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Abstract—Large language models (LLMs) have achieved
state-of-the-art results across a wide range of NLP tasks, yet they
remain prone to catastrophic forgetting when fine-tuned sequen-
tially on multiple tasks. In this paper, we introduce Orthogonal
Weight Modification Low-Rank Adaptation (OWM-LoRA), a
novel continual learning method that integrates low-rank pa-
rameter updates with orthogonal gradient projection. By re-
stricting Low-Rank Adaptation (LoRA) updates to the subspace
orthogonal to the gradient directions of previously learned
tasks, OWM-LoRA enables the model to acquire new knowledge
without perturbing knowledges associated with earlier tasks.
Our method retains the parameter efficiency and flexibility
of LoRA. We conducted extensive experiments on standard
continual-learning benchmarks using various LLMs and demon-
strated that OWM-LoRA consistently outperforms existing ap-
proaches, significant gains in end-task performance. Further-
more, OWM-LoRA scales gracefully to models with billions of
parameters and requires neither storage of historical gradients
nor retention of past data, thereby preserving data privacy and
computational practicality. These results establish OWM-LoRA
as a simple and efficient approach for enabling robust continual
learning in LLMs.

Index Terms—Large Language Models, Continual learning,
Orthogonal weight modification

I. INTRODUCTION

In recent years, pre-trained models [1], [2] have demon-
strated remarkable performance on a wide range of static tasks.
However, learning multiple tasks in sequence—commonly
referred to as continual learning—remains a significant chal-
lenge [3], [4]. As a model learns new tasks, it tends to
forget or lose the knowledge it had acquired for earlier tasks,
leading to a phenomenon known as catastrophic forgetting [5],
particularly in LLMs.

To address catastrophic forgetting in continual learning,
a variety of prior work [6] has explored mechanisms that
balance stability and efficiency across sequential tasks. Exist-
ing continual learning approaches can be broadly categorized
into regularization-based, replay-based, and optimization-
based strategies, alongside approaches focused on represen-
tation and architectural adjustments.

Existing Parameter-efficient fine-tuning (PEFT) techniques,
notably LoRA [7], have emerged as a promising approach for
adapting LLMs by introducing task-specific low-rank adapter
matrices updates while freezing the backbone parameters.
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Fig. 1: Illustration of OWM-LoRA. Within the LoRA param-
eter space, OWM-LoRA constrain each new task’s gradient
update to remain orthogonal to the subspaces spanned by all
previous tasks. The resulting intersection defines the OWM-
LoRA parameter subspace, which preserves prior knowledge
and markedly reduces catastrophic forgetting.

However, when many tasks arrive sequentially, naively learn-
ing every adapter in the same latent subspace entangles their
gradient directions and amplifies cross-task interference, an ef-
fect that is magnified in LLMs whose full-parameter gradients
are prohibitively expensive to store or update. In this work,
we propose OWM-LoRA, a simple and effective continual
learning method for language models. Specifically, we perform
LoRA parameter updates exclusively in the subspace orthog-
onal to the gradient spanned by previous tasks. By confining
parameter update to this orthogonal subspace [8], the model
can acquire new knowledge without interfering with represen-
tations learned on earlier tasks, thereby mitigating catastrophic
forgetting while maintaining the efficiency and flexibility
of LoRA. Crucially, operating in the compact LoRA space
eliminates the need to cache full-precision gradients or to
replay data, delivering a solution that is both memory-efficient
and privacy-preserving for LLMs with hundreds of billions of
parameters. Figure 1 provides a visual representation of how



OWM-LoRA mitigates catastrophic forgetting.
Our main contributions are as follows:
• We evaluate our orthogonal low-rank adaptation across

multiple LLMs and show that it consistently and substan-
tially outperforms previous SOTA methods on established
continual-learning benchmarks.

• By applying our method to different model architectures,
we observe that OWM-LoRA remains consistently effec-
tive. Furthermore, our experimental results demonstrate
that tuning the parameters of the feed-forward network
(FFN) achieves superior performance on continual learn-
ing tasks compared to self-attention layers.

Code and data are provided in the supplement to ensure
reproducibility and will be open-sourced upon acceptance.

