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Abstract

Large language models (LLMs) have achieved
remarkable success across diverse tasks
through large-scale pretraining. However, they
remain prone to catastrophic forgetting in con-
tinual learning. To the best of our knowledge,
this is the first work to identify noise accumu-
lation in LoRA updates as a key cause of for-
getting in continual learning. A preliminary
two-task experiment demonstrates that remov-
ing less important components of the second
task’s LoRA parameters improves performance
on the first task, suggesting that later updates
introduce noisy interference. Building on this
insight, we propose Subspace-Denoised Low-
Rank Adaptation (SLoRA), a simple and effec-
tive framework that filters noisy components
from LoRA updates via subspace similarity
with the base model. SLoRA is a regularization-
free method without accessing data or gradients
from previous tasks or modifying the training
process. It offers two variants, SLoRA-Pre
and SLoRA-Post, for online and offline con-
tinual learning, respectively. Extensive exper-
iments across tasks and models validate the
effectiveness of SLoRA. It improves final accu-
racy by up to 12%, reduces forgetting by 29%,
and filters out over 30% of LoRA parameters
identified as noisy. Our code is available at
https://github.com/alina1031/SLoRA.

1 Introduction

Large language models (LLMs) have revolution-
ized artificial intelligence, achieving unprecedented
performance in reasoning, generation, and gener-
alization across diverse tasks (Brown et al., 2020;
Achiam et al., 2023; Chowdhery et al., 2023). How-
ever, these models are typically trained under static
task distributions and lack mechanisms for contin-
ual adaptation (Dhingra et al., 2022; Jang et al.,
2022). In real-world scenarios, such as personal-
ized assistants, domain-specific agents, or evolving
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user preferences, LLMs are expected to acquire
new capabilities over time (Winata et al., 2023).
This continual learning (CL) setting poses a signifi-
cant challenge: catastrophic forgetting (McCloskey
and Cohen, 1989), where learning new tasks in-
terferes with previously acquired knowledge and
degrades performance on earlier tasks.

To alleviate the catastrophic forgetting phe-
nomenon, classical CL approaches attempt to add
regularization during the training process (Kirk-
patrick et al., 2017; Zenke et al., 2017; Wang
et al., 2023a; Wu et al., 2024b). For example,
GEM (Lopez-Paz and Ranzato, 2017) constrains
updates using gradients stored from previous tasks,
and O-LoRA (Wang et al., 2023a) restricts param-
eter updates to an orthogonal subspace. However,
we found that such regularization prevents forget-
ting at the cost of reducing the LLMs’ ability to
learn new tasks (as shown in Sec. 6.2). Recent
methods like SD-LoRA (Wu et al., 2025), while
not explicitly imposing regularization, still restrict
the learning of parameters at the subspace level,
which is considered a form of implicit constraint.
These findings lead to a question: Can we miti-
gate catastrophic forgetting without restricting the
LLMs’ capacity for learning?

In light of this challenge, we consider a
regularization-free method to circumvent the limita-
tion of the regularization-based methods in restrict-
ing the LLMs’ learning capacity. This methodol-
ogy is motivated by prior work showing that update
parameters contain a significant amount of redun-
dancy and noise (Zhang et al., 2025; Jiang et al.,
2024, 2025). We hypothesize that the less impor-
tant components of the new task are noise, which
interfere with the knowledge retained from previ-
ous tasks, leading to catastrophic forgetting. To val-
idate this hypothesis, we conduct a controlled pre-
experiment where an LLM is sequentially trained
on the Amazon Reviews (Task1) and Yahoo An-
swers (Task2) (details are shown in Appendix B.3).
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Figure 1: Performance of Task1 under LoRA dropping
with Seq-LoRA as the reference, including DropFirst,
DropSecond, and DropAll. DropFirst degrades perfor-
mance, while DropSecond yields clear improvements.

After training, we proportionally reduce the less im-
portant components in the LoRA parameters using
three conditions: DropFirst (from Task1), DropSec-
ond (from Task2), and DropAll (from both), rang-
ing from 10% to 90%. As shown in Figure 1,
dropping a moderate portion of Task2 parameters
raises Task1 accuracy above the Seq-LoRA ref-
erence, whereas DropFirst consistently degrades
Task1. This indicates that LoRA updates from later
tasks introduce noisy components that interfere
with knowledge retained from earlier tasks, lead-
ing to our key insight: catastrophic forgetting can
be mitigated by removing noisy components from
LoRA updates to reduce cross-task interference.

Motivated by this insight, we propose Subspace-
Denoised Low-Rank Adaptation (SLoRA), a novel
framework designed to mitigate catastrophic for-
getting by selectively removing noisy components
based on subspace similarity. At its core, SLoRA
utilizes Singular Value Decomposition on each
LoRA update. It then retains components that ex-
hibit higher similarity to the base model’s represen-
tation space, treating low-similarity components as
noise to be discarded. We instantiate two distinct
variants: SLoRA-Pre, which performs incremental
denoising after each task, making it ideal for on-
line continual learning settings; and SLoRA-Post,
which performs batch denoising after all tasks,
suitable for offline settings. Crucially, SLoRA is
lightweight, requires no rehearsal data or storage
of past gradients, and integrates seamlessly without
any changes to the standard training process.

In summary, our contributions are as follows:

• We are the first to identify noise accumula-

tion in LoRA as a key factor causing catas-
trophic forgetting. To address this, we pro-
pose a method to remove noise from LoRA pa-
rameters, significantly reducing interference
caused by the following updated noise.

• Based on this finding, we propose SLoRA,
a novel regularization-free method with two
variants (SLoRA-Pre and SLoRA-Post). Our
approach is efficient and practical as it re-
quires no past data or gradients and no modi-
fications to the training process.

• We empirically demonstrate that SLoRA out-
performs all baselines on various continual
learning tasks. Notably, on the TRACE bench-
mark, SLoRA improves final accuracy by up
to 12% and reduces forgetting by up to 29%
by removing over 30% of LoRA parameters.

2 Related Works

Continual Learning Continual Learning aims
to enable models to learn from a sequence of
tasks while retaining previously acquired knowl-
edge and minimizing catastrophic forgetting (Mc-
Closkey and Cohen, 1989; Ratcliff, 1990; Wu et al.,
2024a). Existing methods are broadly categorized
into three families: (1) Rehearsal-based meth-
ods (Rolnick et al., 2019; Lopez-Paz and Ranzato,
2017; Han et al., 2020) utilize memory buffers or
generative models to revisit data from prior tasks,
which often introduces significant memory or com-
putational overhead. (2) Regularization-based
methods (Kirkpatrick et al., 2017; Li and Hoiem,
2017; Zenke et al., 2017) prevent forgetting by
penalizing updates to important parameters. No-
table examples include Elastic Weight Consolida-
tion (EWC) (Kirkpatrick et al., 2017), which esti-
mates parameter importance using the Fisher Infor-
mation Matrix, and Orthogonal Gradient Descent
(OGD) (Farajtabar et al., 2020), which constrains
new gradients to be orthogonal to those of prior
tasks. (3) Architecture-based approaches (Rusu
et al., 2016; Yoon et al., 2018; Li et al., 2019) iso-
late task-specific components to mitigate interfer-
ence, such as Progressive Prompts (Razdaibiedina
et al., 2023) which assign soft prompts per task.
While effective in small-scale settings, these clas-
sical approaches often struggle with scalability or
parameter growth in high-dimensional LLM envi-
ronments.
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Parameter-Efficient Fine-Tuning PEFT has
emerged as a practical alternative to full fine-tuning
by adapting only a small, carefully selected subset
of parameters (Houlsby et al., 2019; Zaken et al.,
2022; Ding et al., 2023). Beyond adapters (Houlsby
et al., 2019) and prompt-based tuning (Li and
Liang, 2021; Lester et al., 2021), LoRA (Hu et al.,
2021) has gained significant popularity by inject-
ing trainable low-rank matrices into frozen weights.
Recent variants further optimize this process by dy-
namically allocating rank budgets based on weight
sensitivity (AdaLoRA) (Zhang et al., 2023) or lever-
aging principal and minor singular components
(Pissa, MiLoRA) (Meng et al., 2024; Wang et al.,
2024; Liang and Li, 2024). Despite their efficiency,
standard PEFT updates still suffer from interfer-
ence and forgetting when applied to sequential task
adaptation.

