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Abstract

Low-Rank Adaptation (LoRA) enables efficient fine-tuning
of large language models but suffers from catastrophic for-
getting when learned updates interfere with the dominant sin-
gular directions that encode essential pre-trained knowledge.
We propose Orthogonal Projection LoORA (OPLoRA), a the-
oretically grounded approach that prevents this interference
through double-sided orthogonal projections. By decompos-
ing frozen weights via SVD, OPLoRA constrains LoRA up-
dates to lie entirely within the orthogonal complement of the
top-k singular subspace using projections P, = I — UpU,’
and Pr = I — ViV, . We prove that this construction exactly
preserves the top-k singular triples, providing mathematical
guarantees for knowledge retention. To quantify subspace in-
terference, we introduce py, a metric measuring update align-
ment with dominant directions. Extensive experiments across
commonsense reasoning, mathematics, and code generation
demonstrate that OPLoRA significantly reduces forgetting
while maintaining competitive task-specific performance on
LLaMA-2 7B and Qwen2.5 7B, establishing orthogonal pro-
jection as an effective mechanism for knowledge preservation
in parameter-efficient fine-tuning.

1 Introduction

The widespread adoption of large language models has
created an urgent need for efficient adaptation techniques
that can specialize pre-trained models for downstream tasks
without incurring prohibitive computational costs (Houlsby
et al. 2019; Lester, Al-Rfou, and Constant 2021; Liu et al.
2022). Low-Rank Adaptation (LoRA) (Hu et al. 2022) has
emerged as a leading method for parameter-efficient fine-
tuning, enabling task-specific customization by learning
low-rank updates to frozen weight matrices while signifi-
cantly reducing memory and compute requirements.
However, despite its computational advantages, LoRA
suffers from a critical limitation: it provides no explicit
mechanism to preserve the essential knowledge encoded in
pre-trained weights, leading to catastrophic forgetting that
degrades general capabilities after task-specific fine-tuning
(Biderman et al. 2024; Yang et al. 2025b; Dou et al. 2024).
This forgetting phenomenon presents a substantial challenge
for real-world deployment, where models are expected to
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retain their foundational knowledge while acquiring new,
task-specific capabilities. The core issue lies in LoRA’s un-
constrained optimization process, which permits learned up-
dates to inadvertently interfere with the principal represen-
tational subspaces of the pre-trained model.

Our key insight is that essential pre-trained knowledge
is concentrated in the dominant singular directions—the
subspaces corresponding to the largest singular values of
weight matrices. By constraining LoRA updates to lie en-
tirely within the orthogonal complement of these critical
subspaces, we can provably prevent interference with pre-
trained knowledge while maintaining expressive capacity
for task-specific adaptation.

We present Orthogonal Projection LoRA (OPLoRA),
which implements this constraint through a simple yet pow-
erful modification: applying orthogonal projections to both
sides of the low-rank update. Our method decomposes pre-
trained weight matrices using Singular Value Decompo-
sition and constructs projection matrices that remove any
component aligned with the top-k singular directions. This
ensures that the learned adaptation AW = PrBAPg lies
entirely in the orthogonal complement of the dominant sub-
space, where P, and Pr are orthogonal projectors onto the
complement of the top-k left and right singular vectors.

We provide theoretical guarantees proving that this con-
struction exactly preserves the top-k singular triples of the
original weight matrices, offering a principled and mathe-
matically grounded solution to the forgetting problem. To
quantify subspace interference, we introduce py, a novel
metric that measures the proportion of update energy resid-
ing within the dominant subspace of pre-trained weights.

Extensive experiments across commonsense reasoning,
mathematics, and code generation on LLaMA-2 7B (Tou-
vron et al. 2023) and Qwen2.5 7B (Yang et al. 2025a)
demonstrate that OPLoRA reduces catastrophic forgetting
while maintaining competitive task-specific performance.
Our approach consistently surpasses existing LoRA variants
in retaining knowledge across diverse benchmarks.

We summarize our contributions as follows:

* We present an analysis of catastrophic forgetting in
LoRA by introducing py, a subspace alignment metric
that quantitatively measures interference with pre-trained
knowledge.

* We propose Orthogonal Projection LoRA, a theoreti-



cally grounded method that provably preserves the dom-
inant singular directions of pre-trained weights through
double-sided orthogonal projections.

e We validate our approach through extensive experi-
ments across three domains and two model architectures,
demonstrating significant improvements in forgetting re-
sistance while maintaining competitive adaptation per-
formance.