II. RELATED WORK

A. Continual learning

Continual learning aims to accumulate knowledge from
non-stationary data streams while mitigating catastrophic for-
getting. Existing methodologies can be broadly consolidated
into four primary categories: regularization, replay, archi-
tecture, and optimization. Regularization-based approaches
maintain stability by introducing constraints on weight varia-
tions, exemplified by EWC [9], or by preserving input-output
mappings via knowledge distillation as seen in LwF [10].
Replay-based methods approximate historical distributions by
interleaving stored exemplars, such as in Experience Replay
(ER) [11]. Architecture-based strategies isolate inter-task
interference by allocating task-specific parameters, utilizing
techniques such as the binary masking in HAT [12]. Finally,
Optimization-based approaches—which are most relevant to
our work—explicitly manipulate gradient directions to prevent
interference. Prominent methods like GEM [13] project gradi-
ents to satisfy constraints defined by replay data, while orthog-
onal projection techniques, including Orthog-Subspace [14],
restrict parameter updates to subspaces orthogonal to prior
inputs. This geometric perspective minimizes disruption to
previously learned representations, providing the foundational
motivation for our proposed OWM-LoRA.

B. Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning (PEFT) is an emerging re-
search direction aimed at optimizing model performance while
minimizing computational resources and annotation effort,
encompassing various methods such as adapters [15], prompt-
tuning [16] and LoRA. Notably, LoRA has been widely
adopted due to its ability to adapt large models to new
tasks efficiently with minimal additional parameters. Building
upon the LoRA method, this study introduces an efficient
architecture for sustainable learning by projecting gradients
orthogonally to input representations, thereby minimizing in-
terference with previously learned representations, effectively
mitigating catastrophic forgetting in continual learning scenar-
ios, and achieving a balance between model performance and
computational efficiency.

C. Continual Learning for LLMs

Continual learning for LLMs addresses catastrophic forget-
ting by employing parameter-efficient adaptations and pro-
jection methods [17]. Recent adapter-based techniques such
as Attentional Mixture of LoRAs (AM-LoRA) [18] intro-
duce an attention mechanism to dynamically integrate task-
specific low-rank updates. Beyond these, Sigmoid-Enhanced
CUR Decomposition with Uninterrupted Retention and Low-
Rank Adaptation (SECURA) [19] refines LoRA through CUR
factorization and novel normalization to further enhance re-
tention alongside performance. Moreover, instance-wise LoRA
(iLoRA) [20] customizes adapter parameters per-example via
gating modules, reducing negative transfer in sequential rec-
ommendation scenarios. Parameter Efficient Gradient Projec-
tion (PEGP) [21] injects orthogonal gradient projection into
each method to mitigate forgetting with minimal extra memory
and training overhead.

III. METHOD

A. Continual Learning Setup

Continual learning is characterized as learning from dy-
namic data distributions. In supervised continual learning, a
sequence of tasks {D1, . . . ,DT } arrive in a streaming fashion.
Each task Dt = {(xi

t, y
i
t)}

nt
i=1contains a separate target dataset,

where xi
t ∈ Xt, y

i
t ∈ Yt. A single model needs to adapt to them

sequentially, with only access to Dt at the tth task. In general,
given a prediction model hΘ parameterized by Θ, continual
learning seeks to optimize for the following objective across
all tasks:

max
Θ

⊤∑
k=1

∑
x,y∈Dk

log pΘ(y|x) (1)

B. Orthogonal Weight Modification

To address catastrophic forgetting, we adopt the Orthogonal
Weight Modification (OWM) algorithm [8]. Consider a feed-
forward network with layers l = 0, . . . , L. Let Wl ∈ Rd×k

denote the weight matrix between layer l−1 and l. We main-
tain the row-vector convention, where the input xl−1 ∈ R1×d

produces the pre-activation hl = xl−1Wl.
The OWM algorithm introduces an orthogonal projector

P ∈ Rd×d to the input space of layer l. P is updated
recursively to encompass the subspace spanned by inputs from
all previous tasks. The procedure is shown in Algorithm 1,
which utilizes a Recursive Least Squares (RLS) style update
to avoid computationally expensive matrix inversions.

C. Methodological Framework of OWM-LoRA

The proposed OWM-LoRA framework is grounded in the
LoRA paradigm [7], which posits that the optimization of pre-
trained models can be effectively confined to a low intrinsic
dimension. Formally, let W0 ∈ Rd×k denote a frozen pre-
trained weight matrix, where d and k represent the input and
output dimensions, respectively. Rather than modifying the full
parameter space, LoRA parameterizes the weight update ∆W
through a low-rank decomposition ∆W = AB, where A ∈



Algorithm 1 Orthogonal Weight Modification on LoRA

Initialization: Frozen Base Model Weight W0 ∈ Rd×k.
1: Initialize for LoRA Layers: P ∈ Rd×d ← I , A ∈ Rd×r ←
N (0, σ2), B ∈ Rr×k ← 0, hyperparameter α.

