j-th layer. The parameters of the ¢-th
LoRA-finetuned model are therefore given by

) = grt 4 ()
— (WP AW WP AW
)
Given a collection of LoRA-finetuned models
{6, ... 0™}, the goal of LoRA model merging
is to construct a single merged model by combining

their task-specific updates. Formally, this amounts
to producing a merged set of updates

T(mcrged)
:{AWI(merged)’ o Avvl(merged)}, (6)

and the corresponding merged parameters without
additional fine-tuning as

e(merged) — gt + 7_(merged). @)

3.2 SVD-based Alignment

KnOTS (Stoica et al., 2025) is a representative for
merging LoRA-finetuned models. For a fixed layer
7, KnOTS first concatenates the task updates along
the column dimension and applies SVD:

svD([Aaw ;.. aw ™))

.
= U5V} = Uj%; [Vj(l) Vj(”)} ®

where U; and XJ; are shared across all tasks, and

each Vj(i) corresponds to the task-specific compo-

nent of AWJ-(i) in the aligned space. Under this
decomposition, each update can be written as

AW = U (V)T ©)

KnOTS then applies an existing model merging
method (e.g., TIES) directly to {V,", ..., V"}
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to obtain a merged representation Vj(merged). The

merged update is reconstructed as

AW(merged) _

merged
et — gy (v )T

(10)
and added to the corresponding pre-trained weights
WJI-’ L By construction, all task-specific updates are
projected into a shared representation space defined
by U, ensuring alignment across tasks.

3.3 Motivation

All the experiments in this section are based on
LoRA Adapters released by Stoica et al. (2025).

3.3.1 Alternative Decompositions

By construction, SVD produces an orthonormal
basis that captures directions with the largest global
variance under a fixed rank constraint. Beyond
SVD, alternative decompositions exist that impose
different structural biases. One such approach is
CUR decomposition that approximates a matrix
AW as

AW ~ CUR, (11)

where C' and R consist of subsets of columns and
rows of AW. Unlike SVD, CUR induces sparse
and data-dependent representation bases.

3.3.2 Geometric Misalignment

Observation 1: SVD and CUR induce systemat-
ically different representation bases that are geo-
metrically misaligned at the subspace level.

In our analysis, SVD constructs a dense orthonor-
mal basis that captures globally dominant direc-
tions of AW, while CUR induces a sparse, data-
dependent basis by selecting columns with the
largest /5 norms. Specifically, for ViT-B/32, we
concatenate LoRA updates (i.e., AW) across at-
tention submodules and select the top-k columns
by norm to form the CUR matrix C, which is then
orthonormalized via QR decomposition.

To quantify the alignment between the bases
induced by SVD and CUR, we measure the overlap
between their corresponding column spaces. Given
the matrices inducing the SVD- and CUR-based
representations, we first extract orthonormal bases
of their column spaces via QR decomposition. Let
Q1 € Rk and Q5 € R¥** denote the resulting
bases. We then compute the singular values of
Q1 Q2 by:

QI Q=UxV"

where the singular values {o;}%_, correspond to
the cosines of the principal angles between the two

(12)
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Figure 1: Overlap ratios of LoRA updates across atten-
tion submodules for each transformer layer..

subspaces. We define the subspace overlap as:

k
Z (13)

which equals 1 when the two subspaces coincide
and decreases as they become more misaligned.

As shown in Figure 1, the overlap remains con-
sistently low across layers and attention modules.
This indicates that the two bases span largely differ-
ent directions in parameter space, reflecting differ-
ent and potentially complementary representation
biases in modeling LoRA updates.

ww

Overlap(Q1, Q2) =

3.3.3 Complementary Energy Capture

Observation 2: CUR and SVD decomposition pro-
vide complementary updates.

The SVD-based merging method introduces a
strong bias toward globally aligned directions,
which can underrepresent task-discriminative or
localized structures in AT (). In particular, when
a task update is concentrated in specific rows or
columns that are not well aligned with dominant
global components, such information may be atten-
uated by SVD projection.