2 Related Works
2.1 Low-Rank Adaptation and Extensions

LoRA (Hu et al. 2022) is a foundational method for
parameter-efficient fine-tuning (PEFT) that introduces train-
able low-rank matrices into each weight layer while keep-
ing the pre-trained weights frozen. The core idea is that
task-specific knowledge can be captured through a low-
dimensional subspace, reducing both memory and computa-
tional requirements. Recent work has extended this frame-
work through sophisticated weight decomposition strate-
gies, notably DoRA (Liu et al. 2024), which addresses the
limited expressiveness of vanilla LoRA by decomposing
pre-trained weight matrices into magnitude and direction
components and applying low-rank adaptation exclusively
to the direction component. A parallel line of research has
focused on exploiting the inherent structure of pre-trained
weights through singular value decomposition, with PiSSA
(Meng, Wang, and Zhang 2024) replacing LoRA’s random
initialization with principled construction using the princi-
pal singular vectors and values of frozen weight matrices,
enabling direct modification of the essential subspace and
improved alignment between low-rank updates and full fine-
tuning behavior. In contrast, MiLoRA (Wang et al. 2024)
adopts a complementary approach by explicitly preserv-
ing the dominant subspace of pre-trained weights, perform-
ing SVD on each weight matrix and freezing the principal
components during fine-tuning while updating only the mi-
nor singular components via low-rank adaptation, thereby
constraining initialization to a subspace orthogonal to core
pre-trained knowledge and minimizing interference with es-
sential representations. Additionally, OLoRA (Biiyiikakyiiz
2024) focuses on improving optimization landscapes by ini-
tializing adaptation matrices with orthonormal bases derived
through QR decomposition, constraining updates to well-
conditioned subspaces to promote improved gradient flow
and convergence stability across diverse tasks.

2.2 Catastrophic Forgetting and Knowledge
Preservation

Catastrophic forgetting represents a fundamental challenge
in continual learning and fine-tuning, where models lose pre-
viously acquired knowledge when learning new tasks (Ra-
masesh, Dyer, and Raghu 2020). In the context of large
language models, this phenomenon manifests as degraded
performance on general capabilities after task-specific fine-
tuning, posing significant practical limitations for real-world
deployment. The measurement and mitigation of catas-
trophic forgetting have become critical research directions,
with various approaches emerging to quantify and address
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this problem. Early mitigation strategies focused on regular-
ization and replay mechanisms. Elastic Weight Consolida-
tion (EWC) (Kirkpatrick et al. 2017) constrains training up-
dates with a Fisher information-weighted quadratic penalty
to identify and protect crucial weights from previous tasks.
Learning Without Forgetting (LwF) (Li and Hoiem 2017)
addresses forgetting without retaining old data by recording
the original network’s soft outputs on new-task data, then
training the model to match those pseudo-labels while learn-
ing new labels. Meta-Experience Replay (MER) (Riemer
et al. 2018) combines each incoming example with a small
reservoir of past samples and applies lightweight Reptile
meta-updates that encourage gradient alignment across old
and new data, maximizing transfer while reducing interfer-
ence. Orthogonal Gradient Descent (OGD) (Farajtabar et al.
2020) tackles catastrophic forgetting by constraining every
new gradient step to be orthogonal to the gradient directions
that mattered for earlier tasks. Instead of storing old data, it
stores a compact set of per-task prediction-gradient vectors;
before each parameter update, the current task’s gradient is
projected into the null-space of those stored directions. Re-
cent research has increasingly explored parameter-efficient
fine-tuning techniques as a natural solution to knowledge
preservation. Within the LoRA framework, MiLoRA at-
tempts to preserve dominant pre-trained weights by ini-
tializing LoRA matrices with minor singular components,
constraining adaptation to less critical subspaces. However,
MiLoRA does not explicitly address the problem of catas-
trophic forgetting. The most recent work, LoRA-Null (Tang
et al. 2025), mitigates catastrophic forgetting by leverag-
ing the null space for adapter initialization and constructing
LoRA adapters from projections of pre-trained weights onto
the null space of representative activations to ensure that up-
date directions do not interfere with pre-trained knowledge.