PEFT for Continual Learning Increasingly,
PEFT methods are extended to CL to achieve effi-
cient adaptation while maintaining stability (Song
et al., 2023; Qiao and Mahdavi, 2024). For ex-
ample, O-LoRA (Wang et al., 2023a) enforces or-
thogonality between LoRA updates across tasks,
while LB-CL (Qiao and Mahdavi, 2024) combines
low-rank decomposition with sensitivity-based ini-
tialization. ConPET (Song et al., 2023) introduces
a memory replay mechanism to manage parameter
reuse. While concurrent work LoRI (Zhang et al.,
2025) explores subspace filtering to reduce cross-
task interference in multi-task learning, it applies
filtering during training with access to all tasks.
In contrast, our SLoRA is a regularization-free
framework that applies subspace-based denoising
post-hoc. Unlike prior methods relying on exter-
nal modules such as prompt routing (Wang et al.,
2022), reasoning traces (Wang et al., 2023b), or
teacher-student distillation (Zhong et al., 2024),
SLoRA filters noisy components directly via sub-
space similarity with the base model, offering a
simple, modular, and scalable solution for long
task sequences.

3 Preliminaries

Continual Learning Setup. We consider a stan-
dard continual learning scenario where a pretrained
LLM is adapted to a sequence of tasks T =
{T1, T2, . . . , TT }. Each task Tk is associated with
a specific data distribution Dk. The objective is to
sequentially acquire new knowledge from the cur-
rent task Tk while maintaining performance on all

previously learned tasks {T1, . . . , Tk−1}, ensuring
that the model parameters evolve without suffering
from catastrophic forgetting.

Low-Rank Adaptation for Continual Learning.
Given the immense computational cost of full fine-
tuning, we adopt LoRA (Hu et al., 2021) as the
backbone for efficient adaptation. We start with a
pretrained LLM parameterized by frozen weights
θ0. LoRA injects trainable rank decomposition ma-
trices into a specific subset of modules, denoted by
M. For a specific module m ∈M, let θm0 ∈ Rd′×d

represent its frozen base weight. The adaptation
for the k-th task is parameterized by a low-rank
update ∆θmk = Bm

k Am
k , where Bm

k ∈ Rd′×r

and Am
k ∈ Rr×d are trainable matrices with rank

r ≪ min(d′, d).
In a sequential fine-tuning setting (Seq-LoRA),

the model parameters are updated incrementally.
After training on T tasks, the final adapted weight
for module m is obtained by accumulating the up-
dates from all tasks:

θmT = θm0 +

T∑

k=1

∆θmk , m ∈M, (1)

where ∆θmk denotes the raw LoRA update learned
for task Tk. Although mathematically concise, this
direct accumulation often leads to interference, as
∆θmk may contain components that conflict with the
knowledge encoded in θm0 or prior updates. Unlike
previous works that add regularization terms to the
training objective to constrain ∆θmk , our method,
SLoRA, focuses on identifying and filtering out
noisy components within ∆θmk directly via sub-
space analysis, as detailed in the following section.

4 SLoRA: Subspace-Denoised LoRA

4.1 Method Overview
SLoRA is a post-hoc denoising framework de-
signed to improve the robustness of continual learn-
ing by removing noisy components from task-
specific updates. As illustrated in Figure 2, it in-
tegrates into standard LoRA fine-tuning pipelines
without modifying the base model or accessing to
data and gradients from previous tasks.

Consider a pretrained LLM with frozen param-
eters θ0 and a set of target modulesM. For each
incoming task Tk, low-rank adapters {∆θmk }m∈M
are trained on top of the base weights {θm0 }m∈M.
Each update ∆θmk ∈ Rd′×d is typically formed by
the product of two low-rank matrices of rank r,
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Figure 2: Overview of the SLoRA framework. SLoRA mitigates catastrophic forgetting by removing noise in LoRA
updates based on subspace similarity to the base model. SLoRA-Pre performs denoising after each task, while
SLoRA-Post applies it once after all tasks. Components with low similarity to the base subspace are dropped, and
the remaining parts form the denoised update ∆̃θk.

typically with r ≪ min(d′, d). Crucially, instead
of directly accumulating these raw updates, they
are processed through a subspace-based denoising
module. This module selectively filters compo-
nents that are identified as noise, yielding denoised
updates {∆θ̃mk }. The final parameters used for
inference after K tasks are composed as:

θmK = θm0 +
K∑

i=1

∆θ̃mi , m ∈M, (2)

where θmK denotes the adapted weight of module
m after K tasks, and ∆θ̃mi is the denoised LoRA
update for each task Ti. The framework operates
in two variants, SLoRA-Pre and SLoRA-Post, as
detailed in Section 4.4.

4.2 Automatic Subspace-Based Denoising

The core mechanism of SLoRA is the adaptive
denoising procedure, which filters task-specific up-
dates based on their alignment with a reference sub-
space, as shown in Figure 2(c). This approach is
motivated by the observation that the principal sin-
gular components of pre-trained weights encapsu-
late the model’s essential capabilities (Meng et al.,
2024). We hypothesize that update components
exhibiting high similarity to the base subspace rep-
resent meaningful adaptations that preserve general
knowledge, whereas components with low simi-
larity are likely task-specific noise or redundant
deviations that exacerbate catastrophic forgetting.
We formally define the denoising procedure below,
omitting the module superscript m for clarity.

Definition 1 (Subspace-Based Adaptive Denois-
ing). Let ∆θk ∈ Rd′×d be the raw update for task
k. Singular Value Decomposition (SVD) is per-
formed on the update such that ∆θk = UΣV⊤,
where U and V are orthogonal matrices contain-
ing singular vectors and Σ is the diagonal matrix
of singular values. Let θref be the reference weights
with principal basis Uref. Let C ⊆ {1, . . . , r} de-
note a set of candidate ranks. For any rank c ∈ C,
the Grassmannian similarity ϕc is calculated as:

ϕc =
∥∥∥(Uref,c)

⊤Uc

∥∥∥
2

F
, (3)

where Uc and Uref,c represent the top-c left singu-
lar vectors of the update and the reference weights,
respectively. The optimal rank c∗ is automatically
selected by maximizing this similarity score:

c∗ = argmax
c∈C

ϕc. (4)

Consequently, the Denoised Update is recon-
structed using the top-c∗ singular components:

∆θ̃k = Uc∗ Σc∗(Vc∗)
⊤, (5)

where Uc∗ ∈ Rd′×c∗ and Vc∗ ∈ Rd×c∗ denote the
sub-matrices containing the top-c∗ left and right
singular vectors, respectively, and Σc∗ ∈ Rc∗×c∗

is the diagonal matrix of the corresponding top-c∗

singular values.
This subspace-based denoising removes noisy

components with low similarity to the reference
subspace, preserving only those that are more likely
to contribute to effective knowledge transfer across
tasks. To implement this efficiently, we utilize the
randomized SVD (see Appendix C.2 for details).
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4.3 Reference Subspace Selection

A critical component of the proposed denoising
mechanism is the choice of the reference weight
θref. We select the fixed pre-trained base model
θ0 as the reference anchor. From a theoretical per-
spective, relying on the previous model θt−1 as a
reference introduces a risk of subspace drift, where
the principal directions of new updates progres-
sively diverge from the model’s original knowl-
edge structure. Our analysis demonstrates that the
alignment between the current update and historical
subspaces decays geometrically when the reference
shifts sequentially. In contrast, anchoring the de-
noising process to θ0 enforces a global consistency
constraint, ensuring that the principal subspaces of
learned updates maintain stable alignment through-
out the continual learning sequence. We provide
the formal definitions and detailed proofs of this
alignment stability analysis in Appendix A.

4.4 Variants of SLoRA

Depending on the training setting, SLoRA operates
in two variants as shown in Figure 2. SLoRA-Pre
(Online) performs subspace-based denoising im-
mediately after training task Tk (Figure 2(a)), inte-
grating the denoised update ∆θ̃k before proceeding
to the next task. This is tailored for standard on-
line continual learning. Conversely, SLoRA-Post
(Offline) buffers raw updates from all tasks (Fig-
ure 2(b)) and performs denoising in parallel using
θ0 as the reference. This suits scenarios where raw
checkpoints are preserved. Detailed pseudocode
for both algorithms is provided in Appendix C.1.

5 Experiments

5.1 Experimental Setup

Datasets. We conduct experiments on the
TRACE benchmark (Wang et al., 2023b), which
covers diverse tasks including domain-specific QA,
summarization, multilingual classification, and rea-
soning. To ensure a rigorous continual learning
evaluation, we follow a fixed sequential training
protocol on the eight TRACE tasks in the following
order: (1) C-STANCE, (2) FOMC, (3) Meeting-
Bank, (4) Py150, (5) ScienceQA, (6) NumGLUE-
cm, (7) NumGLUE-ds, and (8) 20Minuten. This
sequence allows us to evaluate the model’s abil-
ity to retain knowledge across significant domain
and task shifts. Furthermore, we evaluate on a
standard CL benchmark consisting of five text
classification datasets (AG News, Amazon, Yelp,

DBpedia, and Yahoo Answers) under three differ-
ent task orders. Detailed statistics and task orders
are provided in Appendix B.1.