To quantify this information loss during the SVD
merging procedure, we measure the change in task-
specific update energy after SVD projection: given
a shared SVD subspace spanned by U,., we measure
the energy captured by this subspace as

Esyp(AW) = [UU AW %, (14)
and define energy loss as

Eres(AW) = [|[AW||F = |UU, AW |7, (15)

Table 1 reports the original energy of AWj(t),
SVD-project energy FEgyp, energy loss (O-S),
and the fraction of total energy captured, across
datasets. The results show that the energy capture
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Dataset Original Energy SVD Energy O-S Energy Ratio

Cars 31.69 30.34 1.35 0.958
DTD 2.32 1.56 0.76 0.671
EuroSAT 19.40 18.03 1.37 0.929
GTSRB 1.59 1.22 0.37 0.768
MNIST 21.89 20.58 1.31 0.940
RESISC45 1.70 1.34 0.36 0.789
SUN397 4.85 4.28 0.57 0.881
SVHN 37.06 35.96 1.10 0.958

Table 1: Energy retained by SVD projection.

Dataset Original Energy  Projected Energy O-C  Energy Ratio

Cars 31.69 31.48 0.21 0.993
DTD 2.32 2.18 0.14 0.939
EuroSAT 19.40 19.20 0.20 0.990
GTSRB 1.59 1.49 0.09 0.942
MNIST 21.89 21.70 0.19 0.991
RESISC45 1.70 1.61 0.09 0.945
SUN397 4.85 4.72 0.14 0.972
SVHN 37.06 36.88 0.18 0.995

Table 2: Energy retained by CUR projection.

fraction is at 95.8%, with the absolute energy loss
larger than 0.36.

CUR matrix approximation, in contrast, repre-
sents a matrix using a subset of its original rows
and columns. As a result, CUR tends to preserve
localized or task-specific structures in AWJ@ that
may be attenuated by dense low-rank projections.
We perform an analogous energy analysis for CUR-
based projections, with results shown in Table 2.
Note that CUR preserves a significantly higher
fraction of the energy (> 0.939) and causes much
smaller absolute energy loss (O-C<0.21) than SVD.
Taken together with Observation 1, these results
highlight a clear difference in the representation
biases induced by SVD and CUR.

3.3.4 Hybrid Combination is Never Worse

Theorem 1: Let the optimal merged update be
AW™*, and let the SVD- and CUR-based merged
updates be AW VD) and AW (CUR) respectively.
Define their errors (with respect to AW*) as

€5 = AW* — AWBVD),
ce = AW* — AW(CUR),

(16)
an

Then, under the conditions that the two errors are
non-positively correlated:

<657€c>F < 0, (18)

then we can construct a hybrid update:

AW = aAWBEVP) 1 (1 — o) AWCUR) - (19)

such that, for some o € [0, 1], AW has a smaller
(or equal) Frobenius error than using AW VD)
or AW(CUR) qlone when they represent AW*.

Proof. We may express the two non-hybrid updates
as

AWEVD) — AW — ¢, (20)
AW(CUR) — AW* — ¢, 21)

so the hybrid update can be written as
AW = AW* —aes + (1 — a)e..  (22)

The square-norm error for the hybrid method then
becomes

lleal® = ||[AW* — AW|?
= ||aes + (1 — a)ec||2.

(23)
(24)

Under the condition that (e, €.) » < 0, the last line
gives
leall® < o®[lesl? + (1 = a)?[lecl[*.  (25)

We can minimize the right-hand side by taking

|lec||”
=————— €10,1], (26)
|lecl|? + [les] |
so that inequality becomes
[les*[]ec|?
leal < 55— (27)
“ [les] |2+ [lecl[?
< min {[|&|*, [lec[[?},  28)

as the theorem predicts. The equality can be
reached when either ||e4||? or ||es||? is zero. O

Note that Theorem 1 serves to justify why a
hybrid weighting can be beneficial when SVD and
CUR capture complementary information.

4 Method

Motivated by our analysis on the representation as-
sumptions in LORA merging, we propose a merging
procedure that explicitly accounts for both shared
and task-specific structures in LoRA updates.