3 Methodology
3.1 Preliminaries: Low-Rank Adaptation (LoRA)

Consider a pre-trained weight matrix W € RuXdin [ oRA
proposes that task-specific adaptation can be achieved by
learning a low-rank update AW = < BA instead of updat-
ing the full matrix. The forward pass becomes:

h =Wz + AWz = Woz + %BAJJ, )
where B € R%u*X" and A € R™%n are trainable matrices,
and 7 < min(doy, din) is the rank. The scaling factor «
ensures the update is appropriately scaled.

During fine-tuning, Wy remains frozen while gradients
only flow through A and B. This strategy significantly re-
duces the number of trainable parameters and enables effi-
cient adaptation, particularly for large models. LoRA nor-
mally preserves the pre-trained model’s behavior by initial-
izing A with Kaiming-uniform (He et al. 2015) values and
setting B = 0.

3.2 Understanding and Quantifying Forgetting in
LoRA

While LoRA effectively reduces parameter count, it does not
explicitly account for the distribution of information in Wj.
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Figure 1: Comparison of standard LoRA (left) and our proposed OPLoRA (right). The pre-trained weight matrix W is de-
composed via singular value decomposition (SVD) as W = UXV . During fine-tuning, the standard LoRA update BA is
sandwiched between two frozen projection matrices, P;, = (I — UpU, ,;r Yand Pp = (I — Vj VkT). This structure constrains
the low-rank adaptation to lie in the orthogonal complement of the pre-trained dominant subspace, mitigating interference with
essential model knowledge and reducing catastrophic forgetting.

In practice, fine-tuning with LoRA can lead to catastrophic
forgetting, where essential knowledge encoded in the pre-
trained model is overwritten during adaptation fine-tuning.

The forgetting phenomenon is often implicit and hard to
quantify. To better understand it, we analyze the learned
adaptation AW relative to the singular directions of Wj.
Specifically, we ask: Does the LoRA update interfere with
the most important components of the W?

To answer this, we leverage the Singular Value Decompo-
sition, which decomposes the weight matrix W} into:

Wo=UXV", 2

where U and V' are orthogonal matrices, and X is a diag-
onal matrix of singular values sorted in descending order.
The leading k left singular vectors, Uy, € R4uxk define the
principal column subspace of W}, embodying the directions
with maximal spectral energy or task-critical information.

Empirical observations (Li et al. 2018; Aghajanyan,
Zettlemoyer, and Gupta 2020; Hu et al. 2022) show that sin-
gular values of W decay rapidly, meaning the essential se-
mantics of the layer are concentrated in a low-dimensional
subspace. However, since the LoRA weight is unconstrained
during training, the resulting update AW may interfere with
these top directions—modifying them and causing loss of
important pre-trained knowledge.

To make this interference measurable, we define a sub-
space alignment metric pg, which quantifies how much of
AW lies within the top-k singular directions of Wj,.

Let Qr = UU, kT denote the orthogonal projector onto
the column space of W. Then, we can decompose the LoORA
update AW as:

AW = QAW + (I — Q) AW, 3)

where the first term lies within the column space of W, and
the second term lies in its orthogonal complement. Using the
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Pythagorean property of orthogonal projections, we have:

AW % = [|QRAW|[F + (I — Qu) AW |, (4)
Then we define:
| QAW |7,
= o €10,1], ©)
AW ][5

which measures the proportion of the updated spectral en-
ergy that lies within the original top-k column space of W.

A value of p;, — 1 implies that the LoRA update stays
mostly in the original subspace and may risk interfering
with pre-trained features. Conversely, pr, — 0 indicates
that the update explores directions orthogonal to the pre-
trained space—potentially enabling new task-specific rep-
resentations while preserving prior knowledge.

3.3 Preserving Pre-trained Knowledge via
Orthogonal Projection

To avoid disrupting the dominant directions of Wy, we con-

fine the LoRA update to the orthogonal complement of its

top-k subspace. Let Uy, € R%u«** be the matrix of the top-k

left singular vectors of Wy (k is a hyperparameter). Define

the orthogonal projector onto the complement of span{ U} }

P=I-U,U,. (6)
We will show that the LoRA update AW = PBA is en-
tirely confined to this complementary subspace, ensuring it

contains no components along the dominant & singular di-
rections.