Evaluation Metrics. We follow the evaluation
metrics specified in the TRACE benchmark. In our
experiments, we compare the performance of each
task individually across the sequence, as well as re-
port the average performance across all tasks. The
task-specific evaluation metrics are consistent with
those defined in TRACE: accuracy for tasks like
question answering and classification, ROUGE-L
for summarization tasks, SARI for text simplifi-
cation, and Edim similarity for code completion.
For the standard CL benchmark, we evaluate the
accuracy and report the average accuracy over all
tasks at different orders.

Baselines. We compare SLoRA against baselines
categorized into four groups. SLoRA belongs to
the Regularization-free category, mitigating inter-
ference by denoising the LoRA subspace without
extra constraints. The details are as follows:

(1) Oracle methods: STL (Single-Task Learn-
ing) trains one task in isolation and MTL
(Multi-Task Learning) jointly trains on all tasks.
Both methods represent the upper-bound per-
formance in the continual learning setting.

(2) Vanilla methods: Base uses the pretrained
model without any adaptation, and ICL per-
forms 6-shot in-context learning without pa-
rameter updates.

(3) Regularization-based methods: EWC (Kirk-
patrick et al., 2017) and LwF (Li and
Hoiem, 2017) preserve knowledge via pa-
rameter penalization and distillation, respec-
tively. GEM (Lopez-Paz and Ranzato, 2017)
constrains gradients, O-LoRA (Wang et al.,
2023a) enforces subspace orthogonality, and
SD-LoRA (Wu et al., 2025) freezes learned
directions while updating magnitudes.

(4) Regularization-free methods: Seq-LoRA ap-
plies sequential LoRA fine-tuning per task as
a simple continual baseline, and RCL (Wang
et al., 2023b) augments training data with rea-
soning traces generated by GPT-4.

Implementation Details. For the TRACE bench-
mark, we conduct experiments on Llama3-
8B-Instruct, Llama3.1-8B-Instruct, Qwen2.5-7B-
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Base Model Methods C-STANCE FOMC MTB. Py150 Sci.QA NumG.cm NumG.ds 20Minuten Avg.

Llama3.1-8B

STL† 56.30 68.55 61.22 70.72 93.45 70.37 73.23 41.83 66.96
MTL† 57.90 66.94 59.72 71.10 92.30 64.20 66.15 41.50 64.98

Base 36.15 43.55 14.97 38.66 87.15 43.21 24.62 38.26 40.82
ICL 53.55 41.53 15.07 45.44 76.95 40.74 40.31 39.28 44.11
EWC 41.65 52.82 33.35 29.08 74.80 25.93 39.38 40.53 42.19
LwF 36.10 27.22 8.88 18.57 43.05 20.99 46.46 40.52 30.22
GEM 40.60 36.89 35.55 37.16 79.70 37.04 67.38 41.15 46.93
O-LoRA 53.80 59.88 25.47 46.57 84.10 35.80 48.00 40.86 49.31
SD-LoRA 52.75 55.65 15.81 43.54 90.35 32.10 32.31 38.49 45.13
Seq-LoRA 43.55 53.23 26.53 43.71 87.00 54.32 72.31 41.85 52.81
RCL 52.00 55.44 26.02 53.63 83.40 56.79 63.08 39.47 53.73

SLoRA-Post 49.45 59.48 23.78 53.87 92.25 59.26 58.46 40.87 54.68
SLoRA-Pre 53.80 60.48 50.80 58.23 90.40 61.73 64.92 41.19 60.19

Qwen2.5-7B

STL† 58.95 70.56 59.13 71.46 93.00 67.90 69.23 41.95 66.52
MTL† 61.55 68.55 55.87 72.86 91.40 60.49 62.15 41.38 64.28

Base 56.05 57.26 12.96 45.93 85.80 54.32 37.85 38.79 48.62
ICL 59.30 55.65 22.63 53.46 85.80 54.32 44.00 39.70 51.86
EWC 45.90 33.27 29.53 56.32 37.50 46.91 63.38 40.91 44.22
LwF 44.15 44.96 29.70 53.39 67.05 48.15 59.38 40.71 48.44
GEM 43.85 36.29 32.56 58.61 64.10 37.04 67.69 40.87 47.63
O-LoRA 50.15 42.14 19.85 31.20 84.40 51.85 51.08 41.07 46.47
SD-LoRA 61.30 60.48 15.37 51.25 86.45 56.79 43.38 39.11 51.77
Seq-LoRA 51.35 55.44 24.64 43.34 75.85 56.79 63.69 41.22 51.54
RCL 61.80 61.49 34.05 64.60 86.60 60.49 55.08 39.62 57.97

SLoRA-Post 60.65 63.31 33.51 56.87 89.00 61.73 58.46 41.51 58.13
SLoRA-Pre 54.25 59.68 45.96 58.72 89.65 61.73 61.85 41.72 59.20

Table 1: Experimental results on the TRACE benchmark across three foundation LLMs. ‘†’ indicates the oracle
methods. We compare SLoRA (SLoRA-Pre and SLoRA-Post) with regularization-based and regularization-free
baselines. For each task–model pair, bold and underlined represent the best and second-best results, respectively.

Instruct, Qwen2.5-14B-Instruct, and Qwen2.5-
32B-Instruct. Regularization-based baselines (ex-
cept O-LoRA and SD-LoRA) use the official
TRACE codebase,1 while all other methods, includ-
ing SLoRA, are implemented within our unified
framework. To ensure a rigorous and fair compar-
ison, the STL and MTL oracle baselines are also
implemented using LoRA with the same hyperpa-
rameter configurations as our proposed SLoRA.
Unless otherwise specified, we employ LoRA with
a rank of r=64 and a scaling factor of α=128. We
utilize the AdamW optimizer with a learning rate of
2×10−4, a 3% linear warmup, and a cosine anneal-
ing schedule. Following TRACE, the eight tasks
are trained for 5/3/7/5/3/5/5/7 epochs, respec-
tively. For the standard CL benchmark, we eval-
uate on Llama3-8B-Instruct and follow O-LoRA
for task sequences (Order1–Order3), task prompts,
and evaluation protocol. 2 In this setting, each task
is trained for a single epoch, with all other hyper-
parameters remaining consistent. All experiments
are conducted on four NVIDIA A100 GPUs.

1https://github.com/BeyonderXX/TRACE
2https://github.com/cmnfriend/O-LoRA

5.2 Main Results

Table 1 reports results on the TRACE benchmark
with Llama3.1-8B, Qwen2.5-7B, and additional
results for Llama3-8B are in Table 10. The best and
second-best scores for each task are highlighted in
bold and underlined, respectively. Oracle methods
are included for context and not ranked.

Vanilla methods exhibit limited capabilities.
Base performs poorly on most tasks, particularly
domain-specific ones like MeetingBank, while ICL
provides only marginal gains as it does not update
parameters. Regularization-based methods gen-
erally underperform compared to Regularization-
free approaches. On Llama3.1-8B and Llama3-8B,
methods such as EWC and GEM often fall below
the simple Seq-LoRA baseline. While SD-LoRA
shows modest gains on Qwen2.5-7B by retaining
early tasks, it degrades on later tasks, supporting
the observation that regularization constraints often
alleviate forgetting at the cost of plasticity. Among
Regularization-free baselines, Seq-LoRA suffers
from substantial forgetting during sequential fine-
tuning, while RCL improves performance but relies
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Base Model Methods C-STANCE FOMC MTB. Py150 Sci.QA NumG. cm NumG. ds 20Minuten Avg.

Qwen2.5-14B

Base 18.45 54.44 15.28 53.41 90.45 66.67 40.31 39.69 47.34
Seq-LoRA 48.75 59.07 47.40 69.12 91.95 59.26 50.69 42.62 58.61
SLoRA-Post 59.15 64.31 45.05 67.02 91.40 66.67 52.92 41.15 60.96
SLoRA-Pre 56.85 62.70 47.35 69.91 91.35 59.26 54.77 42.20 60.55

Qwen2.5-32B

Base 50.30 37.10 14.27 52.39 92.10 69.14 52.31 39.35 50.87
Seq-LoRA 51.15 58.47 34.07 23.99 95.35 76.54 70.15 42.38 56.51
SLoRA-Post 59.95 66.73 52.87 67.08 95.07 75.31 71.69 42.52 66.48
SLoRA-Pre 59.25 68.35 55.13 73.17 96.35 77.78 77.85 42.97 68.61

Table 2: Experimental results on the TRACE benchmark with Qwen2.5-14B model and Qwen2.5-32B model. Bold
and underlined denote the best and second-best results, respectively.