SVD and CUR Decomposition of LoRA Up-
dates We compute the SVD-based merged up-
date AWSVP following Section 3.2. The CUR-
based merged update is constructed in a parallel
manner.
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Method Datasets Average
Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN
Per-Task Absolute Accuracies of each finetuned model (%)
Full Finetune* 74.0 58.3 99.0 92.7 99.3 88.4 64.5 96.2 84.1
Merged Models Normalized Per-Task Accuracies Against Finetuned Models (%)
RegMean* 80.2 713 37.9 47.3 43.1 70.5 93.9 43.0 60.9
TA* 82.0 73.6 48.8 42.1 53.1 71.5 97.5 41.2 63.7
Fisher* 845 724 44.4 55.8 47.8 70.9 96.1 39.2 63.9
TIES 822 728 49.0 38.4 56.3 68.2 96.9 45.7 63.7
DARE-TIES 82.7 1709 42.9 36.8 56.3 66.5 954 49.3 62.6
KnOTS-TIES 83.8 73.6 48.8 49.2 68.9 67.8 96.0 53.7 67.7
KnOTS-DARE-TIES 83.1 73.0 46.1 45.7 61.3 68.3 95.9 48.2 65.2
CoreSpace-TIES 84.7 76.5 52.2 50.4 67.4 71.2 96.5 50.2 68.6
LoRA-LEGO 824 725 424 41.8 51.0 68.4 96.9 40.0 62.0
Ours-TIES 84.8 735 54.5 41.8 78.8 69.5 97.9 59.1 70.0

Table 3: ViT-B/32 per-task accuracies of merged models normalized against finetuned models (%). Results with *
are taken from Stoica et al. (2025), rest of the results are replicated by ourselves.

We concatenate the task-specific updates
AW®; s AW™] and apply CUR decompo-
sition:

CUR([AaWW; ..., AW ™))
.

=C [UWRW; .. ;U™ R™)] (29)
where C consists of selected columns from the orig-
inal updates, and each R(") represents selected rows
from the original updates. each U®) R(%) represents
the task-specific coefficients in the CUR-aligned
space. We then apply the same merging opera-
tor (TIES) to the set {UMWRW ... UM RM} to
obtain a merged representation (U R)™'8¢, The
CUR-based merged update is reconstructed as

T

AWCUR = C((UR)™™&) . (30)

Residual Energy-Based Weighting We first con-
sider an energy-ratio-based mixing coefficient de-
fined by

ESVD

Qenergy = Wv 3D
where ESVP and ECUR denote the residual ener-
gies of the SVD- and CUR-based merged updates,
respectively. This formulation reflects the relative
contribution of residual energy from each branch.
To obtain a more stable weighting, we convert resid-
ual energy into update magnitude as:

M =VE = |AW||r, (32)

where we take the square root of E because
squared Frobenius norms can over-emphasize large-
magnitude residuals (Golub and Van Loan, 2013).
We then define the final mixing coefficient based
on residual magnitudes as

MSVD

= SVD 1 /CUR"

(33)

Final Merging The final merged update is com-
puted as a convex combination of the two branches:

AW = a AWSYD 4 (1 — o) AWCUR. (34)

5 Results

5.1 Experimental Setup

Benchmark Selection We conduct experiments
on both vision and language benchmarks. For vi-
sion Transformers, we follow prior LORA merg-
ing work and consider a diverse set of image clas-
sification datasets, including Cars (Krause et al.,
2013), DTD (Cimpoi et al., 2014), EuroSAT (Hel-
ber et al.,, 2018), GTSRB (Stallkamp et al.,
2011), MNIST (LeCun, 1998), RESISC45 (Cheng
et al., 2017), SUN397 (Xiao et al., 2016), and
SVHN (Netzer et al., 2011). For language mod-
els, we evaluate on multiple natural language in-
ference (NLI) benchmarks, including SNLI (Bow-
man et al., 2015), MNLI (Williams et al., 2018),
SICK (Marelli et al., 2014), QNLI (Wang et al.,
2019), RTE (Wang et al., 2019), and SciTail (Khot
et al., 2018). These datasets span different data
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Method Datasets Average
SNLI MNLI SICK QNLI RTE SciTail
Per-Task Absolute Accuracies (%)
Full Finetune 925 903 91.6 945 899 965 92.2
Per-Task Accuracies of Merged Models (Normalized)
TIES 923  96.1 662 803 960 949 87.6
DARE-TIES 943 95.1 87.6 692 978 96.8 90.6
KnOTS-TIES 90.3 935 94.6 800 986 979 92.9
KnOTS-DARE-TIES 933  94.1 87.8 70.7 994 96.6 90.8
CoreSpace-TIES 92.1 93.5 93.6 837 992 97.7 93.3
LoRA-LEGO 922 599 690 590 839 833 74.5
Ours-TIES 929 948 932 820 970 979 93.5

Table 4: LLaMA-3 8B per-task accuracies of merged models normalized against finetuned models (%).