2: for each input batch X in Batch B do
3: Forward Pass:
4: Z ← (XP )A {Project input, then Down-project}
5: ∆← ZB {Up-project}
6: H ← XW0 +∆
7: Projection Matrix Update:
8: r ← 1

NB

∑
i∈B

xi {Mean of input batch}

9: r ← r/∥r∥2
10: k ← Pr⊤

11: c← 1/(α+ rk)
12: P ← P − ckk⊤

13: end for
14: Return H

Rd×r and B ∈ Rr×k are trainable matrices with rank r ≪
min(d, k). Adopting the row-vector convention for an input
x ∈ R1×d, the standard forward pass is computed as:

h = x(W0 +∆W ) = xW0 + xAB. (2)

This formulation implies that the adaptation term corresponds
directly to the projection of the input x through the low-rank
weight update ∆W .

To adapt this architecture for continual learning, we in-
corporate a projection-based constraint designed to mitigate
catastrophic forgetting. The core objective is to minimize the
interference of current updates with representations established
by preceding tasks. We achieve this by projecting the input
x onto a subspace orthogonal to the input spaces of prior
tasks via a projector P . Consequently, the modified adaptation
contribution in the forward pass is formulated as:

Adaptationowm = xP∆W = xPAB, (3)

where the projector P effectively filters out components of x
that reside within the subspaces of historically learned tasks.

The theoretical justification for this approach rests on the
geometric interpretation of forgetting [8], where performance
degradation is attributed to parameter updates that distort
outputs for historical inputs. By confining the effective con-
tribution of ∆W to the null space of the cumulative input
covariance matrix, OWM-LoRA guarantees that the influence
of ∆W remains orthogonal to prior inputs. This geometric
isolation preserves accumulated knowledge while retaining
sufficient plasticity for the model to adapt to novel tasks within
the remaining orthogonal directions.

IV. EXPERIMENTS

A. Datasets

Our evaluation methodology is designed to comprehensively
assess continual learning performance through a multi-faceted

approach. We leverage the TRACE framework [22], a baseline
for continual learning in LLMs, to compare approaches across
eight distinct tasks: C-STANCE [23], FOMC [24], Meet-
ingBank [25], Py150 [26], ScienceQA [27], NumGLUE-cm,
NumGLUE-ds [28], and 20Minuten [29]. To further probe the
models’ knowledge retention and reasoning capabilities, we
incorporate the Massive Multitask Language Understanding
(MMLU) benchmark [30]. MMLU provides a broad assess-
ment with questions across 57 subjects of varying difficulty.
On this dataset, we measure performance using 5-shot accu-
racy calculated from answer perplexity.

B. Metrics

In the context of the aforementioned benchmark evaluations,
let Ri,j denote the testing score on the jth task subsequent to
training on the ith task. To rigorously assess the model’s con-
tinual learning capabilities, we employ two metrics: Overall
Performance (OP) [22] and Backward Transfer (BWT) [31].

The OP serves as a holistic indicator of the model’s average
proficiency across all learned tasks upon the completion of
the training curriculum. It reflects the model’s final capacity
to handle the entire sequence of tasks and is defined as:

OPt =
1

t

t∑
i=1

Rt,i,

where Rt,i represents the performance on the ith task after the
model has been trained on the final task t.

Complementing this, BWT is utilized to quantify the sta-
bility of previously acquired knowledge, measuring the extent
to which learning new tasks influences the performance on
earlier ones. This metric captures the severity of catastrophic
forgetting and is calculated using the following formula:

BWTt =
1

t− 1

t−1∑
i=1

(Rt,i −Ri,i) ,

where Rt,i denotes the score on task i after the entire sequence
up to task t has been learned, and Ri,i serves as the baseline
performance on task i immediately after its initial training.

C. Baselines

We benchmark OWM-LoRA against four parameter-
efficient continual learning baselines within the LoRA frame-
work to ensure a fair comparison: LoRA, replay-based
MbPA++ [32], and two orthogonality methods, O-LoRA [33]
and OGD [34]. Unlike O-LoRA’s soft regularizer or OGD’s
projection against stored gradients, OWM-LoRA employs a
single, dynamically updated projection matrix to filters gradi-
ents into a provably orthogonal space. The proposed approach
combines the low memory footprint of soft regularization with
the robustness of hard orthogonal constraints.