Method Order-1 Order-2 Order-3 avg.

MTL† 83.02 83.02 83.02 83.02

Base 69.29 69.29 69.29 69.29
ICL 58.40 60.58 63.87 60.95
EWC 68.78 70.72 70.52 70.01
LwF 69.43 64.12 68.68 67.41
O-LoRA 72.59 77.22 77.24 75.68
SD-LoRA 72.69 72.61 72.14 72.48
Seq-LoRA 67.04 67.29 53.10 62.48

SLoRA-Post 75.83 76.29 69.19 73.77
SLoRA-Pre 76.58 78.09 73.92 76.19

Table 3: Performance on the standard CL benchmark
with Llama3-8B, including average accuracy for Order-
1, Order-2, Order-3, and overall average. Bold and
underlined denote the best and second-best results. ‘†’
indicates the oracle methods.

Method C-STANCE FOMC MTB. Py150 Avg.

Selection Strategies

min 54.30 62.30 44.15 60.43 55.30
minor 54.40 62.10 50.12 64.64 57.82

max (Ours) 55.20 65.32 50.83 64.23 58.90

Similarity Metrics

L2 54.75 63.91 47.12 63.20 57.25
Cosine 54.95 63.51 48.63 62.74 57.46
PCA 53.10 64.31 51.02 66.00 58.61

Frobenius (Ours) 55.20 65.32 50.83 64.23 58.90

Reference Modules

LoRA (last) 53.80 65.73 46.82 62.58 57.23
LoRA (all) 53.95 65.93 45.54 63.22 57.16

Base+Prev (merged) 52.70 62.30 51.71 66.43 58.29
Base+Last (separate) 55.05 65.93 47.50 59.28 56.94
Base+Prev (separate) 54.50 62.30 47.41 63.22 56.86

Base (Ours) 55.20 65.32 50.83 64.23 58.90

Table 4: Ablation Study of SLoRA on first four TRACE
tasks with Llama3-8B and SLoRA-Pre. We evaluate
different configurations of LoRA subspace selection
strategies, similarity metrics, and reference modules.
The best results in each block are highlighted in bold.

on external data augmentation.
In contrast, SLoRA attains the strongest aver-

ages across all base models, effectively narrowing

the gap to Oracle bounds. It maintains a balanced
profile between early and later tasks, indicating re-
duced cross-task interference without restricting
learning capacity. We further verify the scalability
of our approach on larger architectures in Table 2.
SLoRA consistently outperforms the sequential
baseline on both Qwen2.5-14B and Qwen2.5-32B.
Notably, on Qwen2.5-32B, SLoRA-Pre achieves
an average accuracy of 68.61%, significantly sur-
passing Seq-LoRA (20.41%). This demonstrates
that our subspace denoising mechanism remains
robust and effective as model scale increases.

5.3 Results on Standard CL Benchmark

We evaluate on the standard CL benchmark
with Llama3-8B, as shown in Table 3. Among
regularization-based methods, improvements over
Base are limited except for O-LoRA and LwF even
falls below Base. The datasets in this benchmark
are relatively simple and the task types are closely
aligned, which makes O-LoRA’s orthogonality con-
straint effective in this setting and leads to the
second-best result. SLoRA-Post performs com-
parably to O-LoRA and consistently surpasses SD-
LoRA, while SLoRA-Pre achieves the best over-
all results with stronger robustness to task-order
variation. These findings confirm the effective-
ness and versatility of SLoRA. We further extend
the evaluation to the 15-task long sequence follow-
ing O-LoRA on Llama3-8B. As detailed in Ap-
pendix B.5, SLoRA remains the top performer, and
SLoRA-Post shows greater stability across the long
sequence, yielding the best final average.

5.4 Ablation Study

To validate the effectiveness and impact of design
choices in SLoRA, We conduct ablation experi-
ments on the first four TRACE tasks using Llama3-
8B with SLoRA-Pre. We examine three dimen-
sions: selection strategies, similarity metrics, and
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Method C-STANCE FOMC MeetingBank Py150 Avg.
ACC↑ AFR↓ ACC↑ AFR↓ ACC↑ AFR↓ ACC↑ AFR↓ ACC↑ AFR↓

EWC 48.05 3.64 42.34 20.09 36.23 10.93 53.46 6.58 45.02 10.31
GEM 44.35 4.24 40.73 12.54 36.40 12.12 54.06 9.56 43.89 9.61
O-LoRA 46.05 12.11 51.50 20.86 31.11 8.24 54.77 3.36 45.86 11.14
SD-LoRA 52.15 0.16 55.04 0.60 17.22 -0.68 48.53 -0.63 43.24 -0.14
Seq-LoRA 47.95 7.06 65.73 10.85 30.90 13.06 55.54 6.26 50.03 9.31

SLoRA-Pre 52.60 4.19 53.63 10.48 43.78 3.17 61.80 1.30 52.95 4.78
SLoRA-Post 52.70 4.63 62.90 3.19 23.86 9.91 57.68 2.64 49.29 5.09

Table 5: Final performance (ACC) and forgetting rate (AFR) on the first four tasks in the TRACE benchmark using
Llama3-8B. ↑ means higher is better; ↓ means lower is better. SLoRA variants achieve a favorable balance of
stability and accuracy. Bold indicates the best value per column, and underline indicates the second-best.

reference modules. Table 4 reports the results and
highlights the best within each group in bold.

Selection Strategies. We compare three heuris-
tics for selecting singular directions from the LoRA
update: min, which retains the least aligned compo-
nents; minor, which keeps intermediate ones; and
max (our default), which preserves the most aligned
directions. Among the three, max attains the best
average performance. These results support the de-
noising hypothesis: base-aligned directions contain
less task noise and transfer more stably.

Similarity Metrics. We evaluate four measures
for guiding subspace selection: L2 distance, co-
sine similarity, PCA-based projection overlap, and
Frobenius-based subspace similarity. Frobenius-
based similarity achieves the highest overall aver-
age. PCA is competitive on some tasks but is less
consistent across the sequence. These results indi-
cate that measuring overlap at the subspace level
provides a more stable signal for denoising.

Reference Modules. We compare different ref-
erence representations used in subspace similarity
computation, including previous LoRA adapters,
the base model, and their combinations. These
settings differ in whether similarity is computed
against only the base model, specific prior tasks,
or merged representations, as detailed in Ap-
pendix B.6. As shown in Table 4, the configuration
using the base model alone consistently outper-
forms all other variants. Alternatives involving
dynamic or merged histories fail to provide a stable
reference frame. This validates our design choice
that a fixed, task-agnostic base model serves as the
most effective anchor for subspace denoising.

Overall, these results show that each of the core
components plays a crucial role in the robustness
and effectiveness of the proposed SLoRA.

Method C-STANCE FOMC MeetingBank Py150 Avg.

Seq-LoRA 55.75 70.36 55.74 60.55 60.60

GEM 50.20 (-5.55) 66.94 (-3.42) 53.26 (-2.48) 58.78 (-1.77) 57.30 (-3.31)
EWC 50.20 (-5.55) 68.95 (-1.41) 50.78 (-4.96) 56.35 (-4.20) 56.57 (-4.03)
O-LoRA 55.75 (+0.00) 59.48 (-10.88) 40.95 (-14.79) 57.23 (-3.32) 53.35 (-7.25)
SD-LoRA 52.70 (-3.05) 56.65 (-13.71) 15.69 (-40.05) 47.89 (-12.66) 43.23 (-17.37)

SLoRA-Post 58.50 (+2.75) 64.31 (-6.05) 46.12 (-9.62) 60.25 (-0.30) 57.30 (-3.31)
SLoRA-Pre 58.25 (+2.50) 71.37 (+1.01) 50.77 (-4.97) 64.23 (+3.68) 61.16 (+0.56)

Table 6: Performance on new tasks immediately after
training on Llama3-8B. Parentheses report the score
change vs. Seq-LoRA: positive (green) indicates im-
provement and negative (red) indicates degradation.
Bold marks the best average.