Metric Ensemble TA TIES DARE-TIES K-TIES K-DARE-TIES LoRA-LEGO Ours
Hits@1 39.7 4277 437 43.8 47.1 45.5 429 47.9
Hits@3 60.9 64.0 654 66.0 67.9 66.8 64.5 68.6
Hits@5 70.2 7277 73.9 74.2 76.1 75.3 73.5 76.2

Table 5: Joint-task (Union) evaluation on eight vision benchmarks. We report Hits @k over the unified label space

of 748 classes.

sources, label distributions, and reasoning require-
ments, and are commonly used to assess sentence-
level semantic representations. Detailed statistics
for all benchmarks are provided in Appendix A.

Model Selection For vision experiments, we
adopt ViT-B/32 (Radford et al., 2021) as the back-
bone architecture which provides a strong and sta-
ble baseline for image classification tasks. For lan-
guage experiments, we use the Llama-3-8B (Dubey
et al., 2024) model, a representative large-scale
decoder-only language model that has been exten-
sively adopted in recent studies. Both models are
fine-tuned using LoRA and share a common pre-
trained initialization within each modality.

Baseline Selection We compare our method
against a range of representative gradient-free
LoRA model merging baselines including Task
Arithmetic (TA) (Ilharco et al., 2023a), Reg-
Mean (Jin et al., 2023), TIES (Yadav et al., 2023),
DARE-TIES (Yu et al., 2024), KnOTS (Stoicaet al.,
2025), Corespace (Panariello et al.) and LoRA-
LEGO (Zhao et al., 2025b) in our evaluation. These
baselines cover a variety of merging strategies, in-
cluding linear combination, sparsity-based merg-
ing, and subspace alignment methods. Detailed
descriptions of all baseline methods are provided
in Appendix B.

Training Detail Due to space limitation, see Ap-
pendix C for more information.

5.2 Main Results

ViT Results As shown in Table 3, our method
achieves the best overall performance among all
baselines on ViT-B/32, reaching the highest average
normalized accuracy of 70%. Compared to exist-
ing gradient-free LORA merging approaches, our
method consistently improves or matches per-task
performance across datasets, leading to a stronger
merged model overall. Notably, our method sub-
stantially outperforms Fisher-based approaches re-
ported in the table, which require additional train-
ing or task-specific statistics and are therefore
not training-free. These results indicate that our
approach more effectively preserves task-specific
knowledge when merging models.

LLM Results Table 4 summarizes the results
on Llama-3 8B across all NLI tasks. Our method
achieves the best overall performance among all
baselines, reaching the highest average normalized
accuracy of 93.5%. In addition to the strong aver-
age performance, our method attains competitive
or leading results on most of the individual tasks,
demonstrating its effectiveness in merging LoRA-
finetuned LLMs without additional training.
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Figure 2: Comparison between merging in the update-
representation space and merging in the reduced space
after CUR decomposition.

5.3 Other Study
All experiments here are based on VIT-B/32.

Joint-Task Evaluation Beyond per-task evalua-
tion, we further consider a more challenging joint-
task setting to assess whether a merged model
can function as a truly general model. Following
KnOTS (Stoica et al., 2025), this setting evaluates
merged models over the union of inputs and labels
from all eight vision benchmarks, rather than eval-
uating each task independently. Specifically, we
aggregate the label spaces of all eight datasets and
remove duplicates, resulting in a unified label space
with 748 unique classes. Each test image is then
evaluated against this full label set, regardless of
its original dataset.

Due to the large label space and semantic overlap
between classes across datasets (e.g., fine-grained
scene categories), we report performance using the
Hits@k metric. Hits@k measures the fraction of
examples for which the ground-truth label appears
among the model’s top-£ predictions, with Hits@1
corresponding to standard accuracy. Table 5 re-
ports the joint-task results for all merging methods.
Detailed broken down are listed in Appendix E.
Our method consistently outperforms all baselines
across all Hits@k metrics. These results demon-
strate that our approach produces a more effective
general model under joint-task evaluation.

Merging UR vs. Merging R We further compare
two ways of applying CUR-based merging after
the CUR decomposition: merging in the update-
representation space (UR) versus merging directly
in the reduced space (R). In both settings, the CUR
decomposition itself is identical; the only differ-
ence lies in the space where the merge operation
is performed. As shown in Figure 2, merging in

68 1 R ((X=O) \|D ((X=1)

Average (%)

0.0 0.5 1.0

Figure 3: Effect of interpolating between CUR-based
and SVD-based decompostions. The experiment is con-
ducted on VIT-B/32.