Proposition 1. Let U/;, € R%«*¥ be an orthonormal basis
for the top- left singular vectors of Wy € R%u*dn Define
the orthogonal projector onto the complement of span{Uy }
as P = I — UyU,. For every LoRA update AW = PBA
and any input vector z, the output AWz = PBAx resides
completely in the orthogonal complement of span{Uy}, i.e.,

U, (PBAz) =0 forall . 0



Proof. We first verify that P is a projection matrix: P? =
(I—UkUJ)Q = I—QUkUkT—FUkUJUkUkT = I—UkU];r
P, since U, Uy = I.

Now for any input 2 € R%», the LoRA output is AWz =
PBAzx. We show that this vector is orthogonal to span(Uy,)
by checking:

U, (PBAz) = U/ (I — U U, )BAx
= (U} - U U, )BAx
= (U, — U, )BAx
=0.

Hence, AWz € span(Uy)*, and the LoRA update does
not interfere with the dominant subspace of the original
weight matrix. |

While Proposition 1 guarantees that the LoRA update
AW = PBA does not inject any output into the top-k left
singular directions of W), it is natural to ask whether any
stronger preservation property holds. In particular, does the
use of the projection P = I — U, U, preserve the original
singular vectors u; or the singular values o;?

The answer is no. Even though AWz is orthogonal to
span(Uy) for every x, this alone does not guarantee that
adding AW preserves the top-k singular vectors or singu-
lar values of the updated weight matrix W’ = Wy + AW.
To see this, assume for contradiction that W/u; = o;v; for
some ¢ < k. Then we would imply

®

However, this conclusion does not follow from Proposi-
tion 1, because AWwu; need not be zero—it only lies in
span(Uy)*. Hence, the top-k left singular vectors of Wy are
generally not preserved.

This leads to a stronger goal: can we preserve each com-
plete singular triple (u;,0;,v;)? We can — by projecting
on both sides. Constraining AW to the orthogonal comple-
ments of the top-k left and right singular subspaces guaran-
tees that the top- k singular vectors and singular values of
Wy remain intact. We now state and prove this claim for-
mally.

!
w U; — W()ui = 0;V; — O0;V; = 0.

Proposition 2. Let W, € R%u*dn admit the singular
value decomposition

Wo=USVT =USV, +U. S, V], ©)

where Uy, = [uq, ..., ug], Vi = [v1,...,vi] collect the top-
k left and right singular vectors, ¥, = diag(o1,...,0k)
with oy > -+ > o, > 0,and U ,X |, and V| contain
remaining singular triples. Define the orthogonal projectors
on the complements of the dominant subspaces:
P,=1-UU), Pr=I-V,V,/ . (10)
Construct the LoRA update as AW = PpBAPg for ar-
bitrary matrices A and B, and set updated weight matrix
W' = Wy + AW. Then, foreveryi =1,...,k,
W) Tu; = o405,

(1)

!
w Vi = 03U,
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or equivalently,
Ul W'V = %y (12)
Thus the top-k singular vectors and their corresponding sin-

gular values of W remain exactly preserved after the up-
date.

Proof. By the definitions of P, and Pg, we have:
PLU, =0, U'P,=0, PRV, =0, V,/Pr=0.
Applying the identities above: )
AWV, = PLBA(PrVy) = PLBA-0=0, (14)
AW'TU, = PRATBT (P U,) = PRA"BT -0=0, (15)
For each i < k, since AWwv; = 0, we have:

W/Ui = (WO + AW)UZ = Wov; = oju;. (16)
Similarly, since AW Tu; = 0:
(W’)Tui = WOTUZ = 0;U;. (17)

Thus, (u;, 0, v;) remains an exact singular triple of W'.
Equivalently we have:

U W'V = U WoVi = By (18)

Our Method. Motivated by Proposition 2, we propose our
one-line modification to LoRA that constrains the update
AW to lie entirely in the orthogonal complement of the top-
k singular subspace of the pre-trained weight matrix Wj.
Specifically, we apply projections on both sides of the low-
rank update and define:

AW = P;BAPg, (19)

where P, = [ —U,U," and Pr = I -V, V' are orthogonal
projectors that remove any component aligned with the top-
k left and right singular vectors of W), respectively. This
construction guarantees that the most informative singular
directions of W), are exactly preserved under the update, thus
mitigating forgetting while still allowing for expressive task-
specific adaptation in the residual subspace.