6 Analysis

6.1 Earlier Tasks Forgetting

We analyze catastrophic forgetting on Llama3-8B
using the first four TRACE tasks. Table 5 reports
final accuracy (ACC) and average forgetting rate
(AFR; formula in Appendix B.7). Seq-LoRA at-
tains strong ACC on FOMC but shows high AFR
on average. Classical regularization-based meth-
ods offer limited retention at LLM scale. SD-LoRA
achieves near-zero or negative AFR yet loses ac-
curacy on MeetingBank and Py150, which lowers
its average. In contrast, both SLoRA variants of-
fer a better balance: SLoRA-Pre reaches the best
average ACC with a low AFR, and SLoRA-Post re-
mains competitive with the second-lowest average
AFR. These results indicate that subspace denois-
ing reduces cross-task interference while preserv-
ing performance on earlier tasks.

6.2 New Tasks Learning Capacity

We examine how well models acquire new tasks
when they are introduced. Table 6 reports per-
formance immediately after training on each of
the first four TRACE tasks on Llama3-8B. Num-
bers in parentheses denote the change relative to
Seq-LoRA. Regularization-based methods gener-
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Figure 3: Impact of LoRA rank r on the average perfor-
mance across the TRACE benchmark using Qwen2.5-
7B, demonstrating that both SLoRA-Pre and SLoRA-
Post consistently achieve superior accuracy compared
to the Seq-LoRA baseline across all tested ranks.

ally underperform Seq-LoRA. SD-LoRA shows
the weakest adaptation among regularization-based
approaches, with notable drops on MeetingBank
and Py150. Seq-LoRA adapts well to new tasks
but, as shown in the forgetting analysis, suffers
pronounced interference later in the sequence. In
contrast, both SLoRA variants maintain strong new-
task performance, with SLoRA-Pre achieving the
best overall average and SLoRA-Post remaining
competitive, particularly on FOMC. The pattern in-
dicates that subspace denoising preserves plasticity
while controlling interference.

6.3 Sensitivity to LoRA Rank

We analyze the impact of LoRA rank r on the av-
erage performance of the TRACE benchmark us-
ing Qwen2.5-7B. As illustrated in Figure 3, both
SLoRA-Pre and SLoRA-Post consistently outper-
form the Seq-LoRA baseline across the entire spec-
trum of ranks, ranging from r = 16 to r = 256.
While we observe a performance drop at r = 256
across all methods, likely due to increased noise
accumulation from the larger parameter space,
SLoRA maintains a significant advantage over the
baseline. This consistent stability confirms that our
subspace denoising approach is inherently robust to
variations in adapter size. Such results underscore
the practicality of SLoRA, as it achieves superior
performance without the necessity for fine-grained
rank tuning.

6.4 Generality across Fine-tuning Methods

To assess the universality of our framework,
we extend SLoRA to DoRA (Liu et al., 2024),

+14.85%
+11.15% +6.58%

+15.82%

Figure 4: Universality of SLoRA across various fine-
tuning methods (LoRA, DoRA, rsLoRA, and Full-FT)
on the TRACE benchmark using Qwen2.5-7B. Percent-
ages indicate the performance improvement of SLoRA-
Pre over the Seq-LoRA baseline.

rsLoRA (Kalajdzievski, 2023), and Full Fine-
Tuning (Full-FT) on the TRACE benchmark using
Qwen2.5-7B. As shown in Figure 4, SLoRA consis-
tently outperforms the sequential baseline across all
methods. Notably, SLoRA-Pre yields substantial
improvements on DoRA and rsLoRA, confirming
that noise accumulation affects various low-rank
structures. While Full-FT suffers severe forget-
ting in Seq-LoRA, SLoRA-Pre effectively restores
performance with a 15.82% improvement. These
results demonstrate that subspace denoising is a
versatile mechanism effective for both parameter-
efficient and full-parameter adaptation.

7 Conclusion

In this paper, we are the first to identify that noise
accumulation within low-rank updates is a key fac-
tor contributing to catastrophic forgetting in the
continual learning of LLMs. Based on this insight,
we propose SLoRA, a novel regularization-free
framework designed to mitigate cross-task inter-
ference by filtering noisy components from LoRA
updates via subspace similarity analysis with the
frozen base model. This method is lightweight,
requiring no rehearsal data or historical gradient
storage while keeping the standard training pro-
cess entirely intact. It offers two versatile variants,
SLoRA-Pre and SLoRA-Post, which are specif-
ically tailored for online and offline settings, re-
spectively. Extensive experiments and analyses
demonstrate that SLoRA effectively reduces forget-
ting without compromising the model’s capacity
to learn new tasks, thereby achieving a balance
between stability and plasticity.
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Limitations

While SLoRA demonstrates robust performance
and scalability across various model sizes and fine-
tuning paradigms (including Full-FT and DoRA),
we acknowledge certain limitations. First, our
subspace-based denoising mechanism relies on
computing similarity with the base model’s rep-
resentation space. This requires white-box access
to the pre-trained weights, limiting applicability
in strictly black-box API scenarios where model
parameters are inaccessible. Second, although the
proposed randomized SVD approximation is highly
efficient, the denoising step introduces a marginal
computational cost compared to naive sequential
fine-tuning. Finally, the offline variant (SLoRA-
Post) necessitates buffering raw task updates prior
to the unified denoising phase. While these low-
rank updates are storage-efficient, this approach
incurs a temporary memory overhead proportional
to the sequence length during the training phase
compared to purely online methods that discard
updates immediately.
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A Theoretical Proofs

This appendix provides the mathematical deriva-
tion for the reference subspace selection analysis
discussed in Section 4.3. We rigorously define the
alignment metric and analyze its asymptotic behav-
ior under two different reference strategies: using
the previous model (θt−1) versus using the fixed
base model (θ0).

A.1 Definitions and Assumptions
We start by formalizing the relationship between
the reference subspace and the learned update sub-
space.

Assumption 1 (Subspace Evolution Hypothesis).
We assume that the principal basis Ut of the de-
noised update for task t is derived from the ref-
erence basis Uref perturbed by a task-specific in-
novation. Formally, Ut can be represented as a
linear combination of the reference basis and an
orthogonal innovation basis Nt:

Ut = UrefRt +NtSt, (6)

where Rt and St are coefficient matrices. This
decomposition adheres to the following properties:

1. Subspace Alignment: The denoising process
ensures that Ut maintains significant align-
ment with the reference. This is quantified by
the Frobenius norm of their product:

∥∥∥(Uref)
⊤Ut

∥∥∥
2

F
= γt, (7)

where 0 < γt < rank(Ut) represents the
magnitude of retained information.

2. Orthogonality of Innovation: The innovation
basis Nt captures new task knowledge that
is orthogonal to the reference subspace, i.e.,
(Uref)

⊤Nt = 0.

3. High-Dimensional Sparsity: Due to the high
dimensionality of the parameter space, task-
specific innovations from different tasks are
mutually nearly orthogonal. For t ̸= i:

∥∥∥(Nt)
⊤Ni

∥∥∥
2

F
≈ 0. (8)

To evaluate the consistency of the learned sub-
spaces across the lifespan of the model, we define
the following metric:
Definition 2 (Historical Alignment Score). The
Historical Alignment Score A(t) measures the av-
erage subspace consistency between the current
task update and historical updates. Consistent with
our denoising metric, it is defined as the Frobenius
norm of the product of their principal bases:

A(t) = 1

t− 1

t−1∑

i=1

∥∥∥(Ut)
⊤Ui

∥∥∥
2

F
, (9)

where Ut and Ui represent the matrix of top-c∗ left
singular vectors (principal basis) of the denoised
updates ∆θ̃t and ∆θ̃i, respectively.

A high A(t) indicates that the principal direc-
tions of the current update remain aligned with the
subspaces established by previous tasks. Based on
this, we present the following theorem to validate
our choice of θ0.
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A.2 Proof of Lemma 1
To prove the main theorem, we introduce a lemma
describing how subspace alignment decays when
the reference frame shifts sequentially.
Lemma 1 (Geometric Decay of Subspace Consis-
tency). Let the reference basis for task t be the prin-
cipal basis of the previous task, i.e., Uref = Ut−1 .
The subspace alignment between the current basis
Ut and a historical basis Ui (i < t) satisfies the
recurrence relation:∥∥∥(Ut)

⊤Ui

∥∥∥
F
≤ √γt ·

∥∥∥(Ut−1)
⊤Ui

∥∥∥
F
. (10)

Consequently, the alignment score decays geomet-
rically with the distance t− i:

∥∥∥(Ut)
⊤Ui

∥∥∥
2

F
≤ Cstart ·

t∏

k=i+1

γk, (11)

where γk < 1 (normalized) acts as the retention
factor.

Proof. Substituting Assumption 1 with Uref =
Ut−1, we express Ut as:

Ut = Ut−1Rt +NtSt. (12)

We examine the interaction between Ut and the
distant historical basis Ui. Computing the matrix
product:

(Ut)
⊤Ui = (Rt)

⊤(Ut−1)
⊤Ui+(St)

⊤(Nt)
⊤Ui.