UR consistently outperforms merging in R across
all vision benchmarks. The performance gap is
particularly pronounced on tasks with strong task-
specific characteristics, such as MNIST and SVHN.
This indicates that performing merge directly in the
reduced space introduces an additional information
bottleneck, where task-discriminative directions
are suppressed before the merging step.

In contrast, merging in the UR subspace pre-
serves richer task-specific variations induced by
the selected columns in CUR, thereby enabling
the merge operation to more effectively balance
shared and task-specific components. These results
suggest that the effectiveness of CUR-based merg-
ing critically depends on the representation space
in which merging is performed, with UR being a
substantially more favorable choice than R.

Interpolation with CUR We study the effect of
interpolating between SVD-based and CUR-based
updates by varying the interpolation coefficient c.
We sweep o from 0 to 1, where oo = 0 corresponds
to a purely CUR-based update and o = 1 corre-
sponds to a purely SVD-based update. Figure 3
shows the average performance as a function of «
on VIT. We observe a clear unimodal trend: per-
formance improves as « increases from 0, reaches
its peak around o ~ 0.6, and then gradually de-
grades as « approaches 1. This suggests that com-
bining CUR-style and SVD-style updates yields a
stronger merged model than using either decom-
position alone. Detailed per-dataset results are re-
ported in Appendix D.

Combining with Alternative LoRA Merging
Strategies We also explore combining our ap-
proach with alternative LoORA merging strategies
LoRA-LEGO (Zhao et al., 2025b). Detailed exper-
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imental results are reported in Appendix F. We did
not observe consistent performance improvements
surpassing our proposed method. We conjecture
that this is because LoORA-LEGO primarily oper-
ates at the adapter composition level and does not
explicitly address the representation-level trade-off.

6 Conclusions

We revisit LORA model merging from a representa-
tion level perspective and examine the underlying
assumptions in existing training-free merging meth-
ods. Our analysis shows that SVD-based alignment
primarily captures globally shared structure across
tasks while CUR-based decompositions better pre-
serve task-specific and localized updates. Guided
by this insight, we propose a simple training-free
merging procedure that combines the complemen-
tary strengths of SVD and CUR. Experiments on
both vision and language benchmarks demonstrate
consistent improvements over existing LoORA merg-
ing baselines, highlighting the importance of ac-
counting for both shared and task-specific struc-
tures in LORA model merging.

7 Limitations

Our analysis focuses on the geometric structure of
LoRA-induced parameter updates in weight space.
While this representation-level view provides clear
insights into shared and task-specific components,
it does not explicitly account for non-linear interac-
tions introduced by the forward pass or activation
dynamics. Understanding how these geometric
properties translate to function-level behavior re-
mains an important direction for future work. More-
over, our study is primarily grounded in supervised
fine-tuning (SFT) settings, and it is unclear whether
the observed patterns generalize to other adaptation
paradigms, such as reinforcement learning (Zhang
et al., 2025b).
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A Benchmark Statistics

See Table 6.

B Baseline Methods

In this section, we provide detailed descriptions
of all baseline methods used in our experiments.
All baselines are applied in a gradient-free man-
ner and operate directly on LoORA weight updates
{ AWJ@ }, following the LoRA model merging for-
mulation described in the main text.

Task Arithmetic (TA). Task Arithmetic (TA) (IlI-
harco et al., 2023a) merges models by linearly com-
bining their task-specific updates. For each layer j,
TA computes the merged update as

(merged) - (%)
AW, =Y AW,
i=1

where a; > 0 is a scaling coefficient associated
with the i-th task. In practice, TA typically uses a
shared scaling coefficient across all tasks, which
is tuned on a held-out validation set. The merged
update is then added to the pre-trained weights to
obtain the final model.

RegMean. RegMean (Jin et al., 2023) performs
model merging by aligning task updates through a
closed-form regression objective. For each layer,
RegMean estimates a transformation that mini-
mizes the discrepancy between task-specific up-
dates under a locally linear approximation. The
transformed updates are then averaged to produce
the merged update. Unlike TA, RegMean explicitly
accounts for parameter misalignment across tasks
during merging.

TIES. TIES (Yadav et al., 2023) extends Task
Arithmetic by mitigating parameter interference be-
tween task updates. Before merging, TIES prunes
parameters with small magnitudes and resolves
sign conflicts by retaining only parameters that
share a dominant sign across tasks. The remaining
parameters are then linearly combined using scal-
ing coefficients, similar to TA. This procedure aims
to reduce destructive interference during merging.