4 Experiments

We conduct comprehensive experiments to evaluate the
effectiveness of OPLoRA in preventing catastrophic forget-
ting while maintaining competitive fine-tuning performance.
Our comparisons include four LoRA-based baselines: LoORA
(Hu et al. 2022), PiSSA (Meng, Wang, and Zhang 2024),
MiLoRA (Wang et al. 2024), and LoRA-Null (Tang et al.
2025). Each method is evaluated across three task domains,
commonsense reasoning, mathematics, and Python code
generation, using two backbone models: LLaMA-2 7B
(Touvron et al. 2023) and Qwen2.5 7B (Yang et al. 2025a).
All methods are trained under the same hyperparameter
configuration for fair comparison, with LoRA applied to
the self-attention and MLP layers, specifically targeting the
modules  g-proj,v_proj,up-proj,down_proj,o_proj.
For OPLoRA, we fix the projection rank £ to two values,
k = 16 and k = 128, across all experiments. These ranks
are not tuned for performance and are chosen to represent
low and high subspace preservation regimes. Exploration of
optimal projection rank selection is left for future work.



—e— LoRA

| —e— PiSSA

—e— MiLoRA
—e— LoRA-Null

| —®— OPLORA-16
—e— OPLORA-128

o
o

N
s

o
W

Pk (Subspace Alignment)

o
L

o
N

o
o

Score (higher is better)

20 40 60 80 100 120

(a) Subspace alignment with top-k directions.

MiLoRA PiSSA

" OPLORA-128 OPLORA-16

LoRA-Null

LoRA

(b) Comparison of Average Forgetting Evaluation Score.

Figure 2: Quantifying and Mitigating Forgetting in LoRA-based Fine-Tuning. (a) Subspace alignment p; between the
learned LoRA update and the top-k£ singular directions of the pre-trained weight matrix Wy in the LLaMA-2 7B
layers.0O.self.attn.g_proj. A higher p; indicates stronger interference with pre-trained knowledge. OPLoRA-128
achieves the lowest alignment across all k, indicating better preservation of prior knowledge. (b) Average forgetting scores
evaluated on three held-out commonsense reasoning tasks after fine-tuning. Higher scores indicate better retention of pre-
trained knowledge. Methods are sorted by their corresponding subspace alignment value p1g (shown in (a)). A clear negative
correlation is observed: lower pq¢ aligns with better forgetting robustness.

Method

LoRA
PiSSA
MiLoRA
LoRA-Null
OPLoRA

SVD Without W;,s  Forgetting Mitigation

A X X X X
NN X X X

Table 1: Comparison of LoRA-based methods on whether
they utilize SVD-based initialization without requiring the
residual weight matrix W5, and whether they explicitly ad-
dress catastrophic forgetting.

4.1 Commonsense Reasoning

The commonsense reasoning benchmark consists of eight
sub-tasks, BoolQ (Clark et al. 2019), PIQA (Bisk et al.
2020), SIQA (Sap et al. 2019), HellaSwag (Zellers et al.
2019), WinoGrande (Sakaguchi et al. 2021), ARC-e, ARC-c
(Clark et al. 2018), and OBQA (Mihaylov et al. 2018). Mod-
els are fine-tuned on Commonsensel70k (Hu et al. 2023)
with evaluation performed on individual task test sets using
accuracy as the primary metric. Results are presented in Ta-
bles 2 and 3.

OPLoRA demonstrates exceptional adaptation perfor-
mance across both model architectures. On LLaMA-2 7B,
OPLoRA-128 secures the highest accuracy on four tasks:
BoolQ (82.78%), HellaSwag (75.38%), ARC-c (52.39%),
and OBQA (45.8%). Meanwhile, OPLoRA-16 consistently
achieves second-best performance on BoolQ, PIQA, Hel-
laSwag, and ARC-c. This pattern extends to Qwen2.5 7B,
where OPLoRA-16 leads on four tasks (HellaSwag, Wino-
Grande, ARC-e, OBQA) while OPLoRA-128 excels on
PIQA and ARC-c. The consistent top-two ranking across di-
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verse reasoning challenges demonstrates that our orthogonal
projection approach preserves adaptation quality across dif-
ferent projection ranks.