D. Implementation Details

OWM-LoRA is an architecture-agnostic method applicable
to any transformer-based model. We evaluated its effectiveness
on the TRACE and MMLU [30] benchmark against various



baselines, using a diverse set of models to demonstrate its
versatility: the decode-only Llama2-7B [35] and its fine-tuned
variant Vicuna-7B [36], the newer Llama3.1-8B [37], and
the Mixture-of-Experts (MoE) model Qwen2.5-7B [38]. For
robust evaluation, we report the median performance across
three independent runs.

Inspired by work [39] showing that optimal LoRA place-
ment is task- and model-dependent, we investigated selective
application as an alternative to uniform application. Given that
self-attention and FFN layers are the primary components of
modern large language models (excluding embeddings), we
conducted experiments by applying LoRA to: (1) the query
and value (QV) projections (Wq , Wv) within self-attention
layers, and (2) the FFN layers (Wup proj , Wgate proj).

V. RESULTS
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(a) OP of QV Layers Over Tasks
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(b) OP of FFN Layers Over Tasks

Fig. 2: Task-wise OP on QV and FFN Layers

A. OWM-LoRA Improves Performance and Mitigates Forget-
ting in QV Layers

As shown in Table I, we strictly adhere to the conventional
implementation established in the original LoRA framework
by integrating adaptation modules solely into the Wq and
Wv components within the attention layers. To rigorously
evaluate the efficacy of the proposed approach, we conduct
a comparative analysis against established baselines, focusing
on the OP and BWT metrics across a diverse range of models
fine-tuned on the TRACE benchmark. The empirical findings
indicate that our OWM-LoRA method consistently achieves
a superior overall performance relative to existing baselines
across nearly all tested architectures. Such results suggest
that the strategy of constraining parameter updates within a
subspace orthogonal to those of preceding tasks effectively
mitigates interference, thereby enhancing the capacity of large
language models for continual learning. Furthermore, the sig-
nificant improvement observed in the BWT metric highlights
the advantage of our method in preserving previously acquired
knowledge, demonstrating its robustness against the challenge
of catastrophic forgetting.

Figure 2 (Panel 2a) delineates the longitudinal performance
dynamics across the sequential task curriculum. In contrast
to baselines which exhibit marked volatility characterized
by a precipitous decline during the fifth task, OWM-LoRA
maintains a consistently stable trajectory. This empirical sta-
bility substantiates the hypothesis that orthogonal projection
functions as a geometric regularizer for parameter updates.
By constraining optimization to subspaces orthogonal to prior
representations, the mechanism prevents drastic deviations that
would otherwise compromise historical performance, effec-
tively prioritizing the preservation of accumulated knowledge
over the unconstrained maximization of peak scores for indi-
vidual novel tasks.

B. Generalizability of OWM-LoRA on FFN Layers and Supe-
rior FFN Adaptation over QV

To evaluate our method’s efficacy on Feed-Forward Net-
work (FFN) layers, we applied LoRA adaptation modules to
Wup proj and Wgate proj . The results (Table I) demonstrate
that OWM-LoRA achieves the highest overall performance
(OP) on the TRACE benchmark across nearly all models, con-
firming its effectiveness. While OWM-LoRA showed strong
backward transfer (BWT) compared to most baselines, it
did not surpass O-LoRA, highlighting a potential area for
future improvement. Consistent with observations from the
QV layers, OWM-LoRA also shows smaller performance fluc-
tuations on tasks prone to catastrophic forgetting (Figure 2),
underscoring its generalizability.

Notably, our experiments reveal that the choice of layer
for adaptation is critical (Table I). Under identical continual
learning settings, applying LoRA to the FFN layers yielded
superior performance compared to applying it to the QV
layers. This finding suggests that fine-tuning FFN weights is
a more effective strategy for continual learning, implying that
these layers may store richer knowledge representations.