DARE-TIES. DARE-TIES (Yu et al., 2024) fur-
ther improves robustness by introducing stochastic
sparsification into the merging process. DARE
randomly drops parameters in each task update ac-
cording to a Bernoulli distribution and rescales the
remaining parameters to preserve magnitude. The
resulting sparse updates are then merged using the
TIES procedure. Due to the stochastic nature of
DARE, multiple random seeds are typically eval-
uated, and the best-performing merged model is
selected.

KnOTS. KnOTS (Stoica et al., 2025) is a
subspace-alignment-based approach for merging
LoRA-finetuned models. For each layer, KnOTS
concatenates task updates and applies singular
value decomposition (SVD) to obtain a shared rep-
resentation space. Merging is performed on the
aligned task-specific components, and the merged
update is reconstructed using the shared basis. This
approach enables existing merging methods, such
as TA or TIES, to operate in an aligned space.

Core Space. Core Space Merging (Panariello
et al.) is a low-rank merging framework that per-
forms model merging in a shared core space with-
out reconstructing full weight updates. For each
layer, it derives a common alignment basis from the
LoRA factors, projects task-specific updates into
this reversible low-dimensional space, and then
applies standard merging methods within the pro-
jected representation. Because the projection is
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Dataset Task

#Train #Val #Test

Vision Benchmarks

Cars Image Classification 8,144 - 8,041
DTD Texture Classification 1,880 1,880 1,880
EuroSAT Image Classification 21,600 2,700 2,700
GTSRB Traffic Sign Recognition 39,209 2,640 12,630
MNIST Digit Classification 60,000 - 10,000
RESISC45 Scene Classification 18,900 2,100 6,300
SUN397 Scene Classification 19,850 - 19,850
SVHN Digit Classification 73,257 - 26,032
Language Benchmarks (NLI)
SNLI Natural Language Inference 549,367 9,842 9,824
MNLI Natural Language Inference 392,702 20,000 20,000
SICK Natural Language Inference 4,439 495 4,906
QNLI Natural Language Inference 104,743 5,463 5,463
RTE Natural Language Inference 2,490 277 3,000
SciTail Natural Language Inference 23,596 1,304 2,126

Table 6: Dataset statistics for all vision and language benchmarks used in our experiments.

information-preserving and its dimensionality de-
pends only on the LoRA rank and the number of
tasks, Core Space retains the efficiency of low-rank
adaptation while improving merging accuracy and
reducing computational cost.

LoRA-LEGO. LoRA-LEGO (Zhao et al.,
2025b) is a compositional LoRA merging method
that constructs merged models by selecting and
combining LoRA modules across tasks. It formu-
lates LoRA merging as a modular composition
problem and learns task-specific combinations
without modifying the base model. In our
experiments, we adopt the gradient-free variant of
LoRA-LEGO and apply it following the standard
protocol described in the original work.

C Training Detail

We used a CLIP based ViT-B/32 model from Hug-
ging Face. The original model is finetuned with
LORA using rank 16 and alpha 16. LoRA is
used in query,key,value and output projection layer.
Dropout is set to be 0.1. For our method, we first
finetuned coefficient and top-k for KNOTS-TIES
and CUR with a linear seach by finding the best
co-efficient on a default top-K to be 20, following
pruning top-k with the best co-efficient. The ran-
dom dare seed was set to 421 and big seed was set
to 420.

All of our experiments were conducted on 1
NVIDIA H200 GPUGPU with 150 GB of mem-
ory. Training took approximately 8 hours on VIT
model.

D CUR Interpolation Detail

See Table 7 for detailed numbers.

E Joint Task Performance

See Table 9.

F Combine with LORA-LEGO
See Table 8.