To assess catastrophic forgetting, we evaluate retention
of general knowledge on three held-out domains: MathQA
(mathematical reasoning) (Amini et al. 2019), MBPP (code
generation) (Austin et al. 2021), and RACE (reading com-
prehension) (Lai et al. 2017). These cross-domain evalua-
tions provide critical insights into knowledge preservation
during fine-tuning. As shown on the right side of Table 2,
OPLoRA exhibits strong resistance to catastrophic forget-
ting on LLaMA-2 7B. Among all methods, OPLoRA-128
achieves the highest accuracy across all three held-out tasks,
closely followed by OPLoRA-16. These results highlight
the effectiveness of preserving the dominant subspace of
pre-trained weights in maintaining general knowledge dur-
ing fine-tuning. Similar improvements are observed with
Qwen2.5 7B. OPLoRA-16 achieves the highest accuracy on
MBPP and ranks second on both MathQA and RACE, while
OPLoRA-128 obtains the best performance on MathQA and
the second-best on MBPP.

4.2 Mathematical Reasoning

For mathematical reasoning, we fine-tune each model on
the first 100K examples from the MetaMathQA dataset (Yu
et al. 2023). Evaluation is performed on two in-domain
tasks: MATH (Hendrycks et al. 2021) and GSM8K (Cobbe
et al. 2021), and we report Exact Match (EM) against the
ground truth for each test set. As shown in Table 4 and
Table 5, OPLoRA achieves strong adaptation performance
compared to baseline methods on both LLaMA-2 7B and
Qwen2.5 7B.

On LLaMA-2 7B, OPLoRA-16 achieves the best perfor-
mance on both MATH (7.04%) and GSM8K (49.73%), with



Fine-Tuning Evaluation | Forgetting Evaluation |
Method BoolQ PIQA SIQA HSwag WinoG ARC-e ARC-c OBQA ‘ MathQA MBPP RACE ‘ Avg
Baseline Methods
LoRA 81.00 80.19 5158 74.73 72.84  79.29  50.51 44.8 29.08 20.2 43.06 | 57.03
PiSSA 62.11 55.11 34.80 28.33 49.32 28.45 26.79 26.4 22.88 0 22.39 | 32.42
MiLoRA 82.04 78.99 5424 75.04 73.40 79.08 52.21 454 28.21 18.6 414 | 57.15
LoRA-Null 82.02 7797 5143 7474 72.88 77.48 48.29 42.6 28.98 9.8 42.20 | 55.31
Our Methods
OPLoRA-16  82.42 79.16 5292 75.35 7230  79.55  52.30 45.2 29.08 20.2 43.06 | 57.41
OPLoRA-128 82.78 79.11 53.53 175.38 7324  79.25 52.39 45.8 29.88 20.4 43.63 | 57.76

Table 2: Comparison of LoRA-based fine-tuning methods on commonsense reasoning and forgetting benchmarks. We evaluate
each method on eight commonsense tasks (left) to assess fine-tuning performance, and on three held-out tasks (right) to measure
the extent of catastrophic forgetting. All models are fine-tuned from LLaMA-2 7B. Bold and underlined values indicate the best

and second-best scores.

Fine-Tuning Evaluation

| Forgetting Evaluation |

Method BoolQ PIQA SIQA HSwag WinoG ARC-e ARC-c OBQA \ MathQA MBPP RACE \ Avg

Baseline Methods

LoRA 86.75 79.76 5143 78.12 7395 76.26 55.03 45.8 50.35 58.6 39.62 | 63.24
PiSSA 75.04 75.08 52.04 71.75 7592  69.23 43.85 42.0 31.86 0.6 40.57 | 52.54
MiLoRA 86.05 7736 5342 74.73 76.47 7142 52.13 44 .4 46.47 2.6 39.62 | 56.79
LoRA-Null 83.30 77.61 5157 75.67 74.51 75.84  54.83 46.8 50.24 19.8 40.11 |59.12
Our Methods

OPLoRA-16  86.64 79.38 52.56 79.01 76.64 78.54 55.46 47.8 50.92 59.6 40.28 | 64.26
OPLoORA-128 86.64 79.76 51.43 77.62 74.03 76.14  56.14 47.4 51.29 59.2 39.23 | 63.53

Table 3: Comparison of LoRA-based fine-tuning methods on commonsense reasoning and forgetting benchmarks. All models
are fine-tuned from Qwen2.5 7B. Bold and underlined values indicate the best and second-best scores.