Method
Llama2-7B Vicuna-7B Llama3.1-8B Qwen2.5-7B

QV FFN QV FFN QV FFN QV FFN

LoRA 0.364 / -0.183 0.486 / -0.068 0.418 / -0.140 0.506 / -0.054 0.369 / -0.132 0.421 / -0.109 0.343 / -0.121 0.412 / -0.150
O-LoRA 0.232 / -0.188 0.507 / -0.018 0.355 / -0.105 0.497 / -0.025 0.435 / -0.057 0.472 / -0.050 0.398 / -0.029 0.505 / -0.029
MbPA++ 0.392 / -0.154 0.502 / -0.056 0.413 / -0.143 0.508 / -0.061 0.372 / -0.107 0.454 / -0.108 0.380 / -0.067 0.420 / -0.128
OGD 0.364 / -0.182 0.494 / -0.066 0.382 / -0.169 0.506 / -0.056 0.361 / -0.127 0.432 / -0.149 0.373 / -0.140 0.413 / -0.126
OWM-LoRA 0.418 / -0.072 0.502 / -0.049 0.447 / -0.035 0.509 / -0.040 0.403 / -0.056 0.489 / -0.111 0.399 / -0.054 0.510 / -0.029

TABLE I: Comparison of Overall Performance (OP) and Backward Transfer (BWT). Format: OP / BWT.
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Fig. 3: OP of shuffled tasks on QV layers

C. OWM-LoRA Robustness to Task Order and Similarity

To assess task-order sensitivity, we evaluated Llama2-7B
on a randomized TRACE benchmark sequence (Figure 3).
Consistent with our main findings (Sections V-A, V-B), OWM-
LoRA outperformed all baselines. It uniquely avoided severe
forgetting on fourth and fifth tasks and achieved the highest
final performance. Since the relative performance gains were
invariant to the task order, we confirm OWM-LoRA’s efficacy
stems from its orthogonal update mechanism rather than task
sequencing, highlighting its robustness and applicability.

Method LoRA O-LoRA OGD MbPA++ Ours

OP 0.6425 0.6179 0.6178 0.6425 0.6364

(a) Overall Performance on NumGLUE
Method LoRA O-LoRA OGD MbPA++ Ours

OP 0.7184 0.7178 0.7170 0.7181 0.7200

(b) Overall Performance on MMLU

TABLE III: Overall Performance Comparison of Different
Methods

To directly probe the boundary conditions of the orthogo-
nality hypothesis, we conducted an ablation study on task sim-
ilarity. We experimented on the NumGLUE dataset from the
TRACE benchmark, which features high task similarity, using
the Qwen2.5-7B model. As shown in Table III(panel IIa),
while our OWM-LoRA method exhibits a marginal per-

formance gap compared to baselines such as LoRA and
MbPA++, it demonstrates a significant improvement over
other orthogonality-based methods like OGD and O-LoRA
under identical settings. On the MMLU benchmark for cross-

Model QV Layers FFN Layers

Llama2-7B 10−1→10−3 10−1

Vicuna-7B 10−1 10−1

Llama3.1-8B 10−1 10−1

Qwen2.5-7B 10−1→10−3 10−1

TABLE IV: Task-specific α values for OWM-LoRA. The
notation 10−1→10−3 indicates an annealing schedule where
early tasks use α = 10−1 and later tasks relax to α = 10−3.

task validation, OWM-LoRA consistently achieves state-of-
the-art performance with Qwen2.5-7B (Table III, panel IIb).
This result indicates that its orthogonal constraint improves
performance by preserving cross-task stability. The underlying
mechanism, orthogonal gradient projection, minimizes inter-
task interference, thus allowing the model to retain acquired
knowledge while adapting to new tasks.

D. Hyperparameter Sensitivity and Adaptive Scheduling Dy-
namics

The regularization coefficient α governs the stabil-
ity–plasticity trade-off through the projection matrix P. Larger
α improves retention but reduces adaptability, while smaller α
accelerates adaptation at the cost of increased forgetting. We
therefore use a fixed α for low-conflict settings and a sched-
uled α to gradually relax regularization over training. Grid
search shows that α = 10−1 gives the best balance between
Overall Performance and Backward Transfer, particularly in
FFN layers. Higher values cause intransigence, whereas values
below 10−2 worsen forgetting. In QV layers of models such as
Llama2-7B, decaying α from 10−1 to 10−3 further improves
retention.

VI. CONCLUSION

We present OWM-LoRA, a continual learning method for
LLMs that combines LoRA with orthogonal gradient projec-
tion to reduce catastrophic forgetting without storing past data
or gradients. Results on TRACE and MMLU show consistent
gains over strong baselines. We also find that FFN-based
LoRA adaptation is more effective than QV-based adaptation
for continual learning. The strong performance under shuffled
task orders and high task similarity further demonstrates the
robustness and scalability of OWM-LoRA.
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