(13)
Based on the High-Dimensional Sparsity property
(Assumption 1), the current innovation Nt is or-
thogonal to the historical basis Ui (which is com-
posed of previous innovations and references), so
∥(Nt)

⊤Ui∥F ≈ 0. The expression simplifies to:
∥∥∥(Ut)

⊤Ui

∥∥∥
F
≈

∥∥∥(Rt)
⊤(Ut−1)

⊤Ui

∥∥∥
F
. (14)

Using the sub-multiplicative property of matrix
norms (∥AB∥F ≤ ∥A∥2∥B∥F ) and noting that
∥Rt∥2 ≈ ∥Rt∥F for low-rank matrices in this con-
text:∥∥∥(Ut)

⊤Ui

∥∥∥
F
≤ ∥Rt∥F ·

∥∥∥(Ut−1)
⊤Ui

∥∥∥
F
. (15)

From Assumption 1,
∥∥(Ut−1)

⊤Ut

∥∥2
F

= γt.
Since Ut−1 has orthonormal columns,∥∥(Ut−1)

⊤Ut

∥∥
F
= ∥Rt∥F =

√
γt. Thus:

∥∥∥(Ut)
⊤Ui

∥∥∥
F
≤ √γt ·

∥∥∥(Ut−1)
⊤Ui

∥∥∥
F
. (16)

Recursively applying this relation yields the geo-
metric decay.

A.3 Proof of Theorem 1
Theorem 1 (Alignment Stability Analysis). Let
A(prev)(t) denote the alignment score when us-
ing the previous model θt−1 as the reference, and
A(base)(t) denote the score when using the base
model θ0. As the number of tasks t→∞:

lim
t→∞
A(prev)(t) = 0, lim

t→∞
A(base)(t) = C, (17)

where C is a positive constant.

Proof. The proof analyzes the asymptotic behav-
ior of the subspace consistency metric A(t) =
1

t−1

∑t−1
i=1 ∥(Ut)

⊤Ui∥2F .
Case 1: θref = θt−1

Here, the reference basis for task t is Ut−1. Ac-
cording to Lemma 1, the alignment between Ut

and any historical basis Ui decays as the distance
t− i increases. Let γmax = supk γk < 1 (normal-
ized retention factor). We bound the term:

∥∥∥(Ut)
⊤Ui

∥∥∥
2

F
≤ C0 · γt−i

max. (18)

Substitute this into the alignment score:

A(prev)(t) ≤ C0

t− 1

t−1∑

i=1

γt−i
max =

C0

t− 1

t−1∑

j=1

γjmax.

(19)
As t → ∞, the sum of the geometric series con-
verges to a constant γmax

1−γmax
, but the factor 1

t−1
drives the total value to 0:

lim
t→∞
A(prev)(t) = 0. (20)

Case 2: θref = θ0
In this case, the reference basis for all tasks is

U0. According to Assumption 1, for any task k,
Uk is derived from U0:

Uk = U0Rk +NkSk. (21)

We evaluate the alignment term ∥(Ut)
⊤Ui∥2F :

(Ut)
⊤Ui = (Rt)

⊤(U0)
⊤U0Ri + . . .

≈ (Rt)
⊤Ri.

(22)

Note that the cross terms involving Nt and Ni

vanish due to orthogonality with U0 and mutual
orthogonality (Assumption 1). Thus, the alignment
depends on the retained signal matrices Rt and Ri.

∥∥∥(Ut)
⊤Ui

∥∥∥
2

F
≈

∥∥∥(Rt)
⊤Ri

∥∥∥
2

F
. (23)
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Dataset Source Avg Len Metric Language #Data

Domain-specific
ScienceQA Science 210 Accuracy English 5000
FOMC Finance 51 Accuracy English 5000
MeetingBank Meeting 2853 ROUGE-L English 5000

Multi-lingual
C-STANCE Social media 127 Accuracy Chinese 5000
20Minuten News 382 SARI German 5000

Code completion
Py150 Github 422 Edim similarity Python 5000

Mathematical reasoning
NumGLUE-cm Math 32 Accuracy English 5000
NumGLUE-ds Math 21 Accuracy English 5000

Table 7: Overview of dataset statistics in the TRACE
benchmark.

Assuming a consistent learning stability where
the magnitude of information retained from
the base subspace is stable across tasks (i.e.,
E[∥(Rt)

⊤Ri∥2F ] = C > 0), the average score
becomes:

lim
t→∞
A(base)(t) = lim

t→∞
1

t− 1

t−1∑

i=1

C = C. (24)

This confirms that anchoring to θ0 maintains a glob-
ally consistent principal subspace.

B Experiment Details

B.1 Dataset Statistcs

TRACE To evaluate the robustness and gener-
alizability of our method across diverse tasks and
modalities, we conduct experiments on the TRACE
benchmark, which consists of eight datasets span-
ning multiple domains, languages, and task types.
As summarized in Table 7, the benchmark includes
domain-specific tasks such as question answer-
ing (ScienceQA), financial document classification
(FOMC), and meeting summarization (Meeting-
Bank); multilingual tasks in Chinese and German
(C-STANCE and 20Minuten); code completion in
Python (Py150); and mathematical reasoning tasks
(NumGLUE-cm and NumGLUE-ds). Each dataset
contains 5,000 samples and is evaluated using ap-
propriate metrics such as accuracy, ROUGE-L (Lin,
2004), SARI (Xu et al., 2016), or embedding simi-
larity. 3 This diverse composition enables a compre-
hensive assessment of continual learning methods
under heterogeneous task settings, linguistic varia-
tion, and input distributions.

standard CL benchmark For comparison with
prior continual learning work, we also evaluate

3https://github.com/seatgeek/fuzzywuzzy

Dataset Task Domain

Yelp sentiment analysis Yelp reviews
Amazon sentiment analysis Amazon reviews
DBpedia topic classification Wikipedia
Yahoo topic classification Yahoo Q&A
AG News topic classification news

Table 8: The details of datasets used in the standard CL
benchmark.

Order Task Sequence

1 dbpedia → amazon → yahoo → ag
2 dbpedia → amazon → ag → yahoo
3 yahoo → amazon → ag → dbpedia

Table 9: Three different task sequences of the standard
CL benchmark used for continual learning experiments.

on the standard CL benchmark for language mod-
els. This benchmark contains five text classifica-
tion datasets drawn from different domains (Zhang
et al., 2015): AG News, Amazon reviews, Yelp
reviews, DBpedia and Yahoo Answers. Table 8
summarizes the task types and domains. Follow-
ing O-LoRA, we report results under three task
sequences (Table 9) to evaluate robustness against
task-order variation. Unlike TRACE, this bench-
mark focuses on homogeneous text classification
tasks, making it a complementary setting for as-
sessing continual learning methods.

All datasets do not contain personally identifi-
able information or offensive content

B.2 Additional Implementation Details

The open-source code, models, and datasets uti-
lized in our experiments adhere to their respective
licenses and are used in accordance with their in-
tended purposes.

B.3 Pre-Experiments

We design a controlled two-task experiment to val-
idate the effect of noisy components in LoRA up-
dates. Following the standard CL benchmark, we
select Amazon Reviews as Task1 (sentiment analy-
sis) and Yahoo Answers as Task2 (topic classifica-
tion), which differ in task type. We train Llama3-
8B sequentially on Task1 and Task2 with standard
Seq-LoRA.

After training, we proportionally drop LoRA pa-
rameters under three conditions: DropFirst (operate
on the Task1 adapter only), DropSecond (operate
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Base Model Methods C-STANCE FOMC MTB. Py150 Sci.QA NumG. cm NumG. ds 20Minuten Avg.

Llama3-8B

STL† 55.50 70.77 56.76 68.79 94.10 60.49 73.85 41.82 65.26
MTL† 55.95 67.54 55.23 70.20 92.60 66.67 66.46 41.65 64.54

Base 44.05 53.83 14.38 42.04 80.10 32.10 19.69 37.26 40.43
ICL 46.85 58.27 13.30 44.81 84.70 40.74 25.85 38.79 44.16
EWC 48.05 42.34 36.23 53.46 60.95 27.16 64.00 40.78 46.62
LwF 40.90 38.31 6.56 26.81 40.15 12.35 53.23 39.50 32.23
GEM 44.35 40.73 36.40 54.06 63.50 28.40 65.54 40.69 46.71
O-LoRA 51.50 50.20 31.11 54.77 81.50 60.49 58.15 40.50 53.53
SD-LoRA 52.15 55.04 17.22 48.53 87.00 33.34 30.46 39.32 45.38
Seq-LoRA 47.95 65.73 30.90 55.54 82.00 49.38 71.38 41.11 55.50
RCL 58.20 50.40 14.14 63.40 84.40 61.73 53.54 39.79 53.20

SLoRA-Post 52.70 62.90 23.86 57.68 90.00 66.67 63.69 40.75 57.28
SLoRA-Pre 52.60 53.63 43.78 61.80 90.65 59.26 67.38 41.47 58.82

Table 10: Experimental results on the TRACE benchmark in Llama3-8B. ‘†’ indicates the oracle methods excluded
from ranking. We compare SLoRA (SLoRA-Pre and SLoRA-Post) with regularization-based and regularization-free
baselines. For each task–model pair, bold and underlined denote the best and second-best continual methods.