OPLoRA-128 closely following with 6.88% and 49.35%.
Both variants outperform all baseline methods. For Qwen2.5
7B, a similar pattern emerges. OPLoRA-16 achieves the
highest score on both MATH (47.34%) and GSMSK
(83.70%), while OPLoRA-128 is competitive with 46.72%
and matches the top GSMS8K score (83.70%).

To assess catastrophic forgetting, we evaluate each model
on three held-out commonsense reasoning tasks: ARC-e,
ARC-c, and SIQA. OPLoRA-128 obtains the best overall
forgetting performance on LLaMA-2 7B, with OPLoRA-16
following closely behind. On Qwen2.5 7B, OPLoRA-128
again delivers the strongest forgetting resistance, achieving
the best scores on ARC-e and SIQA, and performing com-
petitively on ARC-c. OPLoRA-16 achieves the top score on
ARC-c and ranks second on ARC-e and SIQA. Compared
to all baselines, both OPLoRA variants show more balanced
retention across all three tasks.

4.3 Python Code Generation

To evaluate code generation capabilities, we fine-tune each
model on the CodeFeedback dataset (Zheng et al. 2025).
Performance is assessed using two in-domain benchmarks,
MBPP and MBPP++, where we report functional correct-
ness as measured by pass@1 accuracy—the percentage of
generated programs that pass all unit tests on the first at-
tempt. The results are presented in Table 6 and Table 7 for
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LLaMA-2 7B and Qwen2.5 7B.

On LLaMA-2 7B, OPLoRA-16 achieves the high-
est performance on both MBPP (40.5%) and MBPP++
(34.1%), outperforming all baselines by a notable mar-
gin. OPLoRA-128 also performs strongly, achieving 39.2%
on MBPP and 31.0% on MBPP++. The trends hold for
Qwen2.5 7B as well. OPLoRA-16 obtains the top score on
MBPP++ (69.0%) and matches LoRA on MBPP (80.2%),
while OPLoRA-128 ranks second on MBPP (80.4%) and
MBPP++ (68.8%). These findings confirm the flexibility of
OPLoRA in handling both prompt-based and completion-
style code generation benchmarks.

For forgetting, we evaluate the models on three held-
out commonsense reasoning tasks: HellaSwag, OBQA, and
SIQA. On LLaMA-2 7B, OPLoRA-128 achieves the highest
accuracy on OBQA (45.6%) and HellaSwag (77.0%), while
OPLORA-16 obtains the best result on SIQA (47.1%) and
the second-best on HellaSwag. For Qwen2.5 7B, OPLoRA-
128 delivers the highest forgetting resistance overall, achiev-
ing the best scores on HellaSwag (79.2%), OBQA (47.4%),
and SIQA (55.5%). OPLoRA-16 follows closely with strong
performance across all three tasks.

4.4 Subspace Interference Analysis

We analyze subspace interference to better understand the
mechanism of catastrophic forgetting in LoRA-based fine-



Fine-Tuning Eval  Forgetting Eval

Method MATH GSMSK \ARC-e ARC-c SIQA\ Avg
Baseline Methods

LoRA 5.60 4488 | 62.24 41.38 45.29(39.88
PiSSA 6.56 48.06 | 60.04 36.35 43.86|38.97
MiLoRA 5.84 4526 | 67.12 41.21 44.92(40.87
LoRA-Null 6.06 48.31 66.28 4130 45.21(41.43
Our Methods

OPLoRA-16  7.04 49.73 | 66.88 41.47 45.19|42.06
OPLORA-128 6.88 49.35 67.26 42.24 45.50 |42.25

Table 4: Comparison of LoRA-based methods fine-tuned
on MetaMathQA (first 100K samples) using LLaMA-2 7B.
MATH and GSMSK are used to evaluate fine-tuning perfor-
mance on in-domain tasks, while ARC-e, ARC-c, and SIQA
assess the degree of forgetting on held-out reasoning bench-
marks. Best and second-best scores are highlighted in bold
and underlined.