G Use of Large Language Models

Large language models were used only for gram-
matical editing and language polishing. They were
not used for research design, analysis, experiments,
or interpretation.
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a Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN Avg

0.0 81.0 735 52.7 27.1 83.6 62.3 97.4 62.7 675
0.1 821 74.0 53.8 28.1 83.9 63.6 97.6 62.4 682
02 828 74.1 54.5 29.6 83.7 64.6 97.4 62.1 68.6
0.3 835 743 54.9 314 83.6 65.9 97.5 61.7 69.1
04 841 742 55.0 33.6 83.1 66.9 97.7 61.2 695
0.5 843 742 54.7 36.5 82.1 68.0 97.5 60.6  69.7
0.6 845 73.6 54.7 39.7 80.7 69.0 97.5 60.0 70.0
0.7 84.8 73.6 544 42.8 78.3 69.6 97.3 58.8  70.0
0.8 847 734 53.8 45.5 75.8 70.0 96.9 574  69.7
09 844 727 52.4 47.6 72.6 69.3 96.5 55.6 689
1.0 838 737 48.9 50.0 69.0 67.8 96.1 53.8  67.7

Table 7: Effect of SVD mixing ratio « on per-task performance (normalized against finetuned models).

a Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN Avg

00 824 725 42.4 41.8 51.0 68.4 96.9 40.0 62.0
0.1 812 754 46.2 36.6 50.6 67.4 98.3 346 613
0.2 81.7 76.1 47.7 37.9 52.7 68.2 98.5 36.7 624
0.3 827 76.0 49.1 39.5 55.1 68.6 98.4 387 635
04 835 76.0 49.8 41.4 57.5 69.1 98.3 410 64.6
0.5 841 76.0 50.7 43.1 59.9 69.2 98.4 432 656
0.6 844 7438 51.2 44.6 62.2 69.3 98.1 455 663
0.7 84.6 745 514 46.0 64.3 69.4 97.6 477 669
0.8 845 74.6 50.9 473 66.3 69.1 96.9 50.0 675
09 843 738 49.9 48.4 67.6 68.6 96.5 521 677
1.0 838 737 48.8 49.2 69.0 67.8 96.0 53.7 67.7

Table 8: Effect of KNOTS mixing ratio o on per-task performance with LORA-lego model(normalized against
finetuned models).
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Method Metric Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN Union

Hits@l 58.8 394 15.5 30.7 34.0 52.8 62.1 22.7 39.7
Ensemble Hits@3 834 60.0 30.0 553 55.1 77.1 84.1 40.5 60.9
Hits@5 909 71.8 40.0 67.5 66.4 85.5 90.1 50.8 70.2
Hits@l 61.1 40.8 14.6 37.8 31.6 59.4 62.4 27.6 427
TA Hits@3 84.8 63.0 25.6 64.4 47.5 83.2 84.5 47.7 64.0
Hits@5 919 73.1 36.3 76.0 55.6 89.7 90.3 58.0 72.7
Hits@l 60.7 39.6 12.1 355 334 58.7 61.6 329 43.7
TIES Hits@3 850 614 20.6 63.5 48.2 82.7 83.8 53.6 65.4
Hits@5 92.1 723 28.1 75.5 54.0 89.2 89.9 64.2 73.9
Hits@l 612 395 11.6 339 34.0 56.7 60.3 35.0 43.8
DARE-TIES Hits@3 852 61.0 16.1 64.0 49.0 82.3 82.5 57.0 66.0
Hits@5 922 732 18.2 74.5 543 89.0 88.9 67.8 74.2
Hits@l 619 40.8 15.1 45.5 39.2 58.7 60.3 37.1 47.1
KnOTS-TIES Hits@3 857 64.0 20.4 69.8 524 83.6 82.4 57.9 67.9
Hits@5 925 74.6 274 80.3 58.0 90.3 88.7 68.2 76.1
Hits@l 614 403 14.2 423 36.5 58.6 60.5 34.7 45.5
KnOTS-DARE-TIES Hits@3 85.1 63.4 19.3 67.8 51.5 83.9 82.6 55.9 66.8
Hits@5 922 745 250 78.7 57.5 90.4 89.0 66.9 75.3
Hits@l 61.0 40.1 13.2 39.5 29.6 59.3 61.6 29.0 42.9
LoRA-LEGO Hits@3 84.8 62.7 204 66.4 46.6 83.4 83.7 49.8 64.5
Hits@5 91.8 728 26.8 71.8 55.0 89.5 89.9 61.4 73.5
Hits@1 62.8 402 12.5 383 45.0 59.4 61.7 40.0 47.9
Ours Hits@3 86.2 62.0 272 64.5 55.9 83.6 84.0 59.0 68.6
Hits@5 931 73.1 41.3 75.6 60.0 90.2 89.8 67.3 76.2

Table 9: Joint-Task Performances (%). Best results for each dataset and metric are highlighted in bold.
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