Methods MNLI CB WIC COPA QQP BoolQA RTE IMDB Yelp Amazon SST-2 DBpedia AG. MultiRC Yahoo Avg.

Seq-LoRA 50.49 60.71 50.78 87.00 76.92 72.42 59.93 95.75 46.08 42.22 94.15 87.28 83.68 82.20 74.01 70.91
O-LoRA 43.65 58.93 53.76 91.00 68.07 67.98 54.87 95.29 63.87 57.09 92.09 93.76 83.92 77.91 70.34 71.50
SD-LoRA 58.40 75.00 52.35 90.00 78.70 78.10 57.76 95.24 63.08 57.89 92.09 87.66 84.51 75.27 69.50 74.37
SLoRA-Pre 42.80 60.71 50.16 85.00 70.57 77.25 53.07 95.59 66.28 61.95 93.69 92.34 87.37 73.78 71.72 72.15
SLoRA-Post 64.47 75.00 52.35 92.00 77.82 79.82 64.26 95.01 63.26 56.37 91.40 82.88 85.38 79.43 71.36 75.35

Table 11: Performance comparison of Seq-LoRA, O-LoRA, SD-LoRA, SLoRA-Pre and SLoRA-Post based on the
Llama3-8B model on long-sequence benchmark. The task order follows Order-4 in the O-LoRA paper.

on the Task2 adapter only), and DropAll (operate
on both). The drop ratio ranges from 10% to 90%.
Dropping is carried out by removing the less im-
portant components in the LoRA update subspace
in proportion to the specified drop ratio.

B.4 Main Results on Llama3-8B

Table 10 reports results on the TRACE bench-
mark using Llama3-8B. Regularization-based ap-
proaches remain weak at this scale, often falling be-
low Seq-LoRA. Seq-LoRA itself achieves strong re-
sults on some tasks such as FOMC and NumGLUE-
ds but suffers from pronounced forgetting, while
RCL excels on C-STANCE yet lacks consistency.
In contrast, SLoRA-Pre attains the best average
and SLoRA-Post is second-best among contin-
ual learners. SLoRA-Pre leads on MeetingBank,
Py150, and ScienceQA, while SLoRA-Post per-
forms best on NumGLUE-cm, confirming that sub-
space denoising improves retention without sacri-
ficing adaptation.

B.5 Experiments on the Long-Sequence

To further evaluate continual learning under
more challenging conditions, we follow the long-
sequence setting introduced in O-LoRA and adopt
the same task order (Order-4): mnli → cb → wic

→ copa → qqp → boolqa → rte → imdb → yelp
→ amazon → sst-2 → dbpedia → ag → multirc
→ yahoo. We conduct experiments on Llama3-8B
across all 15 tasks.

Table 11 compares Seq-LoRA, O-LoRA, SD-
LoRA, and our two variants of SLoRA. Seq-LoRA
attains strong results on individual datasets such as
IMDB and SST-2 but suffers from severe degrada-
tion on others, leading to a lower average. O-LoRA
improves stability on tasks like WIC and DBpedia
yet remains behind in overall performance. SD-
LoRA achieves suboptimal average performance
due to its better performance in early tasks. SLoRA-
Pre shows notable gains on sentiment and topic
classification datasets such as Yelp, Amazon, and
AG News, while SLoRA-Post achieves the high-
est average by maintaining strong and balanced
results across the entire sequence. These results
confirm that SLoRA remains effective under long
sequences, and that the post-hoc variant offers su-
perior robustness in this setting.

B.6 Reference Modules for Subspace
Similarity

In our ablation study on reference modules (Ta-
ble 4), we evaluated six configurations to calculate
subspace similarity during the denoising process.
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These configurations determine which prior repre-
sentations serve as the reference when measuring
the alignment between the current LoRA update
and historical model behavior. Specifically, we
compare the following designs:

• LoRA (last): The similarity is calculated with
the LoRA adapter from the immediately pre-
ceding task Tt−1.

• LoRA (all): The similarity is calculated with
the union of all previous LoRA adapters
{∆θ1, . . . ,∆θt−1}.

• Base+Prev (merged): All previous LoRA
adapters are merged into the base model:
θ0 +

∑t−1
i=1 ∆θi. The current update is then

compared to this merged model, as an approx-
imation of the full historical subspace.

• Base+Last (separate): The similarity is com-
puted separately with both θ0 and ∆θt−1, and
the scores are averaged.

• Base+Prev (separate): The similarity is com-
puted separately with θ0 and each prior ∆θi
for i < t, and the final similarity score is
averaged between them.

• Base (Ours): Only the base model θ0 is used
as the reference, consistent with our default
design in SLoRA.

All variants use the same underlying similar-
ity metric (Grassmannian similarity via Frobenius
norm). The difference lies solely in the reference
subspace, which impacts the stability and general-
ity of the denoising process.

To further validate the theoretical findings from
Appendix B, particularly Theorem 1 which sup-
ports anchoring to the base model θ0 to maintain
consistent alignment, we compute the Historical
Alignment Score A(t) (defined in Appendix A,
Definition 2) for the variants above. The results in
Table 12 show that explicitly anchoring to the fixed
base model (Base (Ours)) yields the highest A(t)
across tasks t = 2, 3, 4, demonstrating superior his-
torical subspace consistency compared to methods
that rely on accumulated or previous task updates.
This numerical evidence supports the core design
choice of selecting θ0 as the fixed reference anchor
for denoising.

Method A(2) A(3) A(4)
Seq-LoRA 1.7792 1.7750 1.7101

LoRA (last) 1.9592 (+10.12%) 1.8837 (+6.12%) 1.8276 (+6.87%)
LoRA (all) 1.5770 (-11.36%) 1.5581 (-12.22%) 1.5182 (-11.22%)
Base+Prev (merged) 1.9874 (+11.70%) 1.8807 (+5.95%) 1.8581 (+8.65%)
Base+Last (Separate) 1.5224 (-14.43%) 1.5304 (-13.78%) 1.5164 (-11.33%)
Base+Prev (Separate) 1.5309 (-13.96%) 1.5500 (-12.68%) 1.4756 (-13.71%)

Base (Ours) 2.0026 (+12.56%) 1.8966 (+6.85%) 1.8693 (+9.31%)

Table 12: Historical Alignment Score A(t) (Higher is
Better) for different reference selection strategies on the
first four TRACE tasks. Percentage values in parenthe-
ses show the improvement relative to the Seq-LoRA.
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Figure 5: Cosine similarity between hidden states on
the first task (C-STANCE), measured both immediately
after task-specific training and after completing the full
task sequence.

B.7 Average Forgetting Rate Analysis on
Early Tasks

To better quantify catastrophic forgetting under
continual learning, we compute the Average For-
getting Rate (AFR) for all methods on the first
four tasks of the TRACE benchmark—C-STANCE,
FOMC, MeetingBank, and Py150—using the
LLaMA3-8B model. For a given task Tk, let Rk(i)
denote the model’s performance on Tk after train-
ing up to task Ti. AFR is defined as:

AFR(Tk) =
1

K − k

K∑

i=k+1

(Rk(k)−Rk(i)) ,

(25)
where K is the total number of tasks. AFR mea-
sures the average degradation in performance on
Tk after subsequent tasks are learned, lower values
indicate better retention.