Fine-Tuning Eval  Forgetting Eval

Method MATH GSMSK \ARC-e ARC-c SIQA\ Avg
Baseline Methods

LoRA 45.96 82.18 81.40 50.42 51.28(62.25
PiSSA 3274 7445 | 7247 38.65 44.37|52.54
MiLoRA 44.04 82.48 81.27 48.38 51.17|61.47
LoRA-Null 4372 75.12 | 73.22 49.89 46.44(57.68
Our Methods

OPLoRA-16 47.34 83.70 | 81.86 50.59 51.43|62.98
OPLORA-128 46.72 83.70 82.24 50.20 52.92(63.16

Table 5: Comparison of LoRA-based methods fine-tuned on
MetaMathQA (first 100K samples) using Qwen2.5 7B. Best
and second-best scores are highlighted in bold and under-
lined.

tuning. Specifically, we quantify how much the learned
LoRA update AW aligns with the top-k singular directions
of the frozen pre-trained weights Wj.

Figure 2(a) presents py, values for k € {8, 16, 32,64, 128}
on the g_pro7j layer across LoRA-based methods. We ob-
serve that PiSSA has significantly higher pj, suggesting
it heavily modifies pre-trained semantics and may cause
knowledge overwriting. In contrast, OPLoRA-128 main-
tains consistently low alignment across all k, indicating that
its updates stay mostly in orthogonal subspaces and are less
likely to interfere with prior knowledge. While OPLoRA is
designed to project out the top-£ directions explicitly, the py,
values are not exactly zero due to the use of an efficient low-
rank approximation via svd_lowrank. Figure 2(b) shows
the average forgetting score across these benchmarks. A
higher score indicates stronger retention of general knowl-
edge. As shown, both OPLoRA variants outperform all base-
lines, achieving the best robustness to forgetting. In particu-
lar, OPLoRA-128 yields the highest average score, validat-
ing the hypothesis that subspace-aware updates are more ef-
fective at preserving pre-trained knowledge.
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Fine-Tuning Eval  Forgetting Eval

Method MBPP MBPP++ \HSwag OBQA SIQA\ Avg
Baseline Methods

LoRA 37.6 30.4 769 45.0 46.5 [47.28
PiSSA 39.7 31.5 754 446 46.7 |47.58
MiLoRA 37.3 30.4 770 446 47.0 |47.26
LoRA-Null 37.0 294 76.7 448 46.7 (46.92
Our Methods

OPLoRA-16  40.5 34.1 76.9 448 47.1 |48.68
OPLoORA-128 39.2 31.0 77.0 45.6 47.0 |147.96

Table 6: Performance comparison of LoRA-based methods
fine-tuned on CodeFeedback dataset using LLaMA-2 7B.
MBPP and MBPP++ evaluate in-domain code generation
performance, while HSwag, OBQA, and SIQA are used to
assess forgetting and generalization to out-of-domain com-
monsense reasoning tasks. Best and second-best results are
highlighted in bold and underlined.

Fine-Tuning Eval Forgetting Eval

Method MBPP MBPP++ |HSwag OBQA SIQA| Avg
Baseline Methods

LoRA 80.2 68.3 79.1 474 544 |65.88
PiSSA 68.3 58.2 780 432 51.7 [59.88
MiLoRA 80.7 66.7 786 462 55.1 |65.46
LoRA-Null 79.6 65.7 780 46.0 54.8 |64.82
Our Methods

OPLoRA-16  80.2 69.0 79.1 474 55.0 |66.14
OPLoRA-128 80.4 68.8 79.2 474 555 |66.26

Table 7: Performance comparison of LoRA-based meth-
ods fine-tuned on CodeFeedback dataset using Qwen2.5 7B.
Best and second-best results are highlighted in bold and un-
derlined.

5 Conclusion

In this work, we introduce OPLoRA, a novel fine-tuning
strategy that mitigates catastrophic forgetting by constrain-
ing LoRA updates to avoid interference with the domi-
nant subspaces of pre-trained weights. Through a rigorous
subspace alignment analysis, we demonstrate that previous
LoRA-based methods often disrupt critical directions in the
model’s weight space, leading to degraded generalization.
OPLoRA addresses this issue by projecting updates orthog-
onally to the top singular vectors of the frozen weight matri-
ces, thereby preserving essential pre-trained knowledge.
Extensive experiments show that OPLoRA consistently
achieves competitive or superior performance compared to
other LoRA variants while offering significantly improved
forgetting resistance. Our results highlight the importance
of subspace-aware adaptation in parameter-efficient fine-
tuning, paving the way for more robust deployment of lan-
guage models in continual and task-specific settings. Due to
computational resource constraints, we leave the exploration
of varying projection ranks and the extension of OPLoRA to
larger-scale models such as LLaMA-3 70B for future work.
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