B.8 Representation Drift in Hidden States
As shown in Figure 5, the cosine similarity tends
to decrease with layer depth for both methods, sug-
gesting that deeper layers experience greater repre-
sentational changes during continual learning. No-
tably, SLoRA-Post consistently maintains higher

5452



q_proj
k_proj

v_proj
o_proj

up_proj

gate_proj

down_proj

Module

8
7
6
5
4
3
2
1

Ta
sk

 ID
0.37 1.00 0.28 0.89 0.64 0.68 0.97

0.39 0.82 0.31 0.83 0.72 0.74 0.98

0.36 0.93 0.29 0.94 0.70 0.77 0.98

0.41 0.92 0.29 0.97 0.79 0.78 0.99

0.37 0.91 0.30 0.93 0.66 0.66 0.97

0.42 0.97 0.22 0.94 0.70 0.70 0.97

0.42 0.93 0.30 0.90 0.74 0.72 0.97

0.46 1.00 0.31 0.93 0.72 0.74 0.91
0.0

0.2

0.4

0.6

0.8

1.0

(a)

q_proj
k_proj

v_proj
o_proj

up_proj

gate_proj

down_proj

Module

8
7
6
5
4
3
2
1

Ta
sk

 ID

0.54 0.98 0.27 0.90 0.66 0.69 0.96

0.35 0.76 0.34 0.83 0.71 0.77 0.99

0.42 0.93 0.32 0.93 0.75 0.88 0.97

0.49 0.97 0.31 0.97 0.74 0.81 0.99

0.35 0.88 0.27 0.94 0.68 0.74 0.97

0.50 1.00 0.32 0.97 0.67 0.74 0.98

0.37 0.95 0.27 0.90 0.78 0.73 0.99

0.37 1.00 0.33 0.92 0.73 0.68 0.91
0.0

0.2

0.4

0.6

0.8

1.0

(b)

Llama3-8B Llama3.1-8B Qwen2.5-7B
Model

40

45

50

55

60

65

Av
er

ag
e 

Pe
rfo

rm
an

ce

Seq-LoRA
SLoRA-Simple

SLoRA-Post (Ours)
SLoRA-Pre (Ours)

(c)

Figure 6: Module retention and effects of denoising strategies. (a) and (b) show module-wise retention ratios after
denoising on Llama3-8B for SLoRA-Pre and SLoRA-Post. (c) Average performance across three base models
comparing SLoRA-Pre and SLoRA-Post with SLoRA-Simple, which removes q_proj and v_proj at inference.

similarity than Seq-LoRA, demonstrating that our
denoising strategy is effective in preserving task-
specific representations while mitigating represen-
tation drift.

B.9 Module Retention after Denoising

We analyze module-wise parameter retention af-
ter denoising on Llama3-8B for SLoRA-Pre and
SLoRA-Post. Figures 6(a) and 6(b) report aver-
age retention ratios across tasks. A consistent
pattern emerges: q_proj and v_proj retain the
fewest parameters, up_proj and gate_proj show
moderate retention, while k_proj, o_proj, and
down_proj are largely preserved. Motivated by the
low retention in q_proj and v_proj, we introduce
a simple variant, SLoRA-Simple, which removes
these two LoRA modules at inference. Figure 6(c)
shows that SLoRA-Simple brings marginal gains
on Llama3-8B but reduces stability on Llama3.1-
8B and Qwen2.5-7B. In contrast, SLoRA-Pre
achieves the highest overall average, indicating that
similarity-driven filtering is more effective and ro-
bust than fixed module removal.

To understand how continual learning affects
internal model representations, we measure the co-
sine similarity between hidden states on the first
task (C-STANCE) at two points: immediately af-
ter training on the task itself and after completing
the full sequence of continual learning tasks. This
similarity reflects how much the model’s internal
representations shift over time, with lower values
indicating greater drift. We conduct this analysis
on the Llama3-8B model using 100 randomly se-
lected examples from the C-STANCE test set. For
each example, we compute the cosine similarity
between hidden states from the two checkpoints
across all 32 transformer layers.

Algorithm 1 SLoRA-Pre: Online Subspace-Based
Denoising

Require: Full base model weights θ0, LoRA tar-
get modulesM, task sequence {T1, . . . , TK},
candidate ranks C

1: for each m ∈M do
2: Compute SVD: θm0 = Um

0 Σm
0 (Vm

0 )⊤

3: end for
4: for k = 1 to K do
5: for each m ∈M do
6: Train LoRA update ∆θmk on task Tk over

θmk−1

7: Compute SVD: ∆θmk = UmΣm(Vm)⊤

8: for each c ∈ C do
9: Compute similarity:

ϕm
c =

∥∥(Um
0,c)

⊤Um
c

∥∥2
F

10: end for
11: c∗ ← argmaxc∈C ϕm

c

12: Reconstruct
∆̃θ

m

k = Um
c∗ Σ

m
c∗ (V

m
c∗)

⊤

13: θmk ← θmk−1 + ∆̃θ
m

k

14: end for
15: end for
16: return Final weights {θmK} where

θmK =

{
θm0 +

∑K
k=1 ∆̃θ

m

k , if m ∈M
θm0 , otherwise

C Implementation and Algorithmic
Details

C.1 Algorithm: Subspace-Based Denoising in
SLoRA

We present the full pseudocode for both variants
of SLoRA. Algorithm 1 describes SLoRA-Pre,
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Algorithm 2 SLoRA-Post: Offline Subspace-
Based Denoising

Require: Full base model weights θ0, LoRA tar-
get modulesM, task sequence {T1, . . . , TK},
candidate ranks C

1: for each m ∈M do
2: Compute SVD: θm0 = Um

0 Σm
0 (Vm

0 )⊤

3: end for
4: for k = 1 to K do
5: for each m ∈M do
6: Train LoRA update ∆θmk on task Tk over

θm0
7: Store ∆θmk
8: end for
9: end for

10: for k = 1 to K do
11: for each m ∈M do
12: Compute SVD: ∆θmk = UmΣm(Vm)⊤

13: for each c ∈ C do
14: Compute similarity:

ϕm
c =

∥∥(Um
0,c)

⊤Um
c

∥∥2
F

15: end for
16: c∗ ← argmaxc∈C ϕm

c

17: Reconstruct
∆̃θ

m

k = Um
c∗ Σ

m
c∗ (V

m
c∗)

⊤

18: end for
19: end for
20: for each m ∈M do
21: θmK ← θm0 +

∑K
k=1 ∆̃θ

m

k

22: end for
23: return Final weights {θmK} where

θmK =

{
θm0 +

∑K
k=1 ∆̃θ

m

k , if m ∈M
θm0 , otherwise

which applies subspace-based denoising immedi-
ately after each task and incrementally accumulates
denoised LoRA updates. Algorithm 2 describes
SLoRA-Post, which performs standard LoRA train-
ing across all tasks and applies denoising once after
the full sequence is completed.

C.2 Efficient Computation of Low-Rank SVD
To improve efficiency, we approximate the singu-
lar value decomposition (SVD) of each LoRA up-
date ∆θmk ∈ Rd′×d using a randomized projec-
tion method. As each update is formed via low-
rank decomposition (i.e., ∆θmk = Bm

k Am
k with

r ≪ min(d′, d)), computing a full-rank SVD is
unnecessary.

We follow a standard randomized SVD pipeline
with orthogonalization and projection:

1. Random projection. Sample a Gaussian
random matrix P ∈ Rd×c and compute the
sketch matrix Y = ∆θmk P ∈ Rd′×c.

2. Orthonormal basis. Perform QR decompo-
sition Y = QR, where Q ∈ Rd′×c has or-
thonormal columns.

3. Low-dimensional projection. Project the
original matrix into the subspace spanned by
Q:

B = Q⊤∆θmk ∈ Rc×d. (26)

4. SVD in projected space. Compute SVD of
B:

B = ÛΣV⊤, (27)

where Û ∈ Rc×c, Σ ∈ Rc×c, and V ∈ Rc×d.

5. Approximate SVD. Recover the approximate
left singular vectors in the original space:

U = QÛ ∈ Rd′×c. (28)

We then construct the rank-c approximation:

∆θ
m(c)
k = Uc · diag(Σc) ·Vc, (29)

where Uc ∈ Rd′×c and Vc ∈ Rc×d denote the
top-c singular directions, and diag(Σc) forms a
diagonal matrix from the top-c singular values.

To ensure reliable similarity measurement in the
denoising stage, we apply a final SVD to ∆θ

m(c)
k

and retain the top-r left singular vectors as the
subspace basis for alignment scoring.

Comparison with Standard SVD. The full SVD
of a d′ × d matrix costs O(d′ × d2) time. In con-
trast, the randomized SVD reduces the complex-
ity to O(d × r2), assuming r ≪ d′, by operating
in a lower-dimensional space. Our experiments
show this approximation preserves denoising qual-
ity while significantly reducing computational over-
head, enabling scalable continual learning with
LLMs.

D AI Assistance Statement

Language editing and stylistic refinement of the
draft were performed with the aid of large lan-
guage models, including ChatGPT 4 and Google
Gemini 5.

4https://chatgpt.com/
5https://gemini.google.com/app